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Abstract

Production planning and control (PPC) systems have to deal with dsmglexity and
dynamics. The complexity of planning tasks'is due to someiraxistultiple variables and
dynamic factors derived from uncertainties surrounding the PR@ouwgh literatures o
exact scheduling algorithms, simulation approaches, and heurigtiodseare extensive |n
production planning, they seem to be inefficient because of dailyuditions in re
factories. Decision support systems can provide productive toolsddugiron planners t
offer a feasible and prompt decision in effective and robust produpteoming. In thi
paper, we propose a robust decision support tool for detailed production plaased) o
statistical multivariate method including principal component analysisogigtic regressior).
The proposed approach has been used in a real case in Iranian automoloisiey.i In th
presence of existing multisource uncertainties, the results ofiagphe proposed method|in
the selected case show that the accuracy of daily production planniegses in comparison
with the existing method.
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Introduction

Effective planning and control of production processes are usuallyasdezy to the success
of a manufacturing company. During the last 50 years, both acadestitutes/universities
and industries have put great effort into developing and designicgssifal approaches and
methods for manufacturing planning and control. Indeed, the methods and approlicbw
to plan and control production have been changed over time. This octineswith changes
in customer requirements and technology improvements (Vollmann et al. 2005).
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Detailed production scheduling is an extremely complex problem KBru2z007) wherein
most cases are considered NP-hard (Glnther and van Beek 2003). Inood#al with
complexities and uncertainties, a detailed production scheduling sgktaud be equipped
with all the necessary decision support tools for rendering productteprs visible within
a planning period and shift dispatching control from the foremen to dimag (Sotiris et al.
2008). According to Simchi-Levi et al. (2008), the decision support sy@Es$) is an
analytical tool to aid operations and production planning. The DSS nge feom simple
tools to expert systems. The DSS helps to solve the problems suetmask planning to
tactical planning all the way to daily operational problems. Ttineseffective DSS can help
managers or production planners to manage uncertainties and achtevedseits in daily
fluctuations.

The stimulus for this work has been to understand whether or nbistioeical daily shop
floor data can be used for creating more robust daily production Blareover, the paper
studies the feasibility of using the multivariate statistaoealysis of daily shop floor data as
an appropriate solver tool for detailed production scheduling decision sigystem. In
order to answer these, we represent an Iranian automotive cadetadeéd production
planning in applied material requirement planning (MRP) system.r@sidts may not be
generalized to JIT and lean manufacturing principles whigle agpull approach of planning
and control of production. The rest of the paper has been organized cagsfah next
section, the related literature has been reviewed, whilgirti#em has been defined and the
selected case has been presented in the ‘Case problem stasaoigon. The ‘Methodology
of problem analysis’ section has outlined the proposed multivariateé &S subsequent
specifications arising from the ‘Case problem statementicgecthe ‘Proposed multivariate
DSS method’ section has demonstrated the implementation resultsinaltg, in the
‘Conclusions’ section, the conclusions have been drawn and further resffnds have
been mapped out.

Literature review

The production planning control models can be characterized in a varigppaches, but
most common categorizations are specific to the application @easker 2007). In this
article, we have classified the production planning problem solving agpes in two groups
in terms of their environment and condition: unconditional/determinigatyic production

planning and production planning under uncertainties (see Table 1).
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Table 1 Classification of related literatures

Approach
Deterministic production Production planning under uncertainties
planning
Exact Heuristic Simulation DSS Statistical Hybrid/combinational
methods methods developing analysis methods
Literatures Brucker Sotiris etal.  Aytug et al. McKay and Mele et al. (2005) Cunha and Wiendahl
(2007) (2008) (2005)  Wiers (2003) (2005)
Maravelias Jourdan et al. Jahangirian etSotiris et al.Hatzikonstantinou Aytug et al. (2005)
and Sung (2009) al. (2010) (2008) et al. (2012)
(2009)
Farrella and
Maness
(2005)
Framinan an Ribasetal. Vollingand Mok (2009) Peidroaetal.  Volling and Spengler
Ruiz (2010) (2010) Spengler (2009) (2011)

(2011)
Ribas et al. Jahangirian et Roloand Caricato anc Verderame and
(2010) al. (2010) Martinez Grieco Floudas (2009)

