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ABSTRACT: This paper proposes a demand fulfillment process for Make-To-Stock environments, integrating sales
and operations planning (S&OP) and order promising, for a commodity market characterized by prices and demand
seasonality. Considering differentiated customers, different products and multiple sourcing locations in a multi-period
context, we define a multi-level decision framework in order to support short and medium term sales decisions in a way
to maximize profits and to enhance the service level offered to high-priority customers. Our research exhibits three
valuable elements: (1) we developed an order promising model based on nested booking limits and which allows order
reassignment i.e. changing decisions of how firm orders have to be fulfilled; (2) we used a rolling horizon simulation to
evaluate performance of the demand fulfillment process proposed; and (3) we compare it with common fulfillment pro-
cesses such first-come first-served order processing. In order to evaluate the demand fulfillment process proposed, a
numerical application based on softwood lumber manufacturers located in Eastern Canada is conducted and provides
evidence that better performances (overall service level, high-priority service level and overall net profit) can be
achieved by using nested booking limits and reviewing previous order promising decisions whilst respecting sales
commitments.

KEYWORDS: Demand fulfillment process, Sales and operations planning, Order promising, Nested booking limits,

Order reassignment, Rolling horizon simulation.

1 INTRODUCTION

Demand fulfillment, a key operations within the supply
chain management paradigm, requires cross-functional
efforts (Oliva and Watson, 2011) to ensure customer
satisfaction and to maximize medium and long term
profitability. To meetthese challenges, sales and
operations planning (S&OP) is a periodic review
procedure for providing leaders, managers and
professionals with the right information to decide of
future actions of supply, production, sales and transport.
This process is notably interesting for cyclical industries
to take advantage from demand and price fluctuations.

First, S&OP identifies sales targets based on forecasts.
Further, more accurate information about demand and
prices can be available when we start receiving customer
orders. A real-time decision system is then needed to
support order promising. To remain competitive and
offer short delivery lead times , companies operating in a
supply constrained mode and in a Make-to-Stock (MTS)
environment, as softwood lumber companies, can
achieve higher profitability by prioritizing orders from
customers less sensitive to price (Stadtler and Kilger,
2005) and for more profitable periods and by selecting
the most profitable sourcing location for each order.
Average selling price can be increased by allocating
scarce supply (inventory on hand and production

planned or sales targets) to high priority orders, instead
of giving it away to any order on a first-come-first-
served (FCFS) basis as in traditional order promising
policies. Furthermore, it is interesting that high priority
orders can consume from allocations assigned to less
priority orders, similarly to nested booking limits used in
airline and other revenue management (RM) applications
(Quante et al., 2009b).

Thus, sales decisions have to be taken at multiple plan-
ning levels and at different frequencies. In this paper, we
propose a demand fulfillment process for MTS environ-
ments, including S&OP at the tactical level and real-time
order promising based on RM concepts at the operation-
al/execution level (section 3). A network perspective is
considered and an order promising model is formulated
as a linear program (LP) so that order assignment to a
sourcing location may be changed until the last moment,
although the decision of accepting or refusing an order is
instantaneous and definitive (section 4). Order reassign-
ment, i.e. changing decisions of how firm orders have to
be fulfilled, can be made after receiving each order and
after each tactical planning. A rolling horizon simulation
is used to re-execute and update each level as often as
needed. This is conducted for a case study with a com-
modity-type market, which is the softwood lumber mar-
ket (section 5). Afterward, we attempt to reveal the po-
tential benefits of using nested booking limits and order
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reassignment as compared to common fulfillment pro-
cesses (section 6).

This paper aims to improve demand fulfillment in MTS
environments by synchronizing mid-term, short-term and
real-time sales decisions. The fundamental contributions
are: (1) to define a rolling horizon decision framework
integrating S&OP and order promising, considering
differentiated demand classes, different products and
multiple sourcing locations in a multi-period context; (2)
to develop a real-time order promising model with nest-
ed booking limits, which allows order reassignment; and
(3) to evaluate the demand fulfillment process perfor-
mance via a rolling horizon simulation in the Canadian
softwood lumber industry and emphasize the potential
benefits of using nested booking limits and order reas-
signment as compared to some common fulfillment
processes such as FCFS order processing.

