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Abstract
Automotive producers are aiming to make their order fulfilment processes more flexible. Openimglihe pi
of planned products for dynamic allocation to dealers/ customers is a significant step to be mézebfiexiie
behaviour of such Virtual-Build-To-Order systems are complex to predict and their
performance varies significantly as product variety Iewvehange. This study investigates the potential for
intelligent control of the pipeline feed, taking into accatinet current status of inventory (level and mix) and of
the volume and mix of unsold products in the planning pipeline, as well as the demand profilatdfiigent’
methods for selecting the next product to be planned into the production pipeline are analysediigsietea
event simulation model and compared to the unintelligent random feed. The methods are tested under two
conditions, firstly when customers must be fulfilled witte exact product they request, and secondly when
customers trade-off a shorter waiting time for compromise in specification. The two forms of customer
behaviour have a substantial impact on the performance of the methods and there are atsmtsiifiiences
between the methods themselves. Withenproducer has an accurate model of customer demand, methods that
attempt to harmonise the mix in the system to the demand distribution are superior.

Keywords: order fulfilment, automotive.

1. Introduction

The level of product variety on offer from the largutomotive producers, particularly on passenger
vehicle models, can be very considerable. opireg with a wide product range premium producers are
moving to fulfil the majority of their customers by building to order (BTO) [1] but most of the
mainstream large producers use several fulfilmmeethanisms. Retail customers are served by
dealers and in European markets it has become commactice for the dealer to be able to search the
stocks of other dealers as well as their own,smadch the vehicles scheduled for production [2]. If no
vehicle is found they have the option to request a BTO vehicle. A schematic of this multi mode open
pipeline fulfilment system is in Figure 1.
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Figure 1. Schematic of the order fulfiéimt model with three fulfilment mechanisms

From an operations management perspectiventhii-mode fulfilment system is interesting and
potentially attractive to stakeholders in the systeciuding the producer, dealers and customers. The
system has a stock of unsold vehicles which is replenished from the factory, the production plan for
which is typically mapped out for several weeks into the future. As can be expected, the producer is
concerned with the volume and composition of lstaganting these finished vehicles to be of an
appropriate mix to satisfy as high a proportion aftomers as possible. Ifdtpipeline is closed from
disturbance the mix in stock could be predictesing standard inventory analysis, assuming the
customer demand for each product variant is knaecurately. However, in multi-mode fulfilment

the pipeline is open and hence a fraction of vehiclethe plan will be sold before they reach the
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factory and so do not replenish stock. Previesgarch has shown the volume and mix of stock in an
open pipeline system is different from the stock in a conventional system with a closed pipeline [3].
That research uncovered inherent and fundamentahiimur of the fulfilment system but did not look

at how the system could be controlled. This is the focus of the current research.

A producer may wish for customers to find the exaoduct variant they are seeking without waiting,

i.e. the majority are fulfilled from stock. Howayes variety increases, a point is reached where the
volume of vehicles in stock and pipeline are fewer than the number of variants on offer. Whatever
process or rule the producer uses to feed the p@aélinthis circumstance either some proportion of
customers must wait for a BTO product, or they must be willing to compromise on vehicle
specification. In this study these two behavioare modelled explicitly to assess their impact on
fulfilment performance across ade range of variety levels.

The objective of this study is to test methods foea@tg the product variants to feed into pipeline.
To do so a discrete event simulation has beeated which models the pipeline as a sequenge of
products. At each time step of the simulation the products incremeposit®n along the pipeline
with one being fed into the upstream entrancéhefpipeline and one leaving the downstream end.
The exiting product goes into stock unless it has tsedoh already in which case it is removed from
the system. Customer arrivals are synchronisik the incrementing pipeline, with one customer
served in each time period. Every customer is akmtatproduct, either from stock or the pipeline or
by requesting a built-to-order product. As custormgivals are synchronised with production the
number of availabl@roducts in the system remains constant, implying that the producer’s forecast is
accurate in terms of volume. Therefore, & ystem is primed with a pipeline full pfproducts and
none in stock, the first customeilivtake one and reduce the counptd (conditional on there being a
match), but it will return t@ when the next product enters the pipeline.

