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The complexity of machining processes relies on the inherent physical mechanisms governing these processes including nonlinear,
emergent, and time-variant behavior. The measurement of surface roughness is a critical step done offline by expensive quality
control procedures. The surface roughness prediction using an online efficient computational method is a difficult task due to the
complexity of machining processes.The paradigm of hybrid incremental modeling makes it possible to address the complexity and
nonlinear behavior of machining processes. Parametrization of models is, however, one bottleneck for full deployment of solutions,
and the optimal setting of model parameters becomes an essential task.This paper presents a method based on simulated annealing
for optimal parameters tuning of the hybrid incremental model. The hybrid incremental modeling plus simulated annealing is
applied for predicting the surface roughness inmilling processes. Two comparative studies to assess the accuracy and overall quality
of the proposed strategy are carried out. The first comparative demonstrates that the proposed strategy is more accurate than
theoretical, energy-based, and Taguchi models for predicting surface roughness. The second study also corroborates that hybrid
incremental model plus simulated annealing is better than a Bayesian network and a multilayer perceptron for correctly predicting
the surface roughness.

1. Introduction

Despite the progress in science and technology, manufac-
turing processes are still considered complex systems con-
sisting of several interacting subsystems with noisy, time-
variant, and nonlinear behavior [1, 2]. New models are
then required to better deal with manufacturing companies’
threats innovating in whole value chain [3]. Machining
processes, and specificallymilling processes, are key elements
of manufacturing value chain [4].The roots of the machining
complexity rely on the inherent physical mechanisms gov-
erning the process itself. Different modeling techniques have
been explored to describe and understand the geometric and
physical characteristics of the cutting process [5, 6].

Quality monitoring is still the cornerstone and the
bottleneck of many industrial processes [7]. For some

manufacturing companies centered on aeronautical and
automotive sectors, parts quality should fulfill strict require-
ments for dimensional [8, 9] and surface quality [10].
Inappropriate surface quality leads to removing defective
parts from the production line and remanufacturing the
component [11]. It implies more energy consumption of
machine tools and more scraps resulting from the machining
processes. In-process solution for predicting quality variables
is in the agenda of many companies, and many solutions
are being explored to decrease the environmental impact of
machining processes due to poor surface quality of parts [12].

Surface roughness prediction studies in endmilling oper-
ations are usually based on three main parameters composed
of cutting speed, feed rate, and depth of cut [13]. Surface
roughness and specific cutting energy consumption in slot
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milling are very related [14]. Recent studies demonstrate that
net cutting specific energy is an effective process signature for
surface integrity [15].

The review of traditional and emergent modeling strate-
gies for manufacturing processes is out the scope of this
paper. Nevertheless, it is important to remark that artificial
neural networks (ANN) and fuzzy systems represent themost
widely applied artificial intelligence techniques for modeling,
control, and supervision [16, 17]. A thorough revision of
computational intelligence techniques is out of the scope
of this paper. The potential of artificial neural networks is
often combined with the ability of fuzzy systems to represent
human thought and robustness in the presence of noise and
process uncertainty [18]. Fuzzy systems can also be combined
with classical modeling techniques in order to better capture
the most important characteristics of processes [19].

On the other hand, among model-free methods reported
in the literature, the incremental models are proposed in
[20]. Incrementally, principle can be fully exploited starting
from a simple and generic form of the model. Further
refining procedures can be iteratively applied using some
more localized techniques to represent specific regions of
the input space. This work is focused on that principle for
developing a hybrid incremental model inspired in [21] and
then presents a case study for surface roughness prediction
in milling processes. Surface roughness is influenced by tool
wear, chattering, inappropriate cutting conditions, and so
forth, and therefore it is mainly used to monitor the quality
of the manufactured components [22].

In this work, a regression technique is applied for fit-
ting the global characteristics whereas the fuzzy 𝑘-nearest-
neighbors algorithm [23] is selected for the subsequent
refinement of the global model.Themain advantages of fuzzy𝑘-nearest-neighbors algorithm have been already demon-
strated in various studies [24, 25]. Noticeably, none of
previous works has evaluated the capability of this instance-
based learning method in surface roughness prediction.

