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Table 2: CNC Milling Performance Before and After Al Optimization

S.No Parameter Before Al After Al Improvement
Optimization Optimization (%)
1 | Spindle Speed (RPM) 3000 3200 +6.67%
2 | Feed Rate (mm/min) 1200 1440 +20%
3 | Depth of Cut (mm) 2 2.5 +25%
4 | Width of Cut (mm) 4 4 No Change
5 | Material Removal Rate 9600 14400 +50%
(MRR) (mm?/min)
6 | Tool Life (min) 19.6 22.4 +14.3%
7 | Cutting Speed (m/min) 94.2 100.5 +6.7%
8 | Machining Time (min) 10 8 -20%
9 | Energy Consumption 2.5 2.0 -20%
(kWh)
ii. Al prevents unnecessary tool retractions, SPINDLE SPEED ENHANCEMENT

improving efficiency (Chen et al,, 2023).

CALCULATION: BEFORE AND AFTER Al
OPTIMIZATION

Given Data:
i. Spindle speed (N) =3000 RPM
ii. Tool diameter (D) = 10 mm
iii. Feed per tooth (fz) = 0.1 mm/tooth

iv. Number of cutting edges (Z) = 4

DETAILED OUTCOME RESULT WITH
IMPACT OF Al OPTIMIZATION IN CNC
MILLING

The bar graph provides a visual comparison of various
machining parameters before and after Al optimization.
Below is a detailed breakdown of how Al improves CNC
milling performance in different aspects.

¢ Before AI: Spindle speed was 3000 RPM, and the
feed rate was 1200 mm/min.

o After Al: Al dynamically adjusted spindle speed to
3200 RPM (+6.67%) and increased the feed rate to
1440 mm/min (+20%).

¢ Impact: These changes result in a smoother cutting
process, reducing vibrations and improving tool life.
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Graph 1: Spindle Speed (RPM)
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FEED RATE ENHANCEMENT

Before Al: 1200 mm/min
After Al: 1440 mm/min (+20%)

Effect: A higher feed rate allows for faster material
removal, increasing overall efficiency.

TooL LIFE IMPROVEMENT

Before Al: 19.6 minutes
After Al: 22.4 minutes (+14.3%)

Effect: Al-based monitoring reduces excessive tool
wear, extending the lifespan of cutting tools.
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Graph 2: Feed Rate (mm/min)

MATERIAL REMOVAL RATE (MRR)
IMPROVEMENT

Before Al: 9600 mm?®/min
After Al: 14400 mm3/min (+50%)

Effect: Al optimizes feed rate and depth of cut,
significantly improving material removal rates.
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Graph 4: Tool Life (min)

CUTTING SPEED OPTIMIZATION

Before Al: 94.2 m/min
After Al: 100.5 m/min (+6.7%)

Effect: Al optimizes speed to ensure efficient
cutting while minimizing thermal stress.
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Graph 5: Cutting Speed (m/min)

173



Anand Kumar Singh

MACHINING TIME OPTIMIZATION
o Before Al: 10 minutes

e After Al: 8 minutes (-20%)

o Effect: Al-driven process optimization reduces idle
time, increasing productivity.
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Graph 6: Machining Time (min)

ENERGY CONSUMPTION OPTIMIZATION
o Before AI: 2.5 kWh

e After AL 2.0 kWh (-20%)

o Effect: Lower machining time and optimized power
usage reduce overall energy consumption, making
the process more sustainable.
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Graph 7: Energy Consumption

RESULTS

The implementation of Al in CNC milling has significantly
efficiency and precision. Key
performance metrics before and after Al integration are
summarized in the table 3 below

improved machining

The results indicate a significant enhancement in MRR, tool
life, machining time, and energy efficiency due to Al-driven
process optimization, real-time adjustments, and predictive
maintenance. The surface finish has also improved, reducing

the need for secondary finishing operations.

CONCLUSION

Al-based process monitoring and control in CNC milling have
proven to be highly effective in optimizing machining
performance. By leveraging machine learning, real-
time sensor feedback, and digital twin simulations, Al
enables dynamic adjustments in spindle speed, feed
rate, and tool wear management. The study confirms that
Al integration leads to:

i. Higher productivity through increased MRR and
reduced machining time.

ii. Lower operational costs by extending tool life and
reducing energy consumption.

iii. Improved product quality with enhanced surface finish
and defect minimization.

iv. Sustainable machining practices by optimizing energy
utilization and minimizing waste.

Overall, Al transforms CNC milling into a more intelligent,
adaptive, and cost-effective manufacturing process.

DISCUSSION

The improvements observed in this study can be attributed
to Al's ability to analyze real-time data, predict anomalies,
and make autonomous process adjustments. Traditional
CNC machining relies on pre-set machining parameters,
which often lead to inefficiencies due to varying cutting
conditions. Al, on the other hand:

i. Adapts in real-time, ensuring optimal cutting
conditions even for complex geometries and materials.

ii. Predicts tool wear and schedules maintenance
before failures occur, reducing downtime.

iii. Uses digital twins to simulate multiple machining
strategies, selecting the most efficient toolpaths.
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Table 3: Comparison of CNC Milling Performance Before and After Al Implementation

S.No. Parameter Before Al After Al Improvement (%)
Implementation Implementation

1 Material Removal Rate 0.8 cm®/min 1.2 cm®/min +50%
(MRR)

2 Tool Life (Cycles) 70 80 +14.3%
Machining Time (min) 50 40 -20%

4 Energy Consumption 5.0 4.0 -20%
(kWh)

5 Surface Finish (Ra, pm) 1.2 0.8 +33.3%

Despite these advantages, Al implementation in CNC
milling requires high computational power, initial
setup investment, and skilled personnel to manage Al
models. Additionally, real-time Al integration with legacy
CNC machines may require modifications or additional
hardware.

FUTURE SCOPE

Al in CNC milling is still evolving, and several areas offer
scope for further research and improvements:

i. Advanced Al Algorithms for Adaptive Machining
ii. Integration of IoT and Edge Computing

iii. Al-Powered Autonomous CNC Systems

iv. Sustainability and Green Manufacturing

v. Human-Al Collaboration in Smart Factories
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