Although the count of available prodads constant their location the system depends on the level

of variety on offer to the customer. When omlyfew variants are on offer, many customers are
fulfilled from stock, but when variety is high ondy few will find a suitable product in stock and a
high proportion will need vehicles built-to-order. Iretformer situation the level of stock is low and
most of the available products will be in the pipelinn the latter situation the available products are
mostly in stock, and the pipeline is conveying BTO products. These conditions are illustrated in
Figure 2.

<+—— Pipeline — Stock

products
INEENNNENENENE nEnERjEEE Low variety: most customers fulfilled from
stock, some from pipeline, few by BTO
B RN NN (IR (T igh variety: many customers fuffiled by

BTO, few from stock or from the pipeline
[] Available [J BTO [l Pipeline sale

Figure 2. Indicative location of prodtgin low and high variety conditions

Five Methods for selecting the next product to fé®d the pipeline have been developed and are
compared to a random feed. Four of thehods are based on comparing the mix of available
products in the pipeline and in stock to a ‘targdistribution. The fifth method is a simple but
pragmatic rule, which is to feed inetlvariant the last customer wanted.

In reality the producer has the challenge of edtitgahe relative demand for each variant but in this
study we make the producer’s target distributicentetal to the demand distribution. Each product
variant has a unique number to represent its spedadficaf he difference in specification between two
variants is the difference in their numbers. To illustrate, the \athis one step different from #48,

2
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and 51 steps different from #98. This propertysed when customerseamodelled as being willing
to compromise.

The relative demand for each variant follows an 80/2@itution, i.e. 20% of the variants account for
80% of demand as illustrated in the right plot in Fé&g8. This is modelled in the simulation using a
Beta distribution with the shape parameters set to 1 and 7.5.
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Figure 3. Demand for each variant in number ordleft plot) and ranked by demand proportion to
show the shape of the 80/20 distribution (product range 1024)

In the study a range of variety levels are simulated from 2 to 16,384 (i.e.ftor#9 and in all cases

a skew equivalent to 80/20 is applied. Figure 3 shows the relative demand for variants when there are
1024 variants and it is important to note that desnper variant is randomised to avoid a correlation
between variant specification and variant demand. ighis emulate the real world situation in which

the most commonly requested variants from a product range differ greatly.

2. Description of the pipeline control methods

This section describes the control methods and hew &hne implemented. All the methods function
in the same way, in that they select one produéted into the pipeline. Common symbols are given
in Table 1.

Symbol Description Symbol  Description

i Variant identifier I Number of products held in the pipeline

S Probability of stock out on variarit b Probability of a customer seeking a variant

m Number of variants q Volume of varianti in pipeline and stock
m

c Number of customers A Volume of products in pipeline and stodk= Za,-
i=1

d; Volume of demand for variarit, JI =pA

Table 1. Symbols

2.1 Method 1: Random feebhe next variant to be fed into thgeline is chosen at random from the
target distribution, which is modelled as a Beta distribution.

2.2 Method 2: Reduce stockout probabilitfhe next variant to be fed into the pipeline will be the
one that has the highest probability stbcking out Probabilitys of a variant stocking-out is

calculated as the probability that demand for vaiiasit exceed its current availabilitg, afterc

customers are processed (wheris equal to the sum of all products currently in stock and pipeline).
The number of customers demanding variamtre estimated using a binomial approximation,
i.e.d, ~ B(c, p;), so the value of (1) is calculated using ttumulative density function of the binomial

3
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distribution. The variant to be fed into the pipeline satisfiggnax(s | i.e. the variant with the highest
probability of stocking out.

s =1-P(d <a&) 1)