2 PRELIMINARY CONCEPTS

Few contributions dealt with demand fulfilment integrat-
ing different planning levels, notably S&OP and order
promising based on RM concepts. In this section, we
proceed with a literature revue to describe the basis of
S&OP and analyze the current research on order promis-
ing and ATP allocation.

2.1 Sales and operations planning S&OP

S&OP can be defined as a periodic tactical planning
process that links vertically business plans and strategic
plans with operational plans, and horizontally demand
with supply chain capacities (Feng et al., 2008). Accord-
ing to APICS (2010), the S&OP integrates all the busi-
ness plans of a company (supply, production, sales, cus-
tomers, marketing, R&D and finance) in general terms,
facilitates coordination between the various functions
and supports the strategic and business plans covering a
planning horizon between one and two years. Affonso et
al. (2008) argue that the length of the planning horizon
should be at least the length of the budget horizon.

S&OP mainly deals with organizational aspect and in-
certitude. The S&OP process acts as a continuous mech-
anism that supports cross-functional integration (Oliva
and Watson, 2011). Despite the conflicting incentives in
firms, S&OP facilitates the integrated supply chain plan-
ning and the involvement of all functions in every stage
through a constant criticism. Based on the right infor-
mation and effective planning procedures, a good per-
formance can be achieved. Oliva and Watson (2011)
show that the quality of information, the quality of plan-
ning procedures and the quality of alignment between
the different actors are the key success drivers support-
ing the S&OP process. S&OP can also support strategic
decisions such as capacity decisions (Olhager et al.,
2001). Moreover, S&OP supports integration between
supply chain companies and ensures scheduling control
to reduce delays. For instance, Affonso et al. (2008) have

proposed a S&OP model linking, in one hand, marketing
department of a company with procurement services of
its customers and, on the other hand, the purchasing
department with sales departments of its suppliers.

In an uncertain environment, S&OP aligns sales targets
with resource availability. First, S&OP has an important
role as a mediator to improve operational performance in
production environments characterized by market incer-
titude (Olhager and Selldin (2007), Sodhi and Tang
(2011), Feng et al. (2010b)). By simulating an S&OP
model with a stochastic demand, Feng et al. (2010a)
have proved that S&OP process reduces effects of fore-
cast errors in a Make-To-Order environment. S&OP can
also deal with order configuration uncertainty. In a Con-
figure-To-Order environment, Chen-Ritzo et al. (2010)
proposed a model supporting in a first stage supply plan-
ning, and in a second stage revision of demand and sup-
ply depending on suppliers’ flexibilities. They showed
that considering order configuration uncertainty through
the S&OP process can achieve significant benefits in
profit and revenue.

2.2 Order promising and ATP allocation

While S&OP makes decisions for a medium-term hori-
zon, order promising is a real-time problem. It is a criti-
cal task (Fleischmann and Meyr, 2003) as it has not only
impacts on the company’s profitability and customer
service level in the short, medium and long term, but
also has significant influence on scheduling and execu-
tion of manufacturing and logistics activities (Pibernik
and Yadav, 2009). Sales teams must decide which orders
to fulfill, how much to sell, from which location and for
which due dates. Such decisions are taken based on
guantities Available To Promise (ATP), which concerns
for MTS environments the availability of finished goods
and for Assemble-To-Order (ATO) and Make-To-Order
(MTO) environments the availability of all components
used for assembling the finished product (Fleischmann
and Meyr, 2003). ATP guantities can be assigned to new
customer orders according to different allocation mecha-
nisms, which were summarized by Pibernik (2006).

