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Abstract— This project focuses on the development of a
SSD model for the automatic detection of beverage
bottles in an industrial setting. Beverage bottles come in
various variations, and the goal was to create a robust
system capable of identifying different classes of these
bottles. The project includes data collection, annotation,
augmentation, model training, and deployment on edge
devices.
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. INTRODUCTION

In today's industrial landscape, the quest for
efficiency, accuracy, and automation is unceasing. In
myriad manufacturing and production processes, the
ability to swiftly and accurately identify and
categorize objects holds paramount importance.
Among these objects, beverage bottles stand as
ubiquitous commodities, representing a significant
segment of production lines worldwide. The
beverage bottle, a popular carbonated beverage
container, epitomizes this ubiquitousness,
demanding efficient and reliable detection methods
within industrial settings.

The "Vision Based Detection Using SSD Model For
Beverage Manufacturing Industry" project emerges
as a response to this imperative need for automated
bottle detection. Leveraging the prowess of SSD
techniques, this endeavor aims to develop a robust
system capable of identifying beverage bottles within
industrial environments. The project's scope
encompasses the entire spectrum of development,
from data collection and annotation to model training
and deployment on low-power edge devices.
Automated bottle detection holds multifaceted
implications for industrial operations. By automating
this crucial aspect of production, manufacturers can
streamline processes, minimize errors, and enhance

overall efficiency. Moreover, real-time bottle
detection facilitates data-driven decision-making,
enabling agile responses to dynamic production
demands.

This paper serves as a comprehensive documentation
of the " Vision Based Detection Using SSD Model
For Beverage Manufacturing Industry " project. It
elucidates the methodologies employed, the
challenges encountered, and the insights gleaned
throughout the project'slifecycle.

From data collection to model deployment, each
stage is meticulously explored, providing valuable
insights into the intricacies of developing and
implementing SSD  solutions  for industrial
applications.

In the pages that follow. We delve onto the
intricacies of the project, unraveling its objectives,
methodologies, outcomes and implications. Through
this exploration, we aim to underscore the
significance of automated bottle detection in modern
industrial settings and illuminate the transformative
potential of SSD technologies in augmenting
industrial operations.

Il. PROBLEM STATEMENT

In  industrial  environments, particularly in
manufacturing and production facilities, the manual
detection and categorization of objects pose
significant challenges. One such object of importance
is the beverage bottle, a commonly used beverage
container. The reliance on manual detection methods
for identifying beverage bottles within production
lines introduces inefficiencies, inaccuracies, and
operational bottlenecks.

The primary problem addressed by this project is the
need for automated beverage bottle detection within
industrial settings. Manual detection methods are
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prone to human error, time-consuming, and often
inadequate for meeting the demands of modern
production processes. Furthermore, variations in
bottle  orientation, lighting conditions, and
environmental factors exacerbate the challenges
associated with manual detection.

The absence of an automated detection system not
only hampers operational efficiency but also
undermines quality control measures and impedes the
ability to scale production seamlessly. Delays in
bottle detection can disrupt production schedules,
leading to downtime and financial losses. Moreover,
inaccuracies in  detection may result in
misclassifications, compromising product quality and
customer satisfaction.

Addressing  these  challenges  requires  the
development of a reliable and efficient system
capable of automatically detecting beverage bottles
within industrial environments. Such a system must
exhibit robustness to variations in bottle appearance,
lighting conditions, and environmental factors. It
must also operate in real-time, enabling timely
decision-making and seamless integration into
production workflows.

In summary, the problem statement revolves around the
imperative need for automated Beverage bottle
detection to enhance operational efficiency, ensure
product quality, and facilitate seamless production
processes within industrial settings. This project
endeavors to develop a SSD-based solution to address
this pressing need, thereby mitigating the challenges
associated with manual detection methods and
unlocking new avenues for industrial automation.

I1l. PROJECT OVERVIEW

The " Vision Based Detection Using SSD Model For
Beverage Manufacturing Industry " project aims to
develop a robust system for automated detection of
Beverage bottles within industrial environments using
SSD techniques. The project encompasses various
stages, from data collection and annotation to model
training and deployment on low-power edge devices.
At its core, the project seeks to address the need for
efficient and reliable bottle detection methods in
industrial settings. By leveraging the power of SSD,
the system aims to streamline production processes,
minimize errors, and enhance overall operational
efficiency.

