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a b s t r a c t

Energy consumption is a major sustainability focus in the metal cutting industry. As a result, process
planning is increasingly concerned with reducing energy consumption in machine tools. The relevant
literature has been categorized into two research areas. The first includes energy prediction models,
which characterize the relationships between cutting parameters e the main outputs of process plan-
ning - and energy consumption. The second involves energy-consumption optimization, which uses the
prediction models to find the cutting parameters that minimize energy use. However, previous energy
prediction models are limited to predict energy for tool paths coded in a Numerical Control (NC) pro-
gram. Previous energy optimization methods typically do not use online optimization, which enables fast
optimization decision-making for supporting on-demand process planning and real-time machine
control. This paper presents a component-based energy-modeling methodology to implement the online
optimization needed for real-time control. Models that can predict energy up to the tool path-level at
specific machining configurations are called component-models in this paper. These component-models
are created using historical data that includes process plans, NC programs, and machine-monitoring data.
The online optimization is implemented using a dynamic composition of component-models together
with a divide-and-conquer technique. The feasibility and effectiveness of our methodology has been
demonstrated in a milling-machine example.

Published by Elsevier Ltd.
1. Introduction

The metal cutting industry faces the critical challenges to
accommodate the issues of sustainability, which simultaneously
considers three aspects: economy, society and environment (Peng
and Xu, 2014a). Especially, numbers of publications have been
made to increase environmental performance through energy-
efficiency, resource-efficiency and sustainability assessment.
Energy-efficient machining, the scope of the present work, is the
strategy for reducing the energy consumed bymachining processes
(Rajemi et al., 2010). It can be achieved with energy measurement
followed by diagnostic, predictive and prescriptive analysis for
energy saving on a machine tool system with careful combination
of productivity performance. Resource-efficient machining aims at
reducing environmental burdens through development of
environmentally-conscious (eco-) resources or efficient usage of
resources consumed. Technologies for resource-efficientmachining
have broadly included application of eco-coolants (Shokrani et al.,
2012; Pereira et al., 2015), optimization of materials (Rodríguez
et al., 2012), extension of tool's lifespan (Pereira et al., 2015), and
minimization of wastes. On the other hand, environmental sus-
tainability assessment quantifies environmental impacts on phys-
ical resources' lifecycle perspective. Here, Life Cycle Assessment
(LCA), a technique for compiling and evaluating the inputs, outputs
and the potential environmental impacts of a product system
throughout its lifecycle (ISO, 2006), is a commonly-used and useful
technique. However, LCA depends on the accuracy of life cycle in-
ventory data and the specificity of the collected data. As LCA is an
assessment not synthesis technique, it calculates only the potential
environmental impacts and there is some subjectivity in assigning
the weights for individual categories (subjective judgement
regarding the relative importance of one impact category over
another). For increasing environmental performance in the metal
cutting industry, it is essential to collect directly the data from the

mailto:jungyub.woo@nist.gov
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jclepro.2017.05.013&domain=pdf
www.sciencedirect.com/science/journal/09596526
http://www.elsevier.com/locate/jclepro
http://dx.doi.org/10.1016/j.jclepro.2017.05.013
http://dx.doi.org/10.1016/j.jclepro.2017.05.013
http://dx.doi.org/10.1016/j.jclepro.2017.05.013


S.-J. Shin et al. / Journal of Cleaner Production 161 (2017) 12e29 13
equipment using sensors, and to provide predictive and prescrip-
tive analysis, which does not involve assigning any subjective
weights, based on objective methods like machine-learning tech-
niques. In these sense, sustainability achievement especially in the
environmental aspect is not easy because many consideration and
constraint factors with handling actual data should be involved. It
should accompanywith complex decision-making processes taking
into account of Multi-Criteria Decision Analysis for searching
logical and optimal solutions (Martín-Gamboa et al., 2017). Such
complex decision-making significantly depends on process
planning.

Process planning is a way of selecting necessary manufacturing
processes and determining their sequences to transform the
designed part into a physical part (Xu et al., 2011). Typically, these
selections and determinations are based on optimizing a number of
production related performance metrics. As mentioned, sustain-
ability metrics have been added to these performance metrics.
Addition of sustainability metrics to the process planning is now
frequently called eco-process planning (Xu et al., 2011). According
to Kara and Li (2011), eco-process planning has contributed to
improving several sustainability metrics, including energy con-
sumption, resource usage, and environmental impacts. Of these
sustainability metrics, reducing energy consumption is increasingly
becoming the dominant metric in the metal cutting industry
(Newman et al., 2012). However, reducing energy is a big challenge
in machining because it requires a good understanding of 1) the
complexity of metal cutting mechanics; 2) the interrelationships
among efficiency, energy, speed, cost, and quality; and, 3) the di-
versity of energy-consuming units of a machine tool and its aux-
iliaries (Newman et al., 2012).

Energy reduction is, of course, not a new topic in machining and
other types of manufacturing. In fact, a significant amount of
related research - including optimizing machine design, process
plan, or machine selection - has appeared in Duflou et al. (2012).
The research in optimizing process plans for energy reduction has
been grouped into two categories: energy prediction models
(hereafter, energy models) and optimization techniques (Peng and
Xu, 2014a). Because all of the optimization techniques use energy
models to evaluate proposed solutions, it is essential to create
reliable energy models. By that, we mean that such models must
capture the real, physical, cause-and-effect relationships between
cutting parameters and energy consumption. According to Peng
and Xu (2014a) and Zhang (2015), those relationships can be
captured in theoretical models, empirical models, or discrete-event
models. Essentially, all of these models take cutting parameters as
input and predict energy consumption as output.

1.1. Energy prediction

Energy prediction models began to appear in Draganescu et al.
(2003), where the authors describe an energy model that
captured the relationship between cutting parameters and Specific
Energy Consumption (SEC)1 using Response Surface Methodology
(RSM). Helu et al. (2011) presented empirical models to predict
energy and to evaluate the trade-offs between environmental and
financial impacts. Kara and Li (2011) developed empirical models to
capture the relationship between SEC and MRR.2 He et al. (2012)
presented estimation models to account for total energy con-
sumption of machine tool's units via pieces of a Numerical Control
(NC) program. Diaz et al. (2012) developed empirical models to
1 Specific Energy Consumption is the energy consumed for removing a unit-
volume of material.

2 Material Removal Rate (MRR) is the volume removed per unit-time.
predict power from MRR without actually measuring the power
demand at a machine. Newman et al. (2012) developed empirical
models that showed that changing cutting parameters can result in
large changes in energy consumption. Balogun and Mativenga
(2013) developed mathematical and logical energy models by
classifying machine units' separate energy demands on different
machine states (basic, ready and cutting). Aramcharoen and
Mativenga (2014) presented an energy modeling method that
estimated total energy differently applied for NC blocks and iden-
tified the influence of different tool path strategies on energy.
Zhang et al. (2016a) developed a multistage approach to predict
energy using sliding filter, multiple linear regressions and gene
expression programming on a drilling center. Lee et al. (2015)
proposed a methodology to estimate total energy consumption
by decoupling energy of machine tool's units from cutting energy.
Balogun and Mativenga (2013), and Aramcharoen and Mativenga
(2014) well analyzed some remarkable energy models. In these
studies, energy models are classified into: a group of models using
SEC concept, and another group of models using direct energy re-
quirements; however, they are complementary. The former group
provides good models for figuring out the relationship between
energy and MRR, which is determined by cutting parameters;
however, limits in calculating directly energy demand of a machine
tool's unit systems. The latter group suggests practical models for
creating energy models aligning with actions and states of the
machine's units and auxiliaries (Balogun and Mativenga, 2013).
More recently, Bhinge et al. (2017) developed a model that pre-
dicted energy consumption by using Gaussian Process Regression.
They created energy models per NC block, and constructed an
overall prediction model by aggregating the predictions of indi-
vidual NC block-level models.