Several researches studied the application of the RM
concepts for ATP allocation in a supply constrained
situation. According to Phillips (2005), RM is a set of
strategies and techniques managing capacity allocation
to different customers classes and protecting capacity
reserved for each class by defining booking limits. When
all demand can’t be fulfilled, RM can be considered as a
powerful tool ensuring higher profitability and forging a
stronger relationship with customers less sensitive to
price (Stadtler and Kilger, 2005). RM has experienced
great success with airlines and service industries, where
capacity is perishable and fixed. However, the applica-
tion of this concept in MTS manufacturing environments
is still limited, although several studies in ATO and
MTO environments (Tsai and Wang (2009), Chen and
Ni (2010) and (Spengler et al., 2007)) exist.
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To the best of our knowledge, Meyr (2009) was the first
to propose allocation models for MTS environments. He
dealt with a deterministic demand and known exogenous
supply and developed a linear programming formulation
composed of two stages: "ATP allocation" and "real-
time ATP consumption” or "Single order processing
after allocation planning”. This research was expanded
by Azevedo et al. (2014), who consider several mills and
several products, while Meyr (2009) dealt with just one
mill and one product.

The assumption of a deterministic demand may not be
applicable in some cases. So, Quante et al. (2009a) con-
sidered demand uncertainty and proposed a dynamic
programming formulation using a Bellman recursion
equation to take into account the impact of consumption
decisions. Analyzing the interplay between demand
variability, customers’ heterogeneity and supply short-
age, they showed that allocation model with nested
booking limits always achieved better profits, as the
deterministic model of Meyr (2009).

Pibernik and Yadav (2009) also dealt with stochastic
demand, but with multiple receipts in the planning hori-
zon. The framework proposed considers carry over be-
tween two levels: allocation planning, which the authors
called “inventory reservation”, and order promising.
They developed a heuristic approach to identify relevant
factors determining inventory reservation quantities.
Service level target for high priority class and overall fill
rate were considered instead of profit maximization.
They showed that inventory reservation could detrimen-
tally affect the overall system performance. This re-
search was expanded (Samii et al., 2011) to provide a
formulation of the trade-off between the benefits of re-
serving for high priority customers and the negative
impact of inventory reservation based on the chosen
reservation levels for the high priority customer class.
This analysis was limited to a single period inventory
reservation problem and two classes of customers.

3 DEMAND
PROPOSED

FULFILLMENT PROCESS

A company generally offers its products to different
markets, which refers to customers from different geo-
graphical regions (Azevedo et al. 2014). Each market
can be split into customer segments, according to differ-
ent criteria such as willingness to pay (Feng and Xiao
(2000), Zhang et al. (2006), Li and Chen (2010), Azeve-
do et al. (2014)), quality sensitivity (Xiaodong et al.
2007), lead times (Li and Chen 2010), etc.

Sales and price forecasting are critical inputs of the
S&OP process (Mentzer et al., 2007). New information
about demands and prices can be periodically obtained.
While disaggregated forecasts can be made for short-
term horizon, medium-term forecasts are generally more
dubious (uncertain) and aggregated. Forecasts aggrega-
tion (or disaggregation) can be applied to multiple di-

mensions simultaneously: product families or single
products, customer markets/segments or individual cus-
tomers, different periods of time... For instance, new
forecasts of market demands and prices can be available
each month as follows: weekly market forecasts for
short-term and monthly market forecasts for the rest of
the planning horizon. Moreover, new short term fore-
casts of segment demands and prices can be available
each month. S&OP process can be re-executed as soon
as new forecasts are available.

In this context, we define a demand fulfillment process
(Figure 1) integrating S&OP and order promising based
on RM concepts, which is composed of four principal
activities:

1. S&OP: Considering market medium-term forecasts
(e.g. twelve months), contracts, sales commitments made
in previous periods and real inventories available (updat-
ed after each order delivered), the S&OP predetermines
production, transport and supply plans and sales targets
for each market. This activity is generally carried out
each month.

2. Allocation planning: Quantities projected for each
market, over short-term horizon, are allocated to differ-
ent customer segments based on short term forecast (e.g.
eight weeks). Sales commitments made in previous peri-
ods and weekly segment forecasts respectively represent
lower and upper bounds for segment allocations. In in-
dustrial practices, S&OP and allocation planning are
mostly planned by different teams. Nevertheless, it can
be advantageous to simultaneously plan them as soon as
we receive new forecasts (e.g. in the beginning of each
month).