(2012) (2009)
Yao et al. Ross and Ko and
(2012) Bernardo Wang (2010)
(2011) This paper
Comment$Seldom Simulation DSS tools are concerned Statistical and hybrid methods are useful to
applicable in needs a great with complementary control uncertainties in real condition and

actual shop deal of efforts applications to ERP/MRP improve the effectiveness of both evaluation
floors since to make a software. They are practicahnd decision making; however, they are not
they may  practical with lack of ERP system independent and complete tools. They have
only solve  schedule by to be designed for each case problem
small-scale some expert
problems  and expensive
with distinct production
parameters planners
and scale of
time
DSS, decision support.system; MRP, material requirement plan&R§, enterprise resource
planning.

In the case of unconditional analytic models, we are refertingnodels which are
simplifications of a real system in terms of mathematsglressions and can be solved by
exact or heuristic methods. The literature on the exact digmitin scheduling and
production planning problems is extensive. A thorough review of scheduling mble
modeling approaches, and solution methods can be found in Brucker (2007in&afrand
Ruiz (2010), and Ribas et al. (2010). Whereas fluctuations and uncestainie key roles in
real world, deterministic, or exact approaches, such thatHamt bound (Yao et al. 2012)
and mixed integer linear programming (Maravelias and Sung 2008¢ka@n applicable in
actual shop floors since they may only solve small-scale probhethgdistinct parameters
and scale of time.

Several heuristics and hybrid methods are recommended in ¢hature (Jourdan et al.
2009). Ribas et al. (2010) have classified the approximate methods intoucowes and
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improvement heuristics. However, the application of heuristic algositisnbelieved to be
more applicable for real shop floors due to their lower computationthdyutre still limited
by the dimension of problems and uncertainties. Therefore, theienmapitation should be
coupled with some decision support tools to aid the production planners (RioBgraardo
2011; Sotiris et al. 2008).

To cope with uncertainties in production control, it is worth to invetgtiganew customized
framework for planning and scheduling under uncertainty. Another chaltemngsue is to
investigate the ways of controlling a large number of uncerta@ranpeters. Hence,
scheduling under uncertainty has received a lot of attention in reeams (e.g.,
Hatzikonstantinou et al. 2012; Vargas and Metters 2011; Torabi et al. ¥8dderame and
Floudas 2009). Uncertainty can be derived from many aspects, sul@masd or product
orders, alternation or priority of orders, equipment failurespurce changes, and processing
time variability. To adapt uncertainties during the manufactupngcess, the proposed
methods are divided into two main groups: reactive scheduling and prevsciigduling
(Aytug et al. 2005). Simulation approach is able to analyze the loehafvihe environment
when it is characterized by several constraints and uncerga(®@o and Martinez 2012;
Volling and Spengler 2011; Jahangirian et al. 2010). In.these apprpdwhesitcomes of the
simulation software can be used in preventive scheduling and decisiontssygtems, but
they need a great deal of efforts to make a practzdile by some expert production
planners.

By the emersion of enterprise resource planning (ERP) systhegjtilization of data
becomes more important in production planning and control (PPC). The ineredialth of
available data in SCM and PPC software raises the question abhuosip decision makers
in harnessing the organization. The answer to this question has ddimquraduction
activity control (PAC) subsystem at the lowest level of MRFBIImann et al. 2005). By
means of the PAC system, the sequence of the orders is defithetheir release and due
times. In fact, PAC cannot take into account the real stateeqfroduction environment, and
it may produce unrealistic or impractical production plan.

Whereas the MRP-based system cannot follow the large numiseopffloor fluctuations,
production managers bow.to the inevitable complex task of scheduloiwdeding at the
shop floor control. Poor production control may cause serious problemsrio'sadbility to
meet production requirements and constraints. Many researchesobased on developing
DSS tools to face this problem (e.g., Ko and Wang 2010; Caricato a@cb&009; Mok
2009; Farrella and Maness 2005; McKay and Wiers 2003). These tooterarerned as
complementary applications to the ERP/MRP software.

Unfortunately, few success stories have been reported on creatingtpodalanning and
logistics in a real factory, and there are still many elngiés that remain (McKay and Black
2007). In the absence of one sole issue for PPS success or faitkay(lind Wiers 2003,
2004), one potential issue related to the failure of a planning systie lack of information
system and DSS tools for detailed production planning. This was $hensight obtained
from this case study (see Table 1).

