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Abstract: The aim of this contribution is to present a reliable cutting force control system in end milling
with the main focus on the integrated surface roughness prediction model. In this control system, cutting
force sensor is used to control the milling process by digital adaptation of cutting parameters.

The main goal of this paper is to present a new method for surface roughness (Ra) prediction by using
measured maximum cutting forces signals and initial cutting parameters. End milling machining process
of hardened die steel with carbide end mill was modeled using the adaptive neuro-fuzzy inference system
(ANFIS). The purpose of ANFIS model isto predict the effect of machining variables and maximal cutting
force on surface roughness during machining. The surface roughness tester is used to observe the actual
surface roughness of the machined surface after the machining tests. The comparison between the pre-
dicted surface roughness values determined by ANFIS and experimental measurements indicates that the
performance of this method turned out to be satisfactory for evaluating Ra, within a 3% mean percentage
error and 96% accuracy rate. The developed model is used to monitor milling operations and provide
warnings to the operator. The ANFIS model can also stop the machining process for tool change based
on a pre-set surface roughness limits.
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1. INTRODUCTION rithm, which had been trained to predict and digzle-
tual surface roughness.

Several models have been proposed to estimate the
surface roughness. These include classical statiisip-
proaches as well as fuzzy systems and neural nieswor
For instance researchers [1, 2] developed an aplproa
based on the least-squares regression for estgnsiir
face roughness in machining while [3] have, respelst,
used fuzzy pattern recognition for monitoring soefa
roughness over a limited range of cutting condgiorhe
capacity of artificial neural networks to captuanhinear
relationships in a relatively efficient manner Imagtivat-
ed a number of researchers to pursue the use eé the
networks in developing surface roughness prediction
"odels. But in such models, the nonlinear relatigns
between sensor readings and surface roughness embed
ded in a neural network remains hidden and inaddess
to the user [4]. In this research we attempt toesthis
situation by using the ANFIS system to predict se-
face roughness. This model offers ability to estérsur-
face roughness as its neural network based cowmterp
but provides an additional level of transparenat tieu-
ral networks fails to provide.

In high speed end-milling is very difficult to mooi
surface roughness on-line. Despite many reseahnehe t
are no available method for monitoring surface eug
ness in high-speed end-milling.

In milling the relationship between process chamact
istics and surface roughness is also difficult &ptare.
This is due to the complexity of the relationshgivieeen
surface roughness and process characteristicsefbner
an in-process method based on prediction modeg-is r
quired for the real time monitoring process.

In this study, we attempt to solve this situation b
employing the Adaptive Neuro-Fuzzy Inference System
(ANFIS) to predict the surface roughness based o
measured cutting forces and cutting conditions. efvn
prediction model is integrated with the existingtitg
force control system. The traditional ability obtbpera-
tor to determine the quality of the machined swefac
based on his experiences and senses is how theteape
role of the predictive model in the upgraded systéhe
role of the operator is now supervisory.

A neuro-fuzzy algorithm is investigated, for therpu
pose of surface roughness predicting. The cuttimges
were measured with piezoelectric table dynamometer.

The sensor signals were sent to the neuro-fuzzg-alg
2. ADAPTIVE CUTTING FORCE CONTROL
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Fig. 1. Integration of surface roughness predication madtie adaptive force control system.

The actual maximal cutting force is sampled everyble to a given reference value. When spindle loads
0.01 seconds and converted to a digital signals Blg-  low, the system increases feeds above and beyand pr
nal is immediately compared with a predeterminddrre  programmed values, resulting in considerable réolust
ence cutting forcdref. In order to determine the refer- in machining time and production costs. When sgindl
ence force for the system controller the millingckes are  loads are high the feed rates are lowered, safdimgar
measured using the dynamometer. The maximum measutting tool from damage and breakage.
ured force is a good starting value for the refeeciorce Sequence of steps for the cutting force contrahef
Fref. The difference between the F dadf is the control  milling process is presented below.
error. The control error is used as the input todpstem 1. The pre-determined cutting conditions are sent t
controller. CNC controller of the milling machine.

The controller adjusts the federate override pdrcen 2. The measured cutting forces are sent to adaptine
age and sends the determined federate command signa troller.
to the federate routine in the CNC controller. Asitiwe 3. The surface roughness is predicted based on-meas
error increases the programmed feedrate and coaisequ ured cutting forces.
ly increases the produced actual cutting forceegative 4. Adaptive controller adjusts the feedrates amtiset
error decreases the programmed feedrate and cargequ back to the machine tool,

ly decreases the actual cutting force. 5. Steps 2 to 5 are repeated until termination a¢hm-
The adaptive controller determines the federate-com  ing.

mand value to maintain the cutting force at a pibed When the adaptive controller is turned on, the

reference force. feedrates generated by the CNC controller aretsethie

The controller is connected with the CNC controller feed drive servo-unit and the surface roughnesdigre
of a four axis machining center, as shown in FigThe  tion model.
federate control is achieved through Feed overime- This model predicts surface roughness on-line and
mands. In order for the controller to regulate péake, displays the value to the operator. If the valu¢hefsur-
force information must be available to the contitfo-  face roughness exceeds the predetermined limits, th
rithm at every 20 ms. warning message is sent to the operator.