The previous models mainly focus on characterizing the re-
lationships between cutting parameters and energy consumption
during only a few tool path movements. Consequently, they do not
have the ability to predict total energy consumption for all tool
paths in any NC program. Bhinge et al. (2017) showed the possi-
bility of creating and collecting individual energymodels for all tool
paths in an NC program. However, they could gain a better ability
when they subdivided each NC block in terms of a specific use of
the block. When an NC block executes an interpolation function
using the G01 code, the block can be subdivided into its required
movements: approach, back, retract, and feed. The first three
movements do not involve any contact between the cutting tool
and theworkpiece, but on the other hand, the feedmovement does.
This means that the feed movement uses significantly more energy
than the other movements. These observations can conclude that
different use of NC blocks, even on the same machine, require
different energy models. Additionally, they did not consider the
effect of different machining configuration, i.e., a selection of a
machine, workpiece, cutting tool, cooling option, machining oper-
ation, and tool path strategy for producing a part. The same NC
block implemented on different machining configurations will also
require either different coefficients in the same energy models or
totally different energy models. For example, a model for a steel
material may have different coefficients from an aluminum mate-
rial due to their different hardness (Gutowski et al., 2006). These
different machining configurations require different models.

1.2. Energy optimization

Energymodels, such as those described above, form the basis for
finding (near-) optimal cutting parameters that optimize (in this
case, minimize) some metrics related to energy consumption.
Typical cutting parameters include feedrate, spindle speed, cutting
depth, and cutting width. Common metrics include energy, power,
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SEC and MRR. Note, some researchers focus on a single metric;
others include multiple metrics. Srinivasan and Sheng (1999)
developed an off-line algorithm based on a notion called health
hazard scoring, which obtained feature-level optimal plans. Rajemi
et al. (2010) derived an economic and tool-life model to find the
minimum energy requirement. Mativenga and Rajemi (2011) pro-
posed an off-line methodology for selecting optimal cutting pa-
rameters that minimize energy footprint. Zhang et al. (2016b)
proposed an energy-saving approach by integration of process
planning and scheduling in flexible manufacturing systems, which
scales up the focused system from a machine to production line.
Moradnazhad and Unver (2016) discussed strengths and weak-
nesses of some remarkable studies which used optimization tech-
niques including simulated annealing, genetic algorithms and
artificial neural network. Researchers have recently begun to
develop methods to solve multi-objective optimization problems.
They include Bhushan (2013), Iqbal et al. (2015), Camposeco-
Negrete (2015), Kant and Sangwan (2014), Velchev et al. (2014),
Alrashdan et al. (2014), and Hatim et al. (2015).

The previous studies provide good off-line methodologies for
selecting optimal cutting parameters. These methodologies use a
Design of Experiments (DOE) approach to construct statistical
curve-fitting functions. These functions, which use a small set of
experimental trials, are used as energy models (Newman et al.,
2012). However, this DOE method requires conducting new ex-
periments and obtaining new curve-fitting functions manually for
each machining configuration. This is a problem in machine shops
where machining configurations frequently and dynamically
change. Such shops require online, rather than off-line, method-
ologies, which enables fast optimization in machine shops to sup-
port on-demand process planning (decisions made within
allowable timespanwhen required) and real-time machine control.
Peng and Xu (2014b) were the first to articulate the concept of the
online optimization; however, they did not develop a feasible
methodology for implementing that concept. Developing such a
methodology is the principal goal of this paper.

1.3. A new online optimization methodology

Our approach uses historical data to create component-models,
called in this paper, rather than using new experiments. The his-
torical data includes existing process plans, NC programs, and
machine-monitoring data for specific machining configurations,
called machining data in this paper. Our methodology uses
component-model composition and divide-and-conquer tech-
niques to automate the online energy-optimization concept.
Composition is based on a number of existing standards. STEP-NC
(ISO, 2003) is used as the interface between process planning
data and NC programming, MTConnect (MTConnect Institute, 2014)
as the data interface for machine-monitoring data, and Predictive
Model Markup Language (PMML) (DMG, 2015) as the model
interface for component-models.

Section 2 introduces the identification of the machining data,
and the overall flow of the proposed methodology. Section 3 ex-
plains the identification of component-models. Section 4 presents
the procedure for component modeling. Section 5 describes the
method for the online optimization. Section 6 demonstrates a case
study, and Section 7 includes a summary and conclusions.

2. Machining data and proposed methodology

This section introduces an overall flow of the proposed meth-
odology. Before that, it is required to identify the machining data,
and associated standards that are the inputs to our methodology.
This identification specifies the essential process planning, NC
programming, and machine-monitoring data.

2.1. Identification of machining data

Process planning specifies machining features from part design
geometry, and machining operations to fabricate those features.
The STEP-NC, i.e., ISO 14649, data structure is used to represent
process planning data (ISO, 2003). Fig.1(a) shows a simplified STEP-
NC data structure. The arrows indicate hierarchical relations be-
tween entities. For example, each ‘work plan’ involves one or more
‘machining workingstep’. Each ‘machining workingstep’ involves
one machining operation. Each machining operation involves one
tool, cutting parameters, tools paths, and so on. Fig. 1(b) shows a
data structure of an NC program, which converts process planning
data to a machine-interpretable format for NC machines. ISO 6983
data structures is used to represent code instructions, positions,
line motion and contouring control used in NC machines (ISO,
2009).

Fig. 1(c) shows an example of the MTConnect data structure for
representing a wide range of machine-monitoring data
(MTConnect Institute, 2014). Machine-monitoring data are valuable
for two reasons. First, they help process planners determine the
differences between observed and planned data elements, and take
actions if those differences are too great. Second, they provide
important inputs needed to compute a variety of machine perfor-
mance metrics, including energy consumption. For this, it is
essentially required to perform the context synchronization, which
matches data elements in machine-monitoring data with corre-
sponding data elements in process planning and NC programming
data along with timestamps (see Section 4.3).

2.2. Overall flow of the energy-modeling methodology

Fig. 2 illustrates an overall flow of the proposed methodology.
Using the standards described above, raw machining data are
transmitted to, and stored in, a data repository. These data are
retrieved to create component-models where cutting parameters
are input parameters and energy is an output parameter. Different
machining configurations require other component-models (dis-
cussed in Section 1). Thus, when creating a component-model, it is
necessary to identify a certain machining configuration where the
model is allowed to apply. Additional parameters are used to
identify the machining configuration apart from the input and
output parameters. We name those parameters Machining
Configuration (MC) parameters (see Section 3).

‘Component modeling’ involves four major activities: 1) data
extractione search and extract the necessary raw data, 2) data pre-
processing e correct missing and erroneous data to make complete
datasets, 3) context synchronization, and 4) regression modeling e

create a numerical function that relates outputs to inputs (see
Section 4). The online optimization is performed to find optimal
cutting parameters through the application of optimization tech-
niques (see Section 5) by retrieving associated component-models
from a model repository and composing them.

3. Energy component-models

As mentioned earlier, energy models that can predict energy up
to the tool path-level at specific machining configurations are
called component-models. To develop such models, this section
explains: 1) generic frame of energy and power (amount of energy
consumed per unit-time) in machining, 2) understanding of power,
3) computing and analyzing of power, and 4) identification of MC
parameters, 5) specification of component-models, and 5)
composition of component-models. Power is used to describe
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energy component-models because machine-monitoring data
typically includes power values (in watts) measured by power
meters. Previous literature has also analyzed power instead of en-
ergy; however, these two metrics are comparable because energy
can be obtained from !P(t)dt e the integral of power over time
(Campatelli et al., 2014).