However, setting parameters of the hybrid incremental
model (HIM) is not an easy task because it strongly depends
on the case study. Optimal tuning of parameters requires one
strategy for optimization among all gradient-free techniques
[26]. Simulated annealing (SA) is a probabilistic hill-climbing
technique that emulates the physical annealing and cooling
process of metals, based on a simple criterion that searches
the problem space by piecewise perturbations of the estimates
of the parameters that are being optimized [27]. SA has been
used widely as optimization technique in many fields from
optimal task allocation in manufacturing systems to vehicle
routing systems [28].

From the best of authors’ knowledge, the main contribu-
tions of this work are twofold. Firstly, a model-based proce-
dure is implemented for predicting surface roughness based
on a hybrid incremental modeling strategy. Secondly, a well-
known optimization method with proven convergence prop-
erties is applied to achieve the optimal parametrization for
the HIM method. The performance of the proposed method
is assessed by means of two comparative studies. Firstly, the
prediction capability is analyzed with regard to a theoretical,

energy-based, and Taguchi models. Secondly, four error-
based criteria are applied to perform the comparison with a
Bayesian network and a multilayer perceptron for predicting
surface roughness. The suitability of the proposed approach
for minimizing the number of parts to be remanufactured
due to poor surface roughness is then demonstrated. The
rest of the paper is organized as follows. Section 2 presents
a description of hybrid incremental modeling. The experi-
mental platform and the comparative study are presented in
Section 3. Conclusions are shown in Section 4.

2. Hybrid Incremental Modeling Based on
the Optimal Setting

The behavior of a locally nonlinear system [21] can be
captured by hybrid incremental modeling where a global
model represents the general behavior of the system and the
local model shows the local behavior. Black box approach
is an appropriate strategy when no prior knowledge of the
system is available. For the sake of simplicity and clarity,
a linear regression is selected for representing the global
behavior of the system.Therefore, least squares are chosen to
fit a polynomial of degree𝑚 with the following output:

𝑦𝐵 (𝑥𝑖) = 𝑓𝐵 (𝑥𝑖, 𝑔 (𝑥𝑖)) , (1)

where 𝑥𝑖 is the 𝑖th input data and 𝑔(𝑥𝑖) is its output value.
Therefore, the global model consists in the computed

parameters of the fitting function (i.e., the𝑚-degree polyno-
mial).

The development of the local model requires a simple
and easily interpretable technique from the viewpoint of
industrial informatics. Data normalization [29] is carried
out because different variable ranges affect negatively the
performance of the algorithms. On the other hand, fuzzy𝑘-Nearest Neighbors (F-kNN) approach has the required
characteristics justifying its selection [30]. The similarity
between 𝑞 and the points of𝑁 is given by

𝑆 (𝑛𝑖, 𝑞)

=
{{{{{{{{{

1, if 𝑛𝑖 − 𝑞 = 0,
[
[
𝑛𝑖 − 𝑞2/(𝑝−1) ⋅ 𝑘∑

𝑗=1

( 1𝑛𝑗 − 𝑞)
2/(𝑝−1)]

]
−1

if 𝑛𝑖 − 𝑞 ̸= 0,
(2)

where 𝑛𝑖 is the 𝑖th neighbor of the query point 𝑞 and 𝑝 is the
fuzzy strength parameter.

The target value of query point 𝑞 is now calculated as the
mean of the target values of the points of the set𝑁, weighted
by the similarity 𝑆:

𝑔 (𝑞) = 𝑘∑
𝑖=0

𝑆 (𝑛𝑖, 𝑞) ⋅ 𝑔 (𝑛𝑖) . (3)

The incremental model integrates the global and local
models described above. Thus, let 𝑦𝐵(𝑥) be the function that
is the output of the basic model. Then the prediction error of
the basic model is

𝜀 (𝑥) = 𝑔 (𝑥) − 𝑦𝐵 (𝑥) . (4)
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It is important to remark that F-kNN only use errors
resulting from the global modeling strategy. Therefore, the
refinement of the global model output in regions with
localized nonlinear behavior is done by F-kNN.

