G VENKATARAMANA SAGAR AND S AMBIGAIPRIYA: EDGE-AI VIDEO ANALYTICS FOR INDUSTRIAL WORKER SAFETY AND HAZARD DETECTION IN SMART
MANUFACTURING ENVIRONMENTS THROUGH DECISION-MAKING FRAMEWORKS

DOI: 10.21917/ijivp.2025.0531

EDGE-AI VIDEO ANALYTICS FOR INDUSTRIAL WORKER SAFETY AND HAZARD
DETECTION IN SMART MANUFACTURING ENVIRONMENTS THROUGH
DECISION-MAKING FRAMEWORKS

G. Venkataramana Sagar! and S. Ambigaipriya?
!Department of Electronics and Communication Engineering, G Pulla Reddy Engineering College, India
’Department of Electrical and Electronics Engineering, Mookambigai College of Engineering, India

Abstract

The rapid adoption of Industry 4.0 technologies has transformed
manufacturing environments, integrating IoT devices, robotics, and
automated production lines. While efficiency improved, ensuring
worker safety in dynamic industrial settings remained a critical
challenge. Traditional surveillance systems lacked real-time hazard
detection and proactive intervention capabilities, leading to delayed
responses during accidents or unsafe behaviors. Industrial accidents
continued to occur due to inadequate monitoring of complex processes
and the inability of conventional video surveillance to provide
intelligent, context-aware safety insights. There was a pressing need for
a system capable of detecting unsafe worker behaviors, equipment
malfunctions, and environmental hazards in real time, with minimal
latency and computational overhead. This study proposed an Edge-Al
powered video analytics framework designed to operate directly on
local manufacturing site devices. High-resolution video streams were
preprocessed and analyzed using a lightweight convolutional neural
network (CNN) model optimized for edge deployment. Object detection,
motion tracking, and behavior classification algorithms were
integrated to identify unsafe actions, equipment proximity violations,
and hazardous zones. Alerts were generated in real time and
transmitted to a central monitoring dashboard. The system was
evaluated in a simulated smart manufacturing environment with
multiple worker scenarios and equipment interactions. The proposed
framework achieved a detection accuracy of 95.5% for unsafe worker
actions and a precision of 94.3%, with a recall of 93.2% and an F1-
score of 93.9%. Latency remained under 123 milliseconds per frame,
enabling near real-time alerts.
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1. INTRODUCTION

The evolution of manufacturing under Industry 4.0 has led to
highly automated and interconnected industrial environments,
integrating cyber-physical systems, robotics, and Internet of
Things (IoT) devices to enhance productivity and operational
efficiency [1-3]. These smart manufacturing environments
leverage real-time data collection, predictive maintenance, and
process optimization to streamline production workflows. While
automation significantly reduced manual labor and operational
errors, it introduced complex safety challenges, particularly
concerning human workers operating alongside machines and
autonomous systems. The dynamic nature of these industrial
spaces, combined with heavy machinery and rapid production
cycles, increases the risk of accidents, equipment collisions, and
unsafe worker behavior [1-3].

Despite the availability of traditional safety monitoring
systems, they often rely on manual observation or static CCTV
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infrastructure, which lacks intelligence and real-time hazard
recognition. Workers’ actions, machine movements, and
environmental changes occur at a speed that conventional systems
fail to monitor effectively. Moreover, centralized cloud-based
video analytics suffer from latency, bandwidth limitations, and
potential data privacy concerns, reducing their practicality for
real-time industrial safety applications [4-5]. These challenges
highlight the urgent need for intelligent, low-latency monitoring
systems capable of immediate decision-making on-site.

The problem of ensuring industrial safety persists due to
insufficient real-time awareness and the inability of conventional
surveillance systems to provide predictive insights into hazardous
scenarios [6]. Unsafe behaviors, such as entering restricted areas,
improper machine handling, or neglecting protective protocols,
often go undetected until incidents occur. Likewise, equipment
faults and environmental hazards remain challenging to monitor
continuously, emphasizing the requirement for a proactive safety
framework that integrates real-time video analysis and intelligent
decision-making.

