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Abstract. The manufacturing industry stands at a crossroads, facing the dual challenge of meeting growing
global demand while addressing environmental concerns. Sustainable practices have emerged as a
paramount focus, and the integration of deep learning techniques offers a promising avenue for achieving
sustainability goals during the manufacturing of parts A deep learning approach for online fault recognition
via automatic image processing is developed to identify defects and thereby prevent non-conformities in the
Computer Numerically Controlled (CNC) manufacturing process. Analytical research was conducted
wherein in-process images of tool wear acquired during the CNC manufacturing process are analyzed via a
bi-stream Deep Convolutional Neural Network-based model. Experimental evaluations confirmed the
effectiveness of the deep learning methods for the detection and ResNet was identified as the best Deep
Learning (DL) algorithm to predict the quality of the part produced with a batch size of 8 epoch 50 learning
rate .0001 together with RMS prop optimizer, to hyper-tune the model. This deep learning framework,
together with machine learning models like X.G.Boost incorporating real-time data acquisition of input
parameters, was able to predict the final quality of the parts manufactured with an accuracy of 96.58%
fostering sustainable practices within the manufacturing environment directly impacting 14 KPI’s and

indirectly 7KPI’s of the sustainability index.

1 Introduction

The global landscape of manufacturing is undergoing a
profound transformation driven by two interlinked
imperatives: meeting the escalating demands of an ever-
growing population and addressing the pressing need for
environmental sustainability [1]. At the heart of this
transformation lies the quest for sustainable practices
that can reconcile the relentless drive for increased
production with the imperative to minimize ecological
footprints. In this context, the integration of deep
learning techniques has emerged as a potent force for
realizing sustainable manufacturing.

1.1 The manufacturing Challenge

The manufacturing sector, spanning industries from
automotive to electronics to consumer goods, has long
been associated with significant environmental
challenges. It is a sector where resource consumption,
energy usage, and waste generation have traditionally
been high. While the drive for economic growth has
fueled manufacturing's expansion, it has also
contributed to concerns related to pollution, resource
depletion, and climate change. In the realm of modern
manufacturing, the pursuit of efficiency and quality has
led to the integration of advanced technologies. Among
these, the application of artificial intelligence (AI) has
emerged as a transformative approach to enhancing
various aspects of the manufacturing process.
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Specifically, the utilization of Al techniques for online
fault recognition represents a significant stride towards
proactive maintenance and improved product quality.
By harnessing the power of neural networks and data-
driven insights, manufacturers can detect and address
faults in real-time, mitigating downtime, reducing costs,
and ultimately optimizing their production workflows.
Cyber-Physical Quality Systems (CPQS) encounter
obstacles when being implemented in the manufacturing
sector. These obstacles primarily pertain to the precise
anticipation of quality, and they are impeded by the
following factors:

e Data Constraints: Quality prediction relying solely
on data from machines, sensors, or images is
presently unreliable.

e Unreliable Vibration Data: The integrity of
vibration data can be compromised due to the
inaccurate positioning of sensors.

e Tool Wear Tracking: The monitoring of tool wear,
which is crucial for achieving the desired surface
finish, currently falls short in terms of accuracy

These impediments collectively hinder the seamless
implementation of CPQS in manufacturing.
1.2 Sustainability Imperative

In response to these challenges, there has been a global
paradigm shift toward sustainability in manufacturing

© The Authors, published by EDP Sciences. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
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[2]. Sustainability encompasses a wide spectrum of
practices, including minimizing waste, reducing energy
consumption, optimizing resource utilization, and
ensuring products are environmentally friendly
throughout their lifecycle. Achieving sustainability in
manufacturing is not merely a matter of meeting
regulatory requirements; it's a strategic imperative
driven by consumer demand, regulatory pressure, and
the moral responsibility to safeguard our planet for
future generations.

1.3 The role of deep learning

In this era of sustainability, deep learning, a subset of
artificial intelligence, has emerged as a transformative
technology [3]. It offers the potential to reshape
manufacturing processes, making them more resource-
efficient, cost-effective, and environmentally friendly.
Deep learning models, characterized by their ability to
analyze vast and complex datasets, are well-suited to
tackle the multifaceted challenges of sustainability in
manufacturing.