2.3 Method 3: Reduce weighted error from target distributidrhis approach considers the error
between the actual number of a particular variant in both stock and pipelarel the expected
demand for that variadf. The error is weighted according to the demand for the variant in (2). The
variant to be fed into the pipeline satistiegmin{g }.

g = nla - d| 2)

2.4 Method 4: Reduce distance (to reduce compromis&his method applies the concept of
compromise distance to select a variant. Congidesituation in which a producer can stock only one
variantk. All customers will receive variatt regardless of which variant they request. To minimise
the compromise of the customer population, pheducer selects the variant which minimises the
average expected distance defined in (3).

m
dist = % Z:cpi |speg — speg| (3)
i=1
The procedure for implementing the method is as follows:

The current holding of each variant in stock and pipeliag iISum to find total A

Add 1 to the holding and estimate thgegted number of customers per variaht: p,(A+1)
Select the first variant and add 1 to the volume of this variant, i=ea, +1.

Then inspect each variant, attemptingfudiil the expected customer demadd firstly froma, .
The fulfilled volume isf; . If f;;is less thand;, then try to fulfil the remainder from_, which
will be f,;_,, and if some remains still then fulfil frory,;, and so on, following the general

max{im-i} _
sequence of filling fromg,_; thena,; until Z fiiipj =di
j=0
The ‘distance’ calculation sums the productvofume fulfilled and difference between variants,

m
i.e. dist = Z f, ;i - j| noting that when =i the distance is zero, hence if the volume of stock and
j=1
pipe is distributed over the variants in an ideal, the ‘distance’ calculation would return 0.
Repeat for all variants and select the variant that gigesin{dist }.

The number of calculations is proportionahtdso to obtain results at higher variety levels a stopping
rule is implemented but even with this includesults have not been obtained for the two highest
variety levels of 8192 and 16384.
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2.5 Method 5: Increase forward sales coveradée expected forward sales covisg of a variant is
calculated using the binomial approximation, ide~ B(c,p;) and the property that the expected

successes for an outcome is the product of the nuofitheals and the probability of success per trial.
To calculate the forward sales coverdge each variant, 1 is added to tmember of that variant
currently in stock and pipeline. The vartizelected to wholesale is the one which gargsin{fsc |

wherefsg is calculated using (4).

L+ 1
fsq :(a‘—.) (4)
2.6 Method 6: Follow the previous customer’s requdst this method the sequence of wholesaled
products repeats the sequence of customer orders.

3. Priming of the pipeline

Four of the methods (2, 3, 4 & 5) can be compared by how they prime the pipeline. The priming
process starts with an empty pipeline and the metktatts the first product variant. This is fed into

the pipeline and is taken into account when théhotk selects the next variant, and so on until the
pipeline is full.

The plots in Figure 4 analyse the characteristics of the pipeline distribution once primed by each of the
methods. The pipeline holds 1024 products and tigetalistribution is from Figure 2 above. The
plots rank the variants by their demand fractiordescending order and measure the difference in
frequency from the target distribution.

Three of the methods exhibit a similar form of saathgpattern. This is the consequence of the actual
number of a variant in the pipeline being an integiiereas the target frequencies are in fractions. In
Methods 2 and 3 the teeth alternate between oweruader- representation of variants in the pipeline
(with a value above zero indicating over representatidm)Method 5 the teeth to the left are all for
over-represented variants, but then begin to atern In all three methods the lower demanded
variants to the right of the plots are under-represented.

The overall pattern of Method 4 is also a sawHdmit the over- and under- represented variants are
interleaved. A second notable difference from theratmethods is that many of the lower demanded
variants are over-represented.

Statistics about these differently primed pipelines giwen in Table 2. Method 5 feeds fewer than

30% of variants (296) while Method 4 feeds in juster 50% (504). Furthermore, the variants fed in

by Methods 2, 3 and 5 are the highest ranked variants whereas Method 4 spreads its selections from
across the product range. In terms of evaluatiegstmpe of the distributions against the target
distribution, using the measure of mean squarffdrdince the methods are ranked from best to worst

as 2, 3,4, and5.