3.1. Generic frame of energy and power in machining

The total energy consumption in a machine tool (Etotal) is the
sum of multiple energy-consuming units from distinct events or
states experienced by the machine, as expressed in Equation (1)
(Aramcharoen and Mativenga, 2014). Each energy-consuming
unit makes a positive energy value when a machine is: turned-on
(Esystem), running a spindle (Espindle), operating a coolant system
(Ecoolant), changing a cutting tool (Etool), moving axes systems (Efeed)
and removing a material (Eremoval) (Aramcharoen and Mativenga,
2014). The combination of these energy-consuming units varies
in terms of the machine's states e basic, ready or cutting. The basic
state requires Esystem, the ready state requires Esystem and Espindle; on
the other hand, the cutting state demands selective energy uses
among all the energy-consuming units, depending on an NC pro-
gram (Balogun and Mativenga, 2013). These different energy uses
directly relate to power, which makes a complex and fluctuant
pattern, as shown in Fig. 3.

Etotal ¼ Esystem þ Espindle þ Ecoolant þ Etool þ Efeed þ Eremoval (1)

A power value (P) at a timestamp consists of: 1) the ready power
(Pready), which is the sum of power demands to operate a basic
system (Psystem), a spindle system (Pspindle) and a coolant system
(Pcoolant) during the ready state, and 2) the cutting power (Pcutting),
which is the sum of the power required tomove axes systems (Pfeed)
and the power loaded to axes and spindle systems for removing a
workpiece (Premoval) during the cutting state. Here, the scope of the
present work is to perform energy modeling and optimization
within the cutting state, i.e., the machining time (T) spent during
executing an NC program, as shown in Fig. 3.

Some literature reports that energy-efficiency during the basic
and ready states can be dominance in energy saving on amachining
process. According to (Moradnazhad and Unver, 2016), auxiliary
units of a machine tool consumemore energy than the energy used
during the cutting state, and thus this fact demands the reduction
of idle times by analyzing process chains in macro-view and the
reduction of power by designing energy-efficient machine's hard-
ware units. This rational argument is, of course, worthy; however,
energy reduction in the cutting state controlled by cutting pa-
rameters is also important because: 1) the energy during the cut-
ting state, in micro-view, influences on total energy consumption
(14.8% variation among the total energy in Gutowski et al., 2006), 2)
humans or software (computers) can considerably determine cut-
ting parameters for energy-efficiency regardless of machine hard-
ware, and 3) deciding cutting parameters should holistically
concern other metrics such as machining time and roughness with
energy. Such reasons make much literature get involved in energy-
efficiency in the cutting state (Peng and Xu, 2014a; Moradnazhad
and Unver, 2016).
3.2. Understanding of power in machining

P(t) e denoted Pt e is an aggregation of several power re-
quirements (see Equation (2)). They are the ready power (Pready) to
run a machine's constituent systems when it is not cutting, and the
cutting power (Pcutting) required to cut a workpiece (Gutowski et al.,
2006). Pready is mainly determined by the capabilities of a machine.
Pfeed has two types: (1) the power affected by feedrate given by
interpolation movement (e.g., G01, G02 and G03 commands), and
(2) the power determined by machine's capabilities for rapid
movement (e.g., G00), tool change, tool offset compensation and
homing position (Aramcharoen andMativenga, 2014). Premoval is the
value ofmultiplying SEC (kt) withMRR (Qt) where kt is related to the



Fig. 3. An abstractive model of a power profile.

3 Note, the red circles in Fig. 4(b) will be explained in Section 4.2.
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workpiece hardness and the application of metal cutting mecha-
nism (Gutowski et al., 2006). Premoval is actually imposed on a
spindle and axes systems due to the resistance occurred between
these systems and a workpiece. Balogun et al. (2016) reported that
SEC is the sum of specific rubbing energy, specific ploughing energy
and specific shearing energy, and varies with their mechanisms
applied. These rubbing, ploughing and shearingmechanisms can be
decided in terms of the chip thickness of a workpiece and the nose
radius of a cutting tool. In rubbing (a cutting tool rubs a workpiece
like grinding) and ploughing (a cutting tool pushes a workpiece
material upwards) mechanisms, the rapid increase of cutting and
frictional forces increases SEC due to the material spring back effect
where a workpiece is forced under a cutting tool and then recovers
back after the tool passes (Balogun et al., 2016). On the other hand,
in shearing mechanism, SEC will be lower because the elastic
deformation of the workpiece decreases rapidly and a chip is
formed (Balogun et al., 2016). Thus, kt needs to be determined
based on the type of these metal cutting mechanisms given at a
timestamp. This type can be determined through the ratio of the
nose radius and the chip thickness, which can be obtained from the
nose radius, cutting depth and feedrate. The present work mainly
deals with energy modeling in the shearing mechanism underlying
roughing and finishing operations in machining. Meanwhile, Qt

depends on cutting parameters e feedrate, spindle speed, cutting
depth and cutting width e applied at a timestamp, as expressed in
Equation (3) (Amstead et al., 1987).

Pt ¼ Pready;t þ Pcutting;t ¼ Pready;t þ ktQt (2)

where, Pt: power (W), Pready,t: ready power (W), Pcutting,t: cutting
power (W), kt: SEC (J/cm3), Qt: MRR (cm3/s)

Q ¼ x1;t,x2;t,x3;t,x4;t,T (3)

where, x1: feedrate (mm/tooth), x2: spindle speed (rad/s), x3: cut-
ting depth (mm), x4: cutting width (mm), T: the number of teeth of
a cutting tool.

3.3. Analysis of power

Fig. 4 illustrates an example of a 2.5-dimensional milled part
(see Fig. 4(a)) to explain the analysis of power. Fig. 4(b) presents
three time-series graphs that display power measurements that
were recorded during themachining of this part. Each time series is
associated with the same part, parameters, and machine; they
differ only in the materials used and their hardness properties. The
power trend for Steel part requires more cutting power than those
for Aluminum and Titanium parts due to their different hardness.3

Fig. 4(c) shows the zoomed-in power trend for Steel part. The trend
varies with machining operations assigned to make separate
machining features. For example, contouring for Profile 1 makes a
different trend from those of slotting, pocketing and drilling.

Fig. 4(d) shows some captured power trends for Profile 1, Slot 2
and Pocket 1 to analyze the differences of power at the tool-path
level. These trends can be more understandable with Fig. 5,
which presents the types of tool paths generated for the three
machining features. In Fig. 5(a), each interpolation movement can
be subdivided into approach, retract, X/Y-directional or circular
feed movement in terms of the tool's moving direction. The
approach and retract movements do not require Pcutting due to non-
contact of a tool with a workpiece. Whereas, X/Y- directional feed
movements require Pcutting due to cutting forces by real-contact of
the tool with the workpiece. In Fig. 5(b), back, approach and retract
movements do not require Pcutting as feed movement requires it. In
Fig. 5(c), stepover movement (the movement transferring from one
side to the other in a zigzag fashion) requires higher cutting power
than that of feed movement due to the momentary increase of
Pcutting.

Consequently, each power value depends on 1) the specific
machining configuration applied at a given timestamp and 2) the
specific use of the tool path applied at the same timestamp. As
mentioned in Section 1, different combinations of machining con-
figurations lead to different component-models. The next three
sub-sections describe this relationship between configurations and
component-models.
3.4. Identification of machining configuration parameters

A set of MC parameters can be represented as a vector
M ¼ fm1;m2; :::;mag. mi can include data about machine tools,
workpiece materials, machining operations, NC commands, cutting
tools, cooling options, and paths (hereafter, trajectory) among
others. The reasons for selecting other MC parameters except cut-
ting tools and cooling options are already described in Section 1,
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Fig. 5. Types of tool paths in milling machining.
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Sections 3.1 and 3.2. The parameters of cutting tools might include
material, geometry, coating type, and insert grade of a cutting tool
(Bhushan, 2013). For example, the rake angle of a cutting tool af-
fects cutting force in a deformation zone where the tool contacts
with a workpiece, thereby influencing the cutting power (Balogun
et al., 2016). Another reason comes from tool change energy
(Etool) when changing cutting tools in a turret. Tool change caused
by T-codes in an NC program requires the energy for the turret's
movement from the current to home position and unloading/
loading cutting tools (Aramcharoen and Mativenga, 2014). The
cooling options might include air, dry, Minimum Quantity Lubri-
cant (MQL), wetting and cryogenic (Zhang et al., 2015; Shokrani
et al., 2016). Mulyadi et al. (2015) reported the different influence
of wet, dry or MQL condition on energy requirement. The cooling
options affect power requirement (Pcoolant) and consequently en-
ergy demand of a coolant system (Ecoolant). Table 1 summarizes the
list of MC parameters, which will be used in this paper.

