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ABSTRACT

In this paper, we examine a discrete-time, periodic-review production environment that
assembles several hundred items and that possesses limited, perhaps random production capacity.
The demand for a large subset of these items is highly erratic and extremely difficult, if not
impossible, to predict accurately. Consequently, a coordinated production-inventory strategy, such
as the No B/C Strategy presented in Carr, et al. (1993), is necessary. In such a strategy, inventory
is carried only in high demand rate, predictable items and production priority is given to non-
stocked items. Production is controlled for stocked items through a modified base stock policy.

A key feature of our approach is that it does not rely on item-level forecasts for each
item. Our objective is to develop and test a computationally efficient and accurate procedure for
establishing base-stock levels that minimizes the expected holding and backorder costs per period
over an infinite horizon.

We consider two alternate operating scenarios and compare them. In the first, we
consider an information poor environment and assume that production decisions must be made in
advance of observing demand. In the second, we assume an information rich environment and
observe demand prior to making production decisions. We quantify the value of this information
in terms of operating performance. We demonstrate that as the capacity utilization increases, the
value of obtaining advanced demand information, while still valuable, diminishes.

In these environments, there are two types of safety stock needed to minimize expected
costs: demand-driven safety stock and capacity-driven safety stock. We demonstrate that for
capacity-driven safety stock, traditional equal-fractile allocation policies may lead to substantial
inventory imbalances over time and result in lower than expected service levels. To resolve this,
we present an alternative means for allocating capacity-driven safety stock that favors storing
inventory in items for which the risk of not selling them is lower.

Through a series of numerical experiments, the model is shown to be accurate and on
average performs within 0.26% of a lower bound. The information rich case resulted, on average,
in 35% lower safety stock and 57% lower expected costs per period than the information poor
case. Using our proposed capacity allocation scheme resulted in 23% less units in imbalance than
if the newsvendor allocation were used. We conclude with an experiment of the approach in an
industrial environment and demonstrate its effectiveness over current management practices.

KEY WORDS: PRODUCTION PLANNING AND CONTROL, MANUFACTURING STRATEGY, No B/C
STRATEGY, VALUE OF INFORMATION, INVENTORY SHORTFALL, COLLABORATIVE PLANNING.



1 Introduction

In this paper, we explore an alternative way of making capacity allocation and inventory
stocking decisions that is designed for lean manufacturing environments. These environments
have a wide product variety, highly uncertain demand, limited production capacity (perhaps
random), drastically shortened flow times, reduced setup times, and small batch sizes.
Investments made in new equipment and in employee training have resulted in assembly
environments with very short, predictable, and repeatable flow times. Typically, there is an
effective maximum production capacity per period. Depending on how the production facility
has been designed, this production capacity may be deterministic or random, and may be scalable
through the dynamic addition of equipment or labor. The timing of demand information may also
be different in different environments. In some cases, production decisions must be made prior to
the realization of actual demand. In this case, a forecast is generated for each item over a lead-
time and inventory is held due to forecast errors. The lead-time is often used as a deterministic
surrogate for limited production capacity. We refer to this inventory as demand-driven safety
stock. In other cases, demand information is known prior to making production decisions. If
capacity were unlimited, then no finished goods inventory would be needed; however, due to
limited capacity, there may or may not be sufficient capacity in a period to satisfy all demand.
Consequently, some inventory is needed to protect customer service objectives. We refer to this
type of inventory as capacity-driven safety stock. The more volatile and unpredictable the
demand is, the more safety stock is needed for a given level of customer service.

Based on our work and observations in both the hydraulic fluid conveyance and electrical
controls industries, the existing methodologies used in practice for governing the management,
planning, and control of capacity and materials in manufacturing systems are not well suited for
these new environments. Specifically, the assumption that demand forecast errors for an item
over a short replenishment lead-time can be accurately represented using a probability
distribution is flawed, as we shall demonstrate. Thus, production and inventory plans based on
resulting inaccurate demand forecasts are themselves flawed and can lead to a significant
misallocation of capacity over time. In some cases, this capacity misallocation has resulted in

large inventories of low demand rate items and in inventory writedowns.



Examples of the items considered in this research are assembled products, such as
computers. In order to receive, process, and fill these orders, firms must balance assembly
capacity limitations with finished goods inventory investment and customer service levels. While
it is typically not economical to stock a wide breadth of products in anticipation of demand, there
are likely to be several popular models for which there is a lower risk of obsolescence. It is in
these products that we consider possible stocking in advance of demand in order to protect
customer service against insufficient production capacity.

The value of information for production and inventory decision-making depends heavily
on the timing of events in the system. If the manufacturing flow-time is greater than the customer
order lead-time, then a forecast must be made and inventory must be held. If the manufacturing
flow-time is within the customer order lead-time, then the firm can potentially satisfy demand
without the need for item-level forecasts for all items. If demand is observed before production
decisions are made, this permits a one-day reduction in order fulfillment lead-time for low
demand items. On the other hand, if production decisions must be made before the observation
of the period's demand, this results in an additional one day of order fulfillment lead-time.

Currently, inventory systems with several hundred or thousand items are managed
fundamentally on the notion of ABC inventory, as described in Silver and Peterson (1985).
Under this system, items are categorized into either A, B, or C categories. In this categorization,
the A-type items are fast-selling items, which typically account for 20% of all the items, and
which account for 80% of all sales dollars. The B-type items are medium-selling items which
account for 30% of the items, and which account for 15% of sales dollars. The C-type items are
the slowest-selling items, which account for the remaining 50% of the items, and which account
for the remaining 5% of sales dollars.

This is the classic Pareto analysis. In our experience, however, we rarely see distributions
of demand among items that are like this classical one. The one shown in Figure 1 is more
representative of the many that we have observed. Furthermore, this categorization does not
account for the differences in uncertainty that exists in the demand among items. For some items,
demand is uncertain but predictable, while for others the demand is not predictable. That is, the
distribution of lead-time forecast errors in one case can be represented accurately with a Poisson,
Negative Binomial, Normal or Laplace distributions, for example. In the second case, the

coefficient of variation of forecast errors is so large that an accurate prediction of lead-time



demand is not possible to obtain, much less the distribution of demand. Examples of time series

for some items are given in Figure 2.
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Figure 1. An example part categorization for a processing facility of automotive spares
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Figure 2. Example Time series for some products.

The research questions of interest are: What is an appropriate production policy for
controlling production and inventory? How should capacity be allocated to individual items?
How can the base-stock levels be computed efficiently for large-scale systems? What is the value

of obtaining advanced demand information?



The approach we present is different from the current paradigm for managing production
and inventory in this type of environment, since it considers highly variable demand and limited
production capacity. As we have stated, the assumption that the demand process for each item is
accurately representable via a probability distribution is inappropriate in many situations.
Consequently, we will not assume a forecast is possible for these items. Nor will we assume a
fixed lead-time as is common practice.

We propose an approach for managing production capacity and inventory that is called
the No B/C Stocking Strategy. It was first described in Carr, et al. (1993), and has the following
operating characteristics. First, inventory is not held in any B- or C-type items, but rather only A-
type items are produced on a make-to-stock basis. Second, B- and C-type items are given
production priority when demand for them occurs. Thus, they are produced on a make-to-order
basis. Any excess production capacity remaining in a period after production of the B- and C-
type items may be used to replenish A-type item inventory up to a predetermined base stock
level. To operate under this policy, A-type item inventory is required due to the presence of
limited production capacity. Although accurate item-level forecasts may be difficult for many
items, it is often easier to accurately characterize the aggregate demand for capacity using a
probability distribution. One may argue that producing the very low demand items is not
appropriate; however, in many instances, the low and unpredictable demand rate items are the
most profitable items, since manufacturers of these items are often the “supplier of last resort”.

