APPLICATIONS OF REVENUE MANAGEMENT TO

MANUFACTURING

Timothy S. Knik er

Mitchell H. Bu rman

Analytics Operations En gin eering, Inc.

Boston , MA, U.S.A., 0210 9

(61 7) - 939 - 030 0 mburma n@analytics - consultin g.com tkniker@analytics - consultin g.com

Ab stract : Usin g revenue manag ement, many firms in service ind ustries (airlin es, hotels, ren tal - car firms) h ave documented hug e increases in reven ues with relatively small in vestmentsin techno logy.Revenuema nagemen tca na lsobea ppliedtomanu factu ringina numb er o f a rea s. In th is p aper, we consider a prod uctio n facility with fixed capacity tha t must decide which incoming orders to accept. Unlike service ind ustry cases, which involve maximizing revenu e for discrete events (a flig ht, a nig ht in a hotel, a specific adver tising slo t), profit in this scen ario is ma ximized over a time co ntinuum. Th is op ens an u ntap ped area of revenue - mana gement research . To an alyze this situation and provide insigh ts, we model th e manufacturer´s environment as a Markov cha in with rewa rd s an d policies, wh ich is then solved usin g d yna mic p ro grammin g. We show th at imp roved rewa rd s (o n the order o f 10%)can occu r by using revenue man agemen t.

Keywords : Revenue Manag ement, Man ufactu ring Order Accep tan ce, Dynamic

Programming, Markov Chains

1.0 Intr oduction

1.1 Wha t is rev enue management?

Revenue management (also called y ield management, inventory con tro l/management) is th e business practice of determinin g which prod ucts and/o r services to sell to which customers for p otentially different prices in o rder to max imize so me utility fun ction

(ty pically p rofit or rev enu e) [9].Themain adv antag eofusing rev enu emanagementinstead of traditional profitability analy ses is that reven ue man agement is a sy stematic method th at quantitatively assesses the opport unity costs of all av ailable decisions. Theimp lementation of revenue management ty p ically relies on classify ing customers into differen t segments based on their willingn ess to pay , then controllin g price and available inventory . For the remain der of the p aper, we will assume that profit is th e utility fu nction b eing maximized.

To imp lement rev enu e manag ement, a firm mu st performfive steps that are usually in terrelated [10]:

· Segmenting: The firm must consider how its customers vary an d ho w th is affects th e price they are willing to pay .

· Pricing: The firm must decid e ho w much to charge for its services to each seg ment.

· Restricting: The firmmu st determine the ch aracteristics of each segment that it can explo it, so customers do not p ay a lower price than th e y are willing.

· Forecasting: The firmmust estimate the future d eman d of each seg ment.

· Allocation: The firmmust develop an allocation process that determin es wheth er or not it will sell its services to a giv en customer in real - time.

A nu mb er o f conditions must be met in o rder for rev enu e manag emen t to be effective in improving profit [8]:

· Perishability: The prod uct or serv ice that is b eing sold must be perish able. If it is not, th en it can be saved and accumulated and matched exactly to demand when it exce eds cap acity .

· Customer seg mentatio n: There must be an ab ility to effectively segmen t customers. If customers are homogeneous, they will all pay the same p rice; thu s, acceptin g a customer now is alway s better than reserving the service for a potential futur e customer.

· Fixed capacity : The firḿ s capacity mu st b e relatively fixed , i.e. , it is eith er time - consumin g or prohib itively ex pen sive to add additio nal cap acity . If capacity is easily added, th en a simp le analy sis of comparing margin al reven ue and marg ina l cost can be do ne, removing th e need for revenue manag ement.

· Uncertain demand: The demand must be variableand uncertain. Ifdemand is well kno wn ah ead of time, the firmcan statically d etermine wh ich customers will b e accepted .