1.4 Objectives of this research

This research endeavours to explore the profound

synergy between sustainable practices and deep learning

within the manufacturing domain. Its primary objectives
are threefold:

e To investigate the potential of deep learning
techniques in improving sustainability within
manufacturing operations.

e To assess the impact of deep learning on reducing
resource consumption, minimizing waste, and
enhancing overall eco-efficiency.

e To identify best practices and case studies
showcasing successful implementations of deep
learning for sustainability in manufacturing.

As we delve deeper into the research, we will
uncover how deep-learning models can revolutionize
manufacturing  sustainability.  From  predictive
maintenance that reduces downtime and resource waste
to process optimization that minimizes energy
consumption, the potential applications of deep learning
are vast and promising. This exploration underscores the
pivotal role that technology can play in addressing one
of the most pressing challenges of our time: how to
manufacture sustainably, meeting the needs of today
without compromising the needs of tomorrow.
Specifically, the utilization of deep learning techniques
for online fault recognition represents a significant
stride towards proactive maintenance and improved
product quality [4]. By harnessing the power of neural
networks and data-driven insights, manufacturers can
detect and address faults in real time, mitigating
downtime, reducing costs, and ultimately optimizing
their  production workflows thereby fostering
sustainable practices within the manufacturing
environment.

1.5 Literature survey

In the realm of modern manufacturing, the pursuit of
efficiency and quality has led to the integration of
advanced technologies. Among these, the application of
deep learning has emerged as a transformative approach
to enhancing various aspects of the manufacturing
process.

Deep Learning can improve the quality and speed of
enhancing and analyzing the images. Among image
enhancement techniques for online fault recognition via
automatic image processing, we can classify all research
papers written so far based on the type of data be it shop
floor, image or time series sensor data as shown in
Figure 1.
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Fig. 1. Correlation data type algorithm

Image processing using deep learning [5] has
revolutionized the way we analyze and manipulate
visual data. Deep learning, a subset of machine learning,
employs neural networks with numerous layers to
automatically learn and extract intricate patterns and
features from images. This technology has significantly
advanced various domains, including computer vision,
medical imaging, autonomous vehicles, and more.

Traditional image processing methods often relied
on handcrafted features and algorithms, which could be
limited in handling complex patterns and variations.
Deep learning, however, has demonstrated remarkable
prowess in addressing these limitations. Convolutional
Neural Networks (CNNGs), a foundational architecture in
deep learning, have the innate ability to identify features
hierarchically, recognizing simple patterns in initial
layers and gradually assembling them into complex
structures.

Object detection, image segmentation, and image
classification are some of the tasks where deep learning
has excelled. Convolutional networks like YOLO (You
Only Look Once) and Faster R-CNN, [6] have made
remarkable strides in real-time object detection,
enabling applications like surveillance, robotics, and
facial recognition. Semantic segmentation models like
U-Net have proven invaluable in medical imaging by
accurately segmenting organs and anomalies from
scans.

Transfer learning is another key aspect of deep
learning in image processing. Pretrained models, often
trained on vast datasets like ImageNet, offer a head start
by capturing general image features. Fine-tuning these
models on specific tasks with smaller datasets can save
time and computational resources while still yielding
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impressive results. One notable breakthrough in image
processing is Generative Adversarial Networks (GANs),
a type of neural network that generates new data
instances similar to a given dataset. GANs have been
employed in art generation, image style transfer, and
data augmentation for training deep learning models,
[7]. However, challenges persist in image processing
using deep learning. Enormous datasets are required for
training, necessitating significant computational
resources. Overfitting, where models memorize training
data instead of learning patterns, remains a concern.
Interpreting the inner workings of deep learning models,
often referred to as the "black box" problem, is an
ongoing challenge, especially in critical applications
like medical diagnoses.

In conclusion, image processing using deep learning
has transformed the field of computer vision and image
analysis. Its ability to learn complex patterns and
features autonomously has led to breakthroughs in
various applications. As the technology evolves,
addressing  challenges like data requirements,
overfitting, and interoperability will be pivotal in
maximizing the potential of deep learning for image
processing [8].