The incrementalmodel evaluates a sample of data input 𝑞,
by adding to the output of the basic model the compensation
term calculated by the local model according to (4):

𝑦 (𝑞) = 𝑦𝐵 (𝑞) + 𝑔 (𝑞) . (5)

The tuning parameters of hybrid incremental model,
namely, degree of the polynomial (𝑚), the neighborhood size
(𝑘), and the fuzzy strength (𝑝), play an important role in
setting the predictive model. These parameters influence the
model’s performance, and they are required to be properly
computed to produce the best output estimation using new
input data.

Simulated annealing (SA) is selected among the arsenal of
gradient-free techniques to search for an optimal set ofmodel
parameters. The main rationale for its selection relies on it
easy-to-implement probabilistic algorithm able to yield very
good solutions for a wide variety of problems. A thorough
study on the fast convergence and relatively low complexity of
the algorithm is out of the scope of this paper but it has been
recently reported [31]. The SA algorithm starts with initial
modeling parameters 𝐾HIM = [𝑚0, 𝑘0, 𝑝0] and evaluates the
MAPE performance index.

MAPE = 1𝑁
𝑁∑
𝑖


𝑦𝑖 − 𝑦𝑖𝑦𝑖

 ⋅ 100,
𝐾HIM = [𝑚, 𝑘, 𝑝]opt = argmin (MAPE) .

(6)

The current modeling parameters 𝐾HIM are perturbed to
generate another KHIM(NEW) and the mean absolute percent-
age error (MAPE) performance index is evaluated again.The
Metropolis algorithm is the basement for the acceptance and
rejection criterion. SA simulates the annealing process as it
searches for a solution. A random perturbation is generated
on the design variables 𝑚, 𝑘, 𝑝 which generates a change in
the objective function (i.e.,MAPE performance index).These
perturbations depend on a temperature index, 𝑇, and rate at
which it is lowered (𝛼 = [0.5, 0.99]). More details on this
temperature control parameter for simulated annealing are
presented in [32].

Figure 1 represents the temperature index decreasing per
iteration of the algorithm. Each set of model parameters𝐾HIM obtained by this method is substituted into the hybrid
incremental model (global plus local models) and the perfor-
mance of the resulting solution is assessed by means of whole
simulation of the system. Further details can be found in [33].

Finally, the MAPE performance index is evaluated
by comparing the simulated responses with the desired
responses and calculating the MAPE performance index.
If the performance index is lower than the previous best
performance index, then the new parameters replace the
previous parameters. Otherwise, the new model parameters
are not immediately discarded.

Simulate HIM and evaluate
MAPE performance index

Simulate HIM and evaluate
MAPE performance index

Metropolis criterion

Reduce “temperature” by 
annealing schedule

Temp
low

End

NO

YES

Begin

NO

YES

NO

YES

Generate random
[mi, ki, pi]

Perturb
[mi, ki, pi]

ΔE = Ek−1 − Ek

ΔE < 0 ℎ(ΔE) = e−ΔE/T

ℎ(ΔE) < R

Accepted xk Rejected xk

Figure 1: Algorithm for optimal tuning of hybrid modeling param-
eters based on simulated annealing.

The probability, 𝑃, of the new parameters’ cost
(MAPENEW) relative to the previous best cost (MAPEPREV)
is calculated using Boltzmann’s equation:

𝑃 = 𝑒(MAPEPREV−MAPENEW)/𝑇. (7)

The temperature index is then reduced by the annealing
schedule using a reduction constant. The whole process
is repeated until either the MAPE performance index has
reached an acceptable minimum level or the temperature
value has become too small to perturb the parameters. The
main goal is to derive optimal modeling parameters that
yield a fast and accurate model through the minimization of
the MAPE performance index. Figure 2 shows the training
procedure of the model using the target data. Figure 3
depicts how the resulting model estimates or predicts the
corresponding output using the input data.

3. Experimental Study

Kondia HS1000 machining center equipped with a Siemens
840D open-architecture CNC was used in experiments (see
Figure 4). In all the cases, 170 × 100 × 25 aluminum AL7075-
T6 (UNS A97075) workpieces were used with hardness
ranging from 65 to 152 Brinell. This material is commonly
used in automotive and aeronautical applications.