The decision to categorize an item as a make-to-stock item usually involves item-specific
attributes such as demand volume, stability, manufacturing lead-time, etc.; however, the
categorization decisions and the stock level decisions are not separable in light of capacity
limitations. Our model determines the categorization of items into stocked and non-stocked
types, depending on the system attributes, such as capacity and demand variability. Items for
which a probability distribution for demand is not available or possible to estimate are, by
definition, non-stocked items.

Fundamental to our approach is the assumption that the effect of inventory imbalances on
cost over time is negligible. Inventory imbalance occurs when there is too much of one item and
too little of another item in the system for a given level of total inventory. In such situations, we
say that the allocated capacity is in a state of imbalance. We make this assumption since it has

been shown that in multi-echelon inventory systems with finite production capacity, inventory



imbalance does not have a significant impact on system cost. See Rappold and Muckstadt
(2000). Under this assumption, we obtain a simple lower bound on the expected system cost per
period and demonstrate that this lower bound is very close to the optimal cost.

There are several advantages that we expect from operating the system under such a
policy. First and most importantly, the inherent statistical problems surrounding accurate
forecasts for item-level demands diminish for B- and C-type items. Under the No B/C strategy,
the aggregate demand for production time is forecasted across all items. Because this aggregation
is over a large group of items, the aggregated demand process possesses a much smaller
coefficient of variation. This leads to parameter estimates of demand for capacity with a higher
level of confidence, and ultimately allows for more accurate forecasts of capacity usage. Second,
inventory investment is focused in fewer items, each of which has a high turnover ratio. Third,
the management of the reduced inventory items is simplified and many of the indirect costs
associated with inventory storage, tracking, and handling are reduced. Fourth, customer service
improves due to shorter response times for B- and C-type items, (since they are produced on a
make-to-order basis) and due to high inventory levels of A-type items to protect service from
insufficient production capacity. Fifth, the system can be managed as a pull system and can be

controlled using simple pull signals for the stocked items.

2 Literature Review

There has been much research accomplished in the area of inventory planning for single
location production and inventory systems. The research has been in the context of continuous or
discrete time models for systems that produce either a single or multiple items and operate with
or without setup costs. Our research falls in the category of discrete time, multiple item models
with no setup costs. Where our problem differs is wherein past research has assumed the ability
to characterize item level demands with a probability distribution, we assume that for the
majority of items (B- and C-type items), no such characterization is possible.

Currently, there are two fundamental approaches for examining this problem. The first
approach, by Federgruen and Katalan (1994), regards time as a continuum and applies queuing
theory and polling system theory to describe the behavior of the production system. Under this



paradigm, A-type items are produced according to a cyclic production schedule. The
methodology is able to consider both setup times and processing times for each item. The
production of B/C-type items is triggered once an order for such an item is received. Production
priority is given to the B/C-type item(s) by either pre-empting the current A-type item production
or by waiting until the completion of the current A-type item. Once the production of the B/C-
type item is complete, production of the A-type items resumes according to the cyclic schedule.
Production of A-type items is controlled via a base-stock policy in which production of the A-
type item stops once its inventory level reaches a pre-determined target level, or base-stock level.
The framework is computationally efficient and quite general, in that it allows setup times.

As a consequence of this policy, the cycle length (the time between successive production
runs of the same A-type item) is random and, depending on the volatility of demand for all items,
may be highly variable. This cycle time variation increases safety stock requirements and may
hinder the ability to provide predictable service to customers when demand is highly uncertain.
Because of this variation in lead times, it is difficult to implement in practice. Furthermore, with
uncertain lead times, it is difficult to use this approach within a mathematical programming
based production and inventory control model.

Our approach likewise assumes that if the individual item demand for B/C-type items is
unpredictable, then no inventory should be stored in such items. To compensate for this,
production priority will be given to B/C-type items. Furthermore, to ensure that customer service
is protected for A-type items, additional A-type item inventory will be held. Both approaches are
also computationally viable for real-sized production environments. Where they differ is in the
fundamental perspective of the system - periodic versus continuous review. Our model has the
operational advantage that, because of the repetitive nature of the system, lead times are
relatively constant, which is, in all real systems we have examined, a requirement.

More recently, Sox, Thomas, and McClain (1997) also consider a production-inventory
strategy in which inventory is held only in high demand items. Their approach is based on a
continuous time analysis and uses queueing analysis to model system behavior under a variety of
production scheduling disciplines. Their model has the attractive feature that it is simple and as
the capacity utilization approaches 100%, relatively more inventory is held in the high demand
items. They, like many other researchers, assume that item-level demand processes are Poisson

processes. In practice, we have found that the Poisson model is inappropriate because the



variation in demand over a short lead-time is much greater than the Poisson model suggests. We
are therefore most interested in studying highly uncertain demand environments. Hence, we have
elected to model A-type item and aggregate B/C-type item demand using Negative Binomial
distributions.

Much of the past research into this problem has either assumed unlimited supply or
allocation rules that are inherently computationally complex to handle imbalanced inventory
situations. Basic insights into the problem of inventory imbalances are made in Zipkin (1984).
Other work by Aviv and Federgruen (1997) and by Kapuscinski and Tayur (1996) have made
great strides in furthering the understanding of these complex systems, but are computationally
unattractive when applied to large systems. Approximations such as those developed in
Glasserman (1996, 1997) are very insightful in explaining system dynamics as the capacity
utilization approaches 100% in single item systems. In our observations of real systems, as the
capacity utilization approaches 100%, changes are made to the system in order to complete
production on time. Examples of such changes include outsourcing a fraction of the production
requirement and using overtime.

The choice of a base stock policy for controlling production and inventory for each item
is based on the results developed in Federgruen and Zipkin (1984a) and in DeCroix and Arreola-
Risa (1998). Our model differs slightly from theirs since they consider the situation in which
production decisions are made prior to the realization of demand. They argue that for systems in
which there is finite capacity and no fixed setup costs, a modified base stock policy is optimal.
Thus, while a base stock policy may not be the true optimal policy, it is a conceptually easy to
follow policy rendering it attractive from a managerial perspective. Ciarallo et al. (1994)
examine the case when capacity is finite and random. As we will show subsequently, the case of
uncertain capacity can be modeled as increased uncertainty in the demand process.

There are several contributions in this paper. First, we propose the No B/C strategy as a
heuristic and easy to understand policy, whose performance we explore and validate. Second, we
develop a model to efficiently determine item inventory levels for systems containing a large
number of items. Lastly, we describe an industrial implementation of such a strategy.



3 Assumptions and General Notation

In this section we state our modeling assumptions and define the notation that we use

throughout the rest of the paper. Model 1 corresponds to the information poor case and Model 2

corresponds to the information rich case. For x real, let [x]" :=min{x, 0}.

