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ABSTRACT

This paper presents an automated worker postural classification system using deep learning

for real-time activity monitoring at Malaysian industrial sites, particularly fabrication yards
and construction sites. The system runs raw CCTV video frames through the YOLOv8x-pose
architecture to pull out 17 skeletal keypoints per detected worker. From there, a rule-based
geometric classification logic is applied to the lower-body keypoints, specifically the hip,
knee and ankle joints, to tell apart standing and sitting postural states without needing the
extra computational load that comes with temporal neural networks. The classification logic
works through four scale-invariant geometric metrics: a vertical height ratio, a knee flexion
angle worked out using the law of cosines, a torso lean and tilt angle and a normalised knee-
to-torso proximity measure. All four metrics together build up a solid geometric profile for
each action class that stays consistent across different worker body sizes and camera
distances. Validation is done using a custom dataset of real-world industrial site footage
annotated in YOLO format. The system came out with an overall accuracy of 79.80% and an
F1-score of 86.70%. Standing classification came in at 93.00% precision and 90.00% recall,
while sitting classification recorded a perfect precision of 100.00% with a recall of 63.20%.
The lower sitting recall is mainly put down to lower-body occlusion from on-site equipment
and the steep mounting angles of industrial CCTV cameras, both of which block out the
lower-body keypoints the geometric logic needs to work with.

Keywords: Action Classification, Deep Learning, Human Pose Estimation, Industrial
Safety

1. INTRODUCTION

Worker safety in industrial environments has long been a serious concern in Malaysia. Facilities
such as fabrication yards and active construction sites operate in environments where workers
are regularly exposed to risks that can lead to serious injuries or fatalities if proper safety
practices are not followed [1][2]. Traditional safety monitoring at these sites relies heavily on
manual supervision, which is not only labour-intensive but also inconsistent [3][4], especially
across large site areas with many workers moving around at the same time. Actions within these
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high-risk environments has high mortality rates and any actions that are not related to work can
not only effect safety, but it will also affect productivity.

The growing availability of CCTV infrastructure across industrial sites in Malaysia has opened the
possibility of automating safety monitoring using computer vision and deep learning [5]. By
processing existing camera feeds in real time, an automated system can flag unsafe worker
behaviour without needing additional hardware or extra manpower on the ground. Among the
behaviours worth monitoring, worker posture is one of the more informative signals [6]. Whether
a worker is standing or sitting at a given moment can indicate a lot about what task they are
carrying out and whether they are in a vulnerable or non-compliant position [2]. Human pose
estimation has seen significant progress in recent years [7], with deep learning models now
capable of extracting skeletal keypoints from video frames with high accuracy even in cluttered
environments. Models such as YOLOv8x-pose [8][9] have made it practical to deploy pose
estimation in real-time settings, offering a good balance between detection accuracy and
processing speed.

This paper addresses that gap by proposing an automated postural classification system
developed specifically for Malaysian industrial environments. The system makes use of YOLOv8x-
pose to extract lower-body skeletal keypoints directly from CCTV footage and applies rule-based
geometric logic to classify each detected worker as either standing or sitting in real time. Rather
than depending on computationally heavy temporal networks, the proposed approach relies on
four scale-invariant geometric metrics derived from joint coordinates, keeping the overall system
lightweight and practical enough for actual on-site deployment. Validation is carried out using
real-world footage captured on site, ensuring that the system's performance is measured against
conditions that closely reflect what is encountered on Malaysian industrial worksites.

2. MATERIAL AND METHODS

This research focuses on building an automated postural classification system, specifically for
standing and sitting, using deep learning for real-time monitoring at Malaysian industrial sites,
mainly fabrication yards and construction sites. The system takes raw video frames and runs
them through YOLOv8x-pose, which pulls out 17 skeletal keypoints from each worker detected
in the frame [10]. That skeletal data is then used by a rule-based geometric logic to identify
specific postures, without needing to pile on extra temporal networks that would add
unnecessary computational load. All models are validated using a custom dataset of site footage
annotated in YOLO format.