Figure 5 illustrates the two geometry forms: (b) pock-
ets and (d) island selected for experiments. For a better
understanding, a constant spiral strategy was selected for
the pocket elaboration and a Morph spiral strategy for the
island form. Figure 5 also shows the simulation and cutting
trajectories for the pocket (a) and the island (c), as well as,
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Figure 3: Diagram for executing the hybrid incremental model.

(a) Kondia HS1000 machining center

(b) Spindle, tool,
and refrigeration
system 

(c) Kistler 9257B
dynamometer

Figure 4: Kondia HS1000 machining center and sensoring equip-
ment.

the final workpieces (b) pocket & (d) island after the milling
process. In all the cases, the strategies, tool compensations,
cutting regimens, and machining time were designed and
simulated in Computer-Aided Design and Computer-Aided
Manufacturing (CAD/CAM) software and, finally, exported
to the CNC machine center.

Table 1 shows the six variables selected in the experi-
mental setup. On one hand, feed rate (𝑓𝑧), tool diameter
(𝐷), radial depth of cut (ae), and spindle rotation speed
(rpm) were chosen for their influence on productivity, having
direct relationship with key cutting variables such as cutting
speed, cutting feed rate, and material removal rate, among
others. On the other hand, the geometry curvature (Geom)
and material hardness (HB) are much related to appropriate
tool selection and the corresponding cutting strategies. For
this reason, these six parameters were selected as key process
indicators to model the milling process. Furthermore, the
machining time for the different geometry is included in
Table 1.

The most used index to characterize the surface rough-
ness is the roughness average, Ra, that represents the arith-
metic mean of the absolute ordinate values 𝐺(𝑤) within a
sampling length (𝐿) as follows:

𝑅𝑎 = 1𝐿 ∫𝐿
0
|𝐺 (𝑤)| 𝑑𝑤. (8)

One interesting indicator related to surface roughness is
the specific cutting energy consumption (SCEC) introduced
by Liu et al. [14]. SCEC is analytically calculated based on
the cutting parameters and tool-workpiece couple. SCEC
is defined as the cutting energy consumed at the tool tip
to remove 1mm3 of material. Following the definition, the
equation for a slotting milling process using a flat-end mill
can be estimated as follows:

SCEC = 𝑃𝑛
MRR

= 𝑁𝑓∑
1

∫2𝜋
0

∫𝑧𝑖2
𝑧𝑖1

( 𝑛 ⋅ 𝐾𝑡𝑒2000 ⋅ 𝑓 ⋅ 𝑎𝑝 ⋅ cos 𝑖0 +
𝐾𝑡𝑐2000 ⋅ 𝑁𝑓 ⋅ 𝑎𝑝)𝑑𝑧 𝑑𝜓,

(9)
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(a) Pocket simulation and trajectory (b) Pocket

(c) Island simulation and trajectory (d) Island

Figure 5: Different geometry forms used during the experimentation.

Table 1: Factors and factor levels used in the DoE in experiment.

D
(mm)

fz
(mm/tooth)

ae
(mm)

HB
(Brinell)

Geom
(mm)

rpm
(rev/min)

Machining time
(s)

8 0.075 3 94 0 22500 1038 (island); 1212 (pocket)

10 0.050 2 92 +0.021 18000 1150 (island); 479 (pocket)
0.100 4 145 −0.021 658 (island); 476 (pocket)

12
0.025 1 67 +0.042

18000
1754 (island); 734 (pocket)

0.075 3 94 0 675 (island); 253 (pocket)
0.130 5 152 −0.042 445 (island); 152 (pocket)

16 0.050 2 92 +0.021 18000 685 (island); 258 (pocket)
0.100 4 145 −0.021 666 (island); 141 (pocket)

20 0.075 3 94 0 15000 507 (island); 127 (pocket)

where 𝑃𝑛 is the average rotation power; Kte and Ktc are the
tangential specific cutting and edge force coefficients; 𝑖0 is the
helix angle;𝑁𝑓 is the number of flutes of the flat-end mill; 𝑧𝑖1
and 𝑧𝑖2 are the lowest and highest position of the infinitesimal
cutting edges engaged in cutting in axial direction on the 𝑖th
flute, respectively.