The project follows a structured approach, beginning
with the collection of real-world images of Beverage
bottles. These images serve as the foundation for
training the SSD model, ensuring that it can
accurately identify bottles in diverse environments
and conditions. Following data collection, the images
are annotated to create labeled datasets for model
training. This annotation process involves marking
regions of interest (Beverage bottles) in the images
and associating class labels with them. These
annotated datasets are crucial for supervised learning,
enabling the model to learn from labeled examples.
Data augmentation techniques are then applied to
increase the size and variability of the dataset.
Techniques such as rotation, scaling, and flipping are
employed to ensure the model's robustness to
differentorientations and conditions.

For model selection, a pre-trained SSD MobileNet
model is chosen due to its speed and accuracy in
object detection tasks. MobileNet's lightweight
architecture makes it suitable for deployment on low-
power devices, aligning with the project's goal of
running efficiently on edge devices such as
Arduino.The selected model is fine-tuned using the
annotated dataset, with pre-trained weights serving as
a starting point. The model is trained to detect various
classes of beverage bottles with different variations,
ensuring its ability to generalize well to real-world
scenarios. Evaluation metrics such as Mean Average
Precision (mAP) are used to assess the model's
performance, with a target of achieving at least 80%
MAP indicating a strong model.

After training, the model is saved in the TensorFlow
SavedModel format, allowing for easy conversion to
other formats. Subsequently, the model is converted
into TensorFlow Lite format to optimize it for
deployment on edge devices. TensorFlow Lite is
designed for running machine learning models on
low-power devices, making ita suitable choice for the
Arduino platform.

The final stage of the project involves deploying the
model on a Windows system and implementing logic
to process video frames in real-time. For each frame,
the model detects beverage bottles and records their
class names in left-to-right order.

This real-time detection capability holds immense
potential for enhancing efficiency and accuracy in
industrialsettings.

In conclusion, the " Vision Based Detection Using
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SSD Model For Beverage Manufacturing Industry "
project represents a comprehensive endeavor to
develop and deploy a SSD-based system for
automated  bottle  detection  in  industrial
environments. By leveraging  state-of-the-art
techniques and technologies, the project aims to
address pressing challenges in production processes
and pave the way for enhanced automation and
efficiency in the industry.

IV.LITERATURE REVIEW

Object detection in industrial environments has
garnered significant attention in recent years due to
its potential to enhance automation, efficiency, and
safety across various industries. SSD-based
approaches have emerged as the predominant
technique for addressing object detection challenges,
offering unparalleled accuracy and scalability. In this
literature review, we explore existing research and
solutions related to object detection in industrial
settings, with a focus on bottle detection and
recognition.

Object Detection Techniques:

Numerous object detection techniques have been
proposed in the literature, ranging from traditional
computer vision methods to SSD-based approaches.
Traditional methods, such as Haar cascades and
Histogram of Oriented Gradients (HOG), rely on
handcrafted features and classifiers to detect objects.
While effective in certain scenarios, these methods
often struggle with complex object variations and
environmental conditions.

In contrast, SSD-based approaches, particularly
convolutional neural networks (CNNs), have
revolutionized object detection tasks. Models such as
Faster R-CNN, SSD, and YOLO (You Only Look
Once) have demonstrated remarkable performance in
detecting objects with high accuracy and speed.
These models leverage the power of SSD to
automatically learn discriminative features from data,
enabling robust and scalable object detection
solutions.

Bottle Detection and Recognition:

Bottle detection and recognition represent specific
instances of object detection tasks within industrial
environments. Several studies have explored the
application of object detection techniques for detecting

and recognizing bottles in various contexts, including
manufacturing,logistics, and retail.

In the context of beverage production, automated
bottle detection plays a crucial role in quality control
and process optimization. Studies have investigated
the use of SSD models for detecting bottles on
conveyor belts, sorting them based on attributes such
as size, shape, and label orientation. These solutions
have demonstrated significant improvements in
efficiency and accuracy compared to manual
inspection methods.

Furthermore, bottle detection and recognition have
applications beyond production lines. In retail
environments, automated inventory management
systems leverage object detection techniques to track
and monitor product availability on store shelves.
Studies have explored the use of SSD models for
detecting.

Challenges and Future Directions: While SSD-based
approaches have shown promising results in object.
Detection tasks, several challenges remain to be
addressed. One major challenge is the need for large
annotated datasets to train robust models capable of
generalizing to diverse environments and conditions.
Data scarcity and annotation costs can pose
significant barriers to developing effective object
detection solutions.

Furthermore, real-time processing requirements and
deployment constraints present additional challenges
in industrial applications. Models must be optimized
for low- latency inference and deployment on
resource-constrained edge devices, such as industrial
robots and embedded systems.

Future research directions in object detection for
industrial applications include the development of
domain- specific models tailored to specific industries
and use cases. Additionally, advancements in transfer
learning and data- efficient training techniques hold
promise for addressing data scarcity issues and
accelerating model development.