3. Booking limits identification: Before making promis-
es, we identify, for each segment and for each period,
from which allocations we can consume based on prices
forecasts. This activity will be more detailed in section
4.2,

4. Real-time order promising and reassignment of orders
to allocations: When we receive a new order, we have to
decide if we accept or refuse the order and from which
allocations we should consume. We have also to reassign
previously accepted orders, not yet delivered. Moreover,
order reassignment has to be done after each tactical
planning.

In our graphical representation of the demand fulfillment
process (Figure 1), we suppose that S&OP is planned
over a medium-term horizon (e.g. 52 weeks) and that we
can make commitments just for short-term horizon (e.g.
8 weeks). Orders that should be delivered later will be
postponed. Demand set by contracts is considered as a
minimum demand to respect by the S&OP and is includ-
ed in incoming orders. We also assume that an order can
request multiple products and that partial fulfillment is
allowed. As mentioned before, the decision of accepting
or refusing an order is instantaneous and definitive.
However, order assignment to sourcing location is tem-
porary and may be changed.
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Figure 1 : Demand fulfillment process integrating S&OP and order promising based on RM concepts

4 MODEL FORMULATION

Figure 2 illustrates a supply network of a multi-site
softwood company. In such a MTS environment, a com-
pany has several nodes n (n € N), representing manufac-
turing plants and distribution centers. Nodes can be sup-
plied by different suppliers and sold to various markets
composed by differentiated segments g (g € G).

4.1 Tactical model (Activities 1 and 2)

At the beginning of each month, a tactical model simul-
taneously plans S&OP and allocation. We use the S&OP
network model, proposed by Marier et al. (2014) for a
softwood company, which takes decisions related to
supply, production, handling, transportation and sales in
order to optimize the total company’s net revenue over T
periods. Sales decisions are set by customer markets.
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Figure 2 : Supply network of a multi-site softwood
company

To incorporate the allocation planning, we expand this
S&OP model (Marier et al. 2014) so that short-term sales
decisions may be allocated to different customer seg-
ments. Sales commitments and demand forecasts are set
as lower and upper bounds for both markets’ sales tar-
gets and segments’ allocations. Several adaptations were
also made to have a rolling horizon planning.

4.2 Consumption model (Activities 3 and 4)

Once the tactical model is executed, we start to receive
demand from customers segments for different delivery
periods. Consumption model is required to instantane-
ously make promises to orders, while respecting the
medium-term decisions and previous decisions.

Sets

G Customer segments g

G Spot segment § (G = {§} = G)

N Nodes n (representing manufacturing
plants and distribution centers)

P Products p

Parameters

T 1st period of the S&OP horizon Index
i Current period Index
7 Short-term length (7'<<7T) Week
Mg’ pit Net profit for selling a product $/Qty

p, available in node n at period ¢
to segment g’ at period ¢’ (t <

t")

qg' pt’ Quantity of product p required Qty
by segment g’for period ¢’

Xn,g.pt Quantity of product p from node Qty
n allocated to segment g for
period ¢ (tactical model deci-
sions)

Yngg' pte Quantity from allocation xp g, Qty
fixed for segment g’at period ¢’
(t<t'<i)

Decision variables

Yo g.9'pte Quantity from allocation x, g, ¢ Qty

consumed by segment g’ for
period £ (t<t'andi <t")

Table 1 : Sets, parameters and decision variables used by
the consumption model

Consumption model decides from which allocations we
should consume to fulfill segments demand for each due
date. So, we have to assign demand required by segment
g’ for delivery period ¢’ to allocations initially set to a
segment g for delivery period t. Allocation delivery
period t should always precede consumption period ¢’ to
guarantee that there are available quantities to promise.

Since it is an assignment problem, we formulate it as a
linear programming (LP) model. Table 1 describes the
sets, parameters and decision variables involved in the
consumption model. Assignments are illustrated in Fig-
ure 3 as arcs between allocations and requested quanti-
ties. We can review these assignments as often as need-
ed, i.e. after each tactical planning and whenever a new
order is received.