System Attributes

A
B

= 3

7T,

T

m

the set of all potentially stocked (A-type) items;
the set of all non-stocked (B/C-type) items;
=|A|, the total number of A-type items;

the index for items;
the index for time periods;
the index for models, m=1 or 2, for Model 1 or 2, respectively;

the holding cost per unit per period for item iDA OB ;

the backorder cost per unit per period for item iJA OB ;

the system base-stock level;

T, =[r.] the vector of base-stock levels for individual items, where ZTmi =T, .

iOA

Random Variables and Probability Distributions

C

Ai(")
=AW

the discrete, non-negative random variable (r.v.) representing the per period
production capacity;

the realized production capacity in period n;

the cumulative distribution function of C;

the discrete, non-negative r.v. representing the per period demand for capacity, for
item i0JA;

the cumulative distribution function of A ;

the cumulative demand r.v. over n periods for iA;

the cumulative distribution function of A™;



< O

>

cC c <

Vectors
D

o

n

the discrete, non-negative r.v. representing the per period aggregate demand for

capacity by all A-type items, where A= z A ;

i0A
the discrete, non-negative r.v. representing the aggregate demand for capacity by
all B/C-type items;
the r.v. representing the aggregate demand for capacity, where D=A+B;

the inventory shortfall in period n for Model 1;

the stationary inventory shortfall r.v. for Model 1, if it exists.

the inventory shortfall in period n for Model 2;

the stationary inventory shortfall r.v. for Model 2, if it exists.

a 1x (P +1) vector of all demand r.v.'s, where D =[A,A,,...,A,,B];
a 1x (P +1) vector of realized demands in period n, with d , the realized demand
foritem i=1, 2, ..., P, in period n, and d, ,,, the realized demand for capacity by

all B/C-type items in period n;
a 1x (P +1) vector of net inventory levels at the beginning of period n;
a 1x (P +1) vector of net inventory levels after production decisions in period n

for Model 1;

a 1x (P +1) vector of net inventory levels after production decisions in period n

for Model 2;

We make the following set of assumptions. First, we assume that there are no fixed setup

times or costs between items which affect production decisions. We assume that while the

production capacity is random each period, it is known in the period before making production

decisions. We assume that the system is stable,

E(D) < E(C). (1)

We assume that we always have adequate capacity to satisfy B/C-type item demand in a period,

Pr{B<C}=1. @)

Since B/C-type items receive production priority over A-type items and Pr{B < C}=1, B/C-type

items will never be backordered. This assumption is primarily for convenience and ease of
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exposition. As we will discuss subsequently, this assumption may be relaxed, as it does not alter
the validity of the problem or solution procedure. We assume that customer order lead times for
B/C-type items are one day. Without loss of generality, we assume that the per unit processing
times across the items are identical. Thus, we may express demand for each item in terms of
required time when allocating production capacity. We assume that the demand r.v. and the
capacity r.v. are stationary and independent between items and periods.

Inventory is pulled from finished goods inventory to satisfy external demand. When stock
is inadequate to meet demand, excess demand is backordered. A modified base stock policy is
followed to control production and inventory for each A-type item. For Model m, according to a

modified base stock policy, there is a prescribed target inventory level 7, for each A-type item i,

which is also called an order-up-to level, or base stock level. We denote T, :zm T, as the

system target inventory level. The production facility attempts to restore all A-type item

inventory levels to 7., but may not be able to do so due to insufficient capacity. We assume that

mi !

items produced in a period are available for shipment at the end of that period.

Item-Level
Demand

Aggregate
Demand
Information
Availability

Production
Capacity

System System
Step 1 Stock Level, T, Stock Level, T,
Newsvendor Q-Function
Step 2 ‘ Allocation ‘ Allocation

Item Stock
Levels, 7,

Item Stock
Levels, 7

Figure 3. Overview of modeling approach

Our approach for determining these inventory levels is a two-step process shown in
Figure 3. First, we determine how much inventory should be held in the system. Second, we
allocate this aggregate inventory level to individual A-type items using one of two allocation

schemes, depending on the information availability.
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4 Model 1 - Information Poor Environment

Under this first scenario, production decisions are made prior to observing the period's

demand. The sequence of daily events is as follows. At the beginning of period n, X, is the
vector of net inventory levels (on-hand minus backorders) for the stocked items. Production
capacity ¢, becomes known. Production decisions are made to satisfy B/C-type demand
occurring in the previous period and to raise x, to 7, for each iOJA, if possible, resulting in
post-production net inventory levels of y, . The system may be unable to restore the net

inventory levels to their targets due to insufficient capacity. We define the inventory shortfall in

period n as V,, measured after production but before demand occurs as described in Tayur

(1992). The single period expected cost function is,

( ) 2—1 |E[yni_Ai]++7TiE[Ai_yni]+' (3)
where h, and 7, are the holding and backorder costs, respectively, for item 1A This is the

familiar newsvendor function. It is the mechanism by which capacity allocation decisions will be

made in Model 1. Since B/C-type items are given production priority and Pr{B <C}=1, no
holding or backorder costs will be incurred for these items. The period’s demands d are then

realized and are either satisfied or backordered. Finally, the period’s costs are computed. This

sequence of events is depicted in Figure 4.

[—— Demand occurs for A-items (due in period n-1) —»f—— Demand occurs for A-items (due in period n) —>
[—— Demand occurs for B/C-items (due in period n) — Demand occurs for B/C-items (due in period n+1) —
Plan and execute production for period n-1, Plan and execute production for period n, knowing
knowing only demand occurring in period n -2 only demand occurring in period n-1
Events Observe demand occurring in period n-1 Observe demand occurring in period n
Ship A-itemdemand occurring Ship A-itemdemand occurring
in penod n-1, due in period n-1 in period n, due in period n
Ship B/C-item demand Shlp B/C-item demand
occurring in period n-2, occurring in period n-1, due
duein perlod n-1 in penud n
Y »
Vect R et f time
ectors: v S -
Xn-1 Cn -4 Yo Dn—l Xn Cn Yn D
Shortfall v .
i tian: 4 V, =V, +d,,—c)]
Distribution: i U

Figure 4. Periodic sequence of events for Model 1 - Production decisions prior to demand observations.
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In this case, if the production capacity were infinite, inventories would be held in A-type items to
minimize the expected holding and backorder costs in the current period.

Our objective is to determine the value of the target aggregate inventory level, T,, and
individual item target levels 7, that minimizes the expected holding and backorder costs per
period over an infinite horizon. For Model 1, the target inventory level, T,, is defined as the ideal
amount of inventory after production but before demand in a period. Any item for which 7, =0

is a make-to-order item.

While stating the precise problem is conceptually simple, due to the enormous number of
possible states that may exist, solving the associated stochastic dynamic program explicitly is not
a practical option. Thus, our strategy will be to construct a very close approximation that is

computationally efficient.

4.1 An Exact Formulation

We may state the precise decision problem as,

f. (%) = Ec{yn g;g@gnyc)G(Vn) +Ef (Y, - 5)}, 4)

where
R(X,.C)={y:y; 2 x,, (5)
(Y~ %) <Ch ©)

is the set of feasible decisions in period n. Constraints (5) prevent the intentional removal of
inventory, since inventory may be lowered only through demand. We call these the inventory
imbalance constraints. Constraint (6) limits production to the available capacity in the period.
The results presented in Federgruen and Zipkin (1984a) and in DeCroix and Arreola-Risa
(1998) show that a modified base stock policy is optimal when there is capacity constraint and
there are no fixed ordering or setup costs. Under this policy, each stocked item has a prescribed
target inventory level. Each period, production occurs to raise each item up to its target level, or
to get as close as is possible. We will assume that this production policy is used in our approach.