Method Number of variants Lowest ranked variant represented Mean Square Difference
represented in the pipeline in the pipeline (ranked by demand)from the target distribution

2 337 337 4.81E-04
3 304 304 7.21E-04
4 504 1022 4.7€&-03
5 296 296 1.1&-03

Table 2. Analysis of how methods prime the pipeline, for variety 512
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Figure 4. Differences in proportions of variantsarprimed pipeline from the target percentage.
Clockwise from upper left: Method 2, Method 3, Method 5, Method 4

4. Analysisapproach

The methods are tested under two customer behavidursne the customer must receive the variant
requested, referred to as tBeact matchsearch (and the oldest matching vehicle fulfils the customer).
In the second the customer will trade-off waiting tiamel specification difference. This is denoted as
the Compromise searcand a customer is fulfilled by the oldest product giving the minimum value for

(5).

score =|speg — speqequeste(l +leadtime (5)

Results are collected using the batch means maetfthdthe initial transient discarded and data from
20 batches used to calculate metrics and confidarieevals (which are shown on many plots) as
explained in [4]. Many of the results are plottediagt the ratio of variety to pipeline length, denoted
as thev/p ratio, which has been observed to allowifoiént systems of different magnitudes to be
compared [3].

5. Results

5.1 Zero initial stock In this condition the pipeline is primadth products but there is no stock.
The pattern of fulfilment when customers are fufillwith the exact product they are requesting is
given in Figures 5 to 8. Figures 5, 6 and 7 shibev proportion of customers fulfilled from stock,
pipeline and BTO, and Figure 8 plots their average waiting time. Evident from these four plots are:

Methods 2, 3 and 5, which all try to match theget distribution, have similar performance and
they are superior to the other methods. Inwiperange from 0.01 to 1 the contribution of each
fulfilment mechanism is near constant. Froatios above 1, BTO fulfilment rises and other
mechanisms reduce but are still significant.

Each of Methods 1, 4 and 6 has a distinct pattbtathods 4 and 6 havensiar performance to 2,

3, and 5 at the lowestp ratios, but then diverge a#p rises with lower stock fulfilment, higher
BTO and longer waiting time. Method 6 divergesd compared to the substantial difference of
Method 4.
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. The random feed (Method 1) has the poorest pedoam in terms of stock fulfilment which is
less than half of the superior methods 2, 3 anfAverage customer waiting time is an order of
magnitude longer at low/p ratios.

80%
— +- - Method 1
70% A —o— Method 2 |
—x— Method 3
60% - --0--Method 4 |
- —— Method 5
-g 50% - --+--Method 6 |
2
2
2 40% A
1
)
£
£ 30% A
I 'y
0%+ --——"~"-" """~~~ NSOz - "~~~ t- &g~ ~"—- -~ - --—-————-
+ 6
10% - | ;:l *******
o 4
0%
0.001 . . 100

vip ratio

Figure 5: Fulfilment from Stock (Exact Match search)

100% T

— +- - Method 1

04
90% —o— Method 2

80% - —x—Method 3 |_
--o--Method 4

04
70% —&— Method 5

--+--Method 6 |_

60% -

50%

40% -

Fulfilment proportion

30% A

20%

10%

0%
0.001 X 0.1 1
v/p ratio

Figure 6: Fulfilment from Pipeline (Exact Match search)

100%

T T

— +- -Method 1 !
|

90% | —o—Method 2 T K -

80% - —x— Method 3 7777777777777777777777777&77776 777777
) +
- -o--Method 4 .
4 _____ 1’,/',,,,; ,,,,,,,,