Data acquisition software (LabVIEW) and the algo-

rithm for processing the cutting forces are usepgravide 3. ANFISBASED SURFACE ROUGHNESS

this informa_ltion. Based on this presented contyete_m, PREDICTION MODEL
very complicated processes can be controlled masiye
and accurately compared to standard approaches. The aim of this study is to develop an accurate and

The objective of the developed combined controt sys reliable model for predicting surface roughnessirdur
tem is keeping the metal removal rate (MRR) as laigh end milling process. The surface roughness prexdicti
possible and maintaining cutting force as closp@ssi-  model is built according to the ANFIS method ddzedi
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Fig. 2. Algorithm for developing and employing of the Al¥Fbased surface roughness model.

in this section. The ANFIS method seeks to provade FIS Structure is a network-type structure similarthat

linguistic model for the prediction of surface rbmgss  of a neural network, which maps inputs through tnpu

from the knowledge embedded in the trained newstl N membership functions and associated parameters, and

work. then through output membership functions and aatoci
By given input/output data set, the ANFIS method ed parameters to outputs.

constructs a fuzzy inference system (FIS) whose mem  ANFIS applies two techniques in updating parame-

bership function parameters are tuned (adjustemigus ters.

either a backpropagation algorithm alone, or in loioa- For premise parameters that define membership func-

tion with a least squares type of method. Thisvadlo tions, ANFIS employs gradient descent to fine-tune

fuzzy systems to learn from the data they are nioglel them. For consequent parameters that define the
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coefficients of each output equations, ANFIS udes t
least-squares method to identify them. This apgraac
thus called Hybrid Learning method since it combine
the gradient descent method and the least-squagts m
od. ANFIS modeling process starts by obtainingatad
set (input-output data pairs) and dividing it ititaining
and checking data sets. The training data seted ts
find the initial premise parameters for the membigrs
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ular and ttepezoidal membership function.

types are defined. Finding the proper membershig-fu
tion and associated parameters is very difficutt tme
consuming task. The ANFIS architecture is explaimed
detail in [5]. The fuzzy inference system under gidn
eration has 5 inputs and one output. Neuro fuzgp-al
rithm needs to be trained with a set of trainintpda be
able to predict surface roughness based on ingptibu
data. The inputs are cutting force sensor signa, tae

functions by equally spacing each of the membershipcutting conditions. The output is surface roughnass

functions. A threshold value for the error betweha
actual and desired output is determined. The caeseq
parameters are found using the least-squares metho
Then an error for each data pair is found. If #visor is
larger than the threshold value, the premise paeme
using the gradient decent method are updated a®lthe
lowing (Qnex = Qnov + Nd, whereQ is a parameter that
minimizes the errom the learning rate, ardia direction
vector). The process is terminated when the ermr b
comes less than the threshold value. Then the sigeck
data set is used to compare the model with acyisabs.

A lower threshold value is used if the model does n
represent the system.

Fig. 2 shows the basic flow chart for predicting th
surface roughness via ANFIS. It has surface rouggne
generalization capability.

The system continuously monitors the signal of sur-
face roughness. If the surface roughness limikéeeed-
ed, a warning is declared within 10 ms.

Five steps are required to develop an ANFIS system
In step 1, the training and testing data are loadetthe
system. The process variables are force sensomgsad
(F), spindle speed, feed ratef(), depth of cutd, Rp),
and measured surface roughness. The domain ofi-defin
tion of these variables is normalized in the raf@el),
where 1 corresponds to the maximal value of thaava
ble. All the data were scaled. The whole datasdtvid-
ed into the training and the testing set. 350 gatiaits
were used in this study.

The FIS architecture and training parameters were d
fined in step 2. The optimization method, the tatee

vided by the surface roughness tester.

In step 3, the training phase is accomplished. With
the input—output data, the neuro-fuzzy algorithm is
trained, and the unknown parameters are identified.

Fig. 3 shows the inputs, membership functions, tued
fuzzy inference system for surface roughness ptiedic
During the training stage, the ANFIS adjusts iteinal
structure to give correct output results accordimghe
input features. Using a given input/output datg Het
ANFIS method constructs a fuzzy inference systel8)(F
whose membership function parameters are adjusted b
using the backpropagation algorithm. This allowzszfu
systems to learn from the data they are modelingpn-
sists of 131 fuzzy rules.

During training in ANFIS, 350 sets of experimental
data is used to conduct 500 cycles of learning.

