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Abstract

A new challenge for industries is to manage efficiently sales and operations in an uncertain and
global environment. The sales and operations planning (S&OP) aims to improve the trade-off be-
tween production costs and customer satisfaction. For products with long procurement lead times,
new flexibility parameters can be used in the S&OP to improve the supply chain agility and to satisfy
efficiently customer demands. In this paper, we consider several inventory policies integrated within
a flexible S&OP model. The problem is formulated as a stochastic multi-objective optimization
model solved by a simulation-optimization approach. Based on the case study of the automobile
manufacturer, Renault, we present a numerical comparative study of the different strategies in terms
of system performance. We also provide managerial insights that are particularly relevant to im-
prove the S&OP and inventory management for companies that face uncertain demand, impatient

customers and distant sourcing.
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1 Introduction

Supply chains become more complex and vulnerable with the globalization and changes in customer
behavior. Simple pull or build-to-order strategies are not appropriate to handle high uncertainties with
long procurement lead times, and build-to-stock systems are very costly in terms of inventories. Under
the increasing economical pressure, companies strive to improve the trade-off between the conflicting
objectives such as reducing production costs, inventories and satisfying customers within short delivery
times and with personalized products.

Improving the flexibility and the reactivity of the supply chain is crucial for companies facing uncer-
tain environment with strong logistics constraints. To achieve this, the sales and operations planning
(S&OP) should be revisited. The S&OP represents the tactical production plan that links the company’s
strategy to daily operations (Olhager et al., 2001; Grimson and Pyke, 2007). This cross-functional and
collaborative process is essential to efficiently balance the market demand with the production capacities
(Oliva and Watson, 2011). The S&OP has a strong impact on the firm’s performance and flexibility
(Thomé et al., 2012, 2013). A new method to improve the supply chain flexibility through the S&OP
is presented in Lim et al. (2014a). This method consists in defining upper limits, called flexibility



constraints, on the positioning of customer demands in the production plan. For products with long
procurement lead times, this new concept of flexible S&OP increases the stability of the production plan
in a build-to-order environment.

In this paper, we couple the flexible S&OP model of Lim et al. (2014a) with several inventory
strategies, based on the mechanisms of MRP, reorder point policies or constant work-in-process system.
We also consider the policies currently applied in Renault, a global automobile manufacturer. The
problem is formulated as a stochastic multi-objective optimization model and a simulation-optimization
approach is used for the resolution.

The research objective of this paper is, first of all, to study the coupling of various inventory policies
with a S&OP that uses flexibility constraints for controlling the arrival of demands. Here, we consider the
most classical inventory management systems commonly used in industry. We compare the performances
of these methods under a flexible S&OP. Initially applied to operational levels, the flexibility issues are
nowadays extended to all planning activities. However, the impact of adding flexibility in the mid-term
and long-term planning on the existing inventory management techniques has not been studied. To
the best of our knowledge, this study is the first that compares quantitatively several inventory policies
associated with a flexibility management for mid-term production planning. We present a large numerical
study based on the industrial data of Renault. We show that some policies perform relatively well or bad,
depending on system parameters. Based on these results, we also provide practical recommendations to
help decision makers in choosing the best strategies for jointly managing flexibility and inventories. This
research is relevant for both practitioners and researchers.

The paper is organized as follows. Section 2 summarizes the relevant literature related to our problem.
Section 3 presents the problem and formulates the mathematical model. Section 4 explains the different
policies studied in this article for managing flexibility and inventories. Section 5 describes the simulation-
optimization method we used to compute the optimal policies and the experimental design. Section 6
presents the numerical study based on the Renault’s case and provides some practical recommendations.

Finally, Section 7 presents several research perspectives related to this work.

2 Literature review

In order to help readers to better understand and situate the problem and the solution approach, we
briefly review four streams of literature relevant, to our study: sales and operations planning, supply

chain flexibility, inventory control and simulation-optimization.