70% T 4 Method 5

60% - - -+--Method 6

50%

40% f————————mmm————m o ——— o e

Fulfilment proportion

20%

T

|

|

|

|

|

|

30% - |
|

|

|

|

10% - [
|

|

0% —_—

0.001 0.01

100

v/p ratio

Figure 7: Fulfilment from Buileto-Order (Exact Match search)



The University of

P G Brabazon, A Woodcock and B L MacCarthy f
' | Nottingham

Presented at: Fifteenth International Working Seminar on Production Economics, Congress Innsbruck;”
Innsbruck, Austria, March 3-7, 2008

10000 T T T
| | |
| | |
| | |
| | |
| | |
| | | 4
GEJ 1000 - =~~~ = =~ |- T T T ST TS T T I o=m®ETY 6T T
= | e — e m e T T T L
o /».7\§ _ - - g PR __.“r/x‘
£ s Y P :3);/‘ |
‘T 4 | -t |
2 7 I T x/*\ |
2 100 ’ | e Method 1
£ T |- - - -~ 25555% el [t —+-
8 e | . +/‘;}/x |
a 19 [ =~ | —o— Method 2
3 _\," Q/Q |
) = I —x— Method 3
© | |
5 / | ! --o--Method 4
<>( 10 -——==7-—~—+ |— T T T T [
/ : : —— Method 5
7 : : --+--Method 6
| | T
| | |
1 T T T
0.001 0.01 0.1 1 10 100
v/p ratio

Figure 8: Customer waiting time (Exact Match search)

Performance of the methods is greatly altered wdhestomers are willing ttrade-off specification

and waiting time, as shown in Figures 9 to 1l the variety range analysed there is no BTO
fulfilment except for Method 1 at the highest variety studied (16,384 variants). In respect of the
fulfilment mechanisms and waiting time all methddsre similar performanceyith Method 1 being

the only one to trend away at highgp ratios. At the lowest/p ratios only a small fraction are
fulfilled from stock (Figure 9), but this is a little siéading since the majority of customers are being
fulfilled from products just about to leave the pipe which is evident from the plot of waiting time
(Figure 10) which shows the average to be closg tone period at the lowest ratio (which is the
waiting time for a stock vehicle).

The pattern of specification compromise depends onih@ameasured. In terms of the difference in
variant number, the amount of compromise rises as/fhetio rises (Figure 11, left plot) but when
measured as a percentage of the product range, the compromise is greateswi mtmmand drops
toward zero (Figure 11, right plot).
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Figure 9: Fulfilment from Stock (Compromise search)
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Figure 11: Customer compromise in specification, left: variant steps, right: percentage of product
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5.2 Increasing stock levelsin this section the system isvestigated further at the/p ratio of 1

which corresponds to variety of 1024. The issoms@ered is how the methods control stock mix,

and this is investigated by priming the system with greater volumes of stock. Once steady-state
conditions are reached the methods are compareesject of fulfilment from stock and customer
waiting time.

Figures 12 and 13 plot the stock fulfilment proparsiothe former for the exact match search and the
latter for the compromise search. Figure 13 confirmaspifittern observed above in that Methods 2, 3
and 5 are similar and they are superior to theeroinethods. Method 6 is fairly close to them,
differing by ~10 percentage points and convergahdm at stock levels above 2000. Method 4 also
converges at this stock volume. The random feddaihod 1 stands out as being a poor approach. It
does not achieve 90% stock fulfilment in the conditions analysed, but from extrapolation this method
will require an order of magnitudmore stock than Methods 2, 3 or 5. Figure 13 also confirms the
pattern observed earlier, with all but Methodhdving similar performance, though Method 6 has
slightly less stock fulfilment when stock is belev800. In the exact match condition, the random
method is poor, but it converges to the otherhmes at stock levelsbave 1000. The data on
customer waiting times in Figure 14 show similifferences between methods. Comparisons of the
fulfilment curves in Figures 12 and 13 and the waiting time plots in Figure 14 highlight how
substantial the impact on performanceofscustomer behaviour. At thép ratio of 1, over 1000
products are required in stock for 90% of customers to be fulfilled from stock in the exact match
search, but when customers compromise the same fiosp@rachieved with a stk of less than 200.