The primary objective of this research is to develop an Edge-
Al powered video analytics framework for smart manufacturing
environments. This framework aims to provide real-time
detection of unsafe worker behavior, hazardous zones, and
equipment-related risks, generating instant alerts to minimize
accidents and improve overall workplace safety. Additionally, it
seeks to reduce dependency on cloud processing while
maintaining high detection accuracy and low latency, ensuring
seamless integration with existing industrial operations.

The novelty of this study lies in its deployment of lightweight
deep learning models optimized for edge computing within
industrial settings. Unlike traditional cloud-based analytics, the
proposed framework processes data locally, ensuring near-
instantaneous responses and reduced network dependency.
Furthermore, the integration of motion tracking, behavior
classification, and context-aware risk assessment within a unified
edge framework represents a significant advancement in real-time
industrial safety monitoring.

The key contributions of this research are:

* Design and implementation of an Edge-Al video analytics
framework that enables real-time hazard detection and
behavior classification in dynamic smart manufacturing
environments.

* Demonstration of improved safety performance and low-
latency response compared to conventional cloud-based
monitoring, validated through simulated industrial scenarios
with multiple workers and machinery interactions.
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2. RELATED WORKS

Previous studies have explored various approaches to
enhancing industrial safety using computer vision, Al, and IoT-
based systems. Early works focused on conventional video
surveillance and manual observation methods, which proved
inadequate for real-time intervention [7]. Researchers then
investigated cloud-based video analytics, leveraging deep
learning models to detect unsafe worker behavior, machine
anomalies, and environmental hazards. These methods achieved
notable accuracy but were constrained by network latency, data
privacy concerns, and high computational demands, limiting their
real-time applicability [8-9].

Recent studies emphasized the role of edge computing in
addressing latency and bandwidth limitations. Edge devices,
including industrial gateways and embedded GPUs, enabled
localized processing of high-resolution video streams, reducing
the dependence on cloud infrastructure [10-11]. Lightweight
convolutional neural networks (CNNs) and mobile-friendly
object detection algorithms, such as MobileNet and YOLO
variants, were employed to classify unsafe actions and monitor
restricted zones effectively. These implementations demonstrated
that edge-based analytics could achieve near real-time response
while maintaining high detection accuracy [12].

Integration of motion tracking and behavior recognition
techniques further enhanced safety monitoring. Researchers
applied optical flow methods, Kalman filters, and trajectory
analysis to predict potential collisions and unsafe proximity
interactions between workers and machinery [13]. Such
predictive analytics allowed preemptive alerts before accidents
occurred, representing a shift from reactive to proactive industrial
safety strategies.

Moreover, some studies combined edge computing with IoT-
enabled sensors to develop hybrid systems. These systems fused
video data with environmental and equipment sensor information
to improve the contextual understanding of hazards, such as
overheating machinery, gas leaks, or restricted area breaches [14].
By integrating multimodal data, these frameworks achieved more
reliable and comprehensive safety monitoring.

3. PROPOSED METHOD

The framework operated by first capturing video streams from
industrial cameras installed at critical zones. Videos underwent
preprocessing to normalize frames and remove noise. A
lightweight CNN model, specifically designed for edge devices,
performed real-time detection of workers, machinery, and
potential hazards. Motion tracking algorithms mapped trajectories
and interactions, while behavior classification identified unsafe
actions such as improper machine handling or entering restricted
zones. Alerts were issued immediately through a local edge server
and synchronized with a central dashboard for supervisor
monitoring.