13



4.2 An Approximation using the Inventory Shortfall Process

Solving (4) each period is not possible due to the enormous number of states and the
resulting computational complexity. Instead, we propose using the inventory shortfall process to
describe the evolution of the system and solving the following approximation each period. This
method is an approximation; it does not necessarily find the optimal production and inventory
plan that would be found by solving (4). However, the method is computationally tractable and,

as we will demonstrate, is effective in finding good solutions.
4.2.1 The Inventory Shortfall Process

Since capacity is limited, the inventory level may not be restored T, after production. We
define the deviation from T, after production in a period as the inventory shortfall, and denote

this quantity as V, =T, —Zyni . The inventory shortfall process satisfies the Lindley recursion
iOA

V, =0, V, :[Vn_l +D —C]+. Recall that both D and C are independent, identically distributed
random variables and observe that {V,} . is a Markov chain. Let V be its stationary r.v., if it
exists. Assumption (1) provides necessary and sufficient conditions for the existence of V. From
Chan, et al. (1999), the transition matrix for the shortfall process can be described as follows. Let
p; =Pr{V, =j|V,, =i}. Then,

> Pr{D <k -1|C =k}Pr{C =k}, for j=0, 120,

k=i

p; = D.P{D=k+j-i|C=k}Pr{C =k}, for j>0,i=0, )

k=i j

0, otherwise,
where D represents the random variable for the aggregate demand for capacity over all items in

a period, and C is the random variable for capacity. Define C =C-B, where B is the aggregate
demand for the B/C-type items. Since the demand for all items in all periods are independent of
each other and that production will first be allocated to B/C-type items, we can describe an

inventory shortfall process for A-type items using the transition probabilities given in (7). Thus,

14
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C is the random capacity available for the production of A-type items and
Pr{C =k}=Pr{B =C —k}. Since E(D) <E(C), we have that E(A) < E(C)-E(B)=E(C).

A key fact is that the inventory shortfall process {V.} _ is independent of the aggregate

n>0
target inventory level T,. There are two principle purposes for safety stock in this system. First,
safety stock exists to satisfy demand variation in the current period. Since demand is not
observed prior to the production decision, a demand forecast is made for each A-type item. We
refer to this type of safety stock as demand-driven safety stock. It exists due to information
delays or when customer order lead times are less than manufacturing lead times. Second, safety
stock exists to protect the system against insufficient production capacity in previous periods.
We refer to this second type of safety stock as capacity-driven safety stock.

Instead of solving (4) every period, we use {V.} _ and propose solving,

ynDR,r(Qn' 2 ) G(Y,) (8)

where
R'(X,.,T,-V,)={y:y, 2x,, 9)
Sy =T,-V, }. (10)

From the inventory imbalance constraints (9), the state of the system, X,, at the

beginning of period n constrains the solution to the production problem. In particular, the set of
feasible solutions R’ is a result of the assumption that a modified base stock policy is followed.

The net inventory at the beginning of a period plus the production in a period will not exceed T, .

4.3 Determining the Target System Inventory Level, T,

While solving (8) is very effective for making periodic allocation decisions, it cannot be
easily used to determine the optimal target inventory level T,”, since all possible combinations of
beginning inventory levels X must still be considered. To find T,, we construct an

approximation that ignores potential inventory imbalances. We will ignore the allocation of
current stock among the items by relaxing the constraints (9). We assume that the inventory is

15



properly allocated among the items so that inventory imbalance is not likely to occur. Imbalance
will occur, of course; however, as we will demonstrate, its effect on expected per period cost is
not substantial. We assume that state of the system at the beginning of a period is no longer

defined by X, and V,, but rather only by V. This results in a drastic simplification in the

description of the system evolution. Let,

y (T, -V,) =argmin{G(y): yOR"(T, =V, } , (11)
where
R"(T, —vn):{y:Zyi =T, —vn}.
i0A
Equation (11) is simply the vector of optimal production decisions, given a total supply of

T, -V, units in period n, assuming that inventory imbalances do not occur over time. The

resulting expected cost in period n is,

3T, -V,) =G(y" (T, -V,)). (12)

This is a lower bound on the true expected cost per period, as any misallocation of
inventory among items can only increase this cost. We explore the accuracy of this
approximation through a computational experiment in section 6. We appeal to the strong law of

large numbers for Markov Chains to establish that the long run average cost per period

converges almost surely to its expected value. To determine T,” we solve,

min E, [a(T,-V)] = min " J(T, -K) [PV =k}, (13)

1 k=20
where V is the stationary shortfall random variable. As shown in Rappold and Muckstadt (2000),

the objective function in  (13) is convex and can be solved very quickly.
5 Model 2 — Information Rich Environment

In this section, we alter the periodic sequence of events. We assume that the period’s
demand is realized prior to production decisions. The sequence of periodic events is shown in

Figure 5. At the beginning of a period, X, is the amount of on-hand inventory (or backorders).

As before, x,, =0, 0i OB, since B/C-type items receive production priority and Pr{B <C}=1.
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Next, demand is realized and a production decision is made. Production occurs first to satisfy
B/C-type item demand and then to restore A-type item inventory levels to their prescribed target

inventory levels, 7,.

[—— Demand occurs for A-items (due in period n-1) —»f—— Demand occurs for A-items (due in period n) —>
—— Demand occurs for B/C-items (due in period n) —»f—— Demand occurs for B/C-items (due in period n+1) —»

Observe demand occurring in period n-1 Observe demand occurring in period n

. Plan and execute production for period n-1,
Events- knowing demand due in period n-1

Ship A-itemdemand occurring in
period n-1, due in period n-1

Ship B/C-item demand
occurring in period n-2,

Plan and execute production for period n,
knowing demand due in period n

Ship A-itemdemand occurring
in period n, due in period n

Ship B/C-item demand
occurring in period n-1, due

A
A

due in period n-1 in period n

«
ol e———

4 ¢ _
\V/ . ,ﬁ ! # j ! t ? I 1 time
ectors: |y . dwa Cou o1 o dn G, ..
Shortfall N
istributi U =U_ +d -
Distribution: U n [ n1 g Cn] u,

Figure 5. Periodic sequence of events for Model 2 - Demand observed prior to production decisions.

If capacity were unlimited, then the target inventory levels would be zero for all items,
since demand could be satisfied in the same period. Equivalently, all items would be make-to-
order items, since any item for which 7,, =0 is a make-to-order item. Therefore, the system
target inventory level, T,, represents solely the capacity-driven safety stock in the system. There
is no demand-driven safety stock in this case.

We again determine 7,,, iCJA, in two steps. First, we determine how much total

inventory should be held in the system, across all items. Second, we allocate this aggregate
quantity to individual A-type items using a novel allocation function.

