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ABSTRACT

Pharmaceutical quality assurance is a critical
aspect of the healthcare industry, requiring
exceptional precision and efficiency to ensure
the safety, efficacy, and compliance of
pharmaceutical products. The increasing
complexity of manufacturing processes and
stringent regulatory standards pose significant
challenges to traditional inspection methods,
which rely heavily on manual labor. These
methods are not only time-consuming but also
prone to human error, which can compromise
product quality and safety. To address these
challenges, this project introduces a
revolutionary system for pharmaceutical
inspection powered by YOLOv11, the latest
advancement in object detection algorithms.
YOLOvV11 (You Only Look Once, Version 11)
is renowned for its unparalleled accuracy and
real-time processing capabilities. This system
automates critical quality assurance tasks,
including the identification of pharmaceutical
products, detection of physical defects,
verification of labeling accuracy, and
identification of counterfeit medicines. The
proposed system integrates advanced image

preprocessing techniques with YOLOv1l's
state-of-the-art feature extraction and detection
capabilities. By leveraging deep learning, the
system efficiently identifies even the smallest
inconsistencies. The application of YOLOv11
in pharmaceutical inspection offers a smarter,
faster, and more reliable alternative to
traditional methods. Its innovative approach to
object detection not only streamlines operations
but also sets new benchmarks for accuracy and
compliance in quality assurance. This project
paves the way for Al-driven inspection
workflows, addressing critical  industry
challenges and ensuring the highest standards
of product safety and efficacy.

Keywords—YOLOv11, pharmaceutical
inspection, object detection, quality assurance,
counterfeit detection.

INTRODUCTION

Quality control is a cornerstone of
pharmaceutical manufacturing, where the
slightest defect can have significant

consequences for patient safety and company
reputation. Tablets, being one of the most
commonly used drug delivery forms, must
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adhere to strict quality parameters. Any visual
defect, such as a crack, discoloration, or black
spots, can indicate underlying issues like poor
manufacturing practices, contamination, or
material inconsistencies. These defects may
affect the tablet’s stability, shelf life, and
dosage accuracy. Regulatory authorities, such
as the FDA and EMA, mandate rigorous quality
control measures to eliminate defective
products before reaching consumers.

Despite the importance of quality control, many
pharmaceutical companies continue to rely on
manual inspection methods. This involves
human operators visually examining tablets for
defects, a process that is not only slow but also
prone to human errors. Factors such as fatigue,
inconsistent lighting, and subjectivity can lead
to missed defects or false positives, resulting in
wasted resources or compromised product
quality. Additionally, as production scales
increase,  manual inspection  becomes
increasingly infeasible due to the sheer volume
of tablets requiring inspection.

The advent of artificial intelligence (Al) has
introduced new possibilities for automating
quality control processes. Deep learning
models, particularly in computer vision, have
demonstrated remarkable accuracy in tasks like
object detection and classification. Al systems
can analyze thousands of images in seconds,
identifying defects with a level of consistency
that surpasses human capabilities. By
integrating Al into quality control workflows,
companies can achieve greater efficiency,
reduce costs, and ensure consistent product
quality.

YOLO (You Only Look Once) is a family of
object detection algorithms known for their
speed and accuracy. YOLOv1l, the latest
iteration, builds upon its predecessors by
incorporating advanced feature extraction
techniques, improved bounding box regression,
and optimized computational efficiency. Its
single-stage architecture processes images in a
single forward pass, making it ideal for real-
time applications. For this project, YOLOv11 is
employed to detect and classify defects in
tablets, demonstrating its adaptability to the
pharmaceutical domain.
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LITERATURE REVIEW
Zero Defect Manufacturing Strategies

Psarommatis et al. surveyed studies published
from 1987 to the present on defect elimination
in factory production lines - zero defect
manufacturing [1]. They pointed out four zero
defect manufacturing (ZDM) strategies:
detection, repair, prediction, and prevention.
ZDM is about reducing faults in the product,
part of the product, and the production energy
consumption, among several different
indicators. Detection is the most used in the
above strategies, and the product quality
inspection takes place after the product's
manufacturing is completed.

Real-Time Defect Detection using yolo

Thi-Thu-Huyen Vu/ Procedia Computer
Science 00 (2022) 000-000 3 Li et al. presented a
method to detect the Steel strip surface defects in
real-time based on the YOLO algorithm [3]. In
the approach, they described a method to
improve the YOLO network and made it all
convolutional. Their method provided an end-
to-end solution for detecting the surface defects
of steel strips. The network achieved a detection
rate of 99% at a speed of 83 FPS. Besides, the
method could also predict the location and the
size information of defect regions. To improve
the YOLO network, they constructed all
convolutional in YOLO with 27 convolutional
layers. The first 25 layers are used to extract
information about surface defect features on the
steel strip, and the last two layers are used to
predict the category of defects and their
bounding boxes. Machine Learning for Defect
Prediction

Modified YOLO Network for Defect Detection

Xu et al. presented an approach to modifying
the YOLO network to improve metal surface
defect detection [25]. The approach generated a
new scale feature layer to extract more features
of minor defects from the metal surface. To do
that, they combined the features of the 11th
layer in the Darknet-53 with the in-depth
features of the neural network. Consequently,
the K-Means++ algorithm was used to decrease
the sensitivity of the initial cluster. Their study
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reached an average result of 75.1% and the
processing time was about 83 FPS.