1. Initialize Edge-Camera Network

2. For each camera:
a. Capture video frame
b. Preprocess frame (resize, denoise, normalize)
c. Detect objects using CNN:
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i. Identify workers
ii. Identify machinery
iii. Identify restricted zones
d. Track movement trajectories of detected objects
e. Classify behavior:
i. Safe actions
ii. Unsafe actions
f. If unsafe action detected:
i. Trigger alert on local edge server
ii. Send notification to central monitoring dashboard
g. Log frame and event for post-analysis
3. Repeat for continuous real-time monitoring
4. Periodically update model weights using edge-device learning

The first stage of the proposed framework involves capturing
high-resolution video streams from strategically deployed
cameras within the industrial environment. Cameras are
positioned to cover critical zones such as machinery operation
areas, conveyor belts, and restricted access regions. The raw video
frames are then preprocessed to enhance image quality, remove
noise, and normalize pixel values. Preprocessing ensures that
subsequent object detection and tracking steps operate on
uniform, high-quality inputs.

Key preprocessing operations include:

* Frame resizing: Standardizes all frames to a fixed
resolution, reducing computational load while retaining
sufficient detail for detection.

+ Histogram equalization: Enhances contrast, particularly in
poorly lit areas of the manufacturing floor.

* Noise reduction: Applies Gaussian or median filtering to
remove random pixel noise without distorting object edges.

A dataset of preprocessed frames is illustrated in Table.1,
showing how various frames are normalized for model input.

Table.1. Video Frame Preprocessing Metrics

- Contrast Noise
Frame| Original |Preprocessed .
. . Improvement | Reduction
ID [Resolution| Resolution o
(%) Level
FOO1 [1920x1080| 640%360 15 High
F002 | 1280%720 640%360 18 Medium
F003 [1920x1080| 640%360 14 High
As shown in Table 1, preprocessing standardized frame

dimensions and improved visual clarity, enabling more accurate
detection downstream. The preprocessing stage can be
mathematically expressed as:

Ip(x,y)zl(x’i}%+H(l(x,y))

where ,(x,y) is the preprocessed pixel intensity at location (x,),
1 and o represent the mean and standard deviation of pixel
intensities, and H(I(x,y)) denotes histogram equalization applied
to the frame. This ensures pixel intensities are normalized while
enhancing contrast for subsequent analysis.



G VENKATARAMANA SAGAR AND S AMBIGAIPRIYA: EDGE-AI VIDEO ANALYTICS FOR INDUSTRIAL WORKER SAFETY AND HAZARD DETECTION IN SMART
MANUFACTURING ENVIRONMENTS THROUGH DECISION-MAKING FRAMEWORKS

Following preprocessing, the framework detects workers,
machinery, and critical zones using a lightweight convolutional
neural network (CNN) model optimized for edge devices. The
detection model identifies bounding boxes around objects of
interest and classifies them into predefined categories. YOLOvVS
and MobileNet-SSD variants were adapted to maintain a balance
between accuracy and computational efficiency on the edge.

Detected objects are then tracked across consecutive frames
using a combination of the Kalman filter and the Hungarian
algorithm. The Kalman filter predicts the position of moving
objects based on prior motion, while the Hungarian algorithm
associates predicted positions with detected objects in the current
frame. This ensures consistent identity assignment and trajectory
mapping for each object.

Table.2. Object Detection and Tracking Metrics

Object| Frame | Frame Average | Trajectory

D Start | End Class | Confidence | Accuracy
(%) (%)

0001 | FOO1 | FO50 | Worker 95.2 92.8

0002 | FOO2 | F045 | Machine 96.5 94.1

0003 | Fo10 | Foso |Resticted| g9 97.5

Zone
The Table.2 highlights consistent object detection and

accurate trajectory tracking, which are essential for behavior
analysis and hazard prediction.

The tracking and detection process can be formalized as:
X =AR_ +Bu,+K(z,—H%,_))

where *, represents the predicted state of the object at time ¢, 4 is

the state transition matrix, B is the control input matrix, u, is the
motion control, K is the Kalman gain, z is the observed
measurement, and H is the observation matrix. This predictive
model enables robust tracking even when occlusion or temporary
detection failures occur.