2 Methodology

In this research, we introduce a novel and cost-efficient
methodology, supported by the integration of computer
vision and deep learning, as discussed in [4] and having
a. Machine Deep Learning (MDL) architecture as shown
in Figure 2 below, encompassing the sensing layer,
network layer, data management layer, processing layer,
control layer, and human-machine interface (HMI)
layer.

Data Analysis

Object
5 Part — T il 4 .
m 2 ) il
ProBresS wmw |\ [ Interface o Data Analysis
" % - Machine
g - Sensor
s ® - Image
ISk ERP. 3 g Machine Learning
A x 3 = Prediction Analysig
—- iy - -
¥ 3 ER
| 1 mes 2 29
ES ==
ey —
= 5w
8 E i Factol
2k 2 0 ] Visuaﬁ‘lza’?ion
& &5 a g
] s2 -
= o a ﬁ o
J] 2 Y
g s £ 5
o~ 5 g3
el & g
2 LEMS ; -] Intelligent
2 = Dashboard
% e
interface ==
__J S
! Lo&is(iés*‘

© Applic:

Integrate

Data Collection P TRIEATIan

Fig 2. The cyber-physical quality system framework

Our objective is to assess the usability of cutting
tools utilized in edge profile milling operations, with a
specific emphasis on evaluating their wear status to
determine if they can continue to be used or require
replacement. To enable this investigation, we have
assembled a unique dataset consisting of 254 images
representing edge profile cutting heads. Notably, this
dataset represents the first publicly available resource of

its kind, characterized by the high quality essential for

our specific research objectives. Within our

methodology, the process unfolds as follows:

e The image of the cutting edge is partitioned into
separate regions referred to as "Wear Patches"
(WPs).

e Each WP undergoes characterization to determine
whether it exhibits signs of wear or remains in a
usable condition. This assessment relies on texture
descriptors rooted in various adaptations of Local
Binary Patterns (LBP).

e Based on the evaluation of these WPs' conditions,
a determination is made regarding the status of the
cutting edge—whether it can be considered
serviceable or necessitates replacement.

In addition, we introduced and assessed two distinct
configurations for segmenting the patches. The
subsequent classification of individual WPs was carried
out using a Support Vector Machine (SVM) employing
an intersection kernel.

Remarkably, the optimal patch division
configuration, combined with the most effective texture
descriptor, achieved an impressive accuracy rate of
90.26% in identifying cutting edges that require
replacement. These results undeniably highlight a
highly promising approach for the implementation of
automated wear monitoring within the domain of edge
profile milling processes.

2.1 Data collection

In our case data is collected from multiple instances of
tool wear, and the identification process is based on the
resulting surface quality of the component manufactured
using the tool. Tools that produce components with
satisfactory surface finishes are categorized as 'Pass’,
while those that do not meet the quality standards are
labelled as 'Fail'. A total of 202 images are captured and
assigned labels for supervised learning. However, only

144 images with exceptional image quality are chosen

for the training dataset, adhering to the principle of
'Garbage In, Garbage Out' (GIGO). This adherence to
the GIGO principle is crucial because using incorrect or
subpar samples could adversely affect model
performance, extend training times, and potentially
yield inaccurate results. Therefore, only the
meticulously selected images are utilized in the entire
process. The selection was made based on a
combination of factors, including the need for a
balanced representation of various manufacturing
conditions, quality variations, and potential defects. We
aimed to ensure that the training dataset sufficiently
covered the diverse scenarios encountered in real-world
manufacturing processes.

To elaborate on the rationale behind this selection
process, we considered the following:

e  Representativeness: We strived to include images
that accurately represented the spectrum of
manufacturing conditions and potential defects.
This involved capturing instances of various part
geometries, tool wear, and machining parameters
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to enhance the model's ability to generalize to
different manufacturing scenarios.

e Diversity: Our selection process considered the
need for diversity in the dataset to prevent bias and
overfitting. We included images from different
manufacturing runs, different batches of materials,
and various machine settings to ensure a broad
representation of the manufacturing landscape.

e Quality Variation: The dataset was curated to
include images representing a range of quality
variations, from high-quality components to those
with subtle or more pronounced defects. This was
crucial for training the model to discern and predict
quality variances effectively.

