Appl. Math. Inf. Sci.7, No. 5, 2045-2053 (2013) N =) 2045

Applied Mathematics & Information Sciences
An International Journal

http://dx.doi.org/10.12785/amis/070545

A Hybrid GA-TS Algorithm for Optimizing Networked
Manufacturing Resources Configuration

Yan Zhan*, Jiansha Lu and Shiyun Li
College of Mechanical Engineering, Zhejiang University of Technglétangzhou, Zhejiang, 310014, China

Received: 1 Nov. 2012, Revised: 3 Mar. 2013, Accepted: 8 Mdr320
Published online: 1 Sep. 2013

Abstract: In recent years, more and more researchers have focusedionsvaignificant issues of resource configuration, such as
maximum computing performance and minimum response time, especkiflg txisting resource utilization into account. The goal
of this research is to design a resource configuration optimization systeer networked manufacturing environment. A prediction
mechanism is realized by using support vector regression (SVR) toagstigsource utilization according to network protocol of each
manufacturing process, while redistributing resources based on itentatatus of existing resources pool. A resource configuration
mechanism applying genetic algorithm working along with the tabu searclegsdGA-TS) is proposed in this study to determine the
redistribution of resources. The experimental results show that timged scheme achieves an effective configuration via reaching
the balance between the utilization of resources within existing resourde®amork protocol of each manufacturing process between
potential resource requirements and the network resource praviders

Keywords: Networked manufacturing resources configuration, support veetpession, genetic algorithm, tabu search, resources
requirement prediction module

1 Introduction A structured NMRC scheme, handling changes

) i _ systematically so that a system maintains its integrity ove
The world-wide vertical and horizontal mergers wave time  ensures that resources (e.g., requirements, design,
clearly shows that global networked manufacturing hasyng test) for manufacturing are accurate and consistent
become the development trend in the 21st centur\yith the actual physical operations, which can be divided
recently [l, 2]. Supply chains are often modeled as a jno five fundamental components as follows:(i) resource
mu[tl-stage productlon and inventory networ'k.under apooli(ii) resource leveling;(iii) tracking system;(iv)
periodically reviewed base-stock policy. Deciding what configuration scheme;(v) resource requirement. The goal
option should be used at each node and deciding whergf scheme planning is to achieve adequate utilization at
inventory (resources) should be placed among thesegne |owest reasonable cost, when weighted by important
nodes is what Graves and Willems refer to as supplymetrics and subject to constraints, for example: meeting a
chain configuration (SCC)3], especially for networked  minimum service level. The main objective of resource
manufacturing resources configuration (NMRC). In fact, leveling is to smooth the stock of resources on hand,
a network representation provides such a powerful Visua}educing both excess inventories and shortages. The
and conceptual aid for portraying the relationships equired data are: the demands for various resources,
between the components of systems that it is used ifgrecast by time period for the planning horizon, as well
virtually every field of suenuﬂc, _spmal and economic 55 the resources’ configurations required in those
endeayor. One of the' most significant developments idemands, and the supply of the resources, again forecast
operational research in recent years has been the rapig\, time period for the planning horizon. Tracking
advance in both the methodology and application ofjjanning is an important part of NMRC scheme planning,
network optlml_zat_lon models. A nu_mber of algorithms \yhich track requirements throughout the life cycle
have had a major impact and are being used to solve hug@rough acceptance and operations and maintenance to