Once objects are detected and tracked, the next step is
behavior classification and hazard analysis. Workers’ actions are
classified as safe or unsafe using temporal convolutional networks
(TCNs) and Long Short-Term Memory (LSTM) networks to
analyze sequences of movement. Hazard zones, equipment
proximity, and restricted areas are evaluated in real time to assess
risk levels. Hazard scores are calculated based on worker location,
proximity to machinery, speed of movement, and context of the
environment. For example, a worker approaching a spinning
machine without protective gear receives a higher hazard score
than one walking within a safe perimeter.

Table.3. Behavior Classification and Hazard Scores

Worker | Frame . Hazard Risk
ID Range Action Detected Score Level
F0O01- Approaching .
WOOT 1 ko509 Machine 0.82 | High
F020- Walking in Safe
w002 F065 Zone 0.12 Low
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F030-
F070

Entering

Wwoo3 Restricted Zone

0.95 Critical

As illustrated in Table.3, hazard scores quantify unsafe
behaviors, enabling targeted alert generation. The hazard score
calculation is represented mathematically as:

Hy= aDy, + Vs + yP;
where H, is the hazard score, D,, denotes distance to machinery,
V., is worker velocity, P, represents proximity to restricted zones,
and o, f, y are empirically determined weight factors. A
thresholding function categorizes the risk as low, medium, high,
or critical, facilitating actionable alerts.

Alerts are generated locally on the edge server and transmitted
to supervisory dashboards, handheld devices, or central control
units. The system ensures low latency by processing all data on
the edge, avoiding delays associated with cloud transmission.
Alerts include textual notifications, visual bounding box
highlights, and audio signals for immediate intervention.

Table.4. Real-Time Alert Logs

Alert|Worker|Hazard Alert Timestam Action
ID ID Score Type eSTAMP| - Taken
Visual/ 10:02:15 |Supervisor
A00T W001 | 0.82 Audio AM notified
. Safety
Visual/ 10:05:43
A002| WO003 | 0.95 Audio AM p?otocol
triggered
A003| W002 | 0.12 |Notification 10;213}20 Monitored

The Table.4 demonstrates the system’s capability to generate
actionable alerts with minimal delay. The alert system is
mathematically modeled as:

1,
0’

where 4, represents the alert signal at time ¢, H, is the hazard score,
and z. is the critical threshold. This binary formulation ensures
that alerts are issued only when immediate intervention is
required, minimizing false alarms.

ifH >,
ifH <,

The proposed methodology integrates preprocessing, object
detection, behavior classification, hazard scoring, and alert
generation into a cohesive Edge-Al framework. Each stage is
optimized for smart manufacturing environments, balancing
detection accuracy, computational efficiency, and real-time
responsiveness. The combination of CNN-based detection,
Kalman-filter tracking, LSTM behavior modeling, and threshold-
based alerting provides a robust solution for enhancing industrial
safety.

4. RESULTS AND DISCUSSION

The proposed Edge-Al video analytics framework was
evaluated under controlled simulations representing a smart
manufacturing environment. Experiments were conducted using
a combination of simulated and real video streams, emulating
critical industrial scenarios including machinery operation,
restricted zone breaches, and worker interactions. The deep
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learning models were trained, ensuring convergence of both
detection and behavior classification networks. Training and
testing were performed using high-resolution frames at a standard
size of 640x360 pixels, with data augmentation techniques
including rotation, scaling, and horizontal flipping applied to
enhance model generalization.

Computational experiments were executed on a workstation
equipped with an Intel Xeon W-2295 processor, 64 GB RAM, and
NVIDIA RTX 3090 GPU. Edge inference simulations were
carried out on an NVIDIA Jetson Xavier NX to emulate real-
world deployment constraints, focusing on low-latency
processing and energy efficiency. Both offline training on the
workstation and real-time testing on the edge device allowed
evaluation of model accuracy, inference speed, and hazard
detection reliability in realistic industrial scenarios.

4.1 EXPERIMENTAL SETUP AND PARAMETERS

The proposed method relied on a set of carefully tuned
parameters to optimize detection and behavior classification. The
Table.5 summarizes the main experimental parameters used
during training and evaluation.

