How Intermittent

Reduced Target Inventories

NSHK Corp., Ann Arbor, Mich., is the 11.5.-
based operation of the world's second-
largest provider of anti-fnction bearings and
precision products to the automotive and
other industries. This quarter, the company
is using the dedicated intermittent demand
forecasting module from Smart Software’s
SmartForecasts software to estimate lead-
time demand on a subset of NSK's after-
market business unit's (ABU's) stockkeeping
units {SKUs). Robert Schuster, senior supply
chain analyst, describes the demand pat-
terns of these SKUs as “very sporadic.”

NSK, a General Motors Supplier of the
Year, has made its reputation on product
quality and availability. Suppliers in the $2
billion aftermarket industry win or lose busi-
ness based on their in-stock position. Short
lead times and quick response times are
assumed. High service |evel inventories, esti-
mated as accurately as possible, are often
necessary. But estimating lead-time demand
and target imventores for specific service lev-
els In this environment s not easy.

Inventory tends to have a long life in the
aftermarket. Product life cycles can average
two years or more, Different SKLUs have differ-
ent inventory replenishment lead times, with
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imporied products averaging several months,
And in the case of two-thirds of the ABU's
7,000 SKUs, demand is highly intermittent,
with half of the sales history data containing
zero values, About 1,000 SKUs make up 90
percent of the unit’s business, with the other
ftems stocked to ensure NSK's reliability as a
full-line distributor. “We might sell a
$250,000 item once a year] notes Schuster,
“or sell ane or two every other month—and
not always to the same customer, But our
customers can always expect that we'll have
the ftem they want in stock and that we'll
respond quickly when they call”

The company began championing a pro-
gram of inventory reduction and demand
planning system automation in 1998, when
Schuster first proposed a 40 percent target
reduction in inventory, while maintaining on-
time delivery performance. NSK's previous
demand forecasting system computed aver-
age monthly product usage based on 12
months of sales histary, The software then
multiplied that number by the length of the
average replenishment lead time to calculate
lead-time demand and required inventory
levels, But Schuster saw that 12 maonths of
history did not provide enough information to

unreliable advice on setting reorder
points and order quantities,

This bootstrapping approach pro-
vides fast and realistic forecasts of inter-
mittent product demand over a lead
time, In turn, these forecasts can be
entered into inventory control models
to strike the proper balance between
keeping enough inventory on hand 1o
satisfy customer demand and keeping

forecast demand for products with 18-, 24-
or 36-maonth cycles of sales. For such inter-
mittently demanded items, these forecasts
often yielded “zero” values.

In 19499, after using Smart Software’s
SmartForecasts forecasting software to fore-
cast standard aftermarket products, NSK hit
its target, reducing inventory by $1 million
(representing a 30-day reduction in invento-
ry), shortening lead times, and increasing
on-time delivery above the 98 percent ser-
vice level the company had already
achieved. Now NSK intends to lower invento-
ry targets further, even as the company
expands fts product lines. Schuster esti-
mates that the software's intermittent
demand forecasting technology will help
produce annual savings of about $3 million
for the ABU alone. He also anticipates that
Smart’s direct connectivity to NSK's Oracle
and S0L Server databases will help facilitate
the company’s goal of an automated, enter-
prise-wide system of collaborative demand
planning and inventory replenishment.

*[This software] will help us complete
the process,” says Schuster. "It was the
missing plece”
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as little inventory as possible to haold
down costs. *

Thomas Willemain, Ph.0, is profiessor of
Decision Sciences and Engineering Sys-
terns at Rensseaer Poltechnic instifils,
Trow, N.Y., and VP of Smart Software,
Inc., Bedmant, MA. Chanes Smart [s pres-
ident of Smart Software, Inc. Both can
be reached at 800/ 7E62-TEB99 or via
InfoBsmartoorp.com.

Bootstrapping

By Charles Smart and
Thomas Willemain, Ph.D.
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o your products exhibit
intermittent demand pat-
terns? It's an even bet that
anyone who is a capital
goods manufacturer or
service (spare) parts inventory manager
in the automotive, aerospace, utilities, or
high-tech industries has wrestled with
this common and costly inventory
management problem

Managers may know this type of
demand pattern by another name—
“irregular,” “slow-moving,” or “sporadic.”
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A New
Way to
Forecast

Demand

Unlike most product sales and demand
data, intermittent demand contains a
large percentage of zero values, often 30
percent or more, with non-zero values
mixed inat random. If there is great vari-
ability among the non-zero values; this
demand pattern also is called “lumpy.”
Whatever it's called, the costs of inaccu-
rately estimating lead-time demand and
target service-level inventories in this
environment are potentially huge.

What makes forecasting intermittent
demand data so difficult? Largely, it's the
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‘capital goods and service parts inventory spectruny, where millions of dafiars in
Inventory costs and lost business can result from inaccurate planning.

« Traditional statistical forecasting methods have failed with this data because they
“assume a “normal” distribution of product demand over a lead time.

* A new bootstrapping methodology that accurately forecasts intermittent demand
‘data promises to strike the right balance between minimum levels of required
hmntnrrmd maximum levels of customer service.



predominance of zero data values,
Familiar techniques useful in forecasting
conventional or “smooth” demand, such
as exponential smoothing and moving
averages, ignore the special role of zero
values and other key features of intermit-
tent demand.