While the created dataset is both representative and
diverse, there are challenges associated with a relatively
small dataset size. There are plans to augment the
dataset further, considering additional manufacturing
scenarios and collecting more images to enhance the
model's robustness.

2.2 Image classification

To streamline the dataset training process, it is
imperative to have the images well-structured within the
dataset, along with supplementary information
including image count, dimensions, channels, and pixel
intensity levels. Once the image data is appropriately
pre-processed, Deep Learning (DL) techniques can
autonomously classify the data, yielding the desired
results, as discussed in [9]. Below, we present sample
images that represent both successful and suboptimal
surface finishes. Based on this dataset, we have devised
a binary classification system, resulting in outcomes
classified as either 'pass' or 'fail' concerning tool wear,
as in Figure 3.
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Fig. 3. Classification of images

2.3 Deep learning models

The implementation of deep learning algorithms, which
include Convolutional Neural Networks (CNNs) and
Recurrent Neural Networks (RNNs), plays a pivotal role
in predictive maintenance, process optimization, and
anomaly detection.

One significant determinant of surface finish quality
is the lifespan of the cutting tool. Traditionally, Taylor's
equation has been the go-to method for calculating tool
life. However, as we transition into the era of Industry
4.0, it becomes imperative to explore alternative
methods for real-time predictions. Accurate prediction
of tool life not only ensures enhanced product quality
but also bolsters machinery efficiency, as noted in [10].
In this context, predicting tool wear and tear through

physical observation proves more effective than relying
solely on theoretical equations. The limitations of
theoretical assumptions in real-world scenarios
underscore the necessity of adopting a data-driven
approach. This is where deep learning techniques come
into play. These techniques involve feeding the image of
the cutting tool into a  deep-learning architecture for
analysis and prediction.

Given that traditional machine learning algorithms
face challenges when it comes to image processing,
Convolutional Neural Networks (CNNs) become
indispensable. CNNs are inspired by the layered
networks of neurons in the human brain and operate in
a similar layered manner. Unlike a single calculation in
conventional machine learning, neural networks involve
layered processes, culminating in the final decision in
the last layer [11], [12]. Building a CNN can start from
scratch or involve adapting existing networks with
tailored training. Pre-trained models are often preferred
due to the extensive data requirements for training
neural networks, which can be challenging to obtain.
The common practice involves taking a pre-trained
model and adjusting the final layer to suit the specific
problem at hand, followed by training the model with
relevant data. During this process, the pre-trained
weights are fine-tuned based on input images and their
corresponding outcomes.

To process images and input them into neural
network architectures for image classification tasks,
specialized packages and data generators are employed.
The model in question follows a sequential architecture
consisting of 3 convolutional layers and 3 max-pooling
layers arranged alternately. Subsequently, a flattened
layer is introduced, resulting in a descending pyramid
structure that incorporates denser layers. The final
output layer employs a softmax function for
classification into 'fail' and 'pass' categories. To address
overfitting concerns, a drop-out layer is introduced. A
summarized overview of the model details is presented
in Figure 4.

Medel: “sequential™

Layer (type) Output Shape Param #
conv2d (Conv2D) (None, 22@, 228, 32) 2432
max_pooling2d (MaxPooling2D) (Mone, 11@, 118, 32) ]
conv2d_1 (Conw2D) (None, 108, 183, 64) 18496
max_pooling2d_1 (MaxPooling2 (None, 54, 54, 64) a
conv2d_2 (Conw2D) (None, 53, 53, 128) 32896
max_pooling2d_2 (MaxPooling2 (MNone, 26, 26, 128) @
flatten (Flatten) (None, B86528) ]

dense (Dense) (None, &4) 5537356
dropout {Dropout) (Mone, 64) a
dense_1 (Dense) (None, 32} 2ese
dense_2 {(Dense) (Mone, 2) &6

Total params: 5,593,826
Trainable params: 5,593,826
Mon-trainable params: @

Fig. 4. Sequential Model

All models underwent training for 10 epochs as a
precautionary measure against overfitting. The
performance of the Basic CNN model displayed an
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unclear trend and a lack of convergence, underscoring
the limitations associated with using a raw CNN. This
renders it unsuitable for practical applications. A similar
pattern of limited effectiveness was observed with
ResNet 50, emphasizing the need for more sophisticated
algorithms to effectively tackle the challenges posed by
image classification.