2.1 Sales and operations planning to match production capacities with mar-
ket demand

The S&OP has received a growing attention during the last decade from both practitioners and re-
searchers. Grimson and Pyke (2007) present a general framework for improving the integration of the
different functions involved in the S&OP. Thomé et al. (2012) present a comprehensive literature review
on the S&OP. The authors show that the research is highly dispersed. Recently, Thomé et al. (2013)
conduct a survey on 725 manufacturers from 34 countries and highlight the significant impact of efficient
S&OP on firm’s performance.

Conflicts of interest are frequent during S&OP because of its cross-functional character (Rexhausen
et al., 2012). Resolving these conflicts becomes more challenging with the increasing globalization.

Indeed, on one hand, sales functions need more flexibility to meet customer requirements and earn new



market shares. And on the other hand, the production functions ask for more visibility because of strong
constraints on the supply chain and long procurement lead times (Lim et al., 2014a).

A better coordination and synchronisation between forecasts and production planning helps compa-
nies to handle uncertainties and improve the global firm performance (Nakano, 2009). Lim et al. (2014a)
detail a new concept of flexibility management integrated in the S&OP. New sales constraints are de-
fined to better coordinate forecasts and production planning for reducing the logistic costs while meeting
customer requirements.

In this article, we extend the research of Lim et al. (2014a) by coupling the model of flexible S&OP

with different inventory policies.

2.2 Improving the supply chain flexibility

The concept of flexibility in supply chain management is complex and multidimensional (Sanchez and
Perez, 2005; Bernardes and Hanna, 2009). A flexible supply chain allows the company to better adapt
and react to uncertainties and disturbances Svensson (2000); Christopher and Peck (2004).

Christopher and Holweg (2011) argue that most current supply chain management models emanate
from a period of relative stability and they are not adequate for the current era with increasing turbulence.
The authors show that demand variability causes stockouts, poor capacity utilization and increases
buffers, and supply chain needs for more structural flexibility to reduce risk and vulnerabilities.

Based on a large survey and a structural equation model, Merschmann and Thonemann (2011) analyse
the relations between uncertainties, supply chain flexibility and firm’s performance. The authors show
that flexible supply chains are more costly in stable environments but they largely outperform rigid
supply chains facing uncertainties.

We refer the reader to Reichhart and Holweg (2007), Bernardes and Hanna (2009) and Stevenson
and Spring (2009) for comprehensive literature reviews on the concept of supply chain flexibility.

In this research, we focus on the internal flexibility through the coordination of sales and supply chain
functions in the S&OP. For products with long procurement lead times and uncertain demand, applying
build-to-order strategies may be difficult in practice (Holweg et al., 2005) and satisfying customers may
require very long delivery times or high logistic costs. Lim et al. (2014a) present a new model of flexible
S&OP for impatient customers. The idea is to keep a build-to-order strategy but new constraints are
defined to avoid high deviations between forecasts and real demands. In this article, we show how a

flexible S&OP impacts the performances of different inventory policies.

2.3 Basic inventory policies

In this work, we consider different classes of policies to manage parts inventory: Material Requirements
Planning, (s,S) policies, base-stock policies and CONWIP. There is a large amount of literature about
these inventory policies. To the best of our knowledge, the quantitative study presented here is the first
that compares their performances when they are integrated within a S&OP, and that analyses how the
flexibility management impacts them.

The Material Requirements Planning system or MRP (Orlicky, 1975) determines the quantity and
timing of parts replenishments based on the future production plan, the bill of materials and the pro-
curement lead times. The basic mechanism of MRP performs very well in deterministic environments.
However, the major drawback is that MRP does not take into account any uncertainty Vollmann et al.
(1997). Therefore, in uncertain environments, some parameters should be adjusted (Dolgui and Prodhon,
2007). We refer the reader to the literature reviews of, among others, Guide Jr and Srivastava (2000),



Koh et al. (2002), Dolgui and Prodhon (2007) for more information on MRP systems, and how to apply
them under uncertainties.