The concept of nested booking limits (BL) is used to
take advantage from customers’ heterogeneity and prof-
itability variation over time (Azevedo et al. 2014). BLs
are set by segment, product and delivery period. At a
current period i, BL of a product p for a segment g’ and a

delivery period ¢’ (BLigr_p_t,) are defined as allocated

quantities of product p that we can consume for g’ and ¢’
and are set by authorized arcs in Figure 3. They can be
expressed by:

i _
BLg’.p,t’ -

/ i-1 t'
z kxn.g’.p.t’ + Z Z Xngpt T Z Xngpt
t=i

neN geG t=t
t'-1
+ Xng'pt

t=i

Mg’ pet STng' pit

LY

Xngpt ey
geG\{g'.9} t=i
Mngptt <Nng! ptt'

Both equation (1) and Figure 3 show that, to fulfill de-
mand requested by segment g’ and delivery period ¢’, we
can consume from:

= allocations set to segment g’ for delivery period t’;

= unconsumed allocations set for previous delivery peri-
odst (t<i);

= allocations set to spot segment g for any delivery peri-
od (Quantities allocated to spot segment can be con-
sumed by any other segment since they are not dedi-
cated to specific customers);

= allocations set to segment g’ for future delivery period
t preceding period t” and generating lower profit than
being consumed at period t’

(<t<t, Mygpre S Mg prr’)
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x X . ! A”—Z—P—T X, gpt / Au_.g,p_.r /
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Xng.pt PR n.g.pi t=i+l.r-1 il f=i+1.4'-1 &
W f:f‘l’l.‘fr n S‘;? . <n n F”>?7 . r=i+1l.1
ng .pir n.g .pit gt ST neg.p.a, ne.pi.
g s 8L M=, g .ptt
T T
1 1
1 1
1 1
- 1
Yn,g,g',p,t,l’ [t =i.t+ T -1
Authorized arcs
— — — - Forbidden arcs
Figure 3 : Allocations assignments to quantity requested by segment g’ for delivery date t’
allocations set to segmen ifferent from g’ and g on-negativi
= allocat t to segment g different from g’ and g for N gat 5

any future delivery period t generating lower profit
than being consumed by segment g’ at period t’
(i <t t, Mhgptt < T'|n,g’,p,t,t’)

The objective function (2) of the consumption model is
to maximize short-term net profit of fulfilling demand
requested for periods between the current period i and
the end of the short term horizon (z+ T°-1).

T+T-1 t'

20,000 2. D snes Yasstnast @

neN geG g'eGpeP t'=i t=t

This objective function is subject to the following con-
straints:

vn€N,Vg,g' EGVpE P,
t'=i.1t+T—-1t=r1..t

Yngg'pee' 20

First, constraints (3) ensure that quantities consumed
from allocation (x,, 4, .) set to a segment g for delivery
period t will not exceed x,, 4, .. This includes quantities
(Vng.g" p.et’ ) CONsumed by delivered orders that we can
no longer change (reassign), which is expressed by equa-
tion (3.b) defined only if 7 < i. Second, constraints (4)
translate nested booking limits concept. In fact, forbid-
den consumptions are forced to zero to avoid consump-
tion from allocations set to more profitable segments and
delivery periods. These consumptions are represented by
forbidden arcs in Figure 3. Third, constraints (5) assure
that all variables are non-negative. Finally, to guarantee

Allocation consumption €) previous commitments, additional constraints are ex-
pressed differently depending if reassignment is author-
THT-1 vneN, Vg €G, ized or not.
tt’ Vp€EP, . . . .