Meanwhile, combination use of statistical analysis with otherhaoust to control the
uncertainties in real condition decision making has been proposemrgylgeratures (Mele
et al. 2005). Cunha and Wiendahl (2005) have proposed an evaluation method based on the
use of multivariate techniques: principal component analysis (P@Aglaster analysis (CA)
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to improve the effectiveness of evaluation and decision making, monitamn
manufacturing control. The idea of using multivariate statikanalysis to develop existing
DSS is the second and major contribution of this study. The proposed nrethadpaper is
based on the use of multivariate techniques on shop floor data. We fat@ngrove the
effectiveness of the decision-making tasks undertaken when dealmdetatiled production
plans in an uncertain condition.

Case problem statement

The case study of detailed production planning has been done in am lsatcamotive
manufacturing company. SAIPA Corporation (Tehran, Iran) is a holdomgpany that
assembles several types of passenger cars, vans, minibusesahdsegacks. As with any
other car manufacturing company, the production process followed hagh alegree of
complexity, coupling the complex bill of materials (BOMs) waually complex routings
that transgress the shop floor boundaries.

The main problem of the selected case has been inferred frastidegitaff answers to a set
of questions and interviews. It is reported that the accuracy bf peoduction plans is
directly affected by some alternate constraints and probableng@s. Hence, either the
rescheduling or planning diversity and related extra material ingnolt extra/shortage parts
and production line stop are enviable tasks every day. By their comakmout the alternate
decisions to manage stochastic or abnormal events, we have madedeseabout the lack
of DSS tools to provide a practical detailed production planning.

Methodology of problem analysis

The following three aspects of the problem have been specifibe imnalysis of the current
situation:

 Layout and physical constraint. It focuses on the production flow and is concerned
with constraints of layout and any physical limitation in the production lines.
 Production planning and control system. It is concerned with the daily activities of
the production planners during their detailed production planning in the shop floor
control process. Shop floor data in a multi period range was gathered from this aspect
of analysis.
» Uncertainties and stochastic factors. It is concerned with the source of uncertainties
and stochastic factors.

To investigate the mentioned aspects, a mixture of interviews aratvaben has been
applied. The major part of observation and a small part of thangsetere concerned with
information about the production process and the production planning control.

In the following two subsections, the basic results concerningrgtéwo aspects of the case
problem analysis have been presented. These results are norredlip wkesign the system
architecture and functionality as well as the shop floor mod#ieoplant. The results of the
third aspect, namely uncertainties, are used to construct twvanate analysis tool of
simplified real production.
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Layout and physical constraints

A trim shop is located at the end of the production process. Thergfoas the highest level
of complexity in comparison with subsequent production activity controbpeas. The main
assembly production line is equipped with a conveyor. According to productte and
types of products (seven types), the length of production line isquiteé enough for
assigning individual locations to keep the minimum stock level gfalis according to the
type of product BOM. The logistic area is not available neatitieefar distance from the
main warehouses; thus, the order of completion lead time is longsamdluenced by
probable accidents.

There is a painted body (PB) stock at the end of the paint shop process. The sBcktbeP
same as a single line queue before the entrance of theshiam and each PB can be
transferred to the trim shop by the sequence of its locatioapabdity of selecting the
desired PB from the PB stock constrains the production planner to madldyaplan
according to the PB color and type sequence. Although the eliminaftitre layout and
physical constraints have been investigated in recent years, duéstanding required cost
and time, the progress of development is not noticeable.

Production planning and control system

Although KANBAN cards and pull production control system have been twid# applied
by production planning and the logistic department, the production conttehrsys still

MRP-based. A hierarchical two-level planning framework is usedr go the detailed
production scheduling. At the top level, aggregate production planning veoictrols

demand management with a yearly time horizon, has been locateseddrel planning level
which is called midterm planning incorporates a hybrid MRP-PBC approach.

Master production schedule (MPS) outcomes are used to calculgp@mems and material
requirements. The final plan is made by revision on a weekly basig the feedback from
the detailed scheduling-module. The weekly plan is released by &aCletailed production
planning is issued as the daily schedule. The daily schedule isdiénve a complicated
decision-making process which uses shop floor data, inventory statysBdaité, and
sequence of PB in stock. Figure 1 demonstrates this process.