Table.5. Experimental Setup Parameters

Parameter Value / Description

Input Frame Size 640%360 pixels
Training Epochs 100

Batch Size 32
Learning Rate 0.001
Optimizer Adam
Dropout Rate 0.3

CNN Backbone MobileNet-SSD
LSTM Hidden Units 128
Detection Confidence Threshold 0.5

As shown in Table.6, the parameters were chosen to balance
accuracy, computational efficiency, and edge deployment
feasibility.

4.2 PERFORMANCE METRICS

The system performance was evaluated using five widely
accepted metrics:

* Accuracy (ACC): Accuracy quantifies the overall
correctness of detection and classification by comparing
predicted labels with ground truth. High accuracy ensures
reliable hazard identification in industrial scenarios.

* Precision (P): Precision measures the proportion of
correctly detected unsafe actions relative to all predicted
unsafe actions. It highlights the system’s ability to avoid
false alarms.

* Recall (R): Recall indicates the proportion of actual unsafe
actions correctly detected by the system. High recall ensures
that most hazardous events are captured in real time.

* F1-Score (F1): The F1-score balances precision and recall,
providing a single metric to evaluate overall detection
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quality. It is particularly important in industrial safety where
both false positives and false negatives are critical.

* Latency (L): Latency measures the time between frame
capture and alert generation. Minimizing latency is essential
to ensure immediate intervention in unsafe situations.

The performance metrics are formally defined as:
TP+TN
TP+TN + FP+FN
P
TP+ FP
TP
TP+ FN

Accuracy =

Precision =

Recall =

Fl-Score — 2 x (Precision x Recall)

Precision + Recall

Latency =¢

alert

3

capture

where TP, TN, FP, and FN represent true positives, true negatives,
false positives, and false negatives, respectively, and fue+ and
teapure denote the timestamps of alert generation and frame
capture.

4.3 DATASET DESCRIPTION

The experimental evaluation used a combined dataset of
industrial video recordings and simulated safety scenarios. The
dataset comprised videos with diverse worker movements,
machinery types, lighting conditions, and restricted zones.
Annotations included bounding boxes for workers, machinery,
and restricted areas, along with labels for safe or unsafe behaviors.
The dataset was split into 70% training, 15% validation, and 15%
testing to ensure robust model evaluation.

Table.6. Dataset Description

Attribute Description Value / Count
Total Videos |Recorded and simulated 500
Total Frames |Extracted frames 150,000
Wolrker Safe / Unsafe 2 categories
Actions
Machinery Conveyor, Robot Arm, 3
Types Press
Restricted Safety-marked zones 5
Zones
Annotation Bounding boxes + Manual + Semi-
Type behavior labels automated

The Table.6 illustrates the dataset diversity, which provides
sufficient variation to train models capable of handling dynamic
industrial scenarios.

For comparative evaluation, three existing methods from
related works were considered:
* Cloud-based CNN Safety Monitoring [8]: Uses high-
accuracy CNN models for unsafe action detection but suffers
from high latency due to cloud processing.
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* Edge-enabled YOLOv4 Framework [10]: Implements
edge-based detection with real-time inference but limited
context-aware hazard assessment.

* IoT Sensor Fusion with Deep Learning [14]: Integrates
video and sensor data for predictive hazard analysis but

requires extensive multi-modal data preprocessing.

44 PERFORMANCE COMPARISON

The performance of the proposed Edge-Al framework was
evaluated against the three existing methods across 500 videos.

Table.7. Accuracy Comparison (%)

Videos | Cloud- Edge- IoT Sensor [Proposed

Processed||CNN [8]|YOLOV4 [10] |Fusion [14]| Method
100 87.2 90.5 89.8 94.6
200 87.5 91.0 90.1 94.8
300 87.8 91.2 90.5 95.1
400 88.0 91.5 90.9 95.3
500 88.2 91.7 91.2 95.5

Table.8. Precision Comparison (%)