Let X, and Z, be vectors representing net inventory levels (on-hand minus backorders) at
the beginning and at the end of period n, respectively. Let T, denote the aggregate base stock
level for Model 2 and 7,; be the base stock level of item i, where ZiDA T, =T, . We define the

one period cost function as,

H(Z) =3 (0 (22)" +7(-2,)"). (14)

i0OA

since the demand for the period is known.
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The decision problem is,

0,(%,d,) =Ec{,_min H(z)+Egu(z,D)}. @)

where
S(Yn’anic) :{Z:Zi ani _dni' (16)
Z(Zi_xni-'-dni)SC } (17)

iDACB
The set of feasible decisions S(x_,d,C) is a function of the beginning inventory levels,

the realized demand in the period, and the production capacity. Constraints (16) are the inventory

imbalance constraints. Constraint (17) limits production to the available capacity in the period.
5.1 A New Capacity Allocation Function, Q([)

As before, the state space becomes exceedingly large for reasonable sized problems,
rendering (15) unsolvable in practical situations. Rather than solving (15), we will solve an
approximation to it. The goal of the dynamic program is to minimize the current period’s costs
and also produce a mix of items in the proper quantities so that future period’s demands can be
satisfied while not carrying excessive stock. Thus, an approximation should minimize the sum of
the current period’s shortage and holding cost plus expected future costs that result from the
production decision in this period. When the holding costs among the items are the same, the
current production capacity should be allocated to items for which there is likely to be demand
that will consume the stock in the very near future. Little, if any, of the current period's capacity

should be used to produce items that will not likely be used for many periods in the future.
Let A™ be the random variable representing the cumulative demand for item iJA over

n periods and define the following function,

Q=3 efu-a0] =33 o). s

as the expected number of inventory-periods associated with stocking w units of item i in the
system. This function was first introduced in Chan, Muckstadt, and Rappold (1999). This
function is convex and has a higher value for items that possess a highly variable demand
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process. When weighted by h,, the quantity h,Q,(w) is a lower bound on all future undiscounted

holding costs associated with stocking w units of item i.
5.2 An Approximation using the Inventory Shortfall Process

Under the definition of the inventory shortfall process described in Figure 5, the shortfall

process for Model 1, {v.} ___, is identical to the shortfall process for Model 2, {U } . Thus, the

n>0"*
respective stationary distributions are identical. That is Pr{V =k} =Pr{U =k},fork =0,1,2,...
Using {U .} ., we propose the following approximation to (15),

H@)+2.NQ (). (19)

__min
ZnDS'(Xnvdanz_Un i0A

where the set of feasible solutions is,

c—d., (20)

>z,=T,-U, }.

iDACB
The approximation (19) recognizes the inventory imbalance constraints (20) and makes
allocation decisions that minimize the current period’s costs and expected future holding costs. It
IS an approximation since it ignores future expected shortage costs and limits the amount of

inventory in the system to T,, regardless of the precise state of the system. As we shall

demonstrate subsequently, this assumption does not have a significant impact on system costs.

5.3 Determining the Target System Inventory Level, T,

Using (19) to determine a suitable value of T, is not possible due to the enormous state
space. We again develop an approximation by relaxing the imbalance constraints. We assume the

state of the system at the beginning of a period is no longer defined by X, but rather by the value

of the inventory shortfall random variable, U,. We assume that the inventory is properly

allocated among the items so that imbalance is not likely to occur.
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Let,
Z'(T,-U,) =argmin{H(7n) +2 hQi(z,):Z08"(T, -Un)} (21)
i0A
where,
s"(T,-U,) :{Z:ZZi =T, —Un}.
i0A
Equation (21) is the vector of optimal production decisions, given a total supply of T, —U, units
in period n, assuming that inventory imbalances do not occur over time. The resulting expected
cost in period n is,
L(T, -U,) =H(z'(T, -U,)). 22)

To determine a suitable value of T, we solve,

min E, [L(T,-U)| = min Y L(T, k) Pr{U =k}, (23)

2 k=0

where U is the stationary shortfall random variable. The objective function in (23) is convex and
can be solved very quickly. Once T, is computed, the individual item target levels may be
determined as 7, =Z (T,) .

In summary, for any level of system inventory T, U, , the vector Z (T, -U,) provides
the desired allocation amongst items. Since the term Zm h,Q,(z;,) is not an incurred cost but
rather a mechanism for allocating capacity-driven safety stock, the cost associated with having
T, —U,, units of inventory in the system is givenas L(T,-U )=H (Z*CI'2 —Un)).

Since T, is only capacity-driven safety stock and the shortfall distributions for both
Model 1 and Model 2 are identical, T, =T, is the inventory reduction due to increased
information availability. In Model 1, T,” is the target inventory prior to demand. The desired
ending inventory in a period is T,” —E(D). Consequently, (Tl* - E(D))—Tz* is the safety stock

reduction associated with increased information availability.

20



6 Numerical Study

An extensive simulation study was conducted to measure the accuracy of the proposed
approach. Since we assume that inventory imbalance among items can effectively be ignored,
one objective in these experiments is to measure the degree to which this assumption caused
operating costs to differ from the computed lower bound. Another objective is to provide insight
into the value of information in this environment. We also demonstrate the performance of the
Q-function over the newsvendor function. In addition to these numerical experiments, we

illustrate the effectiveness of the Q-function in an industrial experiment described in section 7.
6.1 The Design of the Experiment

We considered 72 operating environments. In all cases, holding costs were set at
$1/unit/period and the backorder costs at $9/unit/period. The operating environments differed in
terms of information availability, capacity utilization, demand process variation, number of A-
type items, and how total A-type item demand was distributed among the A-type items. The
latter two factors contributed no additional insight into the operational dynamics of the system,
and so the results that follow do not report these factors explicitly. The critical factors are
summarized in Table 1.

The information environments differed in terms of the point in the time period when
production planners knew the period’s demand. In Model 1, production planners did not have
access to the current period's demand and thus had to anticipate demand. We assume that the true
demand probability distributions and parameters were known. In Model 2, decision makers had
access to demand information before making production decisions that period. In Model 2, we
performed each experiment twice, once using the newsvendor allocation function (3) to allocate

the available inventories among items, and once using the Q-function (18) for the allocation.

System Factor Abbreviation Factor Levels
Information Availability Information Model 1, Model 2
Capacity Utilization Utilization 83%, 91%, 95%
Demand Process Variance-to-Mean Ratio VTMR 1.01, 2, 5
Allocation Method (Model 2 only) Allocation Newsvendor, Q-function

Table 1. Factors under study.
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In each of the experiments, we first computed the stationary inventory shortfall
distribution by solving the associated Markov chain. Using V, we computed T", the optimal
target system inventory level, and the associated lower bound on the expected cost per period.
We then determined the individual item target inventory levels 7 by solving (11) and (21).

For each of 10 random seeds, we simulated 2 million cycles of activity, where a cycle is
defined to be the time between successive restorations to T". Of these cycles, 1 million were
generated using the base random number stream, and the remaining 1 million were generated
using its antithetic stream. Random demands were generated from negative binomial
distributions whose means totaled 100 units per period and variance-to-mean ratios were as
indicated in Table 1. The capacity per period was varied to achieve the levels of utilization
indicated in Table 1. In periods where there was insufficient capacity to raise the system
inventory to T, capacity was allocated in accordance with (8) for Model 1, and both (8) and (19)
for Model 2. Inventory imbalances arise in the simulation and costs were incurred accordingly.

The performance measures of interest are listed in Table 2.

Measure Description
Inventory Levels The total system inventory level, T.
Expected Cost The expected cost of operating with T units of inventory, assuming

that no inventory imbalances occur.

Percent Cost Error | ActualCost~ExpectedCost|
The value of
ExpectedCost

Average Imbalance The average number of units in imbalance per period.

Table 2. System performance measures.

The following three subsections describe the performance of our approach in relation to these

performance measures.
6.2 Accuracy of the Model
Across all experiments, the actual observed cost differed from the lower bound on

expected cost by an average of 0.26%. Indeed, as shown in Figure 6, in all cases the actual

operating costs were within 0.53% of the expected cost lower bound. Observe that cost errors
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tend to increase with VTMR, since higher levels of inventory imbalance are likely to occur as the
predictability of item-level demand decreases. In the information-rich environment (Model 2),
experimental costs differed from theoretical lower bound costs by 0.26% and in the information-
poor environment (Model 1) by 0.14%. This occurred due to the fact that the expected cost per

period is significantly lower for Model 2.