The system architecture is built around the YOLOv8x-pose model, which serves as the backbone
for extracting 17 skeletal keypoints, covering Joint IDs 0 through 16, from each detected worker
in the video frame [11]. These keypoints provide high-accuracy spatial coordinates for joints
across the full body, from the nose and eyes down to the ankles, giving the classification logic the
raw geometric data it needs to work with. The keypoints most relevant to postural classification
are those covering the lower body, specifically Joint IDs 11 through 16, which map to the left and
right hips, knees and ankles respectively. For standing classification, the system checks whether
the S ratio exceeds 0.45, where a large enough vertical distance between the hip and ankle joints
relative to the bounding box height is taken as confirmation of an upright posture. For sitting
classification, the S ratio needs to drop below 0.45 and the knee angle 6 needs to fall below 100°,
which together indicate that the lower body is compressed and the knee is bent. Either way, the
approach is scale-invariant, so the classification holds up whether the worker is standing close to
the camera or far in the background.
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System performance is measured using a standard set of evaluation metrics. Precision tells us
how many of the model's positive detections were genuinely correct, while recall tells us how
many of the actual positive cases the model managed to pick up. The Fl-score brings both
together into one balanced figure, and overall accuracy gives a general sense of how well the
system performed across all tested instances. These metrics are then applied across a multi-class
confusion matrix covering both the sitting and standing classes, which helps paint a clearer
picture of where the system is holding up well and where there is still room for improvement.
The classification logic is built to tell apart two basic postural states, that is standing and sitting,
by computing the spatial relationships and joint angles from the extracted skeletal keypoint
coordinates:

e Standing Posture: A worker is classified as standing when the S ratio exceeds 0.45,
indicating that the vertical distance between the hip and ankle joints is sufficiently large
relative to the bounding box height to confirm an extended, upright leg configuration.

e Sitting Posture: This state gets triggered when the S ratio drops below 0.45 and the knee
angle 0 falls below 100°, indicating that the lower body is compressed and the knee is in
a flexed position consistent with a seated posture. On top of that, the system also checks
that the torso tilt ¢ and normalised knee proximity D norm are consistent with a seated
configuration before the classification is confirmed.

Running this check frame by frame keeps the monitoring at high frequency, so any postural
changes happening on a busy, cluttered site floor can be caught quickly.

2.1 Model and Data

The research framework uses YOLOv8x-pose as the main deep learning model for human pose
estimation and postural classification. This model was chosen because of its high representational
capacity, meaning it can reliably extract 17 skeletal keypoints as labelled in Table 1 from each
worker detected in the video frame. These keypoints give the spatial coordinates (x, y) for joints
like the hips, knees and ankles, and from there, the data gets passed through a rule-based
geometric logic to determine what posture the worker is actually in.

Table 1 The skeletal keypoints

Keypoint ID Body Part
0 Nose
1,2 Left/Right Eye
3,4 Left/Right Ear
5,6 Left/Right Shoulder
7,8 Left/Right Elbow
9,10 Left/Right Wrist
11,12 Left/Right Hip
13,14 Left/Right Knee
15,16 Left/Right Ankle

For validating the action classification results, a custom dataset was put together from actual
industrial site visits, covering locations like Kasawari and a few construction areas. The dataset
is a combination of images manually annotated and taken from real site conditions to ensure
variances such as inconsistent lighting and high-mounted camera angles are all represented in
there. The images are labelled under two activity classes, standing and sitting, and these are used
specifically to measure the accuracy, precision and recall of the postural classification module.
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On the data preparation side, the Labellmg [1][12] tool was used to go through each validation
image and manually annotate the workers together with their postural states. Everything is saved
in YOLO format (.txt) to keep the annotations consistent, so the validation script can properly
match up what the model predicted against the ground truth labels. This dataset is kept strictly
for validating the action classification side of things, and it gives a proper real-world benchmark
to check whether the system can reliably pick up worker postures in the kind of messy, cluttered
conditions that are common at fabrication yards.

2.1.1 Model Calibration

The postural classification system is calibrated using a set of rule-based geometric constraints
derived from the 17 skeletal keypoints that YOLOv8x-pose pulls out. The approach uses the
spatial coordinates of joint as labelled in Figure 1. Keypoints 11 through 16, which cover the hips,
knees and ankles, able to tell apart standing and sitting states without needing the extra
computational load that comes with temporal neural networks. The logic is also built to be scale-
invariant, so postural detection stays accurate no matter how far the worker is standing from the
fixed CCTV camera.

