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vision system for automated data acquisition
from the sputtering equipment's display, and
complete monitoring
application with real-time visualization and
analysis  for industrial
deployment. Data acquisition is carried out
using a high-resolution camera, where
YOLO achieves 99.5% mAP@O0.5 in
supervised detection of visual indicators,
and PaddleOCR attains 99.57% accuracy in
extracting numerical parameters.
Preprocessing incorporates a median filter
to suppress noise, while DBSCAN identifies
sudden OCR fluctuations and linear
regression models parameter trends. The
postprocessed data are stored in structured
CSV files. By integrating supervised and
unsupervised learning with data science
techniques, the proposed system enables
reliable monitoring, early anomaly detection,
and predictive maintenance in industrial
sputtering operations.

I. Introduction
In Industry 4.0, real-time
sensor data

power, deposition rate, and film
thickness. The sputtering

acquisition  is
essential for predictive
maintenance, anomaly detection,
and process optimization in
manufacturing systems [1-2].
Sputtering i
semiconductor and thin-film
coating require

Processes m

precise
monitoring of parameters like
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process  involves  different
materials, such as Titanium (TT),
Silver (AG), and Nickel (NI),
each with unique deposition
characteristics. Many legacy
sputtering machines lack remote
data access, making hardware
retrofitting impractical.
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This paper proposes vision-
based monitoring system that
captures process parameters
directly from machine display
panels using YOLO-based
object detection [3-4]
Optical Character Recognition
(OCR). The system leverages
the computational power of
NVIDIA Jetson Orin Nano for

and

real-time 1image processing,
enabling efficient data
extraction. Initially, YOLO

localizes and classifies visual
indicators on the display, while

OCR extracts numerical
parameters such as power,
deposition rate, and film
thickness. To enhance the data
quality, the system applies
median filtering for noise

reduction. It then uses DBSCAN
(Density-Based Spatial
Clustering of Applications with
Noise) for anomaly detection,
identifying sudden OCR reading

jumps  and  distinguishing
genuine faults from normal
fluctuations.  Finally, linear

regression models the deposition
behavior to track trends and
identify machine-level faults.
The acquired, time-stamped data
1s structured in CSV format,
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fault
informed

enabling real-time

detection and
decision-making.

The main contributions of this
work can be summarized as
follows: the development of a
non-invasive, embedded vision-
based system for real-time data
acquisition sputtering
equipment, the implementation

from

of a multi-level anomaly
detection framework combining
OCR fault detection and
machine fault modeling, and a
comprehensive performance
evaluation of detection models,
OCR engines, and anomaly
detection methods to benchmark
and

accuracy,  efficiency,

robustness.

II. Literature Review

Optical Character Recognition
(OCR) has evolved from
template-based  methods to
learning-based systems capable

of  interpreting  text in
unconstrained scenes and
documents [5-6]. Neural

networks and fuzzy classifiers
outperform traditional templates,
handling diverse fonts,
distortions, and environmental
variations [6]. Deep learning
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pipelines, including CNN-RNN-
CTC and region-based detectors,
achieve real-time recognition on
datasets such as ICDAR and

SVT [7].
Applications like Automatic
License  Plate = Recognition

(ALPR) illustrate OCR pipelines
relevant to industrial panels,
addressing challenges such as
lighting variation, occlusion,
and motion blur [5][8]. Real-
time frameworks using External
Regions and two-stage
classification show techniques
adaptable to machine display
monitoring [7].

OCR has been reported to be
applied to numeric instrument
displays such as seven-segment
LEDs, LCDs, and character
panels. Early work targeted
measuring instruments [11],
while recent studies extend to
medical devices [12]. These
methods combine geometric
analysis, preprocessing, and
machine-learning classifiers for
high accuracy.

In industrial settings, OCR
enables data captured from
legacy equipment lacking digital
interfaces. Camera-based
monitoring with Tesseract or

244 ISSN: 2180-3811
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similar engines, coupled with
edge devices, converts visual
readings into structured
telemetry for MES, dashboards,
and OEE/OEU monitoring [9-10,
13]. Hybrid
approaches are also being used
to read analog gauges by

computer-vision

detecting needles and scale
marks [14].
OCR’s advantages include

non-invasiveness, low cost, and
rapid deployment. Limitations
include sensitivity to lighting,
reflections, viewing angles, and
displaying refresh artifacts.

Successful deployment requires
careful imaging, preprocessing,
and validation.