Avg Cost Error % VTMR
Information Utilization 1.01 2 5 Grand Total

Model 1 83.33% 0.03% 0.04% 0.09% 0.05%
90.91% 0.02% 0.12% 0.22% 0.12%
95.24% 0.06% 0.26% 0.44% 0.25%

Model 1 Total 0.03% 0.14% 0.25% 0.14%

Model 2 83.33% 0.36% 0.41% 0.39% 0.39%
90.91% 0.17% 0.42% 0.51% 0.36%
95.24% 0.19% 0.53% 0.50% 0.41%

Model 2 Total 0.24% 0.46% 0.47% 0.39%

Grand Total 0.14% 0.30% 0.36% 0.26%

Figure 6. Average cost error under different system scenarios.

From these results, we conclude that the inventory imbalance assumption is reasonable
and that the approach is quite accurate. We define inventory imbalance as the number of units at
the end of a period that have been stocked incorrectly. These are units that are either above or
below the optimal item-level targets for a given amount of inventory in the system. The intent of
the Q-function is to allocate inventory only to those items that have low coefficients of variation,
thereby decreasing the number of units in imbalance. Figure 7 shows the average number of units
in imbalance in all experiments. Observe that imbalance increases within each model as
utilization and demand variation increase. Notice that when imbalance does occur, it is lower for

Model 2 than for Model 1 at each level of utilization and demand variation.

Average Units In Inbalance VTMR
Information Allocation Utilization 1.01 2 5 Grand Total

Model 1 Newsboy 83.33% 0.00 0.01 0.16 0.06
90.91% 0.00 0.03 0.36 0.13
95.24% 0.02 0.08 0.61 0.24

Model 1 Total 0.01 0.04 0.38 0.14

Model 2 Q-Function 83.33% 0.00 0.00 0.02 0.01
90.91% 0.00 0.00 0.11 0.04
95.24% 0.00 0.01 0.23 0.08

Model 2 Total 0.00 0.00 0.12 0.04

Grand Total 0.00 0.02 0.25 0.09

Figure 7. Average number of inventory units in imbalance each period.
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Avg Cost Error % VTMR
Utilization Allocation 1.01 2 5 Grand Total
83.33% Q-function vs. Newsvendor 0.00% 0.00% 0.00% 0.00%
90.91% Q-function vs. Newsvendor 0.00% 0.00% -1.43% -0.67%
95.24% Q-function vs. Newsvendor 0.00% 0.00% -2.50% -1.04%

Figure 8. Change in Avg. Cost Error % when using Q-function instead of Newsvendor allocation for Model 2.

The allocation scheme used in the Model 1 case was the familiar newsvendor method,
which, because it considers only a single period, is driven significantly by backorder costs when
deciding how much of each item to stock. It is insensitive to the relative amount of variation in
the demand patterns of the individual items being stocked over longer periods of time. Model 2
used the Q-function to allocate available inventory, which considers multiple periods into the
future. The Q-function stores capacity in the form of inventory that has a higher probability of
being consumed in the immediate future. Storing capacity in highly variable items increases the
risk of inventory imbalance, and consequently, increases holding and backorder costs. The Q-
function therefore creates fewer imbalances than the newsvendor method. For Model 2, Figure 8
shows the change in the cost error when using the Q-function instead of the newsvendor function
for allocation decisions. In the industrial experiment discussed in section 7, the demand
processes are substantially more variable and the improved performance of the Q-function over

the newsvendor function is even more significant.

6.3 Model 1 vs. Model 2: The Value of Information

In this subsection, we examine the performance differences between Models 1 and 2.
Figure 9 and Figure 10 contain the values and relative differences, respectively, of the desired
period-ending inventory for Models 1 and 2. These levels of safety stock are held to protect the
system against uncertainty of two types — demand uncertainty and supply uncertainty. Within
each model, inventory increases as VTMR (demand uncertainty) and capacity utilization (supply
uncertainty) increase, as one would expect. Between models 1 and 2, the levels of safety stock
held are uniformly higher in Model 1 than in Model 2 for a given level of VTMR and capacity
utilization, since, in Model 2, demand is known in the current period. In Model 2, there is one

period’s less demand uncertainty to account for than in Model 1.
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Desired Period-Ending Inventory VTMR
Information Utilization 1.01 2 5 Grand Total

Model 1 83.33% 11 24 55 30
90.91% 13 31 74 39
95.24% 19 45 118 60

Model 1 Total 15 33 82 43

Model 2 83.33% 0 0 17 6
90.91% 5 16 49 23
95.24% 18 39 107 55

Model 2 Total 8 18 58 28

Figure 9. Desired period-ending inventory levels (safety stock) for different system scenarios.

Relative Difference in Period-Ending Inventory VTMR
Information Utilization 1.01 2 5 Grand Total
Model 1 vs. 2 83.33% -100% -100% -69% -81%
90.91% -62% -48% -33% -40%
95.24% -5% -12% -9% -9%

Figure 10. Relative change in inventory levels depending on system scenario.

Figure 11 and Figure 12 contain the values and relative differences, respectively, of the
expected costs per period for Models 1 and 2. Within each model, the expected cost increases as
demand uncertainty and supply uncertainty increase and, between models, the expected costs are

uniformly higher in Model 1 than in Model 2 for a given level of VTMR and capacity utilization.

Average of Exp Cost VTMR
Information Utilization 1.01 2 5 Grand Total
Model 1 83.33% $ 4383 $ 6594 $ 11434 | $ 74.70
90.91% $ 4447 $ 68.00 $ 12346 | $ 78.64
95.24% $ 4803 $ 7761 $ 15734 | $ 94.32
Model 1 Total $ 4544 $ 7052 $ 131.71| $ 82.56
Model 2 83.33% $ 1.03 $ 681 $ 29341(9% 12.39
90.91% $ 983 $ 2274 $ 6141\ $ 31.33
95.24% $ 2282 $ 46.99 $ 12045]| $ 63.42
Model 2 Total $ 1123 $ 2551 $ 7040 $ 35.71
Grand Total $ 2833 $ 48.01 $ 101.06| $ 59.13

Figure 11. The expected holding and backorder costs per period.

Relative Difference in Expected Costs VTMR
Information Utilization 1.01 2 5 Grand Total
Model 1vs. 2 83.33% -98% -90% -74% 83%
90.91% -78% -67% -50% -60%
95.24% -52% -39% -23% -33%

Figure 12. The value of information: relative change in the expected cost per period between Models 1 and 2.
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Figure 13 and Figure 14 contain the rates of change in expected costs for each model as
supply and demand uncertainty increase, respectively. Observe that the rate of change in
expected cost as both VTMR and capacity utilization increase is greater for Model 2 than for
Model 1. That is, the expected cost per period is more sensitive to VTMR and capacity

utilization when operating in the leaner, information rich environment.

Change in Cost as Utilization Increases VTMR
Information Utilization 1.01 2 5

Model 1 83.33% Base Base Base
90.91% 1% 3% 8%
95.24% 10% 18% 38%

Model 2 83.33% Base Base Base
90.91% 859% 234% 109%
95.24% 2126% 590% 311%

Figure 13. Rates of change in expected cost as supply uncertainty increases

Change in Cost as VTMR Increases VTMR
Information Utilization 1.01 2 5

Model 1 83.33% Base 50% 161%
90.91% Base 53% 178%
95.24% Base 62% 228%

Model 2 83.33% Base 564% 2761%
90.91% Base 131% 525%
95.24% Base 106% 428%

Figure 14. Rates of change in expected cost as demand uncertainty increases

This observation has important consequences for supply chain designers attempting to
reduce costs by improving the downstream visibility of demand information. Improving the
richness of the available information decreases costs, but also increases the system’s sensitivity
to capacity utilization and aggregate demand uncertainty. This is relevant since the current state-
of-practice in production planning and control systems is, at worst, to ignore the effects of
capacity constraints entirely and, at best, to capture capacity limits by simple heuristics such as

fixed manufacturing lead times. We explore the impact of such practices in the next subsection.