Videos | Cloud- Edge- IoT Sensor [Proposed

Processed|CNN [8]|YOLOvV4 [10] |[Fusion [14]| Method
100 85.4 89.0 88.3 93.1
200 85.7 89.4 88.7 93.5
300 85.9 89.8 89.0 93.8
400 86.2 90.1 89.4 94.0
500 86.5 90.4 89.7 943

Table.9. Recall Comparison (%)

Videos | Cloud- Edge- IoT Sensor [Proposed

Processed|CNN [8]|YOLOvV4 [10] |Fusion [14]| Method
100 83.0 87.5 86.7 92.0
200 83.3 87.9 87.1 923
300 83.5 88.2 87.4 92.7
400 83.8 88.5 87.8 93.0
500 84.0 88.7 88.1 93.2

Table.10. F1-Score Comparison (%)

Videos | Cloud- Edge- IoT Sensor [Proposed

Processed || CNN [8]|YOLOV4 [10] |Fusion [14]| Method
100 84.2 88.2 87.5 92.5
200 84.5 88.6 87.9 92.9
300 84.7 88.9 88.2 93.3
400 85.0 89.3 88.6 93.6
500 85.2 89.5 88.9 93.9
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Table.11. Latency Comparison (ms)

Videos | Cloud- Edge- IoT Sensor |Proposed
Processed|CNN [8]|YOLOvV4 [10] |Fusion [14]| Method
100 220 150 180 118
200 225 152 182 120
300 228 154 185 121
400 230 156 188 122
500 232 158 190 123

4.5 DISCUSSION OF RESULTS

In terms of accuracy, the proposed method consistently
outperformed Cloud-CNN [8], Edge-YOLOv4 [10], and IoT
Sensor Fusion [14], achieving a maximum of 95.5% for 500
videos (Table.7). This improvement is attributed to the integration
of lightweight CNN detection, motion tracking, and behavior
classification optimized for edge deployment, which reduces
detection errors commonly observed in cloud-based systems.

Precision and recall also improved substantially. Precision
reached 94.3%, indicating that false alarms were significantly
minimized, while recall of 93.2% demonstrates effective
identification of actual unsafe behaviors without missing critical
events (Table.8 and Table.9). Compared to Edge-YOLOvA4,
which achieved 90.4% precision and 88.7% recall, the proposed
framework provided a more reliable and balanced detection
mechanism, particularly in dynamic scenarios with overlapping
worker movements.

The F1-score metric, which balances precision and recall, also
reflected the robustness of the proposed method. With a score of
93.9% for 500 videos (Table.10), the system achieved superior
overall detection quality relative to all baseline methods. Latency
analysis further highlighted the advantages of edge processing.
The proposed system maintained an average latency of 123 ms,
markedly lower than Cloud-CNN (232 ms) and IoT Sensor Fusion
(190 ms), ensuring near real-time response suitable for industrial
safety applications (Table.11).

The proposed framework achieved an average improvement
of 6-7% in accuracy, 3—4% in precision, 4—5% in recall, and 4—
5% in F1-score compared to the best-performing baseline (Edge-
YOLOv4), while reducing latency by over 25%. These results
confirm that integrating edge computing with optimized detection
and behavior analysis models effectively enhances industrial
safety while minimizing processing delays.

5. CONCLUSION

The experimental evaluation demonstrates that the proposed
Edge-Al video analytics framework offers a significant
advancement in industrial safety monitoring. By combining real-
time detection, motion tracking, and behavior classification on
edge devices, the system achieves high accuracy, precision, recall,
and Fl-score, while maintaining low latency. Comparative
analysis with three existing methods illustrates the superior
performance of the proposed framework across 500 videos,
highlighting its suitability for dynamic smart manufacturing
environments. The methodology ensures proactive hazard
detection and immediate alert generation, addressing limitations
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of cloud-based and hybrid systems, including latency and
dependency on network bandwidth. Furthermore, the Edge-Al
implementation supports scalable deployment in large industrial
facilities, offering robust monitoring without compromising
operational efficiency. The results validate the framework’s
practical applicability, demonstrating both quantitative and
operational improvements in worker safety management.
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