In  summary, object detection in industrial
environments, particularly bottle detection and
recognition, represents a vibrant research area with
significant implications for automation, efficiency,
and safety. By leveraging SSD techniques and
addressing  key challenges, researchers and
practitioners can unlock new opportunities for
enhancing industrial processes and driving innovation
in various industries.

IJIRT 164264  INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 3099



© May 2024| JIRT | Volume 10 Issue 12 | ISSN: 2349-6002

V. DATA COLLECTION AND ANNOTATION

Data collection and annotation are fundamental steps
in training a SSD model for object detection tasks. In
the context of the Beverage bottle level detection
project, the process involved gathering real-world
images of Beverage bottles and annotating them to
create labeleddatasets for model training.

Data Collection:

The first step in data collection was to acquire a
diverse set of real-world images depicting Beverage
bottles in various environments and conditions. These
images were captured using cameras or smartphones
within industrial settings, including production lines,
warehouses, and retail stores. to review and validate
annotations, correcting any discrepancies or errors
identified during the process.

Additionally, efforts were made to balance the
dataset by ensuring adequate representation of each
bottle variation and class label. This balance helps
prevent biases and ensures that the model learns to
detect all classes of beverage bhottles effectively.
Throughout the data  annotation  process,
documentation and version control practices were
maintained to track changes, revisions, and updates to
the dataset. This documentation serves as a valuable
resource for understanding the dataset's composition
and characteristics during model training and
evaluation.

In summary, data collection and annotation are
critical stages in training a SSD model for beverage
bottle detection. By gathering diverse and accurately
annotated datasets, the project lays a solid foundation
for developing a robust and reliable detection system
capable of operating effectively in industrial
environments.

VI .DATA AUGMENTATION

Overview of data augmentation methods utilized:

Data augmentation techniques play a crucial role in
increasing the diversity and size of the dataset,
thereby improving the model's generalization
capabilities. In this project, several augmentation
methods were employed. To ensure the dataset's
representativeness, efforts were made to capture
images spanning  different bottle variations,
orientations, lighting conditions, and backgrounds.
This diversity is crucial for training a robust model

capable of generalizing well to real-world scenarios.
Furthermore, the data collection process adhered to
ethical considerations, respecting privacy rights,
intellectual property rights, and any relevant
regulations governing data collection in industrial
environments.

Data Annotation:

Once the images were collected, the next step was to
annotate them to create labeled datasets for training
the SSD model. Annotation involves marking regions
of interest (Beverage bottles) in the images and
associating class labels with them.

Various annotation tools were utilized for this
purpose, ranging from open-source software to
custom.

Developed solutions tailored to the project's specific
requirements. These tools provided functionalities for
drawing bounding boxes around bottles and assigning
class labels, facilitating the annotation process.
Annotators, often trained individuals with domain
expertise, meticulously annotated each image to
ensure accuracy and consistency across the dataset.
Quality control measures were implemented

Annotation

' Augmentation l

v
l Model Training I

Fig. Block diagram

Including rotation, scaling, and flipping. Rotation
involves rotating the images by a certain angle, while
scaling involves resizing the images to different
dimensions. Flipping involves flipping the images
horizontally or vertically. These augmentation
techniques introduce variations in the dataset,
allowing the model to learn from a more extensive
range of scenarios.
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Explanation of how data augmentation helps increase
dataset size and variability:

Data augmentation helps increase the dataset size by
generating new images from existing ones through
various transformations. By applying rotation, scaling,
and flipping, the dataset is augmented with variations
in object, orientations, sizes, and perspectives. This
increased variability exposes the model to a broader
range of scenarios.

VII .MODEL SELECTION AND FINE-TUNING

Rationale behind choosing the SSD MobileNet model
for object detection:

The choice of the SSD MobileNet model for object
detection in this project was motivated by its balance
between speed and accuracy. SSD (Single Shot
MultiBox Detector) is known for its efficiency in
detecting objects in real-time, making it suitable for
applications where inference speed is critical, such as
industrial settings. MobileNet, on the other hand, is a
lightweight neural network architecture that offers a
good trade-off between model size and performance,
making it well-suited for deployment on low-power
edge devices like Arduino.

Description of the fine-tuning process:

The fine-tuning process involves training the selected
model (SSD MobileNet) on the annotated dataset to
adapt it to the specific task of beverage bottle
detection. The pre-trained weights of the SSD
MobileNet model are used as a starting point,
leveraging the knowledge learned from a large
dataset (e.g., COCO or ImageNet). The model is then
further trained using the annotated dataset, adjusting
its parameters to better detect beverage bottles with
different variations.