Tot Z nog'P, . r;' L (3.a) If reassignment is authorized, equation (6) should be
< x t=tet+ - added. Quantities consumed by segment g’ for delivery
= Tmapt period ¢’ have always to be equal to demand of segment

T -1 g’ for period ¢’. Otherwise, the problem cannot be re-
solved, i.e. when a new order cannot be fulfilled.
Z Z 9.9 Dt vneN,Vg €G,

Vp€E P,

'eG I=i . .
g€ e= t=rt1..i—1 (3b) Respect of previous commitments (6)
N Z < Defined ift < i
y = Xngp,

- ngg' pitt' ngpt ZZZ nag' pet = g’ pe! ,Vg"EG,Vp'E P,
t'=t neN geG t=1 tt=i.1t+T-1

Forbidden consumptions 4) ) ) ) )
If reassignment is denied, constraints (6’) should be
added. Constraints (6’.a) ensure that quantities consumed

= VvneNVgEGVpEP, R . . )
Yigaptee =0 ¢ =gi T+ I;, 1, by segment g’ for delivery period ¢’ is equal to demand
- -1 () of segment g’ for period ¢’; otherwise, the new order
t=1.t JMngptt = Mngptt’ . . .

cannot be fulfilled. Since we cannot change previous
Y gg e’ =0 VvneNVyg €G, assignments, consumed quantities may be increased, but

Vg eG\{g,g'},Vp € P,
t'=i.t+T-1,

P
t=1..Unngpte = Mg ptt’

(4-b)

not reduced (constraints (6°.b)).



MOSIM’14 — November 5-7, 2014 -Nancy - France

Respect of previous assignments (6")

t’
Z Z Z Yngg et

neN geG \ t=t

T-1 Vg eEGVpeE P, (6'2)
t'=i.t+T-1 ’
+ Yng.9' ptt'
t=1
= qg/'p,tl
VneN,VgeQg,
Yng.g' ptt’ = Yngg' vt Vg €GVpEP, (6'.b)

t'=i.t+ T -1,
t=rt1..t

5 APPLICATION TO SOFTWOOD LUMBER
INDUSTRY CASE

5.1 Case description

The softwood lumber industry is an important sector in
the Canadian economy. It offers thousands of direct jobs
and significant benefits supporting indirect jobs. This
sector is also involved in the development of rural and
remote communities in certain regions. Moreover, soft-
wood lumber accounts for 20% of the value of Canada’s
forest product exports®, destined for domestic and inter-
national markets where the U.S represents the largest
export market for Canada.

During recent years, this industry have faced various
trades and economic pressures (Dufour, 2007), including
Canada-United States Softwood Lumber Agreements,
the American anti-dumping, a rise in energy and raw
material prices, a decline in lumber prices, a higher ex-
change rate for the Canadian dollar and the U.S. housing
bubble burst. Within this context, softwood lumber com-
panies try to remain profitable and to maintain positive
profit margins.

A softwood lumber company can be considered as a
MTS environment as its activities are driven by fore-
casts. It is composed generally of multiple facilities
including mills and distribution centers. It offers a large
portfolio of products to heterogeneous customers, having
different attitudes and priorities. Home improvement
warehouse companies and housing component manufac-
turers, for example, are willing to pay more for better
products and better services. Other customers, such as
dealers and distributors, are more sensitive to price than
to quality.

A softwood lumber company generally operates in sup-
ply constrained mode as raw material availability and
capacity are bottlenecks. Consequently, all demand can-
not always be fulfilled and the supply chain may offer
less finished products than customers’ requests. Since a
high percentage of softwood lumber is used in the con-

"Natural Resources Canada, Forest products , accessed on May 15"
2014, http://www.nrcan.gc.ca/forests/industry/13317

struction industry, demand for lumber decreases in Oc-
tober-November and reaches a seasonal low during the
winter months of December-February. Then, it would
experience strong seasonal and cyclical rise in the se-
cond and third quarters. Prices are expected to move
higher going into the summer as demand increases.
Thus, most of seasonal fluctuations in softwood lumber
prices can be explained by demand seasonality related to
construction activities. Tactical planning is important to
take advantage from the cyclical nature of the softwood
lumber industry.

In order to validate the demand fulfillment process pro-
posed, an experimental case is considered based on soft-
wood lumber manufacturers located in Eastern Canada.
In this region, lumber manufacturers principally offer
their products to Central Canadian market (CAC), East-
ern Canadian market (CAE), Northeastern American
market (US) and a spot market. The scope of the case is
outlined in Table 2.