3.5. Specification of component-models

OnceMCparameters have been identified, it is essential to specify
component-models through the identification of input (X) and
output (y) parameters and their numerical functions (f). Fig. 6 shows
the relationship between MC parameters and component-models,
using the concept of a hypercube (the model composition will be
explained in Section 3.6). The hypercube consists of individual
cubes, which represent independent component-models. Each
component-model (Mk) has at least one numerical function f, which
characterizes the relationshipbetween input andoutputparameters.

3.6. Composition of component-models

When an NC program is generated by process planning, all of the
tool paths and their associated MC parameters are known. These
paths and parameters can be used to determine which component-
models are needed for the energy prediction. Five such component-
models have been identified for our milling example, as shown in
Fig. 6. These models are associated with approach and feed
movements for contouring, and feed and stepover movements for
pocketing.When cutting parameters are given, thesemodels can be
Table 1
An example of machining configuration parameters.

ID Parameter Examples

m1 Machine NVD 1500 D
m2 Tool End mill, fac
m3 Cooling Air, Wet, Dr
m4 Material Aluminum, s
m5 Operation Contouring,
m6 Command Rapid (G00)
m7 Trajectory X-direction,
used to predict power values. Different cutting parameters make
different predicted power values, as shown in Mk-2 model.
Composing sequentially the individual component-models can
derive the total power and aggregating the power values can
calculate energy. The next section discusses this in more detail.

4. Component modeling

This section presents the four-step procedure for building
component-models: data extraction, data pre-processing, context
synchronization, and regression modeling.

4.1. Data extraction

For each component-model, it is required to extract data from
process planning, NC programming, and machine-monitoring. An
ISO 14649 program is used to extract the data elements related to
the process planning data. As shown in Fig. 1(a), the MC parameters
including ‘machine’, ‘tool’, ‘cooling’, ‘material’, and ‘operation’ can
be extracted. Simultaneously, the four cutting parameters (feedrate,
spindle speed, cutting depth and width) can be extracted from that
program. As shown in Fig. 1(b), an ISO 6983 program is used to
extract the data elements related to the NC program, which include
the other MC parameters e ‘command’ and ‘trajectory’. An
MTConnect document is used to extract the data elements related
to the machine-monitoring data as shown in Fig. 1(c).

4.2. Data pre-processing

Because machine-monitoring data are recorded by physical
measurement devices, missing or erroneous data are unavoidable
(Roy and Oberkampf, 2011). As a result, there will be uncertainty in
that data, which leads to an increase in the uncertainty of the
model's prediction. Hence, it is essential to reduce the data un-
certainty by “cleaning” the data e that is to correct missing or
erroneous data. As shown in Fig. 4(b), for example, the circled po-
wer values can be treated as erroneous data because a machine
requires the minimum power during turn-on. These power values
need to be handled by using cleaning methods such as those dis-
cussed in (Kotsiantis et al., 2006).
CG, PUMA GT2100, EC500
e mill, drill
y, MQL, Cryogenic
teel, titanium
pocketing, slotting, drilling
, linear feed (G01), clockwise-circular (G02), counterclockwise-circular (G03)
Y-direction, feed, back, stepover, approach, retract, circular



Fig. 6. Specification and composition of component-models (ε e represents the error in the regression function).
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Another source of erroneous data are outliers, which differ
significantly from the rest of the data (Aggarwal, 2013). Although
some techniques such as outlier mining, outlier modeling, novelty
detection, and anomaly detection are commonly used (Aggarwal,
2013), there is no rigid rule for outlier detection. The usual
approach for outliers, when they are detected, is to remove them
from the dataset.
4.3. Synchronization

Once thefinal dataset has been obtained, it is required to perform
time synchronization and context synchronization. Time synchro-
nization matches all data elements based on their timestamps.
Context synchronization matches individual, MTConnect data ele-
ments with their corresponding data elements in ISO 14649 and ISO
6983. More specifically, the ‘Position’ data element in MTConnect is
the key used to synchronize the MTConnect instances with their
corresponding NC blocks in ISO 6983. In turn, these blocks can be
synchronized with their corresponding data elements in ISO 14649.

Fig. 7 shows an example of the context synchronization. The two
wattage values in theMTConnect are synchronized with N101 block
in ISO 6983 representation because their associating positions are
located in-between the start andendpoints of this block. Themoving
direction (-Y) derived from the start and endpoints indicates that
N101 block is used for feed trajectory because it can be inferred from
the coordinates and the geometryof themachined featurewhere the
block is executing. In turn, N101 block is synchronized with its
associating machining operation in the ISO 14649 representation
using the feature geometry and the tool path strategy.
The bottom table in Fig. 7 shows an input-output dataset
generated from this example. The first tuple includes the instances
(underlined in the upper boxes) of the seven MC parameters, the
four input parameters and the output parameter at a given time-
stamp. In this way, multiple input-output datasets that correspond
to sets of MC parameters given in an NC program can be obtained.
As the data extraction, data pre-processing and context synchro-
nization are time-consuming works, these works are automated by
programming codes in JAVA.

4.4. Regression modeling

Once all of the synchronization is completed, the input-output
datasets needed to generate component-models using regression
techniques are prepared. Applicable techniques for computing the
function f that minimizes ε (error terms between the measured and
the predicted power) include regression - linear, nonlinear,
Bayesian, and Artificial Neural Networks (ANN). Different
component-models may require different techniques and in some
cases, the same component-model may require two different
techniques. For example, one component-model can be repre-
sented either by a second-order polynomial or by an ANN as
expressed in Equation (4) or (5). These two equations have different
structures; however, their purpose is same in that they output a
power value from input cutting parameters.

Pt ¼ a0 þ
Xb
i¼1

aixi þ
Xb
j¼1

ajx
2
j þ ε; (4)

where a: coefficients of terms, b: the number of x variables.



Fig. 7. An example of the context synchronization.
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Pt ¼ fo

0
@Xp

j¼0

wojfh

 Xq
i¼0

wjixi
�!þ ε; (5)

where p, q: the number of neurons (i.e., information-processing
units) at each layer, woi and wji: weight factors between layers, fo
and fh: activation functions.

To simplify the creation and use of the model repository, it is
then necessary to use a standardized format to represent various
results from the different regression techniques. For our purposes,
“use” means the ability to retrieve the correct model from the re-
pository automatically. To enable this ability, PMML, an open
standard for representing statistics, regression, and machine-
learning functions (Guazzelli et al., 2009), is used. Two PMML
documents can be created by instantiating Equations (4) and (5)
from the input-output dataset presented in Fig. 7. In the PMML
documents, ‘DataDictionary’ defines all the parameters used by the
model. ‘AlgorithmName’, respectively, indicates the regression
technique or the NN technique. ‘MiningSchema’ defines the usage
types of the parameters. In the PMML document of the regression
technique, ‘RegressionTable’ specifies the details of the polynomial
regression equation by defining intercept, coefficients and their
exponents. On the other hand, ‘NeuralLayer’ presents weight fac-
tors and bias per layer in the PMML document of the NN technique.
5. Online optimization

The previous section described how to create energy
component-models. These models can be now used for energy
optimization, as mentioned in Section 1. Our optimization problem
is to find optimal cutting parameters for minimizing energy in
machining a part. Especially, implementing an online optimization
environment is focused to support the quick computation and
application of optimal cutting parameters in machine shops in real-
time. Section 5.1 explains the formulation of the given optimization
problem, and Section 5.2 presents the solving of the problem based
on the proposed online optimization approach. Section 5.3 de-
scribes the model representation for supporting automated online
optimization.

