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Abstract

The process forces generated in machiningare related to a deflection of the milling tool, which results in shape deviations. In addition to process
parameters like feedrate, width and depth of cut or cutting speed, the wear condition of the tool has a significant influence on the shape deviation
during flank milling. In process planningit is important to take the tool conditionandthe ideal time for tool change into account when selecting
the process parameters. An assistance system is being researched at the Institute of Production Engineering and Machine Tools (IFW) in
cooperation with Kennametal Shared Services GmbH to support thistask. The assistance system adjusts automatically the feed rate considering
a predefined maximum shape deviation. Additionally, it identifies an optimal moment for tool change. The advantages of the system are
particularly evident in planning of individual milling processes. T he assistance system is based on a combination of a material removal simulation
and empirical models of the shape error. For this purpose, spindle currentsas well as measured shape errorsare storedin a database. These data
are extended by the actual local cutting conditions calculated by a process-parallel material removal simulation. Afterwards, the data is transferred
into process knowledge via a Support Vector Machine (SVM). Within a technological NC simulation before the start of manufacturing, the
generated knowledge is applied to predict the shape error of the workpiece and to automatically adjust the feedrate. By adaptingthe feed rate, it
is possible to control the tool life. The required tool change is defined by specifying a limit for the permitted width of flank wear land. The
presented assistance system enables the prediction of the shape error parallel to the manufacturing process and the automatic determination of
the feed rate as well as the ideal time for tool change.
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1. Introduction

Due to process forces during the milling process, the tool is
deflected and shape deviation on the machined workpiece
occur. In addition to process parameters like feed rate, width
and depth of cut and cutting speed, the wear condition of the
toolhas a significant influence on the resulting shape deviation
in flank milling. The wear of the tools increases continuously
during milling operations. Because of the wear, intolerable
shape errors occur on the workpiece and scrap parts can be
produced.

In manufacturing practice, two ways to identify a suited
moment for tool change exist. In large-scale production, tool
change intervals are determined empirically. In production of
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small batches, the decision for tool change is delegated to an
experienced machine operator. However, both strategies result
often in sub-optimal decisions about the moment of tool
change. If the tool is changed too late, the manufactunng
tolerances are exceeded and the risk of producing scrap parts
increases. In case of an early tool change, the remaining tool
life is wasted. Exact methods to determine the ideal time to
change tools do not exist forthe practicaluseon shop floor.
To improve the process planning quality, Denkena et al. [1]
developeda method for condition-based tool management. The
aim of this method is to provide all necessary information for
process planning in orderto forecast the remaining servicelife
of each tool. By feeding the information back into the process
planning, both tool use and tool procurement can be reliable
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planned. Cutting edge coefficients are used to estimate tool
wear. For an exemplary process,a linear dependence between
width of flank wear land and process forces was proven.

To control the condition of the tool during metal cutting,
monitoring systems are used. These systems detect tool
breakage, collisions between tool and machine structure as well
as defined inadmissible process conditions using force signals
or other recorded signals like acoustic emissions [2, 3].
Moreover, systems for adaptive feed control are already
commercially available, e.g. [4]. Implemented in the
programmable logic control (PLC) of the machine tool, the
systems adapts the feed rate to avoid exceeding the maximum
spindle power. The feed adaptation can reduce both, the load
during processes as well as the tool deviation. If the calculated
feed rate falls below a predefined limit, the PLC supposesa tool
change. However, these systems do not take into account the
resulting shapeerror ofthe workpiece.

Forthe continuous improvementoftool monitoring systens
supervised machine learning methods are used. Hsueh and
Yang [5] implemented Support Vector Machines (SVM) to
predict toolbreakage by analysing force signals. Hassan et al
[6, 7] developed a method to detect tool wear using
standardized force and currentsignals. Next, characteristics are
extracted, which are sensitive towards tool condition, but
robust to tool size and cutting conditions. Finally, different
methods of machine learning for the investigation for real-time
wear monitoring in terms of accuracy, computing time and
false alarm rate were investigated. Recommended methods for
tool management systems are linear discriminant analysis
(LDA) and SVM. Both methods provide an accuracy of 9%
with a small database and a low false alarm rate. Due to the
lower computation time, Hassan et al. favour the LDA to the
SVM.