· Capacitatedenvironment: T he resou rces requ ired to complete all arrivin g job s must ex ceed cap acity . If th e firmalway s h as ample capacity , then a traditional pro fitability analy sis can be done to determin e whether an o rder sh ould b e accepted .

1.2 Order - acceptance pro blem in manufa cturing

Many man ufacturin g firms face the d aily d ecisio n of wh ether or not to accept incoming ord ers. Orders th at come in u su ally have an associated v alue and/or adesired d uedate.It is up to the manufacturing firmeith er to accep t the o rder as is or, at least, to b egin negotiations with the customer by mak ing su ggestio ns for changes in either price or due date.

Fig ure 1 g ives an abstract represen tation o f the problem. Poten tial jo bs (denoted by A, B,

C, etc.) arrive at some time (denoted where the top arrows enter the time line). Each jo b has some reward and capacity req uiremen t associated with it. Also, the d ue date of the job is sp ecified (denoted where the b ottomarrow leaves th e time line). At the time of arrival, th e firmmust decide wheth er to acc ept the job. In Fig ure 1, accepted jobs are represented by black ty pe, while d eclined jobs are represented by gray ty pe. The middle bar represents th e schedule of when accepted jobs were wo rked.

A

A

$2,3

Time

Arrival of Jo bs

Du e Date of Jobs

B

$1,2

C

$5,3

A C B

D

$3,4

E

$4,2

D E

B E

Capacit y

J ob Code

Re ward ,Capacit yRequired

Figure 1 . Represen tation of manu facturing order - acceptan ce p roblem.

Ty pically , in to day ´s env iron ment, a simple an aly sis (if any at all) is all th at is don e to determine a job´s pro fitab ility . Th ese analy ses do not consider the pro fitab ility of po tential future jobs. The authors have no t foun d any sy stems in manufacturing that use sy stematic decision - mak ing method s th at measure opportun ity cost.

There is a significan t distinctio n between using rev enu e manag ement in a manu factu ring environmen t an d usin g it in the service indu stries such as airlin es, rental - car firms, and hotels. In service in dustries, revenue man agemen t is used fo r a discrete even t ( e.g. , a seat on a specific flight, a day in a car, a n igh t of lod ging ). In most manu factu ring environmen ts, this will not be the case. Man ufa cturing firms are not selling a pre - specified block of time ( e.g. , May 5 th from10:00 a.m. to 11:30 a.m.); but a batch of time ( e.g., 90 minu tes) that the firmis free to schedule as lon g as the en d - itemis d elivered to the customer b y the d ue date.

2.0 Contr ibutionsof this Pape r

The research contained in this p aper makes the follo wing contribu tions:

· It mod els revenue management o ver a time continuu mrath er than for a d iscrete even t;

· It presen ts a dy namic p rogramming formulatio n of th is model to perform analy sis;

and

· It analy zes the results of the d y namic - pro gramming formulation in o rder to provide some insigh ts into the potential use of rev enu e man agement in a manufacturing environmen t.

3.0 Literature Review

The literature regardin g reven ue management i s qu ite rich . The read er is directed to

W

EATHERFORD and B

ODILY [9] for a taxono my of perish able - asset revenue management,

B

ELOBAB A [1] for a historical acco unt of reven ue management, and M

C G

ILL and

VAN

R

YZIN

[6] for a more recent ov erv iew an d literature surve y . This bran ch of literatu re focuses entirely on discrete - even t rev enu e management.

To understand revenue maximization over a time con tin uum, we gain more insights b y lo oking at the research on admissio n con trol to a queuing sy stem. M

ILLER

[7] and

L

IPPMAN

[5] addressthesituatio n in which amanag er may decidewh icharrivin g customers may b e admitted to a queuin g sy stem. C

ALDENTEY

[3], ho wever, look s at u sing revenue man agement in th eallocatio n ofunitso finventory to incoming ord ers.Thedecisionsthata man ager can make are: acceptin g an ord er, declin ing an order, or idling a machin e.