In the case of service parts, there is an
additional twist to the forecasting
problem. Here, forecasts are usually used
as inputs to inventory control models.
Inventory control theory requires fore-
casts of the entire distribution of
possible demand values—not just a
single number thought to be the most
likely demand—and requires forecasts
over a total lead time, not just a single
time period. If these forecasts are accu-
rate, then the inventory models can
recommend correct procedures for
inventory management, such as the size
and timing of replenishment orders
(order quantities and reorder points).

Traditional statistical forecasting
methods fail because they assume that
the probability distribution of demand
over a lead time (lead-time demand)
will resemble a “normal”™ bell-shaped
curve, This certainly is not the case for
most service parts. Instead, lead-time
demand can have odd shapes, and clas-
sical forecasting methods can provide
grossly misleading inputs to inventory
control models. Most computerized
forecasting tools identify recognizable
patterns in the data, such as trend and
seasonality. But there are no easily
recognizable patterns in intermittent
demand data.

Over the years, many experts in
inventory management and statistics,
including statistician LD, Croston, have
grappled with the challenge of statisti-
cally forecasting intermittent data. Now,
recent business innovation research
supported by the National Science
Foundation has produced a new and
more accurate method of forecasting
intermittent demand. The study,
performed by Smart Software, Inc.,
examined 28,000 commercial data
series (inventory items from nine
companies in the U.S. and Europe, re-
presenting the aircraft, high-tech, elec-
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An Aerospace Industry
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By Robert Lamarre, B.B.A., M.A. Sc., cmc, Adm.A,

Forecasting the demand for products with intermittent demand pattems is a partic-
ular problem for those who manage spare parts. A good example is an aerospace
industry client that our company Is assisting with its forecasting and planning.

The client has more than 80,000 spare part items in stock, Our analysis indicates that for
mare than 80 percent of the parts, demand is less than 5 units per year, with many periods
registering zero demand. Accurate planning is critical for the manufacturer as well as its cus-
tomers, the aircraft operators. The price of not having the rght part available at the right time
in the right place is steep: an aircraft operator can incur costs of more than $50,000 for
each hour a plane is on the ground. Of course, the manufacturer has an obligation to defiver
the parts required by an operator within hours of the request. But if the part is not readily
available from stock, the manufacturer could be forced to take a good part from an aircraft
on the assembly line—a costly altemative. Even the cost of expediting shipment of a part
from one comer of the globe to another can be significant.

Hence, the need for an accurate forecasting tool. But traditional forecasting tools generate
forecast results with such large emor margins that some managers find them useless. When
applying the resulls produced by these tools for spare parts with intermittent demand, the
organization continually encounters major difficulties in achieving the desired service level. In
reaction to the pressures created by too many stock-outs, the tendency is to overstock, Given
the costs of spare parts in this industry, such a strategy is unacceptably expense.

The new intermittent-demand bootstrapping approach offers a practical solution to
this forecasting problem. The approach Is designed to provide a desired service level, but
with minimal inventory requirements. Even given the difficulty of the problem, the solu-
tion can be implemented easily on a PC. The payback period of implementing such an
approach in the aerospace industry proves to be extremely short. It would be interesting
to see more research on how to apply a similar approach when historical information is
unavailable and when we can use only the mean time between failure (MTBF) to forecast
the future, such as |s the case when a new aircraft type is launched,

Robert Lamamre s president of Robert Lamanme & Assocites, Management Consultants, St
Lambert, Quebec, Canada, experts in supply chain management with special expertise in
spare pants management. He can be reached at 450/671-5736 or via emall at ger@ibm.net.

tronics components, marine equip-
ment, and other capital-equipment
industries).

The research confirmed that both
exponential smoothing and a variant of
exponential smoothing, developed by
Croston in 1972, are effective in fore-
casting mean (average} demand per
period when demand is intermittent.

simple bootstrapping approach to this
problem is to sample from the original
24 values, with replacement, three times,
creating a bootstrap scenario of demand
over the lead time.

For example, we might randomly
select months 7, 12, and 3, which would
give us demand values of 0, 9, and 4,

respectively, for a

But the study also confirmed that
neither Croston’s method nor expo-

nential smoothing accurately fore-

casts the entire distribution of
demand values. This is especially true

with customer service level inventory

requirements—for example, a 90

percent, 95 percent, or 99 percent
likelihood of not running out of a
product item—for satisfying total

demand over a lead time.

Although there are additional

+ ) = 35 units. By continuing to generate
bootstrap scenarios in this way, we can
build a statistically robust picture of the
lead-time demand distribution.

The histogram in Figure 2 shows the
results of 10,000 bootstrap scenarios.
{ These bootstrap scenarios reflect all ele-
ments of the new methodology, includ-
ing the real-world possibility that non-

elements that make this new fore-

casting method work well, the core
idea is bootstrapping. Bootstrap-

ping is a statistical method that
accurately forecasts both average

demand per period and customer

service level inventory require-

ments. It does this by using samples

of historical demand data to create

a large number of realistic scenar-
ios that show the evolution of

cumulative demand over a lead

time,

Better inventory control
COMSIDER THE 24 MONTHLY

demand values show in Figure 1.

Suppose forecasts are needed for the
next three months because the parts
supplier takes three months to fulfill
an order to replenish inventory, A
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mw&rmﬂ;ﬂm& Figure 2: Bootstrapping produces an accurate picture of leadtime demand.
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