Another approach for monitoring tool wear in real time is
presented by Nouri et al. [8]. Force model coefficients are
identified, which are independent fromcutting conditions, and
correlate to the tool wear. For further analysis, these
coefficients are tracked during milling. The presented method
consists of three stages. First, the G-Code part program nust
be pre-processed to determine the cut geometry . The results are
stored in a look-up file. During the following manufacturing of
the workpieces, cutting forces are measured and stored in the
same file. Finally, the force model coefficients are estimated
and the stateoftool wear derived. This method uses expensive
sensors installed in the machine tool to gain the required
information. Thus, it is unlikely to be implemented into the
industry. Another approach to detect on-line tool wear based
on acoustic emission is presented by Giriraj et al. [9]. If a
defined threshold ofthe tool wearis extended, the work offSet
is adjusted.

To compensate the shape error, Dittrich et al. [10] used
engagementconditions provided by a process-parallel material
removal simulation and merged themwith the measured shape
error. With the help ofan SVM, the shape erroris predictedand
the tool path automatically adapted. With this method, the
shape error was reduced by 50%. In further investigations,
SVM were compared with other machine learning methods and

evaluated with regard to the performance. However, the effects
of tool wear were excluded from the investigation. For the
evaluationand estimation of surfaceroughness of CNC turning
Caydas and Ekici[11] compared the performance of SVM with
that of artificial neural networks (ANN). With regard to
prediction accuracy and computational time, SVM gave better
results than ANN. More recent results also indicate a better
performance of SVM compared to ANN in modelling [12]. An
SVM to predict the shape error during milling processes with
high accuracy was also implemented by Denkena et al. [13]. In
this case, theprediction error was below 5% in most cases.

This paper presents a novel approach for feed rate
optimization. In contrast to existing methods, the approach
detects tool wear in real time and optimizes the manufacturing
quality ofthe workpieces by taking into accountthe measured
shape error. Using sensors that are already integrated in most
machine tools, the method can be transferred easily into the
industry.

2. Approach
The developed approach consists of three components: (1)

the machine tool, (2) a process-parallel simulation (IFW CutS)
and (3) a database (see Fig. 1).
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Fig. 1. Approach for simulation-based feed rate adaptation.

The process-parallel simulation is driven by actual axis
movements and translates the machine tool movements into
technological measures in terms of spatial cutting conditions.
For this purpose, the modular simulation platform IFW CutS
[14] is used. The axis positions are transmitted to [FW CutS
from the PLC of the milling tool. Using these positions, the
material removal is simulated during the machining process
and the local cutting conditions, such as chip removal volune,
width and depth of cut, are determined. These engagement
conditions are transmitted to a database and combined with
measured spindle currents of the machine tool and shape
deviations of the workpiece. The shape deviations are
measured with a machine-integrated tactile probe. In order to
predict the currenttool condition, the currentshape error of the
workpiece is to be predicted spatially resolved during the
process. To avoid a complexanalytical parameterization of the
prognosis model for each tool-material combination, an SVM
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is used, which is taught with recorded process data and quality
information. A learning behaviour is achieved by regulardy
updating the model. By using the SVM, models are created that
generate workpiece-independent technological knowledge
from the data. This knowledgeis applied to determine theshape
deviations ofthe workpiece and the wear condition ofthe tool
during machining. This information is also stored in a process
data platformforuse in work preparationand planning.

With the presented approach, process parameters, e.g. the
feed rate, can be adapted for the subsequent process taking into
account the wear condition of the previously used tool. If the
predicted flank wear land leads to exceedance of the shape
tolerance for the following workpiece, the feed rateis adjusted.
The minimum feed rate depends on both economic and
technological aspects, such as the minimum chip thickness. If
the feed rate falls below a predefined minimum, it is necessary
to replace the tool and a recommendation for tool change is
given to the operator. The systemis designed to maximize tool
life and reduce the waste of energy-intensive resources. In
contrast to earlier approaches, the presented method is based
on machine-internal signals only, which enables an easy
transferto the industry.

3. Process-parallel simulation

A central part ofthe approach is a process-parallel material
removal simulation. Local cutting conditions are calculated to
obtain the actual feed rate, the material removal rate and the
depth of cut from real milling processes. However, the
simulation requires a kinematic model of the machine tool
including the structure and the exact position of the axes in
relation to the rotary axis zero point. To avoid manual design
of the kinematic model, a method for an automatic model
generation is created. The method reads archive files
automatically fromthe programmable logic control (PLC) and
extracts relevant information for the model generaton.
Currently, the method has been only tested for 3- and 5-axis
milling machines with a Siemens 840d s1 PLC.

The process-parallel simulation is connected to the PLC of
the machine tool[10]. The data exchange between the process
simulation and PLC and vice versa achieved through the
communication library ACCON-AGLink by Deltalogic. By
this, the process simulationis enabled toread continuously the
axis positions as wellas the information ofthe used tools from
the PLC.

