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Abstract

This study focuses on the impact of tool conditions on machining quality, cost, and
process stability through experimental planning and big data analysis. An intelligent
monitoring system was developed using C# and a hybrid artificial intelligence model
to predict the residual lifetime of tools under various operating conditions. The system
enables real-time monitoring of the machining process and accurately predicts the
residual lifetime of tools, ensuring process continuity and stability. The study compares
multiple data sequencing methods and evaluates the performance of different
optimizers, including Stochastic Gradient Descent, Root Mean Square Propagation,
Adaptive Moment Estimation, and Rectified Adaptive Moment Estimation. Weight
initialization experiments were conducted to determine the optimal model weights.
Parameter optimization was performed using an L18 orthogonal array, and Generative
Adversarial Networks were introduced to augment data volume and diversity,
significantly enhancing model accuracy and data variability. Results show that the
hybrid Long Short-Term Memory and Gated Recurrent Unit model improves prediction
accuracy and establishes a foundation for transfer learning. By combining 50% of the
original data with transfer learning techniques, the model achieved a root mean square
error of 0.0615, and training time was reduced to 130 seconds, significantly improving
training efficiency under multi-condition scenarios. Additionally, Generative
Adversarial Networks were incorporated during the transfer learning process to
simulate a data environment closer to real-world conditions, further enhancing the
model’s learning capacity and generalization performance. In practical applications, the
system was validated in rough machining, fine machining, and new operating
conditions, demonstrating its ability to accurately monitor tool wear and predict

residual lifetime. In the rough machining scenario, the model predicted a tool wear of



0.146 millimeters at 887 seconds, with a deviation of only 0.006 millimeters from the
actual value, and estimated the residual lifetime to be 1923.5 seconds. At 1873 seconds,
the system predicted only 480 seconds of residual lifetime remaining, which was
insufficient for the next process requiring 887 seconds. The system issued an immediate
warning to prevent machining anomalies. In the fine machining scenario, at 261
seconds, the system predicted the workpiece surface roughness would reach the critical
threshold of Ra 1.4 micrometers, with a residual lifetime of 64 seconds. As the tool
could not support subsequent processes, the system issued a warning. For validation of
the transfer learning method, in New Operating Condition Scenario 1, at 957 seconds,
the system predicted a tool wear of 0.063 millimeters, deviating by only 0.001
millimeters from the actual value. In New Operating Condition Scenario 2, at 2351
seconds, the system predicted a tool wear of 0.156 millimeters, with a deviation of 0.02
millimeters, and estimated the residual lifetime to be 1080 seconds. At 2415 seconds,
due to the relative increase in vibration exceeding the threshold, the system predicted a
residual lifetime of 0 seconds, which could not meet the subsequent process
requirement of 970 seconds. The system issued a tool replacement alert to ensure
machining stability.
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