Discussion on the suitability of MobileNet
architecture  for  deployment on  low-power
DEVICES: MobileNet architecture is particularly
well-suited for deployment on low-power devices due
to its lightweight nature. The model comprises
depthwise separable convolutions, which
significantly reduce the number of parameters and
computational complexity compared to traditional
convolutional neural networks. This reduction in
complexity makes MobileNet more resource-
efficient, enabling it to run efficiently on edge

devices with limited computational resources, such as
Arduino.
VII.EVALUATION METRICS

Explanation of evaluation metrics, such as Mean
Average Precision (mAP), used to measure accuracy
and effectiveness: Mean Average Precision (MAP) is
a widely used metric for evaluating the performance
of object detection models. It measures the average
precision across all classes, providing a
comprehensive assessment of the model's accuracy
and effectiveness. In the context of this project, mAP
is calculated by comparing the model's predicted
bounding boxes with the ground truth annotations for
beverage bottles. A higher mAP score indicates better
performance in accurately localizing and classifying
objects.

Fig. Augmentation and Annotation

Interpretation of evaluation results and their
implications  for  model  performance: The
evaluation results provide insights into the model's
performance in detecting beverage bottles under
various conditions.

A high mAP score indicates that the model can
accurately detect and classify bottles across different
orientations, lighting conditions, and backgrounds.
Conversely, a low mAP score may indicate areas
where the model struggles, such as detecting bottles in
challenging environments or recognizing certain
bottle variations. These insights inform further
iterations of model training and refinement to
improve performance.

IX .HARDWARE DESIGN

In industrial automation contexts, the fusion of
machine  learning  models  with  hardware
infrastructure plays a pivotal role in enhancing
operational efficiency and fault mitigation. In a
specific application, the predictions derived from a
machine learning model are communicated to
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hardware systems via UART/Serial communication,
enabling real-time decision-making capabilities. The
utilization of UART  ensures  bidirectional
communication, facilitating simultaneous data
exchange between the machine learning system and
an Arduino microcontroller.

l Camera l

v
Trained Model]

Serial Communication

b
[Arduino UNO ]<— 7805

[ Power Supply]

| Servos |<—

Fig. Hardware Design

The Arduino microcontroller, known for its
versatility, is employed for both sensing and actuation
taskswithin this framework. It interfaces with sensors
to collect pertinent data and executes actions based
on the received predictions. Actuation tasks entail the
precise control of servo motors, achieved through
Pulse Width Modulation (PWM) signals.

Leveraging the Servo.h library enables the generation
of PWM signals, ensuring meticulous and controlled
rotation of servo motors with an impressive precision
level of 0.1 degrees. This precision is of paramount
importance in diverting defective items from
conveyor belts during the packing process, thereby
augmenting the overall quality of the production line.
Furthermore, communication between hardware
components and users is facilitated through an LCD
display. The LCD serves not only as an output
medium for conveying detection results but also
enhances user presenting information in a
comprehensible format.

Through this integrated system, the amalgamation of
machine learning algorithms, Arduino
microcontroller, servo motors, and LCD display
creates a sophisticated solution for real-time fault
detection and correction  within  industrial
environments. This seamless integration of advanced
algorithms with hardware capabilities underscores
the synergistic relationship between the two,
ultimately optimizing production processes and
ensuring high-quality output.

X.MODEL CONVERSION AND DEPLOYMENT

Overview of the conversion process from TensorFlow
to TensorFlow Lite format:Once the model is trained
and evaluated, it needs to be converted into a format
suitable for deployment on edge devices like Arduino.
In this project, the trained model is converted from
TensorFlow format to TensorFlow Lite format.
TensorFlow Lite is optimized for running machine
learning models on resource-constrained devices,
making it ideal for deployment on low-power edge
devices. The conversion process involves optimizing
the model's architecture and parameters to ensure
efficient execution on the target platform.

Flask Web Application: The Flask framework serves
as the foundation for hosting the web application.
Flask provides a lightweight and flexible
environment for building web applications in Python,
allowing seamless integration with the TensorFlow
Lite model and other components.

Model Integration: Within the Flask application, the
TensorFlow Lite model is loaded and initialized to
perform real-time bottle detection. The model's
inference capabilities are invoked within the Flask
route handling functions, enabling it to process
incoming image data and generate predictions.

Web Interface: The Flask application includes a user-
friendly web interface accessible through a web
browser. This interface allows users to upload images
containing  beverage bottles for  detection.
Additionally, it may provide features such as image
preview, result visualization, and user feedback
mechanisms.