Sets Size Details
Nodes 3
(mills)

2x4 8°,2x4 12°,2x4 14°, 2x4 16°
2x4 8°,2x4 12°, 2x4 14°, 2x4 16’
Premium grade products

Products 10

Markets 4 | US, CAE, CAC and spot market

Spot market is composed of one
segment. Other markets are com-
posed from 3 segments each.

Segments 10

Average ) ]
number of Average weekly arrival rate is 1.5
orders 150 | order/ couple (segment, product).
incoming One product is required per order.
weekly

Table 2 : Scope of the simulated case
5.2 Data generation

Weekly demand and prices are generated by a Visual
Basic for Applications (VBA) code as follows:

= Magnitude order of yearly global demand is based on
the study of Marier et al. (2014). Then, we compute
average weekly global demand by dividing on 52
weeks.

= Since US market represents the largest export market
for Canadian Est softwood companies’, we set weekly
demand forecasts of US market, CAE market, CAC
market and spot market as respectively 40%, 20%,
20% and 20% of weekly global demand. We suppose
that, for each market, segments 1, 2 and 3 require re-
spectively 10%, 70% and 20 % of all market demand.
We consider these quantities as segment demand fore-
casts.

= We suppose also that, for each week, CAE market,
CAC market and spot market offer respectively 0.9, 0.9
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and 0.8 of US market price. There are used as market
prices forecasts.

= For each market, segments 1, 2 and 3 offer respectively
1.15, 1 and 0.85 comparably to the market price.

= Unit transport costs are proportional to distance be-
tween nodes and segments.

Afterward, we randomly generate orders using probabil-
ity distribution as follows. Assuming that we receive 100
orders weekly (i.e. lorder per couple (segment, prod-
uct)), we generate random variables as many as we have
orders per couple (segment, product) in a year. For each
order of a couple (segment, product):

= We generate reception period based on inter-arrival
times, which follow a Poisson distribution. Average
weekly arrival rates depend on product required and on
customer segment, as presented in Table 3.

x4 | 2x4 x4 | 2x4 2x4 2x6 2x6 2x6 2x6 2x6

Product 3 1w 12’ T 16° 8 1w 12 4 16

Averageweeldy |5 0|05y 15 | 20 | 75 | 715 | 75 | 15 10

orders incoming | 4% | 28% | 8% 2% | 14% | 4% 2% | 14% | 4% | 20%
weekly

US1 | US2 | US3 |[CAEI1 CAE2 CAE3 |CAC1|CAC2 | CAC3 SPOT

Table 3 : Average weekly arrival rate per product and
segment proportion of orders incoming weekly

We generate delivery delays following a triangular
distribution. Maximum, average and maximum delays
are respectively set to 1, 3 and 4 periods for segments 2
and 3 and to 1, 2 and 3 periods for segments 1. Then,
we deduct delivery periods.

= We compute average quantity required by an order of a
couple (segment, product) as weekly segment demand
forecasts of the product required divided by the aver-
age weekly arrival rate. Quantity required by an order
is then deducted as inverse of normal distribution using
average value previously obtained.

= We generate orders as a list ordered by reception date.
6 SIMULATION AND RESULTS

The simulation is conducted with weekly planning peri-
ods over a year. S&OP supply, production and transport
plans are supposed to be met and operational constraints
of supply, production and transport are not taken in con-
sideration in the order promising activity.

6.1 Experimental design

Table 4 presents an experimental design to evaluate the
performance of the demand fulfillment process
(SA-BL-R), presented in Figure 1 and integrating S&OP,
allocation planning and order promising with nested
booking limits and reassignment option. Constraints (6)
are activated, as described in section 4.2.

In order to highlight the combined effect of using book-
ing limits and reassignment, we evaluate three additional

processes/approaches: (S-GO), (S-FCFS-R) and (S-
FCFS).