To calculate the cutting conditions, the workpiece is
discretized in the simulation with a dexel field. The dexels are
spaced 0.156 mm apart for each perpendicular direction. The
toolis represented as a cylinder.

4. Experimental study

In experimental investigations, the data required to generate
the initial prediction models for the shape error were
determined. For this purpose, flank milling processes were
carried out at a constant cutting speed ve =75 m/min in down
milling. The tests were carried out on a CNC machine type

DMG HSC 55 using solid carbide milling tools type WIDIA
HANITA VariMill with a diameter D = 6.0 mm and a number
of teeth z=4. Tempered steel C45 was used as workpiece
material. The length of one milling path was 80 mm. The
engagement width and engagement depth were set constant at
a.=2 mm and a,= 7.5 mm.

A machine-integrated tactile probe type Heidenhain TS649
was used to determine the shape error at defined points. The
width of flank wear land VB ofthe tool was measured optically
with a digital microscope type VHX600 from Keyence. The
resulting shape error as well as the wear condition of the tool
were measured after five milling paths and a corresponding
cooling time of the workpiece. The machine-integrated tactile
probe measures 3D points at five defined positions of the
manufactured workpiece. These points are merged with the
ideal points generated by the material removal simulation [FW
CutS. The distance between the equalization plane of the
corresponding points presents the resulting shape error. To
detect the feed influence onthe wear progressthe feed speed ve
was varied between 55 and 1000 mm/min. The end oftoollife
was defined by a width of flank wearland VB = 75 pum.
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Fig. 2. Experimental results of flank wear land and shape error.

Fig. 2 shows the results for the influence of vy on the wear
development and the shape error. Higher feed rates lead to slow
increase of flank wear and greater shapeerrors.
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High feed rates lead to larger shape errors due to the
increasing tool deflection caused by increased process forces.
Therefore, the shape error oftool 3 is biggerthan oftool2. At
the same time, the width of flank wear land oftool2 increased
stronger than fortool 3, which was milled with the double feed
rate. During milling different effects like friction because of
slow feed rates or tool deflection caused by higher feed rates
occur. Depending on the process parameters, the effects
outweigh each other. When milling with the unworn tool2 the
friction caused higher tool wear while at the same time the
shape erroris smallbecauseofa slow feed rate.

5. Feed rate adaptation

In a further series of experiments, the feed rate adaptation
was investigated. For this purpose, the initial feed rate
vi= 1000 mmymin was reduced by 100 mm/min each time a
shape error of d; = 0.035 mm was exceeded. The limit
considered forthe width of flank wearland VB was 75 pm and
the lower limit for v was 500 mm/min.
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Fig. 3. Progress of tool wear and shape error during feed rate adaptation.

As aresult, Fig. 3 clearly shows how shape error and service
life can be positively influenced by an adjustment of v as the
flank wear mark width increases. As shown, reducing the feed
rate results in both, reduction of shape error as well as slower
increase in width of flank wear land. There is a correlation
between the flank wear and the shape error. Higher values of
width of flank wear land lead to larger shape errors. As the feed
rate as well influences the shape error, reducing the feed rate

for worn tools leads toa longerservice life. The end of'service
life of the tool is defined by a maximum shape error and a
minimum feed rate. The result clearly shows how shape errors
and toollife can be positively influenced by adjusting the feed
rate as the width of flank wear land increases. After the
adjustment of v, a significant reduction of the previously
increasing shape error could be observed. In consideration of
the maximum shape error, the service life can be extended by
70% by reducing the feed rate by 10%. If a reduction of the
feed rate by 50% is tolerated, theservice life extension is even
440%.

In order to be able to transfer the automatic feed rate
adaptation onto the shop floor, an easy to use software
application was developed. The application contains an
automatic calculation method to determine the current cutter
conditionbased on the quotient described in equation (1).
limitial _ 1001 status (N

Lactual

The spindle current T is transferred directly from the
machine to theapplication. Theuser enters the maximum shape
error as well as the minimum feed rate as input values. Based
on the process model generated and the current tool status, a
recommendation for v¢ is given as output of the SVM model
In case of varying local cutting conditions during complicated
milling processes, these parameters are considered for the feed
rate adaptation. This adaptation takes into account the
permissible shape error and the requirements for an economical
process. The goalis to providea high productivity while at the
same time maintaining the quality specifications based on the
current tool condition. Fig. 4 shows the user interface of the
application.
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Fig. 4. Application for automatic feed rate adaptation.