In order to match the model output with the actual
industrial requirements and standards, roughness labels were
also allocated according to the average value of surface
roughness (𝜇m) defined in ISO:1302 (2002) [34]. Table 2
shows variables and the respective assigned intervals for
surface roughness from mirror to smooth.

Additionally, the following cutting parameters were also
considered as inputs: spindle speed (rpm), feed rate (𝑓𝑍), and
the resulting forces applied to all directions of cutting plane
(𝐹𝑥𝑦).The cutting forces weremeasured using a Kistler 9257B
dynamometer. The surface roughness Ra was measured with

Table 2: Variables and intervals assigned.

State
𝐹𝑥𝑦
(N)

Label (lower, upper)

Ra
(𝜇m)

Label (lower, upper)
1 (22, 100) Mirror (0.10, 0.25)
2 (101, 208) Polished (0.25, 0.35)
3 (209, 324) Ground (0.35, 0.75)
4 (324, 488) Smooth (0.75, 1.50)

the Carl Zeiss Surfcom 130 stylus profilometer. Overall, 992
training samples were used in order to build the model,
whereas 72958 test samples were used for the validation study.
The average value of surface roughness, Ra, was chosen as
the output variable of the model and it was the only variable
offline measured.



6 Complexity

0.18 0.22 0.26 0.3 0.34 0.38 0.42 0.46 0.5 0.54 0.580.14
Surface roughness, Ra (m)

60
80

100
120
140
160

H
ar

dn
es

s [
H

B]

0
0.025

0.05
0.075

0.1
0.125

0.15

Fe
ed

 ra
te

, f
(m

m
/m

in
)

0
100
200
300
400
500

Fo
rc

e, 
F
r (

N
)

D = 12
D = 10
D = 8

D = 20
D = 16

Figure 6: Relationship between the plane force, feed rate, and
hardness with surface roughness for different diameters.

Figure 6 represents the influence of resultant force,
feed rate, and hardness on surface roughness for each tool
diameter considered in the study. According to the depicted
results, the richness of the training data guarantees that the
four roughness levels are well taken into account to address
the modeling task.

4. Experimental Results

4.1. Optimal Model Configuration. The hybrid incremental
model plus simulated annealing procedure (HIM + SA)
is implemented as follows. The SA algorithm parameters
are reduction constant 𝛼 = 0.99 and initial temperature𝑇𝑖 = 5000. Additionally, the number of proposed random
perturbations at each temperature is 100 and the number of
accepted solutions to proposed random perturbations is 30.
The exploration space is 𝑚 ∈ [1, 10], 𝑘 ∈ [1, 10], 𝑝 ∈ [1, 3]
where𝑚, 𝑘 ∈ Z and 𝑝 ∈ R.

In order to achieve an unbiased comparison for execution
time of the algorithms, all algorithms run with a personal
computer having Intel Core i5-3317U CPU 1.70GHz 4GB
RAM. One hundred executions are run. The optimization
process lasts 14 CPU seconds. The optimal parameters(𝑚, 𝑘, 𝑝) = (2, 2, 1.92) were obtained on the basis of the
procedure described in Section 2 by simulated annealing
optimization procedure (see Figure 3).

This means a second-order polynomial (linear), two
neighbors for the neighborhood size, and a value of 1.92 for
the fuzzy strength parameter. The global model is obtained
after the training. The errors (residuals) obtained in the
training phase are recorded and then they are used during
the evaluation by means of (4). The output of the model is
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Figure 8: Behavior of the cluster center position with regard to
iterations.

obtained by applying (5). The minimum of MAPE perfor-
mance index is 0.88%. The behavior of temperature (𝑇) with
regard to the evaluation number (𝜉) to obtain the optimal
solution is shown in Figure 7. It is clearly shown how after
10,000 evaluations the algorithm converges to a stable region.