Another well-known and often used class of policies is the (s, S)-policies (Arrow et al., 1951). They
consist in replenishing the inventory position to the order-up-to-level .S, if the inventory position is below
the reorder point s. These reorder policies appear to be optimal in several stochastic inventory problems
Presman and Sethi (2006). A special case of (s, S)-policies is the base-stock or (S — 1,.5) policy which
is often used for controlling inventories, especially for expensive and slow-moving items (Schultz, 1990).
Although base-stock policies are not generally optimal (Hill, 1999; Feng et al., 2006), they are simpler to
optimize than (s, S)-policies by using approximations (Roundy and Muckstadt, 2000). Because of their
simple structure, (s,S)-policies and base-stock policies are widely applied in practice and have been
largely studied by researchers. We refer the reader to the literature reviews of Silver et al. (2008); Xu
et al. (2010).

We also consider a policy based on CONWIP (CONstant Work-In Process) systems (Spearman et al.,
1990). This pull-oriented strategy consists in keeping the same total quantity of work-in-process in the
whole production system. Hence, the CONWIP mechanism determines when to release raw parts at
the input of the system in response to a customer demand at the output of the system (Tardif and
Maaseidvaag, 2001). In this sense, CONWIP can be seen as a single-stage kanban system. CONWIP
systems have attracted a lot of attention from practitioners and researchers (Framinan et al., 2003).
Spearman and Zazanis (1992) discuss the superiority of CONWIP over classical push and pull systems.

There is an extensive literature that compares different inventory control strategies. For example,
Jacobs and Whybark (1992) compare MRP systems (that relie on forecasts) with reorder policies (im-
plicitly based on past demands). The authors show that the MRP outperforms reorder policies if the
forecasts are relatively accurate. Yang (1998) presents a comparative study between kanban systems and

reorder policies.

2.4 Solutions based on simulation-optimization

In this research, we aim to determine the optimal parameters for several inventory policies. To do so, we
use a simulation-optimization approach.

The simulation is a powerful tool to incorporate uncertainties in large and complex systems Robinson
(2004) but is inadequate for solving optimization problems (Glover et al., 1999). To remediate this,
we use the simulation-optimization. This approach consists in using structured and efficient methods
to determine optimal input parameter values to optimize an objective function which is measured by a
simulation module (Carson and Maria, 1997; Swisher et al., 2000).

The simulation-optimisation combines the advantages of simulation (taking into account uncertain-
ties, complex systems and hypotheses) and optimization (finding efficiently the best parameter values).
This method receives a growing interest because it is efficient for solving complex and stochastic industrial
problems (Lee et al., 2013).

In simulation-optimization problems, there exists various optimization methods such as random search
(Andradottir, 2006), metaheuristics (Olafsson, 2006), gradient-based procedures (Fu, 2006) etc. Perfor-
mances of these techniques depend on the context and the problem. There are several literature reviews
about simulation-optimization and its application. We refer the reader to, among others, Fu (1994),
Swisher et al. (2004), Fu et al. (2005).



3 Problem description

3.1 Flexible S&OP for managing components with distant sourcing

We are interested in a S&OP problem with uncertain demand and impatient customers. During the
S&OP, the sales and supply chain functions aim to balance efficiently the production capacities with
the market demand. Every week, the sales functions (marketing, sales department) provide demand
forecasts. Based on these forecasts, the supply chain elaborates the production plan that fits at best the
market demand.