Inception V3, on the other hand, exhibited promising
progress in its performance. However, the growing
divergence between the validation and testing sets
indicated a risk of overfitting. While both MobileNet
and ResNet 101 demonstrated satisfactory classification
performance, the training pattern of ResNet showed
marked improvement and consistency. Consequently,
ResNet emerges as the preferred model for addressing
these challenges. For a more detailed visualization of the
various  deep-learning models, please refer to Figure
5.
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Fig 5. Comparative values of each DL model

3 Results and discussion

The VGG 16 model was initially trained using different
batch sizes, and a maximum of 10 epochs was tested to
evaluate its performance. The results revealed that a
batch size of 8 exhibited superior performance. With the
batch size fixed ats 8, the model was then tested across
various epochs to assess its performance, as illustrated
in Figure 6.
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Fig 6. Training vs. testing accuracy for Epochs

Increasing the number of epochs did not lead to
improved results. By the 10th epoch, it became apparent
that the model was exhibiting divergent behaviour and

persistent oscillations, suggesting an excessively high
learning rate. In response, an experiment was conducted
with a reduced learning rate, but despite employing a
sufficient number of epochs, convergence remained
elusive. This outcome highlights the inadequacy of the
VGG 16 model in capturing the intricate image features.

In contrast, ResNet addresses this challenge by
incorporating the input with the module's output every
two layers. This facilitates feature comparison,
promoting effective learning. With a fixed batch size,
the network was trained over 50 epochs, exploring a
range of learning rates and optimizers, as outlined in the
table below:

Table 1. Accuracy for different models

Netw | Bat | Tot | Lear Opti | Final | Final
ork ch al ning | mizer | traini | testin
size | Epo | rate ng g
chs accur | accur
acy acy
ResN 8 50 0.000 | RMS | 88.89 | 88.89
et 1 Prop
ResN 8 50 0.000 | AdaGr | 814 83.3
et 8 ad
ResN 8 50 0.001 | AdaGr | 79.6 83.3
et ad
ResN 8 50 0.001 | Adam 100 86.1
et
ResN 8 50 0.001 SGD | 91.67 | 83.3
et

Based on the aforementioned observations, the
optimal model configuration is defined as follows:
Model Setup:

e Architecture: ResNet

Batch Size: 8

Learning Rate: 0.0001

Epochs: 50

Optimizer: RMS Prop

Considering the limitation of working with a limited
dataset that contains intricate recognition patterns, we
have achieved commendable accuracy and metrics. The
F1 score of 0.88 highlights a favourable balance
between precision and recall, indicating the absence of
overfitting or underfitting. In summary, optimal results
can be achieved through a combined approach involving
real-time monitoring of input parameters such as
velocity, vibration, tool life, and wear, along with
analysis using machine learning algorithms like
X.G.Boost. as shown in Figure 6 for dimensional
accuracy and Figure 7 for surface finish accuracy shown
below:

Method 1- Dimensional Quality Prediction
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Fig 7. Dimensional accuracy adopting ML techniques
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Method 3- Surface Finish Prediction
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Fig 8. Surface finish prediction using ML techniques

Furthermore, for the image processing aspect, a
synergy of machine learning and deep learning,
incorporating techniques such as ResNet, has proven to
be effective.

In comparison to traditional methods employed for
predicting the quality of manufactured parts, our
Machine Deep Learning (MDL) framework represents a
significant leap forward in terms of accuracy and
versatility. Unlike conventional methods, such as
statistical process control and rule-based systems, MDL
harnesses the power of both machine learning and deep
learning, allowing it to capture intricate patterns and
relationships within complex datasets.

Traditional methods often rely on predefined rules
and assumptions, making them less adaptable to
dynamic manufacturing environments. In contrast,
MDL autonomously learns from the data, enabling it to
adapt to evolving patterns and unforeseen variations in
the manufacturing process. This adaptability enhances
the robustness and reliability of quality predictions.