5.1. Problem formulation

Our target metric is energy, which is a scalar quantity. Mean-
while, component-models are functions of power, which is a
measured value. Hence, this power-unit should be converted to
that energy-unit by integrating over the time-unit, as mentioned in
Section 3. This conversion can be made by the adoption of delta
energy (et), which multiplies power with a sampling rate of
measuring power (tv), as expressed in Equation (6) (Bhinge et al.,
2014).

et ¼ Pt$tv; (6)

As energy equals to the area bounded by a time axis and the
functions of power (see Fig. 3), the concept of mensuration by parts
makes it possible to calculate energy using delta energy. The overall
energy (Emachining) consumed during machining time (T) is calcu-
lated from the integral of power and time. Here, time becomes
another important metric because it significantly influences en-
ergy. The energy integral equation can be simplified into the sum of
energy (Epath) consumed during each tool path. In turn, Epath can be
calculated from the sum of discrete et values using the mensuration
by parts, as expressed in Equation (7). N and n, respectively, denote
the number of tool paths and the number of et at a tool path.

Emachining ¼
ZT
0

Ptdt ¼
XN
j¼1

�
Epath;j

�
¼
XN
j¼1

0
@Xn

j¼1

et

1
A

j

; (7)

Based on Equation (7), an objective function can be formalized.
In addition, constraints that restrict each cutting parameter to take
a value within a lower (L) and an upper (U) bound need to be set



Fig. 8. A flow chart for online optimization.
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because they have certain ranges due to allowable tool life, surface
quality and machinability (Amstead et al., 1987). Equation (8) ex-
presses the formulation of the optimization problem to be solved in
the next sub-section. Here, optimal cutting parameters for mini-
mizing Epath can be found because each Epath can be independently
obtained from its component-model. The minimization of Emachining

can be then achieved through the aggregation of minimal Epath
values.

arg
X

min Emachining ¼
XN
j¼1

 
min

 Xn
i¼1

ei

!!
j

subject to Xj ¼
�
x1;j; x2;j; x3;j; x4;j

�
;

xðLÞ1;j � x1;j � xðUÞ1;j ;

xðLÞ2;j � x2;j � xðUÞ2;j ;

xðLÞ3;j � x3;j � xðUÞ3;j ;

xðLÞ4;j � x4;j � xðUÞ4;j ;

;

(8)

5.2. Problem solving based on online optimization

To implement the online optimization, the original problem is
first decomposed into sub-problems, as expressed in Equation (8).
Then, these sub-problems are sequentially and recursively solved,
called divide-and-conquer strategy. This strategy reduces the
computational complexity of the overall optimization problem that
increases as the number of tool paths increases. On the other hand,
each sub-problem can be a constrained nonlinear optimization
problem when component-models are made with nonlinear func-
tions (e.g., polynomial regression and ANN) together with con-
straints of cutting parameters. Some techniques such as random
search, heuristic search, sequential quadratic programming, and
interior penalty function are available for solving this kind of prob-
lems using a number of commercially available optimization solvers.

Fig. 8 presents a flow chart for our online optimization
approach. Each cutting parameter needs to be classified into a
continuous or discrete variable for specifying the variable type of
this parameter. For example, feedrate and spindle speed are
continuous variables that moves within a range; whereas, cutting
depth and cutting width are discrete variables that uses enumer-
ators. The component-models relevant to et and n of a tool path are
iteratively retrieved, and then et is multiplied with n to make Epath.
An optimization solver would find and output theminimum energy
value (Epath* ) and its corresponding parameters (Xj

*) for each tool
path. When all tool paths pass have been examined, this process
outputs Emachining and the sets of optimal cutting parameters and
then terminates.

5.3. Model representation for automated optimization

To automate the online optimization, a machine or computer
should automatically interpret component-models and problem
formulation descriptions (Equation (8)), and run their optimization
solvers. They also need to record optimal solutions derived from
those solvers. Therefore, it is necessary to identify a data structure
to represent machine-interpretable optimization models, which
include the problem formulation and optimal solutions. Although
PMML is capable of representing component-models, it excludes
the representation of these optimization models.

That structure includes a header section (copyright and time-
stamp) and data (model instances) sections. The data section in-
cludes: 1) MC parameters (identification, name and value), 2)
component-models (identification, MC parameter ID, algorithm
name and metric), 3) formulation description (objective, metric,
constraints, data types and optimization algorithm), 4) model pre-
processing (processes needed to handle component-models), and
5) results (parameter andmetric values resultant from solvers). The
structure allows us to select an appropriate component-model
among multiple models. It supports model pre-processing opera-
tions to create energy functions, such as denormalization and
multiplication of functions of delta energy and time. Optimization
solvers interpret those attributes of component-models, formula-
tion description and model pre-processing. They then return
optimal cutting parameters and energy values into result attributes
by applying the given optimization algorithm.

6. Case study

This section describes a case study to demonstrate our method-
ology using actual milling machining. Section 6.1 explains the setup
of machining, and Section 6.2 presents the creation of component-
models. Section 6.3 describes the solving of the optimization prob-
lem, and Section 6.4 discusses results of this case study.

6.1. Setup of machining

Table 2 shows the setup of machining conditions. Fig. 9 shows a
machined test part (Fig. 4 (a) is the drawing of this part). Table 3



Table 2
Machining conditions.

Condition Property

Machine Mori Seiki NVD 1500 DCG
CNC Fanuc controller 0i
Workpiece Cold finish mild steel 1018 (10.16 cm*10.16 cm*1.27 cm)
Cooling option Wet
Cutting tool Solid carbide
Tool geometry Flat end mill; 8 mm diameter, 4 number of flutes
Power meter System insights high speed power meter

Fig. 9. A machined test part.
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lists cutting parameters used to produce twelve test parts. Cutting
parameter values are randomly assigned within allowable ranges
for each of these twelve trials. The axial depth of all machining
features is 6mm. Cutting width (x4) is based on the tool diameter as
indicated in Table 2. This machining setup scenario allows someMC
parameters e ‘operation’, ‘command’, and ‘trajectory’ e to vary in
terms of machining features and tool path strategies; other MC
parameters, however, - ‘machine’, ‘tool’, ‘cooling’, and ‘material’ e
are constant. A set of ISO 14649 models and their NC programs is
generated based on this scenario. Actual machining is performed
using the given NC programs.

6.2. Data acquisition

Data acquisition is challenging due to the difficulty of installing
physical sensors, the disturbance of these attached sensors in
machining space, and the connectivity issues of physical sensors
and their monitoring software. Therefore, physical (direct or indi-
rect) and virtual measurement aspects are considered. Physical
measurement uses sensors to acquire real data, ensuring the reality
of data. In physical measurement, direct measurement is
commonly used to straightforwardly measure the target signals
using the external sensors additionally attached to a machine;
however, it is expensive or difficult to place in a machine (Sevilla-
Camacho et al., 2011). Indirect measurement, called “sensorless
approach”, can be used to acquire alternative signals using the in-
ternal sensors installed in a machine, and then calculate target
signals with signal-processing and mathematical transformation
(Rivero et al., 2008). For example, current signals from feed and
spindle motors can be used effectively for burr detection, tool wear
and breakage detection instead of signals from external acoustic
sensors, accelerometers and dynamometers, respectively (Pena
et al., 2005; Rivero et al., 2008; Sevilla-Camacho et al., 2011). This
approach uses an internal sensor, not an external sensor, which
takes advantage of being nondestructive or cost-effective without
the need for additional sensors and devices (Pena et al., 2005). By
this reason, the sensorless approach provides large potentials for
facilitating data acquisition, expanding the diversity of data mea-
surements and reducing expenses of additional measurement de-
vices. Virtual measurement can also be instrumented to generate
virtual data streams or signals using proven physics or
mathematics-based models. It eliminates large numbers of exper-
iments with significant cost saving in data acquisition; however in
reality, it may not be able to fully explain disturbances, disruptions
and transient responses (Shin et al., 2016).