problems on a routine basis that would have beenjetermine an optimal network configuration according to
completely intractable two or three decades ago.
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changes growth, the scheduling of activities and therecent years, TS has emerged as a highly efficient, search
resources required by those activities while taking intoparadigm for finding high quality solutions quickly to
consideration both the resource availability and systenmcombinative problemslf].
economy. However, GAs often takes a lot of time in order to find
In general, tracking network planning is generally the global optimum I1-15], and some studies have
divided into two stages: (i) scheme formation; (ii) schemeutilized a hybrid genetic algorithm to improve its
evaluation. At the former stage, the topology and capacityperformance. The drawback of TS is that its effectiveness
of the tracking lines are determined, whereas at the lattedepends very much on the strategy for manipulation of
stage, an analysis is performed of the network'sthe tabu list. Clearly, how to specify the size of the tabu
characteristics, such as change flow, inadequate trackinfist in the searching process plays an important role in the
capacity, stability analysis, reliability, etc. Many search for good solutions. Smirnov et al. used genetic
well-established methods of analysis have been applied algorithms (GA) to find sub-optimal solution applying the
the scheme evaluation stage and new ones are undéhneory of games with fuzzy coalitions, and constraint
constant development{6]. Scheme formation can be a satisfaction problem solving for resource allocation
complex task with many constraints. Optimal network task [L6]. Cantarella et al. specified some metaheuristics
designs are important because they can result in large co¢Hill Climbing, Simulated Annealing, Tabu Search,
savings. Clearly, further work is needed to develop Genetic Algorithms and Path Relining) for urban road
methods for the design of networks that are as near tmetwork topology design singularly or jointly. More tests
optimal as is possible. are required for more accurate calibration of the
Networked manufacturing resources configuration is aparameters by using other transportation systelisLin
complex mathematical optimization problem that is et al. used a design point’s relative efficiency score from
mostly applied in the form of some rearrangement ofdata envelopment analysis(DEA) as its fitness value in the
manufacturing resources, which have their own differentselection operation of genetic algorithm(GA) to
usages in problem solving and decision makirg]. [ determine optimal resource levels in surgical
Different resources configuration strategies for makingservices 18]. Schneider et al. also developed a Flexibility
selections will result in different costs and levels of Design Genetic Algorithm (FGA) that exploits qualitative
capacity utilization. Therefore, it is a demanding task toinsights into the structure of good solutions, such as the
find a sub-optimal resources configuration strategy,well-established chaining principle, to enhance its
especially for limited resources aiming at each type ofperformancel9].
goal. This research work focused on the application of A support vector machine (SVM) is a supervised
Evolutionary  Algorithms  (EA) under network learning technique from the field of machine learning
environment. Numerous researchers have proposedpplicable to both classification and regression. Rooted in
genetic algorithm (GA) and tabu search (TS) to deal withthe Statistical Learning Theory, SVMs are based on the
optimization problems, and the schema theorem for GAprinciple of structural risk minimization (SRM), which
proposed by Holland illustrated that GA is a robust attempts to minimize an upper threshold on the
searching approach. And TS proposed by Glover andyeneralization rather than minimize the training errod an
Laguna is a well-known meta-heuristic that guides a localis expected to perform better than the traditional
heuristic search procedure to explore the solution spacempirical risk minimization (ERM) approach. Support
beyond local optimality. vector machines (SVMs) have a novel neural network
GA is not only an adaptive heuristic search algorithm algorithm based on statistical learning theory. Due to the
based on the evolutionary ideas of natural selection andVMs structure risk minimization principles, they have
genetic, but also represents an intelligent exploitatiomn o great generalization ability and provide superior
random search in a vase search space. Compared wiferformance in practical applications. With the
other heuristic methods, its main advantage is that it onlyintroduction of Vapnik'se-insensitivity loss function, the
needs a fitness function to evaluate the quality of differentregression model for SVMs, called SVR, has also
solutions and there is no necessary to offer a particulareceived increasing attention in the solution of nonlinear
algorithm to solve a given problem. Topcuoglu et al. estimation problems. It has been successfully applied to
presented a GA-based method for the uncapacitategroblems of time series prediction, such as production
single allocation hub location problend][ Randaccio et  value forecast of the machinery industB0[21]. Yang et
al. applied a GA-based solution to find the appropriateal. proposed the localized support vector regression
combination of the trees to comply with the bandwidth (LSVR) model to improve the performance of the
needs of the group of multicast sessions simultaneouslystandard SVR model for time series prediction, by
while allowing the operator to find the desired balanceoffering a systematic and automatic scheme to adapt the
between quality of service and network resourcemargin locally and flexibly. The experimental results on
utilization [8]. Feng et al. presented a method to selectsynthetic data and real financial data demonstrate its
members from different departments to resolve aadvantages over the standard S\A2][ In addition, Zou
manpower distribution problem by using an improved et al. compared three regression approaches, including
non-dominated sorting genetic algorithm (INSGA).[In SVR, Atrtificial Neural Networks (ANNs), and Partial
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Least Squares (PLS), in quantitative analysis ofallocating tasks to idle nodes, to make sure that the
components of solid pharmaceutical samples onproposed scheme can minimize the global makespan and
near-infrared spectroscopy, and the results showed thdulfill deadline requirements from the customers.