Nose

Left eye
Right eye
Left ear

B0 O

Right ear

11: Left hip

13: Left knee

ight knee

16 15

Figure 1. Keypoints positions on the human skeleton [13]

The main metric used for lower-body state detection is the vertical separation and height ratio, S
ratio, as defined in Equation (1). For a worker who is standing, the vertical distance between the
average ankle coordinates and the hip coordinates is expected to be relatively large compared to
the total bounding box height (bh). On the flip side, a sitting state is picked up when this ratio
drops below an empirically determined threshold, which tells the system that the hips have come
down closer to ankle level. This vertical check is then refined further by calculating the knee angle,
0 knee, using Equation (2). When someone is standing, applying the law of cosines across the
thigh and calf segments should give an angle close to full extension. When someone is sitting, the
knee angle comes out noticeably flexed instead. To identify vertical separation and height ratios
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(S ratio), the vertical distance between the average ankle and hip coordinates is normalized by
the person's bounding box height (bh) as presented by Equation (1):

_ avg (Yankles) - avg()’hips) [1)
bh

To handle camera tilt and off-angle views common in fabrication yards, torso orientation and joint
proximity are included as supporting metrics alongside the primary height ratio and knee angle.
As shown in Figure 2, the system first extracts lower-body keypoints (Joint IDs 11-16) from the
YOLOv8x-pose output, then computes four scale-invariant geometric metrics before applying the
classification logic. The height ratio S and knee angle 6 serve as the primary decision layer.
Standing is confirmed when S exceeds 0.45 and the knee is near full extension, indicating the legs
are sufficiently straightened. Sitting is flagged when S drops below 0.45 and 0 falls below 100°,
reflecting a compressed lower body with a flexed knee. These thresholds were set based on
observed joint geometry across the validation dataset a standing worker typically produces S
values above 0.45, while a seated worker commonly records knee angles between 80° and 100°.
When the height ratio alone is not conclusive, typically due to perspective foreshortening from
high-mounted cameras, the system checks the torso tilt ¢ torso and normalized knee proximity
D norm as a secondary confirmation. A torso tilt beyond 20° indicates forward lean consistent
with a seated posture, while a D norm above 0.50 confirms the knee has risen close to the torso
center. Only when all four conditions align is the sitting classification confirmed, which is what
produces the zero false positive result seen in the validation.

The flexion of the lower limbs is determined by calculating the knee angle (6 knee) using the law
of cosines based on the lengths of the thigh (a), calf (c), and the distance between the hip and
ankle (b) as presented by Equation (2):

a? + c? — b? y 180 (2)
2(ac) ) s

6 = arccos(

The angle of the torso relative to a vertical axis (¢ torso) is calculated to assess leaning or tilting
postures) as presented by Equation (3):

v.|0,—1 180
0.-11, (3)

[vl] ﬂ

Drorso = arccos(

Additionally, the proximity of specific joints to the torso center (D) is normalized to ensure scale
invariance as presented by Equation (4):

D = inee = TG 4)
norm — bh
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Start: raw CCTV video frames

|

YOLOvBx-pose model

Person detection + 17 keypoint extraction (IDs 0-16)

|

Lower-body keypoints selected

Joint IDs 11-16: hip, knee, ankle (x, y coordinates)
Knee angle Height ratio Torso tilt angle Joint proximity
Eq. 1 — law of Eq. 2 — ankle-hip Eq.3 —angle to Eq. 4 — knee to
cosines (a, b, ) distance / bbox height vertical axis torso centre / bbox

Geometric metric fusion
Scale-invariant rule-based classification logic

|

Yes No

Height ratio above Check torso tilt

threshold and knee and joint proximity
near full extension?
—_— Standing Sitting —

Postural state confirmed

Figure 2. Flowchart of the geometric-based pose classification pipeline
2.1.3 Evaluation Metrics

Once the postural state of each detected worker is confirmed by the classification logic, the system
begins outputting results on a frame-by-frame basis, streaming the classified posture labels in
real time to the safety monitoring interface. This continuous output allows safety officers to track
worker activity as happens across the site without any manual review of footage. To evaluate how
well the system performs, a dedicated validation dataset consisting of real-world industrial site
footage was prepared using Labellmg and saved in YOLO format, serving as the ground truth
reference for all performance measurements as further visualized in Figure 3.