The first weeks of the production plan are frozen (i.e. no changes are allowed) to ensure a minimum
stability for the manufacturing plant. Some products or components require very long procurement,
lead times due to distant sourcing. Having a long frozen horizon in the production plan can also help
to stabilize the procurement for such components. However, it is not possible to extend the frozen
horizon’s length because customers are impatient and cannot wait for long delivery times. Most of real
demands are only known few weeks before production. Therefore, parts procurements are mainly based
on forecasts that are not reliable. To avoid very high differences between customer demands and these
forecasts, the sales and the supply chain departments create the so-called flexibility constraints. These
constraints limit the positioning of customer demands in the production plan. A flexibility constraint
determines the maximum quantity of orders that can be placed during a given period. For the rest of
the paper, we only present a single-product model because we assume that the demands are independent
for components with long procurement lead times.

The flexibility constraints represent the main original aspect of our S&OP model. These parameters
are negotiated between supply chain and sales departments. Policies for managing flexibility are described
in Section 4. With this flexible S&OP, the company is able to partially limit the demand variability and
high deviations from forecasts. However, with flexibility constraints, customer orders can be delayed and
there is a risk of lost sales because of the customer impatience that depends on the delay length.

Parts inventories are replenished every week (periodic-review inventory management). We consider
various inventory strategies that are described in Section 4. Customer orders arrive every week and are
positioned in the production plan according to sales constraints. Moreover, customer orders can be asked
for a specific week or as soon as possible. If there is a stockout, missing parts are supplied on emergency,
that incurring an additional cost. Hence, the accepted orders are always satisfied. We also assume there
are no capacity restrictions for suppliers, transportation or inventories.

The S&OP is a cross-functional process that involves business and operations functions with conflict-
ing objectives. Therefore, the overall system performance is measured by several indicators: the logistic
costs (inventory and emergency supply), the percentage of delayed orders, the percentage of lost sales
and the average delay of a customer order. Fixed costs are neglected. The sales department defines limits
on the percentage of delayed orders, lost sales and the average delay to meet the customer requirements.
Given these limit values, the objective of the supply chain departments is to satisfy customer demands
while reducing the logistic costs.

3.2 Notations and system dynamics

The notations used in this article are summarized in Table 1. We give the following clarification for
the notations. The quantity m;_;D; represents the quantity of customer orders received during the

week i and asked for the week j. The total demand received by the system (not necessarily satisfied) is



computed according to Dyt = > m;_;D;. A sales constraint dj*** represents the maximum quantity of
i<j

demands that the production system can accept for the week t. If a constraint is saturated (df = d7"e*),

then new orders asked for this week are delayed to the next week, with a risk of lost sales. If an order is

delayed by k weeks, then the probability of losing this order equals pg. The decision variables (x¢, d[***)

depend on the policy used for managing inventories and flexibility (see Section 4).

Notation Description
Input parameters

H Number of periods

L Procurement lead time (normal transportation)

F Frozen horizon length with F' < L

ch Holding cost per unit per week

Ce Emergency supply extra cost per unit

S0 Initial stock level

D, Random variable of real demand for week ¢

Dot Total demand received by the system

F} Random variable of demand forecast for week ¢

mp Demand arrival rate, k weeks before real demand, with 1 <k < H
Pk Probability to lose the order if it is delayed by k weeks

& limit value for the percentage of delayed orders

& limit value for the percentage of lost sales

Ew limit value for the average delay

Decision variables

Ty Quantity of parts ordered in week ¢t — L and that will arrive in week ¢
T Sales constraint for week ¢

System variables

Sy Net inventory level of parts at the end of week ¢, 0 <t < H

Sy Expected inventory level of parts at the end of week ¢

Yt Quantity of parts ordered in week ¢ and that will arrive in week ¢ by emergency supply
d{ Quantity of forecasted orders placed in week ¢ in the production plan
dy Quantity of real orders placed in week ¢ in the production plan

by Quantity of delayed orders in week ¢

It Quantity of lost sales in week ¢

w Average delay of a customer order which has been postponed

LC Average logistic cost per week (inventory and emergency supply)

Table 1: Input parameters and system variables

Figure 1 represents the system dynamics with the balanced flows of supplies, demands and inventories
at the end of week ¢. There are three noticeable horizons: the frozen horizon during which the production
plan is fixed, the flexible horizon during which the production plan is partially controlled by flexibility

constraints and the free horizon during which there is no constraint for customer orders.