Moreover, when compared to standalone machine
learning methods, such as Extreme Gradient Boosting
(XGB) or Resnet, MDL's unique strength lies in its
integration of multiple data sources, including machine,
sensor, and image data. This comprehensive approach
ensures a more holistic understanding of the
manufacturing process, resulting in a superior predictive
accuracy of 96.58%.vs <75% for analogous methods
The combination of machine and deep learning within
MDL allows it to capture nuanced features in the data,
providing a more nuanced and accurate prediction of
part quality.

In essence, our MDL framework outperforms
analogous methods by combining the adaptability of
machine learning with the depth of understanding
afforded by deep learning, thereby revolutionizing the
landscape of quality prediction in manufacturing.

Predicting the quality of the parts manufactured by
CNC machines through the machine and deep learning
techniques has the following impact on the
sustainability index [13] directly and indirectly as
shown in Figure 9. Below.
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Fig 9. Impact on Sustainability Index

We recognize the importance of transparency and
understanding in the application of our Machine Deep
Learning (MDL) framework for predicting the quality of
manufactured components. This involved delving into
the intricacies of model architectures, parameter tuning,
and the complexity of feature interactions and
addressing concerns related to trust, accountability, and
the acceptance of decisions made by the model in critical
quality control processes.

We used techniques such as layer-wise relevance
propagation and attention mechanisms to provide
insights into how the model arrives at its predictions and
choose an architecture that balanced the need for
accuracy with the imperative of making the model's
decision-making process understandable to domain
experts in CNC manufacturing.

The interpretability challenges were addressed with
the use of visualizations, saliency maps, and other
techniques that offer a more intuitive understanding of
the features and patterns influencing the model's
predictions

4 Conclusion

4.1 Prediction of quality performance

The performance of the best model is checked using the
confusion matrix of the scikit learn and other metrics are
listed below in Figure 10.
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Fig. 10. Confusion Matrix for MDL framework

Accuracy: 0.9658792650918635
Precision: 0.9792387543252595
Recall: 0.9758620689655172

Fl-score: 0.9775474956822108

Considering our limited dataset with intricate
recognition patterns, we have achieved remarkably high
accuracy and metrics. The F1 score of 0.97
demonstrates a strong equilibrium between precision
and recall, signifying the absence of both overfitting and
underfitting.

This deep learning model has achieved an
impressive accuracy rate of 9 6.58 %, surpassing
the performance of individual models by a significant
margin. This advancement holds the potential to enable
precise quality prediction for components manufactured
at scale within a CNC environment. This progress marks
a substantial stride toward advancing continuous
process quality monitoring, which brings several
advantages in the context of sustainability across
manufacturing and various other industries. Here are
some key benefit:

e Resource Efficiency: Continuous monitoring helps
in identifying and addressing inefficiencies in
real-time. By optimizing processes and reducing
resource  consumption (e.g., energy, raw
materials), sustainability is improved as fewer
resources are wasted.

e  Waste Reduction: Monitoring can identify defects
or deviations early in the production process,
reducing the likelihood of producing defective
products that may become waste. This minimizes
both material waste and the associated
environmental impact.

e Energy Conservation: Monitoring systems can
track energy consumption and identify areas where
energy is being used inefficiently. This
information can lead to energy-saving measures,
reducing both costs and the carbon footprint.

e Emissions Reduction: Identifying and mitigating
process deviations can also help in reducing
emissions. Whether it's emissions of greenhouse
gases or harmful byproducts, continuous
monitoring helps in maintaining compliance with
environmental regulations.

e Improved Product Quality: Higher product quality
leads to fewer rejected products and less waste. It
also reduces the need for rework, which can be
resource-intensive.

e Predictive Maintenance: Continuous monitoring
can predict when equipment is likely to fail,
allowing for proactive maintenance. This not only
reduces downtime but also extends the lifespan of
machinery, reducing the need for replacements.

e Data-Driven Decision Making: Monitoring
generates vast amounts of data. Analyzing this data
can uncover trends and insights that lead to more
informed decisions, which can optimize operations
for sustainability.

e  Supply Chain Efficiency: Continuous monitoring
can extend beyond the factory floor to monitor
supply chains. This helps in identifying suppliers
and practices that align with sustainability goals.