Regarding power measurement, external power meters can be
installed in a machine to measure power consumption in a direct
measurement manner. On the other hand, using current or force
signals generated from motor drives can be a sensorless approach.
Machine tool builders are recently launching advanced machine
tools where power meters have been installed inside a machine to
cope with the increase of interests in energy-efficient machining
(OKUMA, 2015; DMG MORI, 2017). They provide relevant software
that is easily accessible to monitor and analyze energy for multiple
machines via interconnection with their power meters. This trend
allows us to anticipate that power measurement and analysis will
be much easier through the internalization of external sensors, and
energy-efficient machining becomes an important issue in
industry.

Fig. 10 shows a schematic view of the machine-monitoring data
acquisition system used in this experiment. The Computerized
Numerical Controller (CNC) delivers the data related to machine's
controls including position, feed, load and NC block on non-fixed
time intervals (vary with events occurred or controller's black-
boxed task processing); on the other hand, the external power
meter collects the time-series power data from the machine tool at
a frequency of 100 Hz (but, skipping this interval sometimes occurs
due to erroneous ormissing data, as described in Section 4.2). These
two heterogeneous data, measured with different time intervals,
need to be converted on the same timestamps of the MTConnect
Agent, called time synchronization as addressed in Section 4.3. The
time synchronization is carried out at average 0.365 s intervals,
which result from the conformance of the shorter interval of the
power meter toward the longer interval of CNC. It should be noted
that the time synchronization due to simultaneous measurement
from heterogeneous devices requires complex data-processing or
algorithms, as addressed in (L�opez de Lacalle et al., 2005).

6.3. Creation of component-models

The machining data including ISO14649 and NC programs, and
MTConnect documents (see an example in Fig. 7) are collected.
Input-output datasets are generated by following the procedure
described in Section 4.1 to Section 4.3. Regarding data pre-
processing in Section 4.2, null and less than 1500-Watt power
values are removed because the former values are negligible and
the latter values can be treated as abnormal data where minimum
1500Watt is consumed during the ready state. The uppermost 0.5%
and the lowermost 0.5% power values among the entire dataset are
also removed because these values can be treated to be as outliers.
Note, that the removal of these outliers is only for creating energy
component-models, which are free to the disturbance caused by
the exceptional data significantly differed from the rest of the
datasets, and thus it does not relate to calculate total measured and
predicted energy values.

51 component-models that correspond to all the combinations
of MC parameters generated from all the given NC programs are
created. In component modeling, both a second-order polynomial
regression and an ANN are applied to measure their ability to
predict energy using a statistics and data mining tool (Berthold
et al., 2009). For example, the NC blocks for contouring of Profile
1 in Fig. 9 instruct successively approach, X-, circular, Y-, circular, X-,



Table 3
A list of cutting parameters.

Trial x1: Feedrate (mm/tooth) x2: Spindle speed (rad/s) x3: Cutting depth (mm)

1 0.0127 157.1 1.5
2 0.0127 209.4 1.5
3 0.0127 183.3 1
4 0.0229 183.3 1
5 0.0127 183.3 2
6 0.0178 157.1 1
7 0.0178 209.4 1
8 0.0178 209.4 2
9 0.0178 157.1 1.5
10 0.0076 157.1 1.5
11 0.0152 157.1 1.5
12 0.0127 157.1 1.5

Fig. 10. A schematic view of data acquisition system (re-edited from Bhinge et al., 2014).
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circular, Y-, circular and in turn X-directional feed and retract
movements on each cutting layer (refer to Fig. 5 (a)). Their
regression models vary in terms of command (m6) and trajectory
(m7) in the situation that the rest of the MC parameters remains the
same, as below. Note, that each parameter uses a 0-to-1 scale for
min-max normalization within the given range, and all the poly-
nomial regression models are presented in the Appendix.
fG01; Approachg : y ¼ 0:0081þ 0:0894x1 � 0:0624x21 þ 0:0678x2 � 0:0578x22­0:0467x3 þ 0:1043x23
fG01; X � directional feedg : y ¼ 0:1565þ 0:0003x1 þ 0:0511x21 � 0:1168x2 þ 0:1527x22 þ 0:1306x3 � 0:0267x23
fG01; Y � directional feedg : y ¼ 0:0983þ 0:0926x1 � 0:0371x21­0:0257x2 þ 0:0582x22 þ 0:0856x3 � 0:028x23
fG02; Circular feedg : y ¼ 0:1477� 0:005x1 þ 0:0523x21 � 0:0834x2 þ 0:1098x22 þ 0:1003x3 � 0:0223x23
fG01; Retractg : y ¼ 0:1058þ 0:0022x1 þ 0:0216x21 � 0:0326x2 þ 0:0187x22 � 0:0403x3 þ 0:0772x23
Table 4 presents the comparison result between the measured
energy and the energy predicted by the regression and ANN-based
models. Table 4 includes Root Mean Square Error (RMSE), which
measures the differences between measured and predicted delta
energy values, and Total Relative Error (TRE), which measures the
differences between total measured and predicted energy values.
The result shows that the energy values predicted by our
component-models coincide well with the measured ones. The
ANN-basedmodels make a better ability to predict energy than that
of the regression models in this case study. Here, the measured and
predicted energy also include the energy values consumed during
rapid movements by G00. In calculating energy for the rapid
movements, each average value of measured power values on the
rapid movements per trial (average 28.6 kJ) is used because it de-
pends on the capabilities of a machine tool and has no relationwith
the cutting parameters. This simplification unavoidably makes to
disappear the high-peak effect of power, which results from rapid
movement of heavy axes and spindle systems (Aramcharoen and
Mativenga, 2014).
6.4. Solving of optimization problem

The optimization problem that finds optimal cutting parameters
for minimizing energy in machining a part is solved. Here, x1 and x2
are set to continuous variables moving within the constrained
ranges. x3 is set to a discrete variable. These can be defined as:

0:0076 � x1 � 0:0229;
157:1 � x2 � 209:4;
x32½1; 1:5; 2�

The regression models are used with the assumption of no in-
teractions among the different parameters. This assumption sim-
plifies the energy calculations considerably. When calculating
energy, n (the number of energy changes that occur during tool-



Table 4
Comparison result between measured and predicted energy.

Trial Measured energy (kJ) Polynomial regression ANN

Predicted energy (kJ) RMSE (J) TRE (%) Predicted energy (kJ) RMSE (J) TRE (%)

1 13980.5 13929.1 28.67 �0.37 13978.2 28.29 �0.02
2 11410.0 11442.1 29.72 0.28 11413.3 29.41 0.03
3 19571.3 19494.0 23.62 �0.40 19566.1 23.34 �0.03
4 9859.9 9853.1 28.39 �0.07 9863.7 28.29 0.04
5 9973.1 10037.9 34.50 0.65 9997.9 34.03 0.25
6 13392.9 13444.0 25.30 0.38 13398.7 24.90 0.04
7 11079.3 11111.9 26.26 0.29 11081.1 25.92 0.02
8 6038.8 5973.8 41.10 �1.08 6004.6 40.40 �0.57
9 9764.7 9734.8 32.58 �0.31 9755.2 32.31 �0.10
10 19312.8 19329.6 21.82 0.09 19324.0 21.82 0.06
11 10821.5 10903.4 30.12 0.76 10877.5 29.55 0.52
12 12607.7 12557.4 29.98 �0.40 12549.8 29.97 �0.46

Fig. 11. Measured and predicted power trends for Trial 1.
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path execution) is obtained by using the function that is linearly-
proportional to the decrease in x1 and x2 as well as the increase
of the number of depth layers that x3 decides.