Another interesting indicator is the behavior of cluster
center position (Pos) with regard to the evaluation number
shown in Figure 8. There are two main regions, one close
to 0 value and the other close to 0.19. Furthermore, in some
iterations, the cluster center is located at 0.08 or near to 0.

4.2. Discussion on Surface Roughness Prediction Problems. A
comparison with three prediction models reported in the
literature is performed to assess the accuracy of the proposed
model. According to Wang and Chang [35], the theoretical
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Ra estimation for a slotted surface using a flat-end mill can
be calculated as

𝑅𝑎𝜅 = 𝑓4 ⋅ cot 𝜅 , (10)

where 𝜅 is the concavity angle (𝑘 = 2.5 by measurement).
The second model was extracted from the empirical rep-

resentation surface roughness depending on specific cutting
energy consumption (SCEC) index proposed by Liu et al. [14],
represented by

𝑅𝑎SCEC = 𝐶1 ⋅ 𝑒𝐶2⋅SCEC, (11)

where 𝐶1 and 𝐶2 are empirical coefficients estimated in
function of ap.

Finally, Taguchi methodology is a widely used approach
to optimize the parameters for obtaining the minimum
surface roughness, and the following representation is also
taken from Liu et al. [14]:

𝑅𝑎 = 10−𝜂∗/20, (12)

where 𝜂∗ is the predicted 𝑆/𝑁 ratio for the predicted cutting
condition.

For the sake of coherence with the above-mentioned
works, the performance index or figure of merit used to
carry out a first comparison is the prediction relative error.
Table 3 shows the prediction relative errors usingmodels (see
(10)–(12)) and HIM + SA.

This first comparative study aims at assessing the accuracy
of the four models considered in the comparison. The
column labelled Ra represents the nominal values measured
in workpieces and the subscripts (𝜅, SCEC, 𝜂, HIM) represent
the predicted values using the models (see (10)–(12)). The
theoretical model, the SCEC model, and the Taguchi model
are evaluated using the cutting conditions already reported
in [14, 35] with 𝑟𝑝𝑚 ∈ [1000, 3000] (rpm), 𝑎𝑒 ∈ [1, 3] (mm),𝑓 ∈ [50, 100] (mm/min). In the work herein reported the
same material (AL-7075) and the same tool (a 2-flute solid
carbide flat-end mill with a diameter of 10mm) are also used
in the experiments. However, the depth of cut, the cutting
speed, and the feed rate in our experiments (see Table 1)
are higher than the cutting conditions reported in [14, 35].
In order to assess the precision of the four models in their
respective cutting conditions, the predicted and measured
values of surface roughness are compared. HIM + SA yields
the best fitting between the predicted andmeasured values of
surface roughness with best prediction errors.

Figure 9 depicts the graphical representation of measured
versus predicted Ra for all models considered in this compar-
ison. HIM + SA shows the best fit in all the cases, although
it is important to highlight that SCEC model also shows very
good behavior. From these resultswe can conclude that a clear
representation of themilling process can be obtainedwith the
proposedmethod, being a powerful tool to predict in-process
surface roughness based on the cutting parameters.

In the literature, there are plenty of artificial intelligence
techniques applied to surface roughness detection and pre-
diction. For the sake of clarity, two modeling strategies based
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Figure 9: Comparison between observed versus predicted for the
studied models.

on a Bayesian network (BN) and a multilayer perceptron
(MLP) are also compared with the HIM + SA. In order to
carry out a thorough evaluation of the model, four error-
based performance indices and two classification criteria are
considered in this study.Therefore, in the second comparative
study, a total of six performance indices were applied to
assess the actual behavior on the basis of experimental run
as follows: number of parts correctly manufactured (NPM),
the number of parts to be remanufactured (NPR), the mean
absolute error (MAE), the root mean squared error (RMSE),
the relative absolute error (RAE), and the root relative
squared error (RRSE).

Table 4 shows the main characteristics of the three
approaches considered in the second comparative study.
Multilayer perceptron (MLP) is one of the most widely
applied neural networks at industrial level. However, the
main drawback is related to the setting and tuning of network
parameters such as number of hidden layers, number of
nodes in the hidden layer(s), and form of activation func-
tions.On the contrary, BNs have an easy and fast construction
procedure without tuning parameters. The rationale for the
good interpretability of BNs is indeed the reasoning based on
real-world models.