Although  effective,  gaps
remain for OCR deployment,
which includes robustness under
factory  conditions, limited
industrial datasets, and real-time
telemetry  extraction  [15].
Despite these, OCR is a practical,
cost-effective
acquiring measurement data
from machine displays where
direct digital acquisition is

solution for

unavailable.
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III. Methodology

A. Flow Chart
In the process begins with Data

Acquisition, a high-
resolution camera captures real-
time images of the sputtering
machine's human-machine
interface (HMI). These images
contain key operational
parameters, such as power,
deposition rate, and film
thickness. To extract these
parameters, the system utilizes
YOLO (You Only Look Once),
an object detection model that
localizes and classifies visual

where

indicators on the HMI screen.
This non-invasive approach
enables accurate data extraction

without requiring additional
Sensors or hardware
modifications, providing a

seamless way to monitor critical
process metrics.

Once the data is acquired, the
next phase is Data Cleaning,
which ensures that the extracted
data is accurate and free from
noise. In this phase, OCR
(Optical Character Recognition)
is employed to recognize and
clean the text and numerical
values displayed on the HMI.
For example, OCR extracts

ISSN: 2180-3811

parameters like power,

deposition rate, and film
thickness from the image. This
step corrects any errors or
distortions caused by variations
in font, lighting, or other
environmental factors, ensuring
that the data is ready for further
analysis.

After the data is cleaned, the
system proceeds with Data
Modeling, which focuses on
identifying any anomalies or
faults in the sputtering process.
The system uses the DBSCAN
(Density-Based Spatial
Clustering of Applications with
Noise) algorithm to detect
sudden fluctuations or outliers in
the OCR data, signaling
potential process irregularities.
Additionally, linear regression
models are employed to track
trends in key parameters, such as
deposition rate and film
thickness, over time. By
integrating these methods, the
system can perform real-time
anomaly detection and
predictive maintenance,
ensuring efficient and reliable
operation of the sputtering
process.
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Figure 1: Flow Chart

B. Data Collection

Standard practice in machine
learning research adopts dataset
splits such as 70:20:10 or
80:10:10 to achieve a balance
between sufficient training data
and reliable evaluation sets for

model tuning and assessment
[16]. In this study, a 70:20:10
split was used, with 2,877
images for training, 800 for
validation, and 417 for testing,
shown in Figure 2.
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Figure 2: Data Split (Train, Validation, Test)
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C. Training Process

Model training is conducted
using transfer learning on pre-
trained models, followed by
fine-tuning and optimization.
The  training setup  and
parameters are summarized in
Table 1. The training parameters
were  selected based on
established practices in YOLO
based object detection and
transfer learning literature. Pre-
trained YOLO weights were

adopted to accelerate

convergence and  improve
generalization on a moderate
sized custom dataset. The image
resolution, batch size, learning
rate, and optimizer were chosen
to balance detection accuracy,
training stability, and
computational efficiency,
following commonly reported
configurations in recent YOLO

studies [17].

Table 1: YOLO Training Configuration Parameters

Symbol Quantity
Task specification detect
Model yolol1s.pt
Dataset location {dataset.location }/data.yaml
Number of epochs 100
Image size (imgsz) 640, 480
Batch size 16
Optimizer AdamW
Learning rate 0.002
Early stopping 10
Weight decay 0.005

D. System Deployment

The method utilizes a high-
resolution camera for data
acquisition, where the captured
images are localized and
classified using YOLO. OCR is
then applied to recognize key
process parameters such as

ISSN: 2180-3811 Vol. 16

power, deposition rate, and film
thickness. Anomaly detection is
performed using DBSCAN to
identify sudden fluctuations in
the OCR data, while linear
regression models track process
trends over time. This integrated
approach  enables real-time
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monitoring and fault detection
without hardware modifications
as shown in Figure 3.

Camera

Display Panel

Sputtering
Machine
Control
panel

Figure 3: System Deployment

IV. Experiment Result
A. YOLO Model Results
Table 2 shows that YOLOV8s
achieved 99.5% mean average
precision (mAP@0.5) in
detecting indicators,
demonstrating its robustness and
accuracy in the sputtering
process monitoring  system.
While all exhibited
perfect precision and recall (1.0),
YOLOVSs offers the best overall
performance with its high
mAP@0.5 and a strong
mAP@0.5:0.95 of 0.907. Its

visual

models

248 ISSN: 2180-3811
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balance of 11.13
parameters and 168
ensures

million

layers
computational
efficiency without sacrificing
accuracy, making it the most
suitable choice for real-time
deployment. The model size of
21.4MB is manageable for high-
speed processing, and its
architectural efficiency supports
stable and reliable operation in
industrial environments.
Therefore, YOLOVSs stands out
as the optimal model for this
application.
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Table 2: YOLO Model Performance Comparison