Cald entey shows th at un der heavy traffic co nditio ns the problemcan b eap proximated by a dy n amic Brown ian motio n - control pro blem.

Depen ding on th e environment in which a fi rmop erates, a possib le alternative to reven ue man agement is capacity au ctioning. This ty pe of approach is go od for industries in which customers do not need immed iate responses to th eir in quiries. G

ALLIEN

[4] presen ts a survey of th e auction literature as it app lies to manu factu ring .

4.0 Manufacturing Order - Acc eptance Problem

4.1 Assumptions

We use the fo llo wing assu mp tions in our modeling:

· There is only a single bottlen eck in th e manufacturing process;

· The arriv als of orders are ind ependent o fo ne anoth er;

· Orders come in for a specific p rice, volume, and due date;

· The firmmust man ufacture the ord er by the due date, i.e. , no b acklo ggin g; and

· There is no sequ ence - dependent setup required for the differen t job classes.

4.2 Ba sic mo del

We will mod el the manuf acturin g order - acceptan ce pro blemas a Mark ov chain with reward s and policy decision s, and then fo rmulate the pro blemusing dy namic pro gramming. To create a fin ite - state space, we div ide time into discrete periods, each of length

D t . We assume that o nly one ord er arrives in each time p eriod. Let us assume that

th e orders are one of N classes.

4.2.1 Notation

For each o rder - class n = 1 , �,N:

R

n

: th e reward fo r accepting an d manufacturing a class - n job .

U

n

: th e number of time peri ods required to manufacture a class - n job .

L

n

: th e lead - time of a class - n job , measured in time p eriods.

p

n

: th e prob ability that a class - n job arriv es in a given time p eriod.

Without a lo ss of generality , we can consider the likelihood of no job arrivi ng in a g iven

timeperio d b y constructing adummy job class, n* ,wh ich h as R

n*

=0, L

n*

=0, U

n*

=0,an d

. 1

* å

¹

- =

n m m n p p

4.2.2 Defining the sta te space

Let

n N n

L H

,..., 1 max

=

=

H is the horizon of time that we must co nsider. We d o n ot need t o co nsider a longer

horizon, because we will never receive a jo b that can b e scheduled further out th an H time

perio ds.

We now make a key simplification to the pro blem. We will assume th at the manu factu ring

of ord ers is d one on a first - come, first - served basis, i.e. , on ce an order is accep ted, it is p ut

in a qu eue to be manu factu red . Under this assumptio n, we need only con sider the capacity

remain ing in th e ho rizon, and therefore d o not n eed to store info rmation abou t specific

jo bs. This will decrease grea tly the size of the state space and make it practical to solve

more than triv ially sized p roblems. However, th e solutio n this gives us will y ield a smaller

reward p er stage than ifwe allowed the manufacturing pro cess to b e scheduled .

The model that we h ave presented is similar to an ad mission - control queue, with two main

differen ces. First, the research in L

IPPMAN

[5] look s at an M/M/n/k queue ( n servers and

queue cap acity o f k ) with multiple classes, wh ile this is equivalen t to an M/D/1 queue with

in fin i te cap acity . Second , h is mod el co nsidered a cost function that was linear in terms o f

th e len gth of time a cu stomer waited in q ueu e. In our mod el, service must be fin ished b y

th e due date, which is the eq uiv alent of using a step function to model the cost of waiting

in q ueu e.

Let S b e the state space. Each state, s , in the state space is defined by {h,n} , where h is the

remain ing av ailable capacity over the horizon , and an order of class n has arriv ed during

th e time period (Figure 2).

4.2.3 Policies and rewa rd functions

At each state, there are, at most, two possib le decisions: accep t the order, or decline the

ord er. Let Z({h,n}) b e the set of policies available while in state {h,n} . If U

n

£ h ˘ (H - L

n

) ,

th en we hav e enou gh capacity before the due date t o manufacture the order and th erefore

may accept the order. Also , for con ven tio n, we will not allo w ^accepting~ o f a null order.