Process Tactical level Operational/execution level

(S-GO) S&OP + Global  Optimization  executed
once for all orders of the planning
horizon

(SA-BL-R) S&OP/Allocation | « Executed for each single order

and after each tactical planning
+ Nested Booking Limits
* Reassignment allowed
(S-FCFS-R) S&OP * Ixecuted for each single order
and after each t:
» Order promisin
First-Served manner
+ Reassignment allowed

stical planning
n a First-Come

(S-FCFS) S&OP » Executed for each single order

* Order promising in a First-Come
First-Served manner

* Reassignment denied

Table 4 : Experimental design

The (S-GO) process is used to define an upper bound on
the profit that we could get. We assume an “oracle “,
which knows all orders arriving within the planning
horizon before making promises. For the (S-FCFS-R)
process, constraints (4) are deactivated, so we do not use
booking limits. This process simply decides if we accept
or refuse each order assuming that all allocations are
available to all. Such as for (S-BL-R), order reassign-
ment is done after each order is received. The (S-FCFS)
process is similar to the (S-FCFS-R) process, but without
the reassignment option. Constraints (6°) are then acti-
vated instead of constraints (6), as described in section
4.2,

For each process, a simulation algorithm is developed in
Visual Basic.NET to sequentially call tactical and con-
sumption models, developed within IBM ILOG CPLEX
Optimization Studio version 12.4. To obtain confidence
intervals of 95%, four replicates were performed for each
process.

6.2 Results and discussions

In this section, we examine how the use of booking lim-
its and the order reassignment can affect the overall
performance and the service level for high priority cus-
tomers. While Figure 4 illustrates the yearly net profit
for all processes presented in Table 4, Figure 5 presents
overall demand fill rate and high priority demand fill rate
achieved for each process.

Effect of using booking limits: Focusing on processes
with reassignment, we can observe in Figure 4 that the
(SA-BL-R) net profit is higher than (S-FCFS-R) net
profit. In fact, using nested booking limits achieves not
only a better high priority service level but also a higher
overall system performance. Figure 5 clearly shows that
(SA-BL-R) ensures a better high priority fill rate com-
pared to (S-FCFS-R) since we prioritize orders from
high-priority customers.
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Figure 4 : Yearly net profit

i Overall fill
rate(%)

fill rate (%)

0%

S-GO S-NBL-R
Processes

S-FCFS-R S-FCFS

I High-priority

Figure 5 : Overall fill rate and high priority fill rate

Reassignment effect: Furthermore, the (SA-FCFS-R)
process, where reassignment is allowed, outperforms (S-
FCFS) process. Figure 4 and Figure 5 show that better
performances (net profit, overall fill rate and high priori-
ty fill rate) can be achieved. In fact, whilst respecting
orders already promised, reassignment generates each
time the most profitable set of assignments between
allocations and requested quantities and so offers more
flexibility for consumption decisions.

Combined effect of using booking limits and reassign-
ment: Average values show that the overall performance
achieved by the (SA-BL-R) process is the closest to the
overall performance of (S-GO) process (in term of net
profit and overall fill rate). (SA-BL-R) process also
offers the best service level for high priority customers.
However, these preliminary results should be statistically
validated by simulating more replications.

7 CONCLUSION AND PERSPECTIVES

In this paper, we extend the research in demand fulfill-
ment for MTS manufacturing systems and present a
framework integrating S&OP and order promising, con-
sidering differentiated demand segments, different prod-

ucts and multiple sourcing locations in a multi-period
context. Our study is among the very few studies that use
a rolling horizon planning to simulate a demand fulfill-
ment process. Contrarily to most previous studies which
have assumed a deterministic demand or a stochastic
demand with simplistic assumptions, we propose a pro-
cess that captures demand incertitude and feedbacks
between different sales planning levels.

In addition, we develop a real-time order promising
model based on RM concepts, in order to ensure a high
service level for high priority customers. This model
allows also order reassignment, which offers more flexi-
bility for consumption decisions and improves the over-
all system performance.

Results obtained from our case study show that we can
offer better service level to high priority customers and
higher overall net profit by using nested booking limits
and reviewing previous order promising decisions.

In our data generation, we assumed that the demand
within the planning horizon is stationary. Future exten-
sions will be eventually to consider seasonality demand
in order to emphasize the S&OP potential gain. Also, we
assumed that orders can be either accepted or rejected.
Analyzing the performance of the demand fulfillment
process presented with backorders will be interesting.
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