N (the number of tool paths) in terms of x3 is first determined.
Given x3, the optimal values for x1 and x2 for all the tool paths are
found. fmincon4 function with interior-point algorithm in MATLAB
is used to find minimum of this constrained and nonlinear opti-
mization problem. In this case study, it is found that 5880.8 kJ is the
minimum energy when x1, x2, and x3, respectively, are 0.0178 mm/
tooth, 209.4 rad/s, and 2.0 mm for all the tool paths. This energy
value matches with that (6038.8 kJ) of Trial 8, which consumes the
minimum energy among all the trials, with a difference of 2.62%.
6.5. Discussion

6.5.1. Prediction of measured power
The case study showed that the predictions from our model

were acceptably close to the actual measured values (see Table 4).
This is because the polynomial and ANN-based regressions do a
very good job of minimizing the error terms (ε) between the
measured and the predicted power. Additionally, the results in the
table show that our predicted values trace the trend of the
measured power values.
4 http://www.mathworks.com/help/optim/ug/fmincon.html.
For example, Fig. 11 shows the measured and predicted power
trend for Trial 1, which corresponds to Fig. 4(d). It is clear to see
from the figure that measured power values for Slot 2 and Pocket 1
are more consistent than those in Profile 1. This implies that the
component-models for Slot 2 and Pocket 1 predict power better
than the component-models for Profile 1. It is conjectured that the
power consumed in fabricating Slot 2 and Pocket 1 is impacted less
by machining disturbance, such as part setup error and tool
deflection, which can cause fluctuation of power. In our view,
predicting measured data is a challenge due to fluctuation of data
distributions, which can cause several errors including measure-
ment errors, machining errors, misalignments of a tool and fixture,
and, vibrations of a machine among others. However, we believe
that our component modeling approach, which scales down the
granularity of prediction to specific tool paths, enable process
planners to make better process-plan decisions by anticipating
energy values correctly.
6.5.2. Analysis of optimization results
The optimization in the case study provided the maximum

feedrate, spindle speed and cutting depth for the given machining
configuration and selected part. This means that the process
planner can select these maximum values to minimize energy. In
addition, the influence of each parameter on the energy con-
sumption can be quantified. Fig. 12 shows the changes in measured
energy and measured machining time with regard to increments of

http://www.mathworks.com/help/optim/ug/fmincon.html


Fig. 12. Energy changes with regard to increments of cutting parameters.

Fig. 13. Specific Energy Consumption (SEC) changes with regard to increments of
feedrate.
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feedrate, spindle speed and cutting depth. As the three cutting
parameters increase, energy decreases. The increase of measured
energy is proportional to the increase of machining time. This in-
fluence mainly comes from the decrease of machining time when
compared to the increase of power. The optimization result in this
experiment makes sense within the problem formulated as Equa-
tion (8) because it is known that machining time (T) correlates to
energy (Emachining) as expressed in Equation (7). However, when
surface roughness is considered as a constraint metric, our opti-
mization result may differ because high feedrate and cutting depth
unavoidably make low quality of surface roughness.

Furthermore, the trend of SEC is analytically quantified because
SEC (kt) is a critical factor in understanding of power, as expressed
in Equation (2). Fig.13 presents the changes in SEC in the two sets of
MC parameters: {Slotting-Slot 2-G01-Feed} and {Pocketing-
Pocket1-G01-Feed}. These two sets have been chosen due to less
disturbance on their power trends, as described in Section 6.5.1. It is
shown that both of SEC tend to slightly decrease as feedrate in-
creases; whereas, SEC in the lowest feedrate are relatively steeper
than them of other feedrate values. (Balogun et al., 2016) addressed
that the shearing mechanism, which underlies roughing operations
taken in this experiment, results in a near constant trend zone of
SECwhere spring back effects do not appear. The observation in this
experiment supports the finding of (Balogun et al., 2016) and their
addressing point regarding more energy-efficiency in shearing
mechanism than rubbing and ploughing mechanisms (refer to
Section 3.2).
6.5.3. Benefit: integration with advanced Computer-Aided
Manufacturing

CAPP, the domain of the present work, is moving toward the
integration with Computer-Aided Manufacturing (CAM) because
manufacturers favor to use commercial CAM software along with
CAPP-relevant works instead of using their separate software sys-
tems inconveniently. In this situation, the present work can be
expected to provide a new line of advanced CAM in the perspective
of practicability for energy-efficient machining and interoperability
for data exchange.

Traditional CAM has typically performed tool path generation,
simulation for collision detection and NC program generation with
providing estimated machining time as a major decision criterion.
Recently, CAM systems are advancing their functionalities
including intelligent machining and effective data exchange across
Computer-Aided technology chain as well as their original works
due to the increase of machine tool's multi-functionality and
product's complexity.

In the intelligent machining view, decision criteria provided by
advanced CAM systems cover roughness, accuracy and cutting force
(L�opez de Lacalle et al., 2005) as well as power and energy, the
criteria that the present work has taken into account. In addition,
some CAM systems provide the functionality of single-objective
optimization problem solving through simulating cutting parame-
ters or tool path modification (Sanchez et al., 2004). More
achievement on multi-objective optimization beyond single-
objective optimization are made in the CAPP and CAM domain, as
found by the literature in Section 1.2. All these functionalities above
are challenging because precise decision algorithms based on
actual data should be developed and installed in CAM systems to
carry out simulation, assessment, prediction and optimization for
multiple performance metrics prior to actual machining. For this
purpose, many efforts have been made on finding the relationships
between cutting parameters and energy within a few tool path
movements. They also had to depend on DOE, which is normally
not easy to do in industrial fields. These limitations make it difficult
to predict energy consumed during the execution of an NC program
and to find cutting parameters for minimizing energy, which are
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the goals of the present work. The proposed methodology can help
increase industrial practicability for intelligent energy-efficient
machining when it can be embodied in a CAM system, which we
are developing with convergence of a big data environment (Woo
et al., 2016).

In the effective data exchange view, data standardization be-
comes significant to cope with the need of implementing an
interoperable data exchange environment. In the past, closed and
vendor-specific data interfaces were the main bottleneck of col-
lecting the machining data (especially machine-monitoring data)
that should be obtained for implementing intelligent machining.
Open and standardized data interfaces such as STEP(eNC),
MTConnect and Open Platform Communications-Unified Archi-
tecture are making it possible to use and analyze the machining
data effectively and seamlessly, called digital threads. Particularly,
MTConnect is becoming a world-wide communication standard
that allows manufacturing systems and their associated embedded
sensors to share data seamlessly and in a common format, enabling
manufacturers to efficiently optimize their processes (MTConnect
Institute, 2015a; MTConnect Institute, 2015b). Furthermore, the
data standardization can be a key of ensuring data quality. Lacking
standardization in data may cause so-called bad data that give
negative impacts on energy models' correctness and reliability due
to producing missing and disconnected data in some black-boxed
machines. The use of standardized data interfaces including STEP-
NC, MTConnect and PMML is a behind reason for enhancing data
interoperability although data comprehensiveness of these stan-
dardized interfaces was more focused in this paper.

7. Conclusion

This paper presented the methodology to implement an online
energy optimization environment. This methodology, which is
used by process planning to select optimal cutting parameters, is
based on a concept called component modeling. Component-
models predict energy consumption using either regression or
neural networkmodels. Thesemodels make predictions at the tool-
path level for an NC program as a function of the machining
configuration, current cutting parameters, and real-time moni-
toring data. Standardized interfaces such as STEP-NC, MTConnect
and PMML were used to enable interoperable data and model
exchange.

Although only one machine is used to demonstrate our pro-
posed methodology, we believe this methodology can be applied to
multiple machines located in a machine shop. The methodology
allows process planners to create multiple and machine-specific
component-models that accurately accommodate the capabilities
of individual machines and accurately predict energy for individual
tool paths.