Figure 1 The current MRP-based PPC process.

PPC suffers from several sources of inconsistencies as a camsedqfeincomplete ERP
implementation. As a result of its complex production process and ladkfarfnation
technology (IT) infrastructure, the presented case study duringashefew years faced
numerous problems concerning violated due dates, accumulated late sugpersiumerary
production orders, excessive component inventory, poor releasing po#indpw shop
floor visibility. The lack of online and integrated information mayse a misunderstanding
of the real condition; thus, the production planner faces some unknown pEramedaily
scheduling. In this situation, it is not weird if the daily scheduleounters some mistakes.
Although the design and implementation of the ERP software @agress, production
planners cannot wait and do not get along with increasing compl&ki¢y really need some
practical tools to help them in perfect decision making.
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Uncertainties and stochastic factors

Since there are some line-side space constraints, mixed prodsaffens from lots of
problems and obstacles and forces managers to act on the basclof production.
Meanwhile, there are many sources of stochastic events and urie=tdahat batch
production such as demand, process, and supply uncertainties (Peidta2060pa One of
the main sources of stochastic factors that have been idemtiftacs study is derived from
the paint shop process and PB stock constraint. Due to some smeth deféodies, some of
the PBs are selected to go into a touch-up area, and after domegessary reworks, they
are transferred to the PB stock line. Almost all of the mtos in the defect inspection
process are performed manually through human vision and influenceddmastic factors.
On the other hand, the required rework process times depend on thentyplee level of
defects which are not really exact and deterministic. Heheesequence of painted bodies in
the queue of stock line cannot be absolutely defined. Meanwhile, supplyaimioes have a
key role in unreliability of the production schedule. Each type of mtsduas special parts
which are from different suppliers. The availability of all spkparts related to the desired
type of products is the other vital information for the productiomr@a to make the daily
production schedule. According to our observation, the stock levels of tbase are not
expected to follow exact patterns.

Proposed multivariate DSS methaod

The complexity of production planning and control process, stochastordagthysical
constraint, uncertainties, and the shortcomings of the underlyingrésiructure would pose
significant drawbacks to the current detailed production schedulinghignlight, to the
aforementioned production planning process and fully interoperable, bdthtive PPC
system and existing software package, the proposed approach hadebelped on the
basis of a custom-built DSS using statistical multivariate techniques.

The integrated approach that will be presented introducesiéciiit analyze data which are
directly unavailable from the current planning system. This apprsamtroduced through
the use of PCA to decrease the dimension of input-independent variaplakera et al.
2006) and the use of logistic regression (LR) to predict the gnistity of available and
suitable type of product which can be selected to make a praatidaéffective detailed
production schedule. These are used at different steps as shown in Figure 2.

Figure 2 Process of establishing a multivariate statistical tool for DSS developmien

Shop floor and production plan historical data acqusition

The manner and logical behavior of the production planner to createkly Wk or change

daily detailed scheduling is an important factor through the pedatecision-making process
which can be used for finding an effective DSS tool. As answdretontain question of this
research, the objective has been to find the statistical analygispriate for reducing this
logical behavior. Hence, it has been required to collect daily dbop data and historical
data of the daily schedule issued by the production planner. The laktiata of PB stock,

existing PB quantity, and PB types in paint shop, sale online tsguegentory data, MRP
weekly plan, released daily production schedule, and related ordersctul production

were the main fields of data that have been collected for this analysis.
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Reduction of inventory data by PCA

In this study, the collected inventory data sets (warehousdéirendide separately) have at
least 40 fields related to each types of products. This high volachaliemension of data
matrix increase the complexity of analysis. If a substaati@unt of the total variance in
these data is accounted for by a few (preferably far femncipal components or new
variables, then these few principal components can be used for irdgor&t purposes or in
further analysis of the data instead of the original variable® P& be viewed as a
dimensional reduction technique (Sharma 1996), and it is the appropchtaqtes for
achieving the mentioned objective.