e Regulatory Compliance: Many industries face
strict regulations related to environmental impact.
Continuous monitoring ensures that compliance is
maintained, reducing the risk of fines or legal
issues.

e Competitive Advantage: Companies that embrace
sustainability tend to be more attractive to
consumers, investors, and partners. Continuous
process quality monitoring can help demonstrate a
commitment to sustainability, which can be a
competitive advantage.

e Resource Conservation: By preventing defects and
minimizing  waste, continuous  monitoring
conserves resources, contributing to long-term
resource availability.

e Employee Engagement: Sustainable practices
often resonate with employees. Continuous
monitoring systems can engage employees in
sustainability efforts, leading to a more motivated
and involved workforce.

e  Cost Reduction: While not a direct environmental
benefit, cost reduction is often a byproduct of
sustainability efforts. Efficient processes and
reduced waste lead to lower operational costs.

Some of the practical considerations and challenges
associated with implementing the proposed deep
learning model in real-time CNC manufacturing
environments that need to be addressed are:

e Latency and Throughput Challenges: To achieve
real-time processing, latency needs to be
minimized to ensure that the model's throughput
aligns with the pace of CNC manufacturing
operations.

e Data Synchronization and Acquisition: Seamless
integration with CNC machines and sensor
networks needs to be done to synchronize and
acquire data in real-time.

e Model Inference Speed: Model architecture and
parameter tuning need to be done to optimize the
model's inference speed, for real-time decision-
making in a manufacturing setting.

e Hardware Requirements: High-performance GPU,
sufficient RAM, adequate storage, reliable real-
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time clock, compatibility with CNC Systems,
scalability, redundancy and reliability.

e Integration Challenges: Compatibility with CNC
machine interfaces and considerations for
maintaining  operational  continuity  during
implementation.

In summary, continuous process quality monitoring
plays a vital role in enhancing sustainability by reducing
resource consumption, waste, emissions, and costs
while improving product quality and compliance with
regulations. It's an essential tool for organizations
committed to sustainable practices keeping in mind the
ethical implications associated with the application of
deep learning in CNC manufacturing which we
addressed namely.

e Transparency and Accountability

Bias and Fairness

Data Privacy and Security

Impact on Employment

Safety Concerns

Environmental Impact

Regulatory Compliance

Our commitment to addressing these ethical
considerations reflects our dedication to the responsible
development and deployment of technology.

e © o o o o

4.2 Decision-making insights

In validating the proposed Machine Deep Learning

(MDL) model, we employed a rigorous process to assess

its performance and generalizability. The following

summarizes the validation methodology and
performance metrics:

e Model Validation: This was achieved through
dataset  split, cross-validation and data
augmentation.

e Performance Metrics: This was achieved through
measuring Accuracy, Precision, Recall, F1 Score
and plotting the Confusion Matrix.

e Generalizability: This was carried out by
evaluation of unseen data, real-world testing and
sensitivity analysis.

Our confidence in the model's generalizability is
rooted in the comprehensive validation process, real-
world testing, and the careful consideration of diverse
and representative datasets. While validation results
indicate strong performance, ongoing monitoring and
periodic updates will be implemented to adapt the model
to evolving manufacturing conditions.

This thorough validation approach and the
consideration of various metrics contribute to our
confidence in the proposed MDL model's ability to
generalize effectively to new, unseen data in the CNC
manufacturing context. Informed by the valuable
insights garnered through real-time surface quality
monitoring, operators were empowered to make
judicious decisions. These decisions encompassed
finetuning tooling or machine parameters to ensure the
flawless manufacturing of components. Moreover, these
insights contributed to the optimization of tool lifespan,
departing from the conventional practice of replacing
tools based on a fixed operational count.

With the capability to predict quality with an
impressive accuracy rate of 86.11%, the need for
extensive quality inspections is significantly reduced.
This precision is underpinned by the integration of
image processing techniques for tool wear assessment.
However, there is still untapped potential for even
higher accuracy by training the system on a larger
dataset. Ultimately, the gradual incorporation of
automation into these processes promises cost savings
and streamlines the production of impeccable
components .
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