3.3 Mathematical model formulation

We formulate the problem as a multi-objective optimization problem with e-constraints (see Haimes
et al., 1971; Chankong and Haimes, 1983, for more information on e-constraints). The advantage of
this approach is that it can deal with non-normalized and non-comparable objective functions. With
an e-constraint approach, there is one single objective function and all other criteria to optimize are

expressed as additional constraints.
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Figure 1: System dynamics: flows of supplies, demands and inventories at the end of week ¢

H
. 1
min LC = i Z (chsk + ceyr) (1)
k=0
)
subject to: k <& (2)
k=0 Dtot
T
k
< 3
kzzo Dioy — & ®)
di +dy < dpee vte{0,...,H} (5)
st:st_1+xt+yt—df VtE{l,...,H} (6)
yr =max{0; df — (s¢ +x¢)} vt e{0,...,H} (7)
H
Z mr — 1 (8)
k=F
2> 0 vt e {0,..., H} (9)
dmeT > vt e {0,..., H} (10)

The objective function (1) is to minimize the average holding and emergency supply costs. Con-
straints (2), (3) and (4) are the e-constraints related to, respectively, the percentage of delayed orders,
the percentage of lost sales and the average delay. Constraint (5) represents the sales constraints that
limit the positioning of customer demands in the production plan. Constraint (6) is the flow balance equa-
tion. Constraint (7) represents the emergency supplies used for missing parts. Constraint (8) represents
the frozen horizon of F weeks (customer demands are known at the latest F' weeks before production).

Constraints (9) and (10) define the validity domain of decision variables.

4 Policies for managing inventories and flexibility

In this section, we first present the policies to compute the procurement quantities. Then, we present the
policies to compute the flexibility constraints that are defined during the S&OP and limit the positioning
of demands in the production plan. Flexibility policies aim to partially control the arrival of customer

orders and they directly impact the sales performance.



4.1 Inventory policies

Before computing the procurement quantities, we need to know the expected inventory level until the
week when the ordered parts are received. This quantity $;4 11 is computed according to Equation (11).
This formula can easily be adapted to compute the expected inventory level until the end of the frozen
horizon §;1r_1 (known with certainty).

t+L—1
Siri=s0+ > ((xk+yk)—(dg+d£)) Vte {0,...,H—L+1} (11)
k=0

We consider various inventory strategies for managing parts procurements. First, we consider the
basic MRP policy with a traditionnal safety stock. This policy consists in replenishing inventories based
on the expected demand while keeping a safety stock of Syrp parts. The procurement quantity is
computed according to Equation (12).

MRP policy : @, = max {o s dp +dl + Surp — .§t+L_1} vte{0,....H—L} (12)

We also consider the class of (s,S)-policies. A (s, S)-policy consists in ordering parts to reach the
order-up-to level S if the expected inventory level drops below the reorder point s. The procurement
quantity is formulated in Equation (13).

S — Styr—1 if St4r-1 <58

(s,.5) policy : Terp = { vte{0,...,H— L} (13)

0 if §t+L_1 > S

A special case of (s,S)-policies is the class of base-stock policies or (S — 1, S)-policies. Base-stock
policies are easier to compute and to implement in practice. Moreover, in certain conditions, they
perform as well as (s,S). A base-stock policy consists in replenishing inventories every week to reach

the base-stock level of S parts. The procurement quantity is formulated in Equation (14).

S — §t+L71 if §t+L71 <S8

vte{0,....H—L 14
0 if S4p.1>8 { J (14)

BS policy : Toyp = {

We also consider the CONWIP strategy. This policy consists in keeping a constant quantity of parts C
in the pipeline of the normal transportation mode, as illustrated in Figure 2. The procurement quantity

is computed according to Equation (15).