The core idea of PCA is to reduce the dimensionality of asgateomprising a large number
of interrelated variables while retaining as much as posdieledata set variance (Jolliffe
2002). This is obtained by transforming original variables to a n&wok variables or
principal components& which are a linear combination of origingd) (variables. Due to
their properties, they are uncorrelated and are ordered such thasthen < p) that are
retained contain most of the variation presented in the original data:

PC={&... &} & = WX + WX+ wx,
where principal component (PC) Zi{.. &»} are them principal components and;vs the
weight of thgth variable for theth principal component.

The reduction in complexity is achieved- by performing PCA on dekemventory data.
Thus, the original data of inventory can be substituted by PCs, anéwhmatching table of
the shop floor data and corresponding production schedule is establishezbaigngency
table.

Logistic regression model fitting, validation, andreview to improvement

The fundamental question in this research motivated us to understdonditia¢ behavior of
the production planner in the decision-making process through daily prodacheduling.
As illustrated in Figure 2, the historical input/output of the denigirocess is analyzed and
the relationship among them is discovered by logistic regressiaine remainder of this
section, we briefly discuss about the basic concept and detailsvefoging the logistic
regression model and, finally, the validation procedure and revievwonhetor the
improvement of this model.

Definition of variables

To simplify the discussion and interpretation of estimation mokelnbtation is introduced
and variables are defined which can be recognized from calldeta. Table 2 shows a code
sheet for definition of preliminary selected variables from collected data.
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Table 2 Description of variables

Variable Description Code/values
TYP Compressed natural gas equipped CNG
CNG and hydraulic steering wheel CNG-H
Hydraulic steering wheel HYD
SABA simple injection system GLXi
Reinforced new body X132
Morvarid hatchback DM
Other new models NEW
CLR Color production plan W = white
G = gray
B = black
R =red
S = silver
PBS Painted body stock 0-400
SEQ Compatibility of PB sequence 1 = Low compatibility
2 = Fair compatibility
3= Good compatibility
4 = High compatibility
INV1 Warehouse and line-side inventory PC 1 0 to 2,000
INV2 Warehouse and line-side inventory PC 2 0 to 1,000
SRT Scheduled receipt 0to 1,000
ACP Available colored parts 0 to 1,000
RWP Remainder quantity of weekly plan 0 to 5,000
ESD Emergency sales/demand 1 = Critical
2 = Urgent
3 = Normal
4 = Non-emergency
ADP Actual daily product 0to 1,100
DPP Daily production plan 0to 1,100
DPC Daily production plan capability 0= No
1= Yes

Basic theory on logistic regression

There are two models of logistic regression to contain binomiatiblogistic regression and
multinomial logistic regression. Binary logistic regressiontyigically utilized when the
dependent variable is dichotomous and the independent variables are a&lgerical or
continuous variables (Sharma 1996). Logistic regression is theobasetin this condition.
The result of this type of regression can be expressed by a logit funcfalvas:

logit ( p) = Ln(ﬁj =B, +B,0%, +B,0%, +...+4, 0% = B+ XB (1)
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p:

where (ij is the odds.
1-p

The model can either be interpreted using the Isgatle, or the log of odds (the relative
probability) can be converted back to the probgbduch that

By + XB
1+exp(5, + XB) 2)

p=e€exp

In order to calculate the paramet@es f1, f2, ..., Pk, the logistic regression transforms the
dependent into a logit variable and then uses maxirtikelihood estimation. In this paper,

logistic regression is used to estimate the daibdpction planning capability (DPC) from

the shop floor data. According to the variables mamzed in Table 2, the logit can be
defined for this case as follows:

logit = B, + B,OTYP (1) +B,00TYP (2) + B,OTYP (3) +B,0TYP (4) +B,OTYP (5) +B,0TYP (6) +B,0INV1 +8 [INV2
+ﬁ9 CLR (1) +ﬁ10 [CLR (2) +ﬁ11[CLR (2) +1812[CLR G) +1813[CLR @) +1814DDPP '*ﬂl!l:PBS "ﬁuDSEQ(l) (3)
+f,0SEQ(2 + B,;0SEQ 3 —B,,0 SRT+ 3,0 ACP-3 ,[IRWP —f3,, IESD(1) +13,, IES 3 B ,,* ESIB).