SVR obtained better performance in terms of

parameter-selecting process than those obtained with th . -

traditional methodsZ3]. Although utilizing SVR in time 5'1 Resources Requirement Prediction Module

series prediction has yielded many successful results, This module mainly estimates the resource
there has been far Ie_ss research on th_e application of SV?&quirements of manufacturing process to remind the
to demand forecasting problems. Pai et al's work on asysiem to create or collect resources in accordance with
support  vector regression model with scaling the reality of networked manufacturing. Furthermore, a
preprocessing and marriage in honey-bee optimizationye|-known time series predictor, namely SVR, is
however, suggests that SVR can be used to accuratelympedded in this module to evaluate resource utilization
forecast developments in the IC industBi]. according to network protocol of each manufacturing
This paper aims to consider the efficiency and process with the assistance of two query tables, that is,
optimization of resource configuration under networked emaining resource table, which records all related usable
manufacturing environment. A resources requirementesources along the manufacturing processes, and
prediction module built with SVR is used to evaluate rgsource utilization rate table, which stores the utilczat
resource utilization according to network protocol of eachgie of each type of resources in the manufacturing
manufacturing process. When potential resources argystem. With the above-mentioned methods, this module
demanded, the system will consider the individualyjj determine whether the resources should be increased

loading to precede the prediction with SVR. If the result o, gecreased for the requests from the network protocol.
needs to change the configuration strategies, the scheme

will utilize GA-TS at this stage to try its best to achieve
the global deployment of the resources effectively,

(Operation lI

Response Time
including creating or collecting resources, to make sure l
that the proposed scheme can satisfy the network protoco| ~ \QeReomesinl 1
requested by the customers. The remainder of this paper Tuctease Decrense Requirement
is organized as follows. Section 2 formulates the -l ¥ e
algorithm for the proposed resource configuration Response|
mechanism. Section 3 gives comparative results between ol el Tipe'®
the non-optimized approach and the optimized approach Rate Resomree
proposed in this paper. Conclusions are given in Section %;;;1“;;;“ ] i
4, Rate Table I U;an“alt;:n
Remaining Networked Resowrces g
Resource rati
2 Resource Management Pattern , e

Remaming
Resource
Table

Resource

Fxisting
Fig.2.1 illustrates the architecture of the resource
configuration scheme under networked manufacturing
environment proposed in this paper. An operation e L
resources pool is used to collect all operation resources
provided by the networked manufacturing, recording the , ) .
overall utilization of system resources. In addition, an  Figure 2.1: The structure of the resource configuration

existing resources pool is used to provide resourcesSCheme

material, information, capital, or knowledge, for the The model produced by SVR depends only on a
network nodes; and two query tables, including thegypset of the training data, because the cost function for
remaining resource table and the resource utilization rat%uilding the model ignores any training data close to the
table, are used to assist in determining the strategies gf,qqge| prediction (within a threshold). To solve a

increasing or decreasing potential resources required byonjinear regression or functional approximation problem
each manufacturing process from network nodes. Here, @ising SVR, the inputs are first nonlinearly mapped into a

resources requirement prediction module built with high dimensional feature space (F) wherein they are
Support Vector Regressions (SVRs) is used to estimat@qrelated linearly with the outputs. The parameters can
resource utilization according to network protocol of eachinen pe derived by solving a quadratic programming

manufacturing ~ process. Meanwhile, ~a networkedyroplem with linear equality and inequality constraints.
resources configuration module applied with the hybrid

GA-TS algorithm is utilized to redistribute the aggregated  Consider a training data sét= {(x;,qi),i = 1,...,1},
resources to route tasks to the most suitable executiowhere x; € O',and g € O.The input x; terms are
nodes, including creating or collecting resources,|-dimensional vectors, and the system respapserms
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are continuous values. The SVR attempts to approximatéagrange multiplier methods can be employed to

the following function using data s&:

[
f(x,w) = Z\Wi x ¢i(X)+b Q)
1=

whereb denotes the bias term, and tiweterms represent
the subjects of learning. Furthermore, a map@rg®(x)
is selected in advance to map input vectoisto a higher-
dimensional feature spaée which is spanned by a set of
fixed functionsg;(x).