6.4 The Impact of Ignoring Capacity Constraints

Much has been said and written recently about the importance of designing supply chains
to provide the kind of information visibility present in Model 2. For example, see Muckstadt, et
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al. (2001). The results in the previous subsection confirm and quantify these ideas. In this
subsection, we reinforce the importance of considering limited capacity in production planning
decision-making, and observe that the advantages of increased information availability can
deteriorate rapidly if finite capacity is ignored. Figure 15 shows the expected cost per period
when ignoring capacity constraints. To construct the Exp Cost Ignoring Capacity values,
capacity was assumed to be unlimited, thereby ignoring any supply uncertainty. Figure 16

contains the relative differences in expected costs.

VTMR
Information Utilization |Data 1.01 2 5 Grand Total
Model 1 83.33% |Average of Exp Cost $ 4383 $ 6594 $ 11434 | $ 74.70
Exp Cost Ignoring Capacity $ 4383 $ 66.01 $ 115.00]| $ 74.95
90.91% |Average of Exp Cost $ 4447 % 68.00 $ 12346 | $ 78.64
Exp Cost Ignoring Capacity $ 4459 $ 69.29 $ 131.15| $ 81.68
95.24% |Average of Exp Cost $ 48.03 $ 7761 $ 15734 | $ 94.32
Exp Cost Ignoring Capacity $ 50.23 $ 8861 $ 21285| $ 117.23
Model 1 Average of Exp Cost $ 45.44  $ 7052 $ 131.71| $ 82.56
Model 1 Exp Cost Ignoring Capacity $ 4622 $ 7464 $ 15300 $ 91.29
Model 2 83.33% |Average of Exp Cost $ 103 $ 681 $ 2934 | $ 12.39
Exp Cost Ignoring Capacity $ 1.03 $ 681 $ 4028 | $ 16.04
90.91% |Average of Exp Cost $ 9.83 $ 2274 3% 6141 $ 31.33
Exp Cost Ignoring Capacity $ 1225 $ 3836 $ 138.13| $ 62.91
95.24% |Average of Exp Cost $ 2282 % 4699 $ 12045| $ 63.42
Exp Cost Ignoring Capacity $ 4957 $ 11990 $ 354.72| $ 174.73
Model 2 Average of Exp Cost $ 11.23  $ 2551 % 7040 $ 35.71
Model 2 Exp Cost Ignoring Capacity $ 2095 $ 55.02 $ 177.71| $ 84.56
Total Average of Exp Cost $ 2833 $ 4801 $ 101.06( $ 59.13
Total Exp Cost Ignoring Capacity $ 3358 $ 64.83 $ 16536 | $ 87.92
Figure 15. Expected costs of considering finite capacity vs. ignoring finite capacity.
VTMR
Information Utilization 1.01 2 5 Grand Total
Model 1 83.33% |Change in Exp Cost 0.002% 0.105% 0.574% 0.324%
90.91% |Change in Exp Cost 0.260% 1.897% 6.235% 3.858%

95.24% |Change in Exp Cost 4.599% 14.186% 35.281% 24.289%

Model 1 Change in Exp Cost 1.706% 5.846% 16.163% 10.573%

Model 2 83.33% |Change in Exp Cost 0.000% 0.000% 37.305% 29.440%

90.91% |Change in Exp Cost 24.664% 68.697% 124.922% 100.833%

95.24% |Change in Exp Cost 117.202% 155.159% 194.504% 175.514%

Model 2 Change in Exp Cost 86.624% 115.666% 152.435% 136.784%

Total Change in Exp Cost | 18.528% 35.023% 63.628% 48.683%

Figure 16. Relative change in the expected cost per period when ignoring finite capacity.
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In all but 2 cases, ignoring the presence of capacity constraints resulted in higher
expected costs. As the VTMR and capacity utilization increase, the magnitude of the expected
cost differences increases rapidly for both information models. The magnitude of the changes in
expected costs are substantially greater for Model 2 than for Model 1. For example, at a
utilization level of 95.24% and VTMR of 5, ignoring capacity constraints in the information-
poor environment increases expected costs by 35.281%. In the information-rich environment,
expected costs increase by 194.504%.

This suggests that as we attempt to extract value from more tightly-coupled information
environments, it becomes critically important to consider the effects of capacity constraints
explicitly in our decision models. A true understanding of the economics of information can be
developed only by simultaneously considering the combined effects of reduced demand

uncertainty and increased sensitivity to supply uncertainty.
7 Industrial Implementation

In this section, we test our approach using data from an industrial environment. The
purpose of conducting this industrial experiment is to illustrate the performance of our approach
compared to (1) current management practices and (2) the newsvendor allocation function, when
the demand processes are extremely volatile. Whereas the numerical experiments of section 6
used demand processes with a VTMR of less than 5, the industrial demand data possess an
aggregate VTMR of 716. We begin with a short description of the current operational
environment, current management practices, and current system performance levels. Then, using
the real demand data, we simulate the daily operation of the system under three policies:

1. Current operating policies with current item target level inventories;
2. No B/C Policy using the newsvendor allocation function; and
3. No B/C Policy using the Q-function.

7.1 Background

In this example, we consider a product family of 30 consumable industrial products that

are assembled in a manufacturing cell. This cell has gone through extensive reengineering efforts
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over the past 5 years. Flow times through the cell are short, predictable and are on the order of
minutes. The cell has a planned capacity of 904 units per day. The per-unit processing times
across the items are approximately the same and setup times between items are very small.
Production and inventory are controlled using common reorder point logic. Each item has
a reorder point that is either computed periodically in a system or is established manually by a
production planner. Finite production capacity is not taken into account explicitly when
computing reorder points. Instead, a deterministic lead-time is used as a surrogate for finite
capacity. Reorder points are calculated as the forecasted demand for an item over some fixed
replenishment lead-time plus some safety stock. When the inventory position (on-hand plus on-
order minus backorders) for an item falls at or beneath its reorder point, a manufacturing order is
released to the floor. Each day, a work list is generated by a planning system detailing which
items to produce. The work list is created from a mix of backordered items and a list of items
that are below their reorder points. The cell team leader decides on a production sequence.
Orders arrive at the cell each day and are known at the start of the shift. In order to meet
promised shipment dates, items must either be produced that day or be satisfied from inventory.
A Pareto chart of item-level demand is shown in Figure 17. The demand for the Top 7 items
constitutes 84% of the total time (capacity) demanded. Observe that each item demands a

capacity at a different rate. Each item also has different cost attributes.

Cumulative Percentage of Total Capacity (Time) Demanded
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Figure 17. Pareto chart of the top 30 products in the product family
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The aggregate demand time series across all items is shown in Figure 18. The average
daily demand is 801 units per day, the demand uncertainty, as measured by its standard
deviation, is 829 units, and the coefficient of variation is 1.03. The capacity utilization is 89%.
Demand frequently exceeds capacity. The system protects customer service by either adding

inventory, much of which may never be sold, or by using costly overtime production.
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Figure 18. Time series of the total demand for capacity in the facility

The high degree of uncertainty for the aggregate demand process makes accurate
forecasting very difficult for the total demand, let alone for individual items. As a result, large
inventories are often created and remain in storage for long durations of time. Moreover, when
an order does arrive for an item, there is often insufficient inventory to satisfy the order.
Consequently, the use of overtime production is frequent.