To find out how effective the model expressed imdgpn 3 is, the statistical significance of
individual regression coefficients is tested uding Wald chi-square statistic. Goodness-of-
fit test assesses the fitness of a logistic modalnst actual outcomes. Hosmer-Lemeshow
test is an inferential goodness-of-fit test whishuitilized in this paper. Meanwhile, the
consequent predicted probabilities can be revadiatith the actual outcome to determine if
high probabilities are indeed associated with evemd low probabilities with non-events.
The readers are referred to Bewick et al. (2008)osmer and Lemeshow (2000) for more
information about the assessment of fitted model.

Predicting capability of daily production planning

The fitted model, which has successfully passedgth@iness-of-fit tests, can be used to
calculate the predicted Logit (probability) of DR&@ a given value of shop floor data. For
example, assume that at the end of the working tti@yproduction planner wants to make a
decision about tomorrow's production plan and waildel to predict the capability of a given
production schedule. At first, using the PCA metif&eduction of inventory data by PCA’
section), the inventory level of line-side and tethwarehouses can be estimated by two
principal components (INV1 and INV2), and then, ading to the shop floor data, the
amount of other independent variables (TYP, PBS,PRWSD, and DPP) are defined.
Therefore, the probably of response variable (D&¥D)be calculated by Equation 4:

(/3’0 +BTYP(LY BLUTYP(2)r BOTYPE) BOTYP(4y BL TYP(SY B ¢] TYP(B)S 4] INVES {1 INVZS {1 CLR(HS 141 CR(2)+S 4CLR(3) }
e +BioLCLR(4)+ B, DPP+ 8, IPBS 8,41 SEQ(¥)8 141 SEQEP 141 SEQEF 15! SRF 1) AP JjJ  RWPSESD(L)B,0ESD(2) 8,41 ESD(3

(/}0+/31DTYP(1)+,82DTYP(2)+,63DTYP(3)+,BADTYP(4}/}5D TYP(S} B TYP(B)B D INVES £ INV2 S {1 CLR(BS 15) OR(2)+4 15CLR(3) } ! (4)
1+ @\ HA2 CLR()* £1sDPP1LIPBS £14) SEQ(H)51¢) SEQ(RE;[BEQ(3) AigHSRT S1gl) ACR B 4] RWRS 5f1 ESD(RS 23] ESDIEF 551 ESD(S)

o= exp( logit)
P+ exp( logit)
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Customized DSS to facilitate detailed production seduling

Predicting the capability of daily production plamp facilitates the decision making of the
PPC system, and as a result, the customized DS®eatefined and applied. The new
hierarchical planning framework is depicted in Fgg8. The main procedural sequence does
not exhibit any remarkable change in comparisom whe current PPC process (Figure 1).
The MPS calculates long-term end item needs andsféee PPC system which creates the
production order backlog according to MRP procesluiithe weekly production plans are
issued by the MRP module and feeds detailed scimgdul

Figure 3 Role of the proposed method in the production planning control framework.

The proposed multivariate method contributes inD8S module which is denoted in Figure
3 in the dashed box. As we have described in teeiquis sections, the online shop floor data
is used by this customized DSS tool and the predieimount of DPC index is calculated.
This production planning capability index can faate the decision-making process of
detailed scheduling. The production planner canc@jty run this customized DSS at the
beginning of each planning period (commonly one kivay day), and after making the
decision about final changes on the detailed sdbedata of production order is extracted.
When detailed scheduling is finalized, the produttrders are handed down to the foremen
for beginning of production. If dynamic events tglace (e.g., a machine breaks down, a
rush order arrives, or a subcontractor violates da&es), the planner reschedules to
accommodate them.

Numerical experiment and results

According to the defined variables, the 42-weekpsfioor and inventory data have been
collected. Every day, the line-side inventory lewélspecial and important parts as well as
warehouse inventory level have been recorded. Talllestrates the sample data which were
recorded on the first and second days in the waisshdata were collected over a period of
8 months and included PB stock, sale online requéstentory data, MRP weekly plan,
inventory status data schedule, and actual praotucti

Table 3Sample data format of warehouse and line-side inventory levels
Date TYP ENGN AXLE PIPE CONT BODY DASH ECUT STWL EXST TRIM WIRE SNSR DMPR CNGK HYDK SUB