By defining a linear loss function with the following
&-insensitivity zone as illustrated in Fig.2.2:

0, if [gi—f(x,w)|<¢e
gy — f(x,w)| — &; otherwise

|qi—f<m,w>£={ @)

q— 1, w)

Figure 2.2: A plot ofe-insensitive loss function
Thew; terms in Eq.(1)can be estimated by minimizing
the risk:

|
R b 3t O

demonstrate that the constrained optimization problem in
Egs.(4) and (5) maximizes the solution of the following
equation:

* * l * *
W(a,a") = Z(ai —ai)gi—5 > (o —ai)(aj—aj)k(x,x))
i= i,j=1
(6)
subject to
Sioa(di—a7) =0
0<a,af <%,i=1,..,1 (7)

sli(af +ai)) <Cxv

where (0, a;") denotes one of Lagrange multiplier
pairs; C represents a regularization constant specified a
priori; v is a constant greater than or equal to zero, and
k(xi,xj) denotes normally a Gaussian kernel or
polynomial kernel. The regression estimate can be shown
to take the form

|
_Z(ai* —ai) xK(xi,xj) +b

f(x) (8)

whereb denotes the optimal bias.

2.2 Networked Resources Configuration Module

As shown in Fig. 2.1, this module collects the
information from the resources requirement prediction
module and two query tables, along with network
protocol requested by the different network nodes, to
achieve optimal resource utilization and fairness among
competing end-to-end flows. A hybrid GA-TS algorithm

is applied in this paper to deal with the NMRC
where C denotes a user-chosen penalty parameter thagptimization problem, and the fitness function is designed
determines the trade-off between the training error andn  accordance with the reality of networked

VC-dimension of the SVR model. Significantly, the manufacturing.

VC-dimension is a scalar value that measures the capacity Fig.2.3 shows the procedures of the SVR model with
of a set of functions24]. Eq.(3)can be further derived as G A-TS algorithm. We first transfer the potential resources
the following constrained optimization problem: which are established in the existing resource into a
binary code as the initial population, called
chromosomes. Each element in the chromosome is either
0 or 1, and the higher fitness value will be kept to
generate the next generation during the procedure of
recombination and mutation. The new generation will run
the same steps as their parents did until the stop criteria
are satisfied. In addition, we do not need to set fixed time
interval to activate GA because the system will proceed
with the adjustment strategies according to the real-time
demand of potential resources. Once a new request of
potential resources arrives, the system will run GA to
adjust the overall configuration of the resources.

| |
RwZ,C) = lwi+ T(5 6+ 54 @

subject to constraints:

G—wx—b<e+’
Wix+b—g <&+

where¢; and {;* denote the respective measurements
above and below the zone with the radimn Vapnik’s
loss function as given in Eq.(2).

Schdlkopf et al. p5 developed a modification of
Vapnik's original SVR algorithm, called v-SVR, and
claimed that it can automatically minimize the radaus

(®)

2.2.1 Conventional genetic algorithm (CGA)

The binary coded Conventional GA (CGA) with one-
point crossover is described below.
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| Networked manufacturing resources requirements data

The iterative search procedure starts with a set of
i 1 probable or feasible solutions. Each solution is a string of
bits, chosen fronr{0,1}. Let AR, , ARy, andARye denote

| Training data Validating data l Testing data the trial, current, and best array@ﬁt, OB, and OBpe
! l denote the corresponding trial, current, and best obgctiv
Decorp ose fesources Obtain validation r—— function value(s), respectively. The process assigns the
requirsments data errors by tentative N X cgrrent sc_)lutionARCu for starting its operation. Then the
1 R ol trial solutionsAR;s are generated through some moves.
=TT At each iteration step, a best squtrARbe_ is found. With
I the progress ef _the search_ process if it is found thet .the
best solution is in the forbidden or tabu list but satisfies
. theaspiration criteria, then it is considered to be the new
| Calcolate training data Calculate testing data| current solution. An aspiration criterion is a rule that
overrides tabu restrictions; i.e., if a certain move is
forbidden by a tabu restriction, the aspiration criterion,
Isthe GA-TS when satisfied, can make this move allowable. The