The present work focused on minimizing only one energy
MC Parameter Coefficient

Operation: Feature Command Trajectory Intercept x1

Contouring: Profile 1 G01 Approach 0.0081 0.089
G01 X-feed 0.1565 0.000
G01 Y-feed 0.0983 0.092
G02/G03 Circular-feed 0.1477 �0.0
G01 Retract 0.1058 0.002

Slotting: Slot 1 G01 Approach 0.0881 0.071
G01 Feed 0.2489 0.487
G02/G03 Circular-feed 0.2424 0.472
G01 Back 0.1605 0.139
G01 Retract 0.1101 �0.0
metric. In reality, process planning is a decision-making process of
solving complex problems that take account of not only a single
criterion but multi criteria, as discussed in Section 1. In this sense, it
is important to combine production-related metrics such as
machining time and surface roughness with the energymetric even
in eco-process planning. Thus, applying the proposed methodology
to other production-relatedmetrics is required simultaneously, and
it results in a multi-objective optimization problem. For example,
when machining time is considered as another metric in addition
to energy, component-models relevant to machining time can be
created, and machining time can be included in the formulation of
an optimization problem. In this case, optimization techniques
suitable for solving a multi-objective optimization problem such as
Genetic Algorithms need to be used.

We unavoidably had to resolve some data uncertainty issues
that real data have. These issues mainly caused from: 1)
desynchronized time domains due to separate measurement de-
vices (a power meter and NC), 2) machine's untraceable move-
ments due to missing data, and 3) unexpected data due to
measurement errors or even unknown sources. Handling the data
uncertainty was a challenge because the increase of the data un-
certainty decreases the ability of prediction and optimization. It
was why the data pre-processing needs to be essentially considered
to reduce the data uncertainty; however, few issues remain, as
mentioned in Section 6.4.1. There will be a strong need to integrate
Uncertainty Quantification (UQ), which characterizes the sources of
the data uncertainty, the probability distribution of the data, and
finally some controllable solutions (Roy and Oberkampf, 2011). We
plan to address these issues in our future research.
Acknowledgement

The authors thank Raunak Bhinge, a graduate student from
Laboratory for Manufacturing and Sustainability at University of
California, Berkeley, for his efforts on performing machining oper-
ations and collecting data. This research was supported by the
National Research Foundation of Korea(NRF) grant funded by the
Korea government(MSIP) (No. 2016R1C1B1008820).
Disclaimer

Any mention of commercial products is for information only; it
does not imply NIST recommendation or endorsement, nor does it
imply that the products mentioned are necessarily the best avail-
able for the purpose.
Appendix
x1
2 x2 x2

2 x3 x3
2

4 �0.0624 0.0678 �0.0578 �0.0467 0.1043
3 0.0511 �0.1168 0.1527 0.1306 �0.0267
6 �0.0371 �0.0257 0.0582 0.0856 �0.028
05 0.0523 �0.0834 0.1098 0.1003 �0.0223
2 0.0216 �0.0326 0.0187 �0.0403 0.0772
4 �0.0764 �0.1006 0.1025 0.1271 �0.0119
2 �0.1799 �0.0955 0.1227 0.21 0.0852
3 �0.1982 0.0192 0.0324 0.1502 0.1836
5 0.0311 0.0112 0.071 0.1561 �0.0107
823 0.0646 �0.0245 0.063 0.0466 �0.0455

(continued on next page)
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MC Parameter Coefficient

Operation: Feature Command Trajectory Intercept x1 x1
2 x2 x2

2 x3 x3
2

Slotting: Slot 2 G01 Approach 0.1165 �0.1311 0.1227 0.0162 �0.0224 0.0867 0.0321
G01 Feed 0.2617 0.4517 �0.1914 �0.0695 0.1162 0.201 0.1275
G01 Back 0.0853 0.064 �0.1019 �0.0593 0.0944 0.0333 �0.0397
G01 Retract 0.1401 �0.1485 0.0999 �0.0695 0.0903 �0.0012 0.0653

Slotting: Slot 3 G01 Approach 0.1054 �0.0855 0.0996 �0.0132 0.0531 0.0234 0.0629
G01 Feed 0.2848 0.4375 �0.2578 �0.0343 0.1089 0.1901 0.0907
G01 Back 0.0805 �0.0138 0.013 �0.0378 0.0355 0.1078 �0.0864
G01 Retract 0.1311 �0.1313 0.1297 �0.099 0.1125 0.0441 �0.0224

Slotting: Slot 4 G01 Approach 0.1727 �0.0016 �0.0063 �0.1498 0.1251 0.3781 �0.2506
G01 Feed 0.2727 0.5735 �0.3192 0.0808 �0.0806 0.2235 0.0644
G01 Back 0.143 �0.0199 0.0108 �0.0325 �0.0166 �0.0605 0.0816
G01 Retract 0.1427 0.0803 �0.0929 �0.0487 0.0066 �0.1188 0.1608

Slotting: Slot 5 G01 Approach 0.2601 �0.2574 0.1966 �0.1803 0.1428 0.3468 �0.2659
G01 Feed 0.263 0.5546 �0.307 0.0229 0.0259 0.2525 0.0612
G01 Back 0.0843 0.0422 �0.0563 �0.0133 0.0378 0.0091 0.0231
G01 Retract 0.1052 0.0487 �0.0703 0.0382 �0.0063 �0.0038 0.0386

Slotting: Slot 6 G01 Approach 0.1632 0.0613 �0.0814 �0.098 0.1235 0.3487 �0.2584
G01 Feed 0.2442 0.6574 �0.4215 0.1258 �0.0447 0.2495 0.0135
G01 Back 0.1247 �0.0253 �0.0243 0.0346 �0.0003 �0.0438 0.0341
G01 Retract 0.1686 �0.0841 0.0095 �0.062 0.088 �0.0246 0.0217

Slotting: Slot 7 G01 Approach 0.1846 �0.0516 �0.0257 �0.053 0.0574 0.2534 �0.1351
G02/G03 Circular-feed 0.2607 0.5351 �0.3201 0.1946 �0.1307 0.1985 0.0935
G02/G03 Back 0.0699 0.2351 �0.1508 �0.0178 0.0076 0.4973 �0.3778
G01 Retract 0.1241 �0.026 0.0182 0.0257 0.0003 �0.1475 0.1927

Pocketing: Pocket 1 G01 Approach 0.0699 0.2351 �0.1508 �0.0178 0.0076 0.4973 �0.3778
G01 Feed 0.2082 0.1026 �0.0326 �0.0477 0.1053 0.0871 0.0507
G01 Stepover 0.2319 0.3589 �0.1794 0.0032 0.0873 0.1958 0.0388
G01 Retract 0.1483 0.0013 �0.023 �0.2016 0.1837 0.0803 �0.0059

Pocketing: Pocket 2 G01 Approach 0.1724 �0.1909 0.2254 �0.0356 0.0503 0.4213 �0.3105
G01 X-feed 0.2148 0.2293 �0.1249 �0.0454 0.0661 0.127 0.0209
G01 Y-feed 0.1965 0.2241 �0.1401 �0.0714 0.0862 0.1128 0.0086
G01 Retract 0.1857 �0.091 0.0127 �0.0456 0.0804 �0.0927 0.066

Pocketing: Pocket 3 G01 Approach 0.2317 �0.1402 0.0405 �0.0132 0.0024 0.2471 �0.1808
G01 X-feed 0.226 0.3446 �0.2357 0.0161 0.0149 0.0867 0.04
G01 Y-feed 0.2311 0.2821 �0.199 0.0122 0.0198 0.0807 0.054
G02/G03 Circular-feed 0.2241 0.5762 �0.392 0.0744 �0.0479 0.1584 0.0283
G01 Retract 0.1924 �0.1218 0.0354 �0.0678 0.0794 �0.0924 0.1042

Drilling: Hole 1 G01 Feed 0.262 0.0014 0.0797 �0.1637 0.166 0.1805 �0.0759
G01 Back 0.4874 �0.1707 0.2714 �0.086 0.0479 �0.4412 0.7296

Drilling: Hole 2 G01 Feed 0.285 0.1593 �0.242 0.1715 �0.1457 0.0036 0.0276
G01 Back 0.6052 �0.0033 �0.3781 0.4152 �0.2435 �0.2088 0.1902
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