Image Processing: Upon receiving an image upload
request from the user, the Flask application processes
the uploaded image data and prepares it for inference
by the TensorFlow Lite model. This may involve
preprocessing steps such as resizing, normalization,
or format conversion to ensure compatibility with the
model's input requirements. Model Inference: Once
the image data is preprocessed, it is passed to the
TensorFlow Lite model for inference. The model
analyzes the input image and generates predictions
regarding the presence and location of beverage
bottles within the image. These predictions are then
returned to the Flask application for further
processing.

Result Visualization: The Flask application presents
the model's predictions to the user through the web
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interface. Detected beverage bottles are highlighted
or annotated within the uploaded image, providing
visual feedback to the user. Additionally, relevant
information such as class labels, confidence scores,
and bounding box coordinates may be displayed
alongside the detected objects.

Response Handling: The Flask application handles
the model's predictions and generates appropriate
responses to the user. This may include displaying the
detection results on the web interface, allowing users
to download annotated images, or providing feedback
options  for  user interaction.  Deployment
Environment: The Flask web application, along with
the integrated TensorFlow Lite model, is deployed on
a suitable web server environment. This environment
ensures reliable availability and performance of the
application, allowing users to access the beverage

bottle detection functionality seamlessly.
Thums up detection App

e T No e chosen
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Fig. Results

Discussion on the real-time processing of video
frames for bottle detection:

Once deployed, the model processes video frames in
real-time to detect beverage bottles. Each frame from
the video feed is passed through the model, which
predicts bounding boxes and class labels for any
detected bottles. This real-time processing capability
enables timely detection and response to changes in
the environment, making it suitable for dynamic
industrial applications.

X1.REAL WORLD APPLICATION

Explanation of how detected bottle classes are
utilized for automating actions in industrial
environments:

The detected bottle classes serve as valuable
information for automating actions in industrial
environments. For example, in a production line, the
system can use the detected bottle classes to trigger

specific actions, such as sorting, labeling, or quality
control checks. By automating these actions based on
the identified bottle classes, the system improves
efficiency and reduces the need for manual
intervention, thereby  streamlining  production
processes.

Discussion on the significance of the system in
improving efficiency and accuracy in industrial
processes:

The developed system plays a pivotal role in
improving efficiency and accuracy in industrial
processes. By automating bottle detection and
classification, the system reduces reliance on manual
inspection  methods, minimizing errors and
inconsistencies.

This, in turn, leads to improved productivity, reduced
downtime, and enhanced quality control. Moreover,
the real-time processing capabilities of the system
enable prompt responses to changes in production
conditions, further enhancing operational efficiency.

XIl. CONCLUSION

Recap of the project's objectives and methodologies:
Throughout the project, the primary objective was
to develop a robust system for beverage bottle level
detection using SSD techniques. The methodologies
employed included data collection, annotation,
model selection, training, and deployment on low-
power edge devices.

Summary of the achieved outcomes and contributions
to industrial automation: The project successfully
achieved its objectives, resulting in the development
of a SSD-based system capable of detecting beverage
bottles in real-time. The system's deployment on edge
devices enables automation of bottle detection tasks
in industrial environments, contributing to increased
efficiency and accuracy in production processes.

Reflection on the significance of the developed
system and its potential impact on future research and
applications: The developed system holds significant
potential for enhancing industrial automation across
various sectors. Its ability to accurately detect and
classify objects in real-time opens up possibilities for
optimizing production workflows, improving quality
control  measures, and  enabling adaptive
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manufacturing processes. Moreover, the project's
methodologies and insights provide valuable
contributions to the field of object detection in
industrial settings, paving the way for future research
and applications.

XlIl. FUTURE WORK

Suggestions  for  further  optimization and
improvement of the SSD model:

Future work could involve refining the SSD model to
improve its performance under challenging
conditions, such as low-light environments or
occlusions.  Additionally, exploring advanced
techniques such as ensemble learning or transfer
learning may further enhance the model's
capabilities.

Exploration of additional use cases and applications
forobject detection in industrial environments:
Beyond bottle detection, there are numerous other
applications for object detection in industrial settings,
such as defect detection, inventory management, and
safety monitoring. Future research could explore
these use cases and develop specialized solutions to
address specific industrial needs.

Discussion on emerging technologies and techniques
that could enhance the system's capabilities:
Emerging technologies such as edge computing, 5G
connectivity, and advanced sensor technologies hold
promise for enhancing the capabilities of object
detection systems in industrial environments. Future
work could leverage these technologies to develop
more robust and scalable solutions for industrial
automation.
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