" = 2

2 Z g S S s g i

S Q o] 2 ® Q < @

= £ 2 < = £ = =

: < 5 2

= ~ =
YOLOVSs 1 1 0.995 0.915 9.11 193 17.6
YOLOVS8s 1 1 0.995 0.907 11.13 168 21.4
YOLOvl11s 1 1 0.995 0.907 9.41 238 18.2
YOLOvVI12s 1 1 0.995 0.915 9.08 376 17.7

B. Anomaly Detection on extract the relevant process

OCR

Table 3 shows the 1000 video
frames were extracted from the
source video using Python. A
script was implemented to
capture every frame from the
video, ensuring that a consistent
sample size was obtained for
analysis. Each frame was then
processed through OCR (Optical
Character Recognition) tools to

parameters. The extracted data
was used to evaluate the
accuracy and performance of
different OCR tools, including
PaddleOCR, EasyOCR, and
PyTesseract. As shown in Table
3, PaddleOCR demonstrated the
highest accuracy at 99.9%,
significantly outperforming the
other OCR tools in correctly
reading values from the frames.

Table 3: OCR Performance Comparison for 1000 Video Frames

Incorrectly

Correctly read values by read Accuracy  Error

U e OCR values by (%) (%)

OCR

PaddleOCR 999 1 99.9 0.1
EasyOCR 483 517 48.3 51.7
PyTesseract 553 447 553 44.7

C. OCR Anomaly Detection sequential frames. The plot

Figure 4 illustrates the use of
DBSCAN for anomaly detection
on the value parameter across

ISSN: 2180-3811
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shows the overall trend of the
data, with a sudden sharp drop
occurring around frame 1500.
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DBSCAN successfully detects
this irregular deviation and flags
the outlier, marking it with a red
point on the graph. After the
anomaly occurs, the values
increase again and return to their

expected pattern. This
demonstrates DBSCAN’s
effectiveness in identifying and
flagging abnormal points that
deviate from the normal process

behavior.

DBSCAN Anomaly Detection on Value

— Value
@ Anomaly

0 500

1000

1500 2000

Frama

Figure 4: DBSCAN Anomaly Detection on Dataset

D. Machine Fault Detection

To evaluate machine-related
faults, linear regression models
developed for three
sputtering sources: Titanium
(TD), Silver (AG), and Nickel
(ND).

Figure 5 compares the fitted
regression models. The graphs
illustrate the gradient of each
regression line reflects the
deposition rate, where AG
exhibited the highest growth rate
of 0.0351 kA/s, followed by TI

were

250 ISSN: 2180-3811 Vol.
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at 0.0245kA/s, and NI with the
lowest rate of 0.0060kA/s. These
differences demonstrate the
source-dependent behavior of
the sputtering process, where
each  material  contributes
distinct deposition dynamics. By
establishing these regression
models as reference baselines,
subsequent runs can  be
compared to detect deviations in
slope or growth rate, allowing
for reliable identification of
potential machine faults.
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Comparison of Linear Regression Models (T1, AG, NI sources)

35 1 — Tisource

— AG source

—— Ni source
3.0

2.5

Thickness (kA)

(] 20 40
Time (s)

60 80 100

Figure 5: Comparison of Linear Regression Models (TI, AG, NI sources)

The fitted regressions are
expressed as Equation (1) to (3).
For TI source:

kA = 0.0634 + 0.0245t (1)
For AG source:

kA =0.0972 + 0.0351t  (2)
For NI source:

kA = 0.0126 + 0.006t (3)

where:
kA = thickness

¢t = time in seconds

The general deposition model is

defined as Equation (4).
Thickness = B, + Rt 4)
where:

Bo = y-intercept of the graph
R = deposition rate

ISSN: 2180-3811 Vol. 16

¢ = time in seconds

Empirical analysis indicates
that s is negligible compared to
linear growth term, allowing the
model to be simplified as,
Thickness ~ Rt, which assumes a
constant

effectively originating from zero.

deposition rate

V. Conclusion

Experimental results presented
a real-time sputtering process
monitoring system integrating
YOLOVS8s for display detection
and PaddleOCR for text
recognition, achieving over
99.9%  accuracy. Anomaly
detection using DBSCAN and
linear regression proved
effective for fault identification.
The system provides a robust,

No.2 July - December 2025 251



Journal of Engineering and Technology

automated solution for industrial

process supervision.
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