stopping
criterion satisfied

aspiration criterion used in the present method is the
overriding of the tabu status of a move if this move yields
a solution which has a better objective function than the
one obtained earlier with the same move. The stopping
criteria are the conditions under which the search process
will terminate. In the present method, the search will
I , terminate if one of the following criteria is satisfied: the
__Step 1.Generate randomly the initial population\df 1\, ner of iterations since the last change of the best
individuals, each one IS a bit string c_hosen f“{‘?l 1}, solution is greater than a prespecified number; or the
and let current generatidn= 1 andKmay is the maximum  nmper of terations reaches the maximum allowable
number of generation/iteration. Initialize: and pm as  mper. The TS algorithm is given by the following steps.

crossover probability and mutation probability, Step 1: Initialize the parameteBsy (Maximum Tabu
respectively. ) L List Size), the number of trial solutiong , and the
_Step 2.Evaluate the fltnes_s score for each m_drvrc_jualmaximum number of iteration$ye. Let ARy, be an
X1 € {1,...,N} of the population based on the objective arbitrary solution and OBy, be the corresponding
function f (x). objective function value. Initially, let

Step 3.Select a pair of individualg; and x; at AR '— AR, OBy — OBgy Ly (Tabu List Lengthy: 0
random, depending on their fithess values (usmg roulette,q iteratior — 1.

wheel method) from the population df individuals.
Here, selection refers to choosing parents for
recombination; a new population was formed, usually
with a probabilistic mechanism.

Step 4.Conduct crossover between the chosen
individualsx, andxg with pcand mutate each of their bits
with mutation probability p,. Each pair of parents

é’;g Xﬁ% th';'(/s )((:/rea'ice)s aenF;?;teOfaneV;O'lnog;"?#;ﬁ dﬁglllsed Otherwise, the corresponding bit is kept unchanged.
pring (Xs. ﬁ) 9 P ' Step 3: Arrange the objective function values

Xj, j € {1,...,N} as a population of next generation. OBtlr,OBt BX in ascending order and denote them

Step 5.Terminate the process if the stopping criterion o v I
(k> Kmax) is satisfied. Otherwisé= k+ 1 and go to Step OBY;, B“""’OB" - T OBy is not tabu or if it is tabu

Figure 2.3: A flowchart of the SVR model with
GA-TS algorithm

Step 2: Using ARy, generate u trial solutions
ARL ARZ, .. AR, and evaluate their corresponding
objective function valuesOB{,0BZ,...,OBf;. Given a
current solutionARy,, one can generate a trial solution
usrng several strategies. In our case, gid®y, , we have
flipped a bit of ARy, if the probability threshold is higher
than a randomly generated value between 0 and 1.

2. but OBtlr/ < OBpe (in case of minimization) then make
ARy = ARY and OBy, = OBL. Next, go to step 4.
2.2.2 Tabu Search (TS) Otherwise, leARy, = AR: andOBg, = OBL, whereOB-
Tabu search is a metaheuristic local search algorithmg the best objective function values  of

that can be used for solving combinatorial optimization ! .
problems. Tabu search enhances the performance of QB‘ ’OB#, » that is not tabu and go to step 4. If
local search method by using memory structures; i.e.OBt, Bt .,OBf; are all tabu, then go to step 2.

once a potential solution has been determined, it is Step 4. InserARy, at the bottom of the tabu list and
marked as “taboo” (“tabu” being a different spelling of incrementL; by 1. If Ly = Sy + 1 then delete the first
the same word) so that the algorithm does not visit thatelement in the list anty = Ly — 1 . If OBpe > OB, then
possibility repeatedly. Generally, the tabu list size $lou ARy, = AR, and OBye = OB,. Terminate the process if
grow with the size of the given problem. | = lrax With ARpe as the best solution andBye as the
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corresponding best objective function. Otherwise, makel sy times (max < Grax) t0 achieve the final best solution
| =1+1and go to step 2. AR, (at tth stage) of the TS process. At the