The metric result of precision as given in Equation (5) measures the proportion of correctly
identified positive instances out of all instances identified as positive by the model, reflecting the
accuracy of the detections:

TP (5)

p .. -
recision TP + FP
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Recall, assesses the proportion of actual positive instances that the model correctly identifies,
indicating its ability to detect all relevant objects as shown in Equation (6):

TP (6)

Recall = 75——7N

Mean Average Precision (mAP) exemplified in Equation (7) combines precision and recall across
different confidence thresholds to provide a single performance metric, offering a comprehensive
view of the model’s accuracy:

15" (7)
mAP = N 1APi

i=

mAP 0.5:0.95 shown in Equation (8) extends this concept by averaging the mAP values across
multiple Intersections over Union (IoU) thresholds, typically from 0.5 to 0.95 in steps of 0.05, thus
evaluating the model's performance across varying levels of localization precision:

1 N
mAP@LS : 95] =+ >  AP@IoU; (8)
i=1

Start: postural state confirmed

l

Frame-by-frame output

Real-time posture stream to safety monitor

|

Validation dataset
Real-world footage, Labellmg, YOLO format

R A A

Precision Recall F1-score Mean Avg
Eq. 5 Eq. 6 Precision and Precision
|
TP / (TP + FP) TP /(TP + FN) oot S e
harmenic mean avg AP across loU

l

Confusion matrix evaluation
Sitting vs standing — TP, FP, FN per class

l

Overall system performance
Accuracy 79.80% — F1-score 86.70%

l

End: system performance evaluated

Figure 3. System performance evaluation flowchart
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3. RESULTS AND DISCUSSION

This section discusses the performance of the pose-based action classification module, which
categorises workers into standing and sitting postures. The system uses geometric rules based
on the 17 keypoints extracted by the YOLOv8x-pose model. Based on the validation using the
manually annotated site dataset, the overall system achieved an accuracy of 79.80% and an F1-
score of 86.70% across 641 tested instances as further shown in Table 2.

Table 2 Overall performance metrics

Class TP | FP | FN | Precision (%) | Recall (%) | F1-Score (%) | Accuracy (%)
Standing 343 | 26 38 93.00 90.00 91.50 89.60
Sitting 148 0 86 100.00 63.20 77.50 86.00
Overall 491 | 26 | 124 95.00 79.80 86.70 79.80

The findings show that the standing posture was detected with 93.00% precision, 90.00% recall,
and an F1-score of 91.50%. During testing, the system recorded 343 true positives (TP) and only
26 false positives (FP). This high success rate is expected because a standing worker generally
exposes their full body to the camera without much blockage. In an upright position, the distance
between the hip and knee joints is fully extended. Due to these keypoints are clearly separated,
the geometric rules can compute the measurements easily to confirm the standing pose.

Sitting classification achieved a perfect precision of 100.00%, meaning every instance the system
flagged as a seated worker was a correct detection with zero FP. This confirms that the geometric
thresholds calibrated for the sitting posture are strict and well-grounded. For the system to
confirm a sitting state, the S ratio must drop below the empirical threshold, the knee angle must
show clear flexion, and the supporting metrics for torso tilt and knee proximity must also be
consistent with a seated configuration. The fact that no FP were recorded across the entire
validation set shows that this combination of conditions is specific enough to sitting that no other
posture, whether crouching, leaning or bending, was able to satisfy all four criteria at the same
time. This is an important result for real industrial deployments, where a false alarm flagging a
standing worker as non-compliant could undermine the confidence of safety officers in the
system.

However, the sitting recall of 63.20% and the 86 recorded false negatives point to a genuine
limitation that is tied closely to the conditions of real industrial footage rather than any
fundamental flaw in the classification logic itself. The most significant contributing factor is the
presence of workers in the background of frames who were included in the ground truth
annotations but were simply too far from the camera for YOLOv8x-pose to reliably localise their
keypoints. At greater distances, the worker's body occupies a smaller pixel region in the frame,
and the model either fails to detect the person entirely or produces keypoint confidence scores
that fall below the threshold needed for the geometric logic to run [11][14]. These instances are
still counted as false negatives in the validation results, which brings the recall figure down even
though the system was never realistically given enough visual information to make the
classification in the first place.