Specifically ,

{ } ( )

( )

î í ì ¹ - - £

=

otherwise

Decline n n and L H h U if Decline

Accept

n h Z n n

} {

} , {

,

*

Let u s defin e a gain fun ction , G({h,n},z) when in state {h,n} and selecting po licy z a s:

{ } ( ) { } ( )

0 , , , , = = Decline n h G R Accept n h G

n

Time

Class 1

H = 10

Sta te {6,1 }

D t

J ob Class Le ad Time Usa ge Probabilit y

1 10 3 0.2

2 10 3 0.4

* 0 0 0.4

Figure 2 . Represen tation of a specific state, {6,1} .

4.2.4 Transition probab ilities

If we are in state {h,n} an d accept the order, the new capacity will be h - U

n

+ 1. Th e

additio n o fo ne in this ex pression represents the fact that wegain on emoreun it o fcap acity

at the end o f th e ho rizon as we transition to the new period (Figu re 3 ). Therefore, if we

accept the o rder, our tran sition prob abilities are:

{ } { } [ ]

î í ì = Î "

= + -

otherwise

N m and S n h p

m U h n h P m

n

A

0

,..., 1 } , {

, 1 , ,

If we d ecline the o rd er, then the new capacity will be h + 1, un less h = H , in which case

th e capacity remain s h . Phy sically , this means we hav e let a unit of capacity pass by

unu sed. The transition p robabilities fo r d eclinin g an order are:

{ } { } [ ]

{ }

î í ì = ¹ Î "

= +

otherwise

N m and H h S n h p

m h n h P m D

0

,..., 1 : } , {

, 1 , ,

{ } { } [ ]

î í ì = "

=

otherwise

N n m p

m H n H P m D

0

,..., 1 ,

, , ,

Time

1

Trans ition fromState {6, 1 }

to State {4,*} by acceptingorder

*

old horizon

new horizon

Cap acit yused b y

Accepted Cla ss 1 o rd er

Figure 3 . Examp le o fa transition .

4.2.5 Dynamic prog ra mming formulation

This problemcan be fo rmulated as an average reward per stag e, infin ite - horizon d y namic

pro gram. Th e optimal av erage reward Q* an d a vector of sta te values d*({h ,n }) satisfy

Bellman´s equatio n:

{ } ( )

{ } ( )

{ } ( ) [ ] { } ( )

S n h n h d n h n h P z n h G n h d Q

S n h z

n h Z z

Î "

ú

û ù

ê

ë é

+ = + å

Î

Î

} , { , , * } ’ ’ { }, , { , , max } , * *

} ’ , ’ {

,

We then use v alue iteration or p olicy iteration ( B

ERTSEKAS

[2]) to calculate th e op timal

value vecto r d* , the op timal av erage reward Q* , and th e optimal policy vector z* .

4.3 Analys is of optimal - reward results

We con sider th e situation where there are two classes of jobs. The relev ant data for each

jo b are as follows:

Job class Reward Usage Lead time Proba bility

1 6 30 200 0.02

2 4 30 200 0.04

Ta ble 1. Job ch aracteristics used in numerical analy sis.

4.3.1 Co mpa rison to first - come, first - served reward and maximum p ossible reward

To analy ze the magnitud e o f the optimal reward, we compare it to two valu es. The first is

th e First - Co me, First - Served (FCFS) reward, Q

FCFS

. Th is is the a verag e reward per stage

when th e po licy of First Come, First Served is u sed to accept orders, i.e. , if cap acity is

available, the order is accepted .

