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ABSTRACT

Emerging miniaturisation technologies are potential vital technologies of the future that
will bring completely different ways people and machines interact with the physical world.
This miniaturisation of devices demands mechanical components manufactured with complex
features ranging from a few microns to a few hundred microns with high accuracy and surface
finish requirements. To address these demands, micro-milling, a widely used micro-machining
process similar to conventional milling in terms of kinematics and material removal
mechanism, can come in handy. It has tool diameters ranging from 50 pm to 1 mm with the
capability to machine hard and soft materials.

Further, the advances in digital electronics have led to a significant increase in the number
of systems that couple the digital (cyber) components with the physical world, popularly known
as the Cyber-Physical Systems (CPS). Current research work exploits the implementation of
CPS in the manufacturing context, focusing on the micro-milling process. It starts with
developing a machine tool of micro-machining techniques having customised kinematics and
1s named Advanced Micro-Machining System (AMMS). This machine tool is a five-axis CNC
machine capable of performing five different machining processes, with multiple measurement
facilities, all integrated into a single setup. The mechatronic design of this machine tool actively
considers the requirements of a CPS system.

Once the physical component is ready, a CPS framework for transitioning this machine tool
to an intelligent machine tool is presented. This framework is named the Intelligent Cyber-
Physical Production System (i-CPPS) and has a four-layer structure. The first level is the unit
level. It covers all the smart physical systems that produce data, captures them, pre-processes
them, and share them with upper levels. The second level is the shop-floor level, which

constitutes a group of unit-level entities working in collaboration and has a FOG cluster
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network for data processing and analyses. The third level is the factory level, which combines
various shop floors and acts as a complete service and management platform inside a
manufacturing unit. The topmost level is the cyber level, which provides a platform to serve
the needs of various enterprises and customers. It acts as a bridge between the enterprises and
customers. A step-by-step use-case implementation of this framework on AMMS follows this
framework with a brief discussion on a few application areas possible under the hat of this
framework.

Among various application areas, process monitoring applications for micro-tools and
workpieces are selected for demonstration. First, a three-step algorithm for tool wear
segmentation and quantisation is presented for the tool side. This algorithm uses intensity-
based multi-modal image registration and image subtraction methods on micro-milling tool
colour images followed by a fuzzy c-means clustering technique for wear segmentation. In the
end, the wear is quantified and presented to the user. Once the wear is quantified, an ML model
for tool wear prediction is presented. Acceleration and spindle current consumption data is
acquired during machining, pre-processed, and used for Gaussian Process Regression (GPR)
modelling. From a combination of mean and covariance functions and an optimal GPR model
is selected based on evaluation indices: mean-absolute error, root-mean-square error, mean-
absolute percentage error, and Pearson-correlation coefficient. Lastly, a comparison between
the optimal model and popular ML models is made, where the GPR outperforms all of them.

While looking at the process monitoring application on the workpiece side, a surface
roughness (Ra) prediction model for a micro-milling process is developed. It is trained similar
to the tool wear prediction application but with an additional input of tool wear values. On all
four indices, the model is evaluated, and the optimal GPR model is selected. Finally, a
comparison is made between optimal and other data models where GPR outperforms all in the

prediction task.
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