Partial occlusion of seated workers is another major factor [15]. In a busy fabrication yard or
construction site, workers who are sitting are often doing so behind heavy equipment,
workpieces, scaffolding or other workers standing in the foreground. Since the sitting
classification logic specifically depends on having reliable and simultaneous coordinates for the
hip, knee and ankle joints, any occlusion that removes or degrades one of these keypoints breaks
the geometric chain. Unlike standing, where the joints tend to be spread across a larger vertical
range and are harder to fully obscure, a seated worker compacts their lower body into a smaller
spatial area, which makes it far more likely that a single piece of equipment or a foreground
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obstruction will block multiple critical joints at once. When the keypoints are missing or flagged
as low confidence, the system conservatively skips the classification rather than risk a FP, which
is the right design decision for precision but directly costs sitting recall.

The steep downward mounting angle of industrial CCTV cameras introduces an additional
geometric challenge that is harder to fully compensate for through normalisation alone. When a
camera is mounted high above the work floor and angled downward, the resulting perspective
foreshortens the vertical distance between joints in a seated worker. The hip and knee, which
should appear well-separated vertically in a side-on or level view, appear much closer together
when viewed from above. This compresses the S ratio reading and pushes it toward the standing
threshold, making it harder for the rule-based logic to confidently register the posture as sitting
even when the worker clearly is. While the torso tilt metric ¢ torso and the normalised knee
proximity D norm help to partially offset this effect by capturing postural information that is less
sensitive to vertical foreshortening, they cannot fully overcome the perspective distortion
introduced by extreme camera angles. Expanding the calibration dataset to include more samples
taken from steep angles and retuning the empirical thresholds specifically for high-mounted
camera configurations would likely produce a meaningful improvement in sitting recall for these
cases.

Taken together, these results show that the system is highly reliable when it does make a
classification, as evidenced by the 95.00% overall precision and the perfect sitting precision, but
that the recall is constrained by real-world data conditions that are common across Malaysian
industrial sites. Addressing these constraints through better handling of low-resolution
background detections, partial keypoint imputation strategies, and angle-aware threshold
calibration would bring the sitting recall closer to the level already achieved for standing and
further strengthen the system's overall suitability for deployment as a real-time safety
monitoring tool as exemplified in Figure 4.

Figure 4. YOLOv8x-pose keypoint extraction and activity prediction result
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4. CONCLUSION

Overall, the system achieved an accuracy of 79.80% and an F1-score of 86.70%, with standing
classification reaching 93.00% precision and 90.00% recall, and sitting classification achieving a
perfect precision of 100.00%, meaning every seated worker that was flagged by the system was
a genuine case.

The sitting recall of 63.20% is admittedly on the lower side, but the perfect sitting precision is
arguably more valuable for this kind of safety monitoring application. On an actual industrial site,
a false alarm is not just an inconvenience as it erodes trust in the system over time and makes
safety officers less likely to act on alerts. Future work can look at fine-tuning the joint angle and
distance thresholds to handle cases where a worker's lower body is partially blocked by site
equipment, as well as incorporating partial keypointlogic and collecting more varied footage that
better represents how workers sit on the ground.

Looking further ahead, the keypoint-based foundation built in this work can be extended into a
broader action classification system capable of recognising more specific industrial tasks beyond
just sitting and standing. By feeding temporal keypoint sequences into a classification model, the
system can learn to tell apart activities like welding, grinding and general movement, each of
which has its own distinct body posture and motion signature. Once the system knows what a
worker is doing, it becomes possible to enforce task-specific PPE requirements in real time, for
example alerting when someone is welding without a proper welding mask or grinding without
face protection. This kind of capability would make the system genuinely useful not just as a
posture monitor but as a full safety enforcement and manpower tracking tool for Malaysian
fabrication yards and construction sites.

DISCLAIMER

The dataset utilised in this study is proprietary in nature and is not made available for public
access. Parties who are interested in obtaining the dataset for academic or research purposes are
kindly requested to reach out directly to Dr. Latifah Munirah through the appropriate
institutional channels. Any subsequent use of the dataset shall be subject to the terms and
conditions as stipulated by the data owner, and access will only be granted upon receiving proper
authorisation.
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