2.2.3 Hybridization of GA with TS process (GS-TS) may or may not bekbg‘“e[] (but ?]"t Worseg tdh%\‘-! . The
The genetic methods are hybridized with the local TSGA Is then reinvoked where the search domain jumps

—1,
process described in Section 2.2.2. The hybridization Oifrom the hypercub&® " to the new smaller hypercube

. X )
each genetic method eventually enhances the performanég’ with ARtbe as |tts best so_Iut|_o_n. The_ GA generates a
of the respective hybrid genetic approach. new population ofp'(g) of N individuals includingAR

The genetic process starts with a populatipifg) while redz_efining its search space resolution. The GA
(Where 1< t < Toe and 1< g < Gy of N (population restarts with a new population and it may again converge
>~ LU = Imax = = max

. = to a solution. As before, TS is again initiated at that point.
size) randomly created individuals. The new GA (NGA) : y . . .
adopted in our paper differs from CGA in two ways: the Thus, to find the global optimal solution the hybrid

search is transferred from a larger hypercube to a smallegzgreg'hc |gégﬁﬁﬁsfrgmcgﬂténﬂede:’cv;ﬁgeﬂlg ttrqznﬁl;eirh%fc;irr:e
one for a specified number of timdgux and the search yp g 9

space resolution is redefined with the transfer of thehypercube for at mosTyex times. The changeover from

search process to the newly defined hypercube. Here, wg [0 TS IS continuediney times. The algorithmic steps
define the parameters of the functidiix) in R where of the hybrid process are briefly discussed below where

X— (X1, ... ) andR" represents the-dimensional space. the steps (_)f the GA and the TS process remain_as before.
The searching process starts with low resolution and thé3 oth algorithms are executed equal number of times for a

algorithm finds a best solution Problem.

Xse = (%.1,%5e .. X5 ) Which has not changed for ~ Step 1: Set = 1. Initialize the GA as well as the TS
several co'nsecutivd';(gJ generations. The search is then parameters.

transferred to a smaller hype_rcube_ aroufg. At thet th Step 2: Start the GA with a pool o individuals and
stage the hypercube on-dimensional space can be cgntinue the process.

represented asR" = {r'Lrt%. 1"} where .

1<t < Tmexandrtl >0,j=1,2,...,n. Step 3: If the best solution of GA has not changed

Once the search process convergegtat 1)th step,  duringKg iterations, invoke TS.

the GA is reinvoked in the new hypercuBg" with same Step 4: Consider the best solution of the GA as the
mutation rate and higher space resolution. The populatiorturrent solution of TS at the respective stage.

p'(g) att th step is reproduced after transfer of the search
process td&?" hypercube. The individuals that are located . . ]
both in R—" and inR™" except the elitist individual in Step 6: Ift > Trax , terminate the hybrid algorithm.
Rt—l,n are removed from the popu|ati0ﬁ*1(g)(where OtherWISd, = t + 1 and consider the best SOIU“O.n of TS as
1<t < Tmax and 1< g < Gmax) - A new populationp(g) the best solution of the GA for the next generation.

of N individuals is regenerated with — 1 randomly Step 7: Redefine the new hypercubic search space
created new individuals and the elite one @f*(g).  with higher resolution. Generate a pool Nfindividuals
TthUS- the diversity of the population is restored at eachincluding the best solution found in Step 6 and go to Step
stage. 2.

We propose a hybrid genetic algorithm where the
NGA works along with the TS process. From the
discussions above, it is known that the NGA advances its
search process hierarchically in multiple stages.ttht
stage (initiallyt = 1), it starts with a populatiorp'(g) 3 Simulation results
(where 1<t < Thax and 1< g < Gpax) of N individuals
and finds the best solutiote in the initial hypercube in
the multi-dimensional space. In the hybrid process the TS
technique is invoked at this point at the same hypercubgyq
without the change of resolution. The TS algorithm starts
processing with the best solutiof: found as its current

Step 5: Continue the TS process fpgx times.