In this condition the average compromise in spedificais small at ~0.5% (Figure 15, left plot) and

the maximum that any customer compromises iserréigion of 5% to 6% (Figure 15, right plot).
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6. Discussion

The results show in most conditions studied tin&lligent methods are superior to the baseline
random feed. In the more demanding situatiosustomers requiring an exact match some of these
methods far exceed the random feed in termsl6flig from stock and customer waiting time. As
can be seen in Figures 5 to 8, the benéfis these methods is seen across thevfplfange studied.
Although the experimentation here extended to arafip of 16, the plots suggest that all methods

may converge at &/p ratio of 100 or higher.

In contrast, when customers compromise, all of the

methods, including the random feed, have near identical performamgeratios below 0.1 and the

divergence above this ratio is small.

The cargon of the two customer behaviours shows how

important their decisions are to system performarités anticipated a real customer population will
have a mix of customer types and the implicatioh¢he relative proportions is an issue for further

study.

Three of the methods — 2, 3 & 5 — attempt to harmonise the mix with the target distribution and they
have similar performance. The results show thmethods improve the stock mix compared to the
random method and the greater proportion fulfilledrfretock shortens customer waiting times. A
further contributor to the reduced waiting is an improved mix in the pipeline, evidenced by histograms
of where along the pipeline products are allocateclistomers (Figure 16). The left plot is with the
random feed and the bias is toward the upstreamddttiie pipeline while the plot for Method 2 is a
near mirror image, with the bulk of allocatioinshe downstream half of the pipeline.
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Figure 16: Pipeline slot at which products are allocated to customers, left: Method 1, right: Method 2
(Exact Match search, variety 1024, 10,000 customers)

Method 4, which looks to create a mix in the eystto cover the full range of products, performs
poorly at higher variety levels when customers niaste the exact specification they are seeking. It
is a method conceived for the compromise situation but it does not stand out as a superior method in

those conditions.
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Method 6 is notable in that although it underperfotire best methods whenstomers demand exact
matches, its performance is considerably bdtten the random method and it would seem to be
straightforward to implement. It is conceivaliethods 2, 3 and 5 will lose their superiority if the
producer has an inaccurate forecast of the customeatrag distribution. Method 6 is robust to this as
it does not require a forecast. It will lag behind angnge in customer tastes but this is a challenge to
all forecasting techniques.

A gquestion worth dwelling on is why Method 6 is stipeto the random feed (Method 1). In Method

1 the sequence of variants requested by customegadem and the sequence of variants fed into the
pipeline is also random. In Method 6 the pipelinedféollows the customer sequence, hence it can be
considered to be random also. However, becawséetid follows the customer sequence it avoids a
phenomenon observed in earlier research on opetingpgystems [3] in which the mix in stock
becomes unrepresentative of the mix fed in to thelipge Consider a situation in which two dice are
thrown several time and one has a sequence of fauoog ‘55’ while in the other’s sequence there is
no ‘5'. When the equivalent occurs in the ogepeline system, the result is that stock and the
pipeline are stripped of ‘5s’ and from then on anyeéhtering the pipeline is likely to be sold to a
customer before it can replenish stock. By following the customer Method 6 duplicates the run of ‘5’
and prevents the stripping effect.

7. Conclusion

A simplified version of an open pipeline system used in the automotive sector has been studied using a
discrete event simulation model. A set of methimisselecting products for manufacture have been
developed and implementedJsing a number of performance tnes clear differences have been
observed in the methods. When the produces &n accurate forecast of customer demand the
performance attained by some methods is verghrhetter than a random feed. The approach of
producing the products requested by recent custodoes not achieve the best results but may be a
more robust method. Further research can study the implications of forecast error on the performance
of the methods.
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