Fixed quantity of parts in this pipeline

X ty: Xy F Ve Xeor F Yeer LN
. S0 Ster Stefel
d’, d'e e | | Qrratdheg di +dhy / \drnul +dipa /
s
Frozen horizon Flexible horizon Free horizon

Figure 2: CONWIP policy



t+L—1
CONWIP policy : x4, =C — <§t+F + > xk> vie{0,....,H—L} (15)
k=t+F+1
This equation can also be reformulated as follows, by replacing §;, r with Equation (11) and with
so = 0. This formulation shows that the procurement quantity is independent of the future forecasted

demands, and is only based on the parts previously ordered and the real demand.

t+L—1 t+F t+F
CONWIP policy : Terp = C — ( Z xk+2yk—2d2> vte{0,...,H— L} (16)
k=0 k=0 k=0

Finally, we consider the static policy Ilque and the linear policy Ijpeqr (introduced in Lim et al.
(2014b) and are currently applied in the automobile manufacturer Renault for managing parts with long
procurement lead times). The Il 4ye policy consists in using a safety stock expressed in percentage
of the future demand, according to a parameter 7° called the safety stock margin. The procurement

quantity is computed according to Equation (17).

t+L

Static policy, satic : ZTyy[ = mMax {0; di, p+ d{+L + 7 Z ( .+ d£> — §t+L1} (17)
k=t+F+1

The I jineqr policy generalizes the static policies. It also consists in using a safety stock expressed
in percentage of the future demand, but with different percentages depending on the magnitude of the
forecast. Indeed, low forecasts generate low safety stocks and are more likely to underestimate the real
demand (conversely with high forecasts, see Lim et al., 2014b, for more details). For linear policies, we
need to compute the average historical demand, measured by the moving average over the last M weeks.
To compare the forecast with the historical demand, every week ¢, we compute 7, the ratio of the future
expected demand over the moving average (Equation (18)).

r f
mz% Vte{M,... H} (18)
di
et a1 M

Then, a linear policy is defined by two variables, expressed as percentages, named 75,  (absolute

value for the safety stock) and «7; (relative coeflicient for the safety stock). The procurement quantity

is computed according to Equation (19).

Linear policy, Hyineqr :

t+L

mLmax{o;d:+L+d{+L+max{o; Toe = mram} > (di+df) +} (19)
k=t+F+1

4.2 Flexibility policies

To manage flexibility with the sales constraints in the S&OP, we consider two classes of policies. The
first one consists in giving a constant rate of flexibility expressed as a percentage 7/ for the whole horizon

(static flexibility policy). The sales constraint d}*** for week ¢ is computed based on the expected demand



and the flexibility rate according to Equation (20).

dme = (14 f) (d:+d{) vt e {0,..., H} (20)

With a high flexibility rate 7/, the production system can accept many demands, even if forecasts
underestimated the real demand. Conversely, with a low flexibility rate, the number of real demands has
to be close to the forecasts, otherwise orders are delayed with a risk of lost sales.

The second method consists in using different flexibility rates depending on the magnitude of the

forecast, like for linear inventory policies. Therefore, a linear policy is defined by two variables, expressed
f

bs (relative coefficient for the

(absolute value for the flexibility rate) and 7/

as percentages, named m el

flexibility rate). The sales constraint for linear flexibility policy is computed according to Equation (21).

dres = (1 + max {O ; Wl]:bs - chlnt}) (d,’5 + dtf) vt e {0,...,H} (21)

In theory, the flexibility rates (and also the safety stock margins) can be continuous. However, in this
article, we make the choice of discretizing the flexibility rates with an accuracy of 1072. A more accurate
discretization is always possible and it is also possible to refine the discretization by using successive
optimizations with higher accuracy on variables.

In total, we consider 8 different policies for managing stocks and flexibility (by pairing 2 methods for
flexibility and 4 methods for inventory), plus the 2 policies used in Renault (static and linear policies).