first observed the difference between the
non-optimized approach and the optimized approach
- - proposed in this paper. Six existing groups which were
solution ARy and generates randomly a pool of trial gqyinped with 12 lathes and 8 lathemen, and a simulation
solutions consisting oft individuals whereu <N . The  goware installed in the Windows XP platform with Intel
trial solutions are denoted bR, j € {1,...,u} Each  Core 2 Quad 3.2 GHz and 4 GB RAM, was adopted in
AR/, consists of the same number of bits X} . The this work as the simulator of networked manufacturing
fitness values ofu trial solutions are calculated and the infrastructures. The maximum number of potential
best solutionARe is picked, depending on the fithess resources was set to 100. To reflect the characteristics of
values. IfARy satisfies the conditions of TS algorithm to the real world, different complexities of service
be considered as the new current solution for the nex@pplications were designed to verify the feasibility and
generation, theR., = ARy . The process is continued effectiveness of our proposed work.
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100000
— 0 VR A TS / Fig.3.2 shows the comparison of time consumption
for processing each resource requirement between the
optimized and non-optimized approaches. Obviously,
50000 with the help of the application of resources requirement
prediction module, the proposed approach can
/ /"'- dynamically modify the requirement of the potential
Y resources and the networked resources configuration
module can effectively meet the requirements of existing
20000 resources by using the GA-TS algorithm. Because the
system utilized SVR as a prediction mechanism before
0 _ " " applying GA-TS, the total waiting time of executing
0 40 80 120 applications can be thus dramatically decreased through
ek e R i i i allocating potential resources in appropriate existing
resources pool in advance. Besides, our proposed
SVR-GA-TS can undergo the operation of local
allocation in advance for individual demands in the
initialization step of GA. Therefore, we can decrease the
i . computation complexity of GA-TS and increase the
Fig.3.1 shows the comparison of the accumulatedyyera|l performance. We realize that GA-TS can obtain
counts of fulfilling resource requirements between g gpiimal solution accurately, but the problem is that the
optimized and non-optimized approaches. Our proposeg,itional GA needs much time to converge, and this will
SVR-GA-TS mechanism adopted the SVR technique as §¢ the main problem for real-time applications. That is
predictor that can moderately assign potential resourceg,e reason we combined SVR as a prediction mechanism
according to current network utilizations. Additionally, 5 gecease the computational times of GA-TS, and the

the hybridization of GA with TS process is applied to find 54yantage can be thus shown without affecting the overall
out an optimized set of resource allocation strategies. Th‘foerformance in real-time systems.

system that utilized GA without executing the prediction

module via SVR is denoted by NO SVR-GA-TS. NO

SVR-GA-TS used random allocation in the initialization .

step of GA without allocating potential resources in 4 Conclusions

advance. The difference between SVR-GA-TS and NO

SVR-GA-TS is that the latter cannot determine if the In this paper, a resource configuration optimization
distribution  strategies of potential resources needscheme under networked manufacturing environment is
adjusting, and also cannot undergo local preallocation fojproposed. According to our experimental findings, the
individual demands in the initialization. Therefore, our proposed approach, which emp|oys a resources
approach can fulfill more resource requirementsrequirement prediction module built with SVR, can

compared with the non-optimized method. estimate the number of resource utilization according to
network protocol of each manufacturing process more
accurately and efficiently than those non-optimized
approaches found in the recent literature.

This paper mainly examines the performance of NGA
working along with the TS process, applied in networked
manufacturing. At present stage, we only evaluated two
resources, including lathe and latheman, and the
experimental results showed the effectiveness of applying
GA-TS in the resource configuration of networked
manufacturing. In future work, we will focus on more
resources, such as the access of networked information to
make our work more practical in real manufacturing
processes.

In addition, the networked resources configuration
module applied with GA-TS can effectively adjust the
T e e e = G = resource configuration strategies and accomplish more

Different Complexity of fulfilling resoutce requirements app“cat'ons II’] a I|m|ted t|me, Compared W|th the
non-optimized approach. In future work, we plan to

Figure 3.2: The comparison of time consumption for choose other Evolutionary Algorithms, such as the hybrid
each resource requirement. meta-heuristic algorithm, called evolution strategy, as

compared methods.

B0000  [r—————CE- G4 TS /

Total timems)

Figure 3.1: The comparison of the accumulated
counts of fulfilling resource requirements

00000 =

WEVR-GA-TS
BHO SVR-G4-T3

Total timeims)
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