09/01 CNG 138 154 129 102 158 96 404 251 157 259 250 45253 320 - 306
09/01 DM 63 66 67 - 94 41 80 83 46 91 42 88 93 - 49 73
09/01 GLXi 189 159 156 - 150 103 153 - 123 229 266 157 612 - - 100
09/01 HYD 46 60 72 - 104 48 117 98 69 108 185 205 170 - 7 2139
09/01 NEW 27 112 122 - 180 43 174 - 119 164 185 285 219 - - 142
09/01 X132 127 310 128 - 137 246 256 220 181 250 255 26368 - 267 302
09/02 CNG 106 153 129 95 152 96 403 250 154 259 259 45755 2 300 - 314
09/02CNG-H 65 62 65 57 75 50 124 126 156 81 167 182 130 236 9 2110
09/02 DM 63 64 64 - 139 39 73 81 52 176 49 87 85 - 91 77
09/02 GLXi 171 151 159 - 155 102 158 - 129 266 253 155 612 - - 104
09/02 NEW 23 117 124 - 184 53 168 - 124 163 182 285 222 - - 142
09/02 X132 120 243 121 - 139 246 255 223 181 258 259 26868 - 271 300

ENGN, engine; AXLE, rear axle; PIPE, fuel pipe $8ONT, compressed net gas container; BODY specidk pof
body; DASH, dashboard or instrument panel; ECU€&ctebnic central unit; STWL, steering wheel; EX®Khaust;
TRIM, trim parts; WIRE, wiring set; SNSR sensorg &#MPR, dampers set; SNGK, compressed net gasidbDK,

hydraulic kit; SUB, sub assembly required parts.
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According to the data reduction method describethé ‘Reduction of inventory data by
PCA’ section, the following PC scores can be detitag applying PCA. In this study, the
result of PCA shows that the first two principahgmonent variables account for about 90%
of the total variance of data, and the screengilotvs that the appropriate number of PCs is
two. Using these PCA scores, the PC formulas diieetk and then the amount of PCs by
the exact amount of each variable every morningoeacalculated.

By the results of data reduction, we can make asteap floor control (SFC) data which can
be used for calculating logit more easily and pcadly. Table 4 shows the sample format of
SFC data table which must be created for logigigrassion analysis. Using Equation 4, the
probable response variable (DPC) can be calculatdatie coefficients derived from logistic
regression analysis.

Table 4 SFC table data format: -input of LR analysis

Week Working TYP PCs Daily PBSSEQSRTACPRWPESDADPDPC

day plan
INV1INV2 CLR DPP

1 1 CNG 316 166 W 450 180 3 400385 968 3 446 1
1 DM 157 44 R 50 50 4 100.86 300 1 51 1
1 GLXi 127 255 S 10080 4 100 85 500 3 98 1
1 HYD 171 36 G 10080 3 100 65 200 3 105 1
1 NEW 79 195 S 150100 1 100 O 430 4 131 O
1 X132 417 192 W..250200 2 300 85 1,4004 212 O

1 2 CNG 293136 B 200 50 1 100 20 522 2 154 O
2 CNG-H 208 67 S 150100 2 150150 350 3 132 O
2 DM 253 56.. B 250131 3 130100 252 3 248 1
2 GLXi 185 262 W 150 100 4 100 100 395 4 153 1
2 NEW 66 195 W 100 55 3 100 83 330 4 82 O
2 X132 409 199 G 250250 4 4001861,105 2 253 1

l l ! 2 S S A

J J J R T T T T T R

logit=0.93153= 0.39432TYP(1)- 0.5628AYP(2)- 0.763BYP(3)- O0.562Z8P(4)-  2.2893F(5)-

1.43129TTYP (6) - 0.00502INV1 - 0.0015WV +2 0.2138%R {)+ 029@R 2 )- 1.1%078 3 )-
0.4439ZCLR (4)+ 0.06310DPP-0.0016Z]PBS+ 0.2752SEQ )% 0.2375BSEQ P+ 0.20148EQ B-
0.000162SRT+ 0.0004ZACP- 0.00047 RWP 0.01Z®SD()+ 0.4828BS 3-  0925BSD B

exp( logit)
1+ exp( logif) ©®)

Table 5 summarizes the test results of null hymithia which all the coefficients associated
with predictors equal 0. The test statisBe= 230.037 with g-value of 0.000 implies that
there is at least one estimated coefficient thalifierent from 0. The results of Pearson,
deviance, and Hosmer-Lemeshow goodness-of-fit teste been also summarized in Table
5.
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Table 5 Goodness-of-fit tests

Test df P value
All slopes are zerdd) 230.037 23 0.000
Pearsonyf) 514.679 584 0.982
Deviance £°) 631.625 584 0.947
Hosmer-Lemeshow{) 3.474 8 0.901

In this study, there is insufficient evidence taigl that the LR model does not fit the data
adequately because tlievalues for all tests are larger than the signifteatevel of 0.05.
Therefore, the LR model shown in Equation 5 is appate in explaining the DPC
prediction.