In conjunction with the developed application, the
assistance systemcanbe used for condition-based optimization
of the feed rate. By adapting the feed rate, it is possibl to
controlthe operating time ofthe respectivetool. This results in
an improved tool planning in the production of batch sizes. The
required tool change is defined by specifying a limit for the
permissible width of flank wear land. Furthermore, a tool
change is necessary in case of a required uneconomical feed
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adjustment or if the value for the permissible shape error i
exceeded.

6. Conclusion and outlook

By using the assistance system presented, it is possiblk to
predict the shape error parallel to the production process as well
as the end of tool life in real time. The approach allows an
automatic adaptation ofthe feed rate to extend the service life
of the tool. This results in the benefit of an application that
enables optimized tool use planning. The possibility of
influencing shape error and toollife by adjustingthe feed rate
with increasing width of flank wear land was demonstrated in
an additional testseries. The feed rate adaptation showed great
potential. For example, reducing the feed rate by 10% lead to
an extensionofthetoolservicelife by 70%. As the systemonly
uses machine-internal signals, it can be easily transferred to
shop floor. To implement the presented assistance system on
shop floor, a simulation server for the process-parallel
simulation is necessary as well as an experimental investigation
as atraining set for the SVM to build up suitable models for the
setup.

Acknowledgements

The transfer project T10 "Simulation-based Displacement
Monitoring" from the Collaborative Research Center 653 is
funded by the Deutsche Forschungsgemeinschaft (DFG
German Research Foundation) — SFB 653 T10 —, for which the
authors are grateful. The authors would also like to thank
Kennametal Shared Services GmbH for the collaboration.

References

[1] Denkena B, Kriiger M, Schmidt J. Condition-based tool management for
small batch production. International Journal of Advanced Manufacturing
Technology 2014;74:471-480.

[2] Teti R, Jemielniak K, O’Donnell G, Domfeld D. Advanced monitoring of
machining operations. CIRP Annals - Manufacturing Technology
2010;59:717-739.

[3] Valkyser B. Modulare Werkzeugverwaltung auf Basis ofener
Steuerungsarchitekturen. Dissertation, Technische Hochschule Aachen;
2004.

[4] Dr. Johannes Heidenhain GmbH. Dynamic Efficiency - effizient und
prozesssicher bearbeiten. 2013.

[5] Hsueh Y-W, Yang C-Y. Prediction of tool breakage in face milling using
support vector machine. International Journal of Advanced Manufacturing
Technology 2008;37:872-880.

[6] Hassan M, Sadek A, Attia M H, Thomson V. A Novel Generalized
Approach for Real-Time Tool Condition Monitoring. Journal of
Manufacturing Science and Engineering 2018;140(2):021010-1-021010-8.

[7] Hassan M, Damir A, Attia H, Thomson V. Benchmarking of Pattern
Recognition Techniques for Online Tool Wear Detection. Procedia CIRP
2018;72:1451-1456.

[8] Nouri M, Fussell B K, Ziniti B L, Linder E. Real-Time Tool Wear
Monitoring in Milling Using a Cutting Condition Independent Method.
International Journal of Machine Tools and Manufacture 2015;89:1-13.

[9] Giriraj B, Gandhinathan R, Prabhu S, Prabhu Raja V, Vinod B. Self-
Adjusting On-Line Tool Wear Compensation in High Speed Milling
International  Journal for Manufacturing Science and Production
2007;8:75-84.

[10] Dittrich M-A, Uhlich F, Denkena B. Selfoptimizing tool path generation
for 5-axis machining processes. CIRP Journal of Manufacturing Science
and Technology 2019;24:49-54.

[11] Caydas U, Ekici S. Support vector machines models for surface roughness
prediction in CNC turning of AISI 304 austenitic stainless steel. Journal
of Intelligent Manufacturing 2012;23:639-650.

[12] Gupta A K, Guntuku S C, Desu R K, Balu A. Optimisation of turning
parameters by integrating genetic algorithm with support vector
regression and artificial neural networks. International Journal of
Advanced Manufacturing Technology 2015;77:331-339.

[13] Denkena B, Dittrich M-A, Uhlich F. Augmenting milling process data for
shape error prediction. Proceedia CIRP 2016;57:487-491.

[14] BoB V, Denkena B, Breidenstein B, Dittrich M-A, Nguyen H N
Improving technological machining simulation by tailored workpiece
models and kinematics. 17th CIRP Conference in Modelling of
Machining Operations. Procedia CIRP 2019;82:224-230.