For example, Figure 19 and Figure 20 contain the demand time series and the current
target inventory levels for Products 1 and 14, respectively. For Product 1, the target inventory
level was set manually as a result of the inability to generate accurate forecasts. Note that the
current target level is set high enough to satisfy the large, periodic spikes in demand. For Product
14, the inventory level is set to 60 units by the planning system. This is approximately 12.8 days
of average demand and would have been sufficient to achieve only a 10.1% fill rate. The service
level objective for this cell is a 93% fill rate. Under the current operating policy, the firm stocks
$182,000 worth of finished goods inventory across 30 items in a central storage facility and
reports an 87% average fill rate.
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Figure 19. Time series of demand for the highest volume product
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Figure 20. Time series of demand for Product 14

7.2 The Experiment

After examining the demand for each item, we designate the Top 7 products as A-type
items and the remaining items as B/C-type items. The aggregate demand for the A-type items is

shown in Figure 21 and the aggregate demand for the B/C-type items is shown in Figure 22.
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Figure 21. Aggregate demand for Top 7 (A-type) items.
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Figure 22. Aggregate demand for B/C-type items.

Observe that while the demand for the A-type items often exceeded the daily production
capacity, the demand for B/C-type items only exceeded the daily production capacity on two
days over the course of one year. Usually the production facility has sufficient capacity to
produce all of the requirements for the B/C-type items, which will receive production priority on

a daily basis. Any remaining production capacity will be used to produce the A-type items.
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The data used in this experiment for the 30 items are summarized in Figure 23. Based on

selling margins and discussions with management, backorder costs were estimated at 25 times

their respective unit holding costs. We will use the same target system inventory level of 7,039

units. For the three operating policies of interest, item-level target inventory levels are shown.

Target Inventory Levels
Product Holding | Backorder | Demand Demand Demand VTMR cv Curr.ent No B/C - No B/Q -
Cost Cost Mean Variance | StdDev Policy Newsvendor | Q-function

1 $ 0022|% 0.557 391.4| 391,147.1 625.4 999.3 1.60 3,600 2,217 4,190

2 $ 0030|$ 0.738 1151 74,614.6 273.2 648.2 2.37 1,260 864 713

3 $ 0020|8% 0.504 60.3 1,922.8 43.9 31.9 0.73 480 174 785

4 $ 0029|% 0.719 38.9 869.9 29.5 22.3 0.76 252 112 345

5 $ 0.008|$ 0.203 26.5 1,794.5 42.4 67.7 1.60 120 3,372 863

6 $ 0042|% 1.047 20.3 2,681.5 51.8 1321 2.55 120 152 65

7 $ 0039|$ 0.967 20.1 2,456.7 49.6 122.2 2.46 144 148 78

8 $ 0027|% 0.681 19.5 88,570.0 297.6 | 4535.7| 15.24 156 -

9 $ 0024|% 0.594 175 1,605.5 40.1 91.5 2.28 120

10 $ 0.062% 1.545 14.1 253.8 15.9 180 1.13 84

11 $ 0.006|$ 0.147 9.2 107.3 104 11.7 1.13 35

12 $ 0011|$ 0.284 8.6 395.9 19.9 46.0 231 40

13 $ 0072|% 1.794 6.0 158.8 12.6 26.5 2.10 42

14 $ 0060|$ 1.493 4.7 4,938.0 70.3| 1,053.4 | 14.99 60

15 $ 0058|$ 1.440 4.4 62.7 7.9 14.3 1.81 50

16 $ 0018|$ 0.455 4.4 110.5 10.5 25.2 2.40 108

17 $ 0056 |$ 1.393 4.1 39.8 6.3 9.7 1.53 36

18 $ 0025|% 0.619 4.1 201.6 14.2 49.1 3.46 48

19 $ 0023|% 0.566 3.9 220.4 14.8 56.8 3.82 36

20 $ 0037|$ 0.917 3.4 59.5 7.7 17.7 2.30 34

21 $ 0019|$ 0.487 3.3 1,070.8 32.7 3225 9.86 25

22 $ 0026|$ 0.656 3.1 90.1 9.5 28.6 3.01 42

23 $ 0070|$ 1.741 3.0 101.6 10.1 34.1 3.39 20

24 $ 0.036|$ 0.912 25 13.4 3.7 53 1.46 11

25 $ 0032|% 0.812 2.4 14.3 3.8 5.9 1.56 20

26 $ 0.009|$%$ 0.228 2.3 183.4 135 80.1 5.92 15

27 $ 0048|3% 1.203 21 147.9 12.2 717 5.90 15

28 $ 0022|% 0.548 2.0 27.5 5.2 14.0 2.67 12

29 $ 0022|% 0.555 1.9 7.8 2.8 4.0 1.45 30

30 $ 0023]|$ 0.583 1.9 24.9 5.0 13.3 2.66 24 - -
Total 801.0 | 573,892.6 757.6 716.4 0.95 7,039 7,039 7,039

Figure 23. Data for the industrial experiment.

We simulated the three operating polices with the various inventory allocations and

obtained the results in Figure 24. The simulation of the current policy resulted in a fill rate of

78% and 1,518 units in imbalance on average, or 22% of the total inventory. We attribute the

difference in the simulated fill rate of 78% and the actual reported fill rate of 87% to the use of

overtime and other changes to the system, such as outsourcing and negotiating with customers.

The 78% fill rate serves as a benchmark to which we may compare the other operating policies.
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Simulating the No B/C policy using the newsvendor function for inventory allocation
decisions resulted in an improved fill rate of 89%. Notice, however, that 15% of the inventory, or
roughly 1,061 units each day were imbalanced. This is due to the way in which the newsvendor
function determined the item-level allocations, shown in Figure 23. Notice that 3,372 units were
held in item 5. The newsvendor function made this decision because item 5 has the lowest unit
holding cost.

Simulating the No B/C policy using the Q-function for the item-level allocation decisions
resulted in a fill rate of 95% and only 2.2%, or 153 units on average were in imbalance. Instead
of holding 3,372 units in item 5, the Q-function selected 4,190 units of item 1 because of its

higher probability of being demanded.

. Average Percent of
. . Number of System Allocation Fill Rate Number of Total Units
Operating Policy Stocked Inventory Used Achieved Units in in
Iltems Level (T) Among Items Imbalance Imbalance
Current Policy 30 7,039 Newsvendor 77.96% 1,517.8 21.6%
No B/C Policy
using 7 7,039 Newsvendor 89.26% 1,061.4 15.1%
Newsvendor
No B/C Policy
using 7 7,039 Q-function 94.73% 152.7 2.2%
Q-function

“ the current item-level target inventory levels were used.

Figure 24. Results of applying the No B/C Policy to an industrial environment.

8 Conclusion

In this paper, we develop a computationally efficient approach for setting base stock
levels in a capacitated manufacturing environment in which forecasts for the majority of items
are not available. We quantify the value of obtaining advanced demand information for decision-
making. The value of this information, while consistently valuable, diminishes as the capacity
utilization increases. We illustrate the implications operating the environment without explicit
consideration of the finite capacity. We demonstrate the obtaining advanced demand information

combined with inadequate capacity planning can result in substantial deviations from optimality.
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