To n ormalize the d ata, we will divide by an upp er boun d, Q UB . This upper bound is

obtained b y sortin g each job class by its reward/usag e value. We then assume that all jo bs

of th e highest classes are accepted until the cap acity is u sed up. For example, fro mthe data

in Tab le 1, the maximumaverage reward p er stage would b e .1 7333. We wo uld accept all

class - 1 o rders (which use 6 0% o f capacity ) at an average reward of .2 0/period. Nex t we

would accep t 1/3 of all class - 2 orders (wh ich use the remaining 40 % of cap acity ) at an

average reward of .1 3333/perio d.

4.3.2 Effect of lead time on optimal reward

Fig ure 4 show s th e graph of the n ormalized optimal reward , Q*/Q UB , (reven ue

man agement) versus th e no rmalized FCFS reward, Q

FCFS /Q UB , as a function of the lead -

time length. When th e lead - time is very short (in relation to the cap acity requirement of a

jo b), revenue man agement will no t pro vide much b enefit. This is b ecau se the reven ue -

man agement po licy will b e similar to the FCFS policy at these levels, main ly becau se the

likelihood that another order will arrive in the short lead - time is small. A s the lead - time in crease s, h owev er, there is more capacity in the horizon that can b e op timized. In this

small example, revenue manag ement prov ides a 10% benefit o ver the FCFS policy .

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

2 3 4 5 6 7 8

Ratio of LeadTime/Usage

% of Maximum

FCFS

Rev.Mgmt

Figure 4. Normailzed rewards as a function of lead - time length.

4.3.3 Ef fect o f reward dispersio n o nop timal reward

Fig ure 5 shows the graph o f th e n ormalized optimal reward versus the no rmalized FCFS

reward as a function of the reward dispersion. A ratio of 1.0 represents the scenario when

th e two job classes are the same. As the rew ard ratio in creases, th e benefit o f rev enu e

man agement increases. As the ratio of rewards reaches 4, the benefit of revenue

man agement increases to 25 %.

.

4.3.4 Effect of lo ad factor on o ptimal reward

Fig ure 6 shows th e graph of the normalized optimal re ward and the no rmalized FCFS

reward as a function of the traffic parameter. Th e load facto r is defin ed similarly to the

traffic p arameter in queuin g theory . We increased the p robability of arriv al o f both job

classes in the same prop ortion.

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

1 1. 5 2 2. 5 3 3. 5 4

Ra ti o ofRe w a rd

% ofM axi m um

FCFS

Rev. M gm t

Figure 5. No rmalized rewards as a function of reward dispersion.

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

0 0.5 1 1.5 2 2.5 3

Load Factor

%ofM aximum

FCFS

Rev.Mgm t

Figure 6. Normalized optimal reward as a function of the traffic parameter.

When th e load factor is lo w, there is little - to - no ben efit to u sing rev enu e manag emen t as

we ment io ned in Sectio n 1.0. As the load factor increases to th e lev el where the sy stem

beco mes capacitated (>1.0), rev enu e manag emen t begins to o utperfo rmFCFS

sig nificantly . The d ip th at occu rs aroun d 1 .0 is more a fu nctio n o f the change in the up per -

bou nd valu e rath er th an a ph eno menon that occurs when the sy stembecomes capacitated.

4.4 Analysis of optimal policy

In Section 4 .3 , we investigate the op timal reward per stage, which g ives us an idea of the

quantitative benefit of revenue management. It is even mo re impo rtant to u nderstand the

actual pro cess required to achieve these benefits. To do this, w e will investig ate the

optimal policy and remark ho w it differs fro mth e FCFS policy in future research .

5.0 Conclusion

5.1 Summary

Revenue management is a prov en t echn olog y in many in dustries. Some ideas that h ave

been develop ed for the service industry can be ap plied to situ ations in manufacturing.

Previo us research has examined ho w inv entory stock s can be allocated to customers. In

th is pap er, w e examine how manuf acturin g capacity itself is allocated. We mod el this

situatio n as a Markov chain with rewards and po licy d ecisio ns, wh ich we then solv e b y

using dy namic programming.