PROPOSED SYSTEM

The proposed pharmaceutical inspection
system is designed to automate the detection
and classification of defects in tablets during
manufacturing, significantly enhancing the
quality control process.

Key Features of the Proposed System :

Automation of Defect Detection
The primary objective is to replace the
traditional manual inspection process, which is
time consuming, labor-intensive, and prone to
human error. By leveraging advanced machine
learning techniques and object detection models
like YOLOvV11, the system ensures:
Consistency: Automated inspection provides
uniform  evaluation criteria, eliminating
subjective  biases inherent in  manual
inspections.
Efficiency: High-speed processing allows real-
time defect detection, enabling rapid
identification and segregation of defective
tablets.
Scalability: The system can handle large-scale
production lines, making it suitable for
pharmaceutical manufacturing
environments with high output rates.

Categorization of Tablet Defects

The system categorizes tablets into three

distinct classes:

Normal Tablets: Tablets that meet all quality

standards without any visible defects. These

tablets are deemed fit for packaging and

distribution.

Black-Spotted Tablets: Tablets with visible

spots or discolorations caused by impurities,

improper mixing of ingredients, or
equipment  contamination.  These

defects are critical as they may indicate

contamination or compromised safety.

Cracked Tablets: Tablets with physical damage,

such as cracks, chips, or fractures. Such defects

may result from
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issues in the compression stage or improper
handling during production.

By classifying defects, the system provides
actionable insights to manufacturing teams for
targeted corrective actions.

Ensuring High Precision and Recall
The system is designed to achieve high
precision and recall, which are crucial metrics
in quality control:
Precision: Ensures that the system identifies
true defects with minimal false positives.
Helps avoid unnecessary wastage of
good tablets that are incorrectly classified as
defective.
Recall: Ensures that all defective tablets are
identified and segregated, reducing the risk of
faulty products reaching consumers. A high
recall rate is critical in the pharmaceutical
industry, where defective products can have
severe consequences.
By balancing precision and recall, the system
provides reliable defect detection while
maintaining the integrity of quality control.

Minimizing False Positives

One of the critical objectives of the proposed
system is to minimize false positives, where
good tablets are incorrectly flagged as
defective. This reduces unnecessary wastage
and  maximizes  production efficiency,
ultimately leading to cost savings.

Improving Consumer Trust

By ensuring that only defect-free tablets reach
the market, the system enhances product
quality, safety, and reliability. This builds trust
among consumers and regulatory bodies,
reinforcing the manufacturer’s commitment to
excellence. The proposed system aims to
revolutionize tablet inspection in
pharmaceutical manufacturing by automating
defect detection, ensuring high accuracy, and
providing actionable insights for continuous
improvement. This contributes
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to safer products, streamlined operations, and e Data augmentation techniques, such as rotation,
enhanced consumer confidence. flipping, and scaling, are used to improve

METHODOLOGY model robustness.

5. Integration with Production Lines:
The proposed system leverages YOLOv1l

(You Only Look Once, Version 11) for real- o  High-resolution cameras capture images of

utilizes advanced object detection and o The YOLOV11 model analyzes these images
classification algorithms to address the and classifies the tablets in real time.

limitations of the existing system.
6. Feedback Loop  for  Continuous

1. Automated Defect Detection: Improvement:

e The system uses a pre-trained YOLOV11l o The system records defect data, enabling

model fine-tuned with a dataset of annotated manufacturers to identify patterns and trends in
tablet images. production issues.
e It identifies and categorizes defects into three o |nsights from the system are used to fine-tune
classes: the production process, reducing defect rates
= Normal Tablets: Tablets meeting quality over time.
standards.

= Black-Spotted Tablets: Tablets with visible 7. Scalability and Adaptability:
discoloration or spots.
= Cracked Tablets: Tablets with structural ® The system can scale to accommodate

defects such as cracks or chips. increasing production volumes.
e |t is adaptable to inspect tablets of different
2. Real-Time Processing: shapes, sizes, and formulations.
e The system processes images in real time, EXPERIMENTAL RESULT

ensuring that it can handle the speed of high-
volume production lines without delays.

e This minimizes inspection bottlenecks and
improves operational efficiency.

3. High Precision and Recall:

e By leveraging YOLOvl11’s state-of- the-art
object detection capabilities, the system
achieves high precision (minimizing false
positives) and high recall (maximizing defect
detection).

e This ensures reliable identification of defective
tablets while reducing wastage.

4. Dataset Preparation:

e The system is trained on a diverse dataset of
tablet images annotated with defect classes.
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blackspot 0.86

Crack 0.91-

CONCLUSION

Pharmaceutical Inspection System for Tablet
Quality Analysis successfully demonstrates the
feasibility and effectiveness of automating
tablet defect detection using the YOLOv1l
model. By leveraging advanced object
detection techniques, the proposed system
addresses critical challenges in pharmaceutical
manufacturing, including inconsistent manual
inspections and scalability issues. The
implementation of this system not only
enhances the quality assurance process but also
sets the stage for future advancements in
automated inspection technologies. While the
current model delivers promising results,
challenges like dataset imbalance and the need

for real- world validation highlight the
scope for
© 2024, IJSREM | www.ijsrem.com

continuous improvement. In conclusion, this
project demonstrates a significant step
forward in integrating Al-powered solutions
into pharmaceutical manufacturing. By
providing a robust and scalable solution for
tablet inspection, it has the potential to
revolutionize quality control practices,
ensuring better product reliability and
consumer safety.
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