However, memory requirementsmight limit the transfers
of knowledge and real-time applications. Further details
on designing issues are reported in [36]. HIM + SA has
some interesting features such as simple structure and easy
training with few tuning parameters enabled by an optimal
setting procedure (simulated annealing). HIM + SA also
outperforms BN and MLP in terms of computing time. BN
requires 0.08 CPU seconds,MLP requires 12.69 CPU seconds
and HIM + SA requires 0.01 CPU seconds.

Table 5 shows the results of the second comparative study.
The application of the BN and ANN yielded RAE of 10.41%
and 13.05%, respectively.On the contrary,HIM+SAachieved
an excellent accuracy, for instance, 2.68% in RAE, almost
five times less error than the BN. The excellent behavior
is also endorsed with the best number of parts correctly
manufactured of 98.88%. Overall, HIM + SA outperforms
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Table 4: Main parameters of each modeling strategy considered in this study.

Algorithms BN ANN HIM + SA

Model
Seven inputs

(Fr, fz, D, ae, HB, Geom, rpm)
Output: Ra

Seven inputs: (Fr, fz, D, ae, HB,
Geom, rpm)
Output: Ra

Seven inputs
(Fr, fz, D, ae, HB, Geom, rpm)

Output: Ra
Clustering No (TAN) No (BP) Fuzzy k-NN

Structure Three layers (4-11-4 neurons) Tree-like structure
Second-order polynomial, two

neighbors, and 1.92 for fuzzy strength
parameter

Inference Global Causal and abductive Global and local
Main parameters to adjust No tuning parameters Many (MLP) m, k, p, optimal setting by SA

Training algorithms No (estimation of conditional
probability) BP LSE + IBL

Interpretability Yes No Partially
BN: Bayesian network; ANN: artificial neural network; HIM + SA: hybrid incremental model with simulated annealing; TAN: tree augmented Naive-Bayes;
BP: backpropagation; MLP: multilayer perceptron; LSE: least square error; IBL: instance based learning.

Table 5: Comparative study of the three models (ANN, BN, HIM +
SA).

Performance index/approach BN ANN HIM + SA
NPM (%) 96.35 94.84 98.88
NPR (%) 3.65 5.16 1.12
MAE 0.03 0.04 0.0032
RMSE 3.65 5.16 0.0227
RAE (%) 10.41 13.05 2.68
RRSE (%) 32.66 33.70 4.77

significantly BN and ANNwith regard to all figures of merits
considered in this second study; specifically the number of
parts to be remanufactured is the least value of all.

5. Conclusions

The development of adequate modeling strategies to deal
with complexity of machining processes is a must. The
prediction of surface quality is not straightforward.The need
of decreasing parts to be remanufactured due to poor surface
quality is motivated by the direct impact on economy and
environment.This paper presents a hybrid incremental mod-
eling strategy with an optimal setting procedure for quality
detection in milling process. The procedure for designing
and implementing hybrid incremental models with optimal
parameters is simple and computationally efficient.The study
demonstrates how surface roughness is predicted with a
basic parameters configuration (second-order polynomial,
two neighbors, and the fuzzy strength parameter near to two)
using a simulated annealing optimization method.

Two comparative studies with traditional techniques (i.e.,
theoretical model, energy model, and Taguchi-based model)
and artificial intelligence-based techniques (i.e., a multilayer
perceptron and a Bayesian network) for predicting surface
roughness have demonstrated that the proposed strategy
outperforms significantly the others techniques and models

considered in this study. The number of parts to be reman-
ufactured using hybrid incremental model with optimal
parametrization is less than applying either, a multilayer per-
ceptron and a Bayesian network (e.g., about one percentage).
The hybrid incremental model yields also better error-based
performance indices for predicting the surface roughness
than above-mentioned Bayesian and neural network models.

Hybrid incremental modeling plus simulated annealing
for optimal parametrization can be extended to a wide
range of manufacturing processes for estimating part quality.
Further studies will be conducted to relate model outputs to
other variables such as current and power consumption.
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