The association between the response variable radlitfed probabilities has been evaluated
by some measures such as Sonigr§soodman-Kruskal's gamma, and Kendall's tau-aiin o
case; the summary of results is listed in Tabl&h& measures indicate that there is a close
correspondence between DPC and its predicted pitiiesb

Table 6 Measures of association

Pairs Number Percent Summary measures P value
Concordant 67,781 84.6 Somdds' 0.69
Discordant ties 12,163 15.2 Goodman-Kruskal's gamma 0.70

151 0.2 Kendall’s tau-a 0.30
Total 80,095 100

The accuracy of the proposed method

Utilizing the discussed PCA and LR model, 42 wogkimeeks of shop floor data (including

1,256 records) were used to evaluate its prediajicedity. In addition to real data, Monte

Carlo-based simulated data were generated to exbendsamples to 100 weeks. The
simulation was run under a variety of conditionstsas production line, seasonal demand,
and probable disruption in production line. Everywéeks (1 month), the outcomes of
classical detailed planning were compared withcireesponding outcomes of the proposed
method. These results have been reported in Talieldding 10 instances which have been
selected from the worst to the best states.
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Table 7 The comparison of DSS method accuracy

Applied methods Total Actual daily Predicted daily production Daily
observations production capability planning
capability accuracy (%)
DPC=1 DPC=0 DPC=1 DPC =0 Error
InstanceClassic DSS 124 81 43 124 0 43 65
1 method
Revised 124 117 7 7 94
proposed
method
InstanceClassic DSS 136 88 48 136 0 48 65
2 method
Revised 136 127 9 9 93
proposed
method
InstanceClassic DSS 110 81 32 110 0 32 74
3 method
Revised 110 105 5 5 95
proposed
method
InstanceClassic DSS 116 93 23 116 0 23 80
4 method
Revised 116 109 7 7 94
proposed
method
InstanceClassic DSS 84 62 22 64 0 25 74
5 method
Revised 84 76 8 8 90
proposed
method
InstanceClassic DSS 64 39 25 64 0 25 61
6 method
Revised 64 55 9 9 86
proposed
method
InstanceClassic DSS 88 75 13 88 0 13 74
7 method
Revised 88 86 2 2 98
proposed
method
InstanceClassic DSS 101 66 35 101 0 66 74
8 method
Revised 101 95 6 6 94
proposed
method
InstanceClassic DSS 76 33 43 76 0 43 43

9 method



www.SID.ir

Revised 76 69 7 7 91
proposed
method
InstanceClassic DSS 121 80 41 121 0 41 66
10 method
Revised 121 120 1 1 99
proposed
method

From the perspective of daily planning accuracyg kbgistic regression model correctly
identified 109 of 124 observations (refer to ins@i). The accuracy of each method can be
simply calculated by dividing the number of observactual productions, which are
respondents of production plans (DPC = 1), to tital thumber of production plans. As
shown in Table 7, by the proposed DSS method, mediable detailed production plans can
be submitted than by the classic method.

Conclusions

This study presents an application of statisticaltivariate method together with the solver
module in production activity control of an Iraniantomotive manufacturer and introduces a
revised decision support system which can provigeoductive tool for knowledge workers
to offer more reliable detailed production plans.

The proposed method is based on the use of princgraponent analysis to reduce the
extensive dimension of shop floor data and logistgression analysis to make a predictive
tool and pre-check of daily production plan capsbito improve the effectiveness of
decision making. In this case study, it.is shovat the revised DSS works more reliably and
more accurately.

For future studies, either prediction accuracy atadeduction techniques may be improved
by applying other specialized models of logistigression. Manufacturers can also further
adjust the proposed prediction models to accortd thieir production environments and data
availability.
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