We sho w that significan t benefit can b e gain ed b y usin g reven ue management b ey o nd a

simpl e FCFS app roach to manu facturing - ord er acceptance. Furth er research should b e

don e to verify this with real - world data. Bey ond the qu antitative benefits described ,

numerous b enefits are possible, froman org anizational and cu stomer - service persp ective.

In th e au thors´ work in manufacturing co nsultin g, we have interviewed numero us

man agers who wrestle with order - acceptan ce prob lems on a daily basis. Ty pically , they

mak e their decision b y either ^gut feel~ or a slow, cu mb ersome organizational structure

th at p ushes decisions to high er lev els. Revenue management can elimin ate slo w service time with an objective decisio n - mak ing sy stemthat is n ot vulnerab le to turno ver of a

compan y ´s k ey personnel.

5.2 Extensions and future resea rch

Numerous path s o f future research stemming fromth is to pic ex ist. First, we make a k ey

simplification by assumin g that each jo b is manufactured o n a first - come, first - served

basis. Allowing the scheduling of jobs will g reatly increase the co mp lexity of the p roblem.

A dy namic - pro gramming f ormulatio n will b ecome intractable du e to th e amount of state

in formatio n that needs to be main tained.

Another obvious action is to consider more job classes in our nu merical an aly sis. The

number o f jo b classes parallels the number of different fare clas ses in the airline reven ue

man agement pro blem. Also, we can extend revenue manag emen t to a manu factu ring

pro cess with more than one bo ttleneck p rocess. Th is also has a p arallel in airline revenue

man agement. Most of th e research in th e late 19 90s h as focus ed on netwo rk revenue

man agement, sp ecifically how d o y ou mod ify ŝin gle - leg~ rev enu e manag emen t when a

passenger wan ts an itin erary that uses more than one flig ht leg in the network.

6.0 Refer ences

[1] B

ELOBAB A

, P

ETER

, Âir Trav el Demand and Airline Seat Inventory Control,~ Ph.D.

Thesis, Flight Transpo rtation Labo ratory , Massach usetts Institute of Technology ,

198 7.

[2] B

ERTSEKAS

, D

IMITRI

P ., Dynamic Programming and Optimal Co ntrol, Vo lume 1 ,

Ath ena Scientific, 1995 .

[3] C

ALDENTEY

, R

ENE

, ^Reven ue Man a gement of a Make - to - Sto ck Queue,~ Working

Notes, Sloan Sch ool of Management, Massachusetts In stitute of Technology ,

Decemb er 200 0.

[4] G

ALLIEN

, J

EREMIE

, D̂esign and Analy sis of a Smart Market fo r Indu strial

Procurement,~ Work ing paper su bmitted to Managem ent Science , 20 00.

[5] L

IPPMAN

, S . Âpp ly ing a New Device in th e Optimizatio n of Expo nen tial Qu euing

Sy stems,~ Operations Research , Vol. 23 , 19 75.

[6] M

C

G

ILL

, J

EFFR EY

I. an d G

ARRETT VAN

R

YZIN

, ^Reven ue Management: Research

Overview an d Prospects,~ Trans portation Science , 33 - 2 , 19 99.

[7] M

ILLER

B., ^A Queu ing Reward Sy stemwith Several Customer Classes,~

Management Science , Vol. 16 - 3 , 23 4 - 245 .

[8] PROS Reven ue Management web - site, http://www.pro srm.com/.

[9] W

EATHERFORD

, L.R.

AND

B

ODILY

, S.E . ^A Taxon om y and Research Ov erv iew o f

Perishable - Asset Revenue Management: Yield Man agement, Overboo kin g, and

Pricing,~ Operations Research , Vol. 40 , 83 1 - 844 .

[10 ] W

ONG

, J.T., F.S. K

OPPELMAN

, an d M.S. D

ASKIN

, F̂lex ible Assignment Approach to

Itinerary Seat Allocatio n,~ Transportation Resea rch , 27B , 19 93.