Finally, in the fourth step the trained ANFIS isds
to predict surface roughness. After the trainihg, infer-
ence system could estimate surface roughness futm c
ting force measurement and cutting conditions ial re
time. The developed ANFIS model can guide system or
operator in tool change decisions making.

4. EXPERIMENTAL DESIGN FOR SURFACE
ROUGHNESSMODELLING

Experiments were performed on a CNC machining
platform Heller with FAGOR CNC controller. Material
Ck 45 and Ck 45 (XM) with improved machining proper
ties was used for tests. The solid end milling erutt
(R216.24-16050 IAK32P) with four cutting edges,16f

error, the maximal number of epoch, the number ofmm diameter and 10° helix angle was selected for ma
membership functions and the membership functionschining. The corner radius of the autte 4 mm.
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Fig. 4. Experimental set —up for surface roughness mogleli

The cutter is made of ultra-fine carbide grade edatith The signals were monitored by using a fast data ac-

TiN/TICN coating. The coolant RENUS FFM was used quisition card (National Instruments NI 9215 A) and

for cooling. The cutting forces were measured vwath software written with the National Instruments Qwb-

piezoelectric dynamometer (Kistler 9255) mounted be gramming package.

tween the workpiece and the machining table. The surface roughness was measured by 7061
The data acquisition package used was LabVIEW.MarSurf PS1 Surface Roughness Tester.

The surface roughness was measured by 7061 MarSurf

PS1 Surface Roughess Tester. The experimentalpset u
can be seen in Fig. 4. 5. RESULTSAND DISCUSSION

The experiments were carried out for all combina- |n conclusion, predicted surface roughness wasdoun

tions of the chosen parameters [5], which are tadial  significantly sensitive to the measured cuttingcés,
depth of cut, feedrate, Splndle Speed and tool v@ter especia”y the thrust Cutting Component_

parameters such as tool diameter, rake angle,aetc. A total of 250 sets of data were selected fromtthe
kept constant. Three values for the radial/axigtideof  ta of 350 sets obtained in the end milling experits
cut have been selected for use in the experimeRts:=  [5] for the purpose of training in ANFIS. The othE00

1d, Rpz = 0.5, Roz = 0.25; Aps = 2 mm,Ap, = 4 mm,  gsets were then used for testing after the trainias
Apz = 8 mm;d - cutting parameter (16 mm). In the ex- completed to verify the accuracy of the predictatles
periments, the following values for feed and spndl of surface roughness. The best results were oltaine
speed were varied in the ranges from 6M6 mm/tooth  when triangular membership functions were chosen fo
and 125350 mir’, respectively. In this way two sets of the neuro-fuzzy model. During training of the reur
data groups were generated, one for training ahdrot fuzzy algorithm the parameters of membership fomst

for testing. the optimal rules and the output weights were deter
The dynamometer was mounted on the machining tamined.
ble and connected to a three channel charge aeplifi The average error of the prediction of surface haug

Charge amplifier (Kistler 5001) converts the chargeness is around 2.9% when triangular membership-func
signals into voltage signals. tion is used in ANFIS. The accuracy is as high@9
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Fig. 5. Scatter diagram of measurBd and predicted for testing data using the triangolambership function.

The training was very fast, and the error reachedra Surface roughness was measured after each cutting

stant value after about 45 epochs. In this cageetivere  test with a Surface roughness tester. The sengoalsi

36 rules in the fuzzy inference system. The préamfict and the measured cutting force was analyzed odfdind

accuracy of ANFIS when the triangular membershipapplied to a neuro-fuzzy method to determine thenme

function is used is higher than that when the zajual bership functions and rules.

membership function is used. Once the neuro-fuzzy algorithm was trained, the cut
When the trapezoidal membership function is adopteding signals could be interpreted to determinesindace

the average error is around 4.4%, with an accurdcy roughness through on-line analysis. The training of

94%. Figure 5 shows the scatter diagram of theigieti  ANFIS with the triangular membership function obai

values and measurement values of the surface resghn a higher accuracy rate in the prediction of surfacegh-

of 50 sets of testing data when triangular memlyersh ness.

functions are used in ANFIS. It shows that the mted Comparison between the actual surface roughness
values of surface roughness between 100 and 170 adind the simulated results from the neuro-fuzzy oekth
follow the 45° line very closely. showed good agreement.

In other words, the predicted values are not famfr The trained model can be used to monitor milling op
the experimental measurement values. erations and provide warnings to an operator.

The system with incorporated ANFIS model was ca- Experiments have also confirmed efficiency of the
pable of predicting the surface roughness in rimag.t  control system with integrated ANFIS model, whigh i
The accuracy of the training data was 98.1%, amd threflected in improved surface quality.
accuracy of the testing data was 94.9%. The experimental results indicated that maintaining

Wrong predictions accrued when the feed rate and roconstant cutting force leads to better qualitywface.
tational speed were low. This issue can changetie
ting forces and affect the tool wear estimation foece  REFERENCES
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