Notations are summarized in Table 2.

Policy notation Inventory policy Type of flexibility
Igiatic Static stock margin Static
ynear Linear stock margin Linear

MRP-Sta MRP Static
(s,S)-Sta (s,5) Static
BS-Sta BS Static
CONWIP-Sta CONWIP Static
MRP-Lin MRP Linear
(s,S)-Lin (s,9) Linear
BS-Lin BS Linear
CONWIP-Lin CONWIP Linear

Table 2: List of policies for managing sales flexibility and parts inventory

5 Resolution by simulation-optimization and experimental de-
sign
5.1 Simulation-optimization

Because the system is complex and stochastic (uncertain demand, forecasts, stochastic customer impa-
tience), we use a simulation-approach to analyse the system. We create, in Java programming language,
a module that reproduces accurately the system dynamics (arrival of demands, positioning in the pro-
duction plan, postponement of orders, lost sales, inventory management, emergency supplies etc.) and

evaluates the system variables.
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To obtain the optimal policy values, we couple the simulation module with an optimization proce-
dure, also implemented in Java. The aim of this optimization module is to search efficiently the policy
parameters that minimizes the objective function measured by the simulation module. Several methods
and heuristics exist to optimize the system parameters. In this article, we use a random local search
method to explore the solution state-space. This method appears to be a good trade-off between time
and cost performance (Lim et al., 2014b). But it does not guarantee the global optimality of the solution
because there is no information about the properties of the objective function.

To perform a local search, the algorithm needs to compare the quality of different solutions. To do
so, we define the quantity v (Equation (22)) that represents an overall indicator of the saturation of
e-constraints for the multi-objective optimization problem. Indeed, v = 0 means that all e-constraints

are satisfied and ~ > 0 means that at least one e-constraint is not satisfied.

H H
D by >

y=max{0; =0 — g b 4max{0; =0 — g b +max{0; w— &) (22)
Dtot Dtot

Then, the optimization algorithm considers that a solution A is better than a solution B if Statement
(23) is verified. The statement on the left ensures that if A and B are feasible solutions, then the
algorithm chooses the one with the lowest logistic cost. The statement on the right ensures that if at
least one solution is not feasible, then the algorithm moves to the solution with the lowest value of ~.

(23)
¥(A)=~(B) =0 v(A) <~(B)

The state-space of solutions explored by the optimization algorithm can largely vary depending on

{LC(A)gLC(B) o { v(B) >0

the policy used and the problem instance. For example, for the Il;q:. policy, there are two parameters
expressed as percentage to optimize whereas for the (s, S)-Lin, there are two parameters expressed as
percentage and two parameters expressed as stock levels. For the optimization procedure, we use the
following settings for exploring the state-space (Table 3). Note that it could be possible to speed up the

optimization procedure by improving or refining these settings.

Type of policy | Parameters Starting values | Search step

MRP SuMRP 0 5

CONWIP C 1500 25

(s,5) (s,5) (0,0) (5,5)

BS S 0 5

iatic s, ! 0,0 1%, 1%

Wiinear Tabss Toer)s (Tpes Thet) | (0,0), (0,0) (1%,1%), (1%,1%)

Table 3: Optimization settings for exploring the state-space of solutions

Figure 3 illustrates the simulation-optimization framework with the different input and output pa-

rameters.

5.2 Experimental design

We cousider the following values for the system parameters (Table 4) based on the case study of Renault.
Note that we use uniform distributions to model the demand and the forecast errors, since they model

11
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Figure 3: Simulation-optimization module with input and output parameters

appropriately the industrial data at hand. For the demand arrival rates mj and the customer impatience

Pk, we use the settings of Table 5 and 6. In total, the test bed of our numerical study consists of 135

different instances.

Parameter Notations Values
Simulation length H 2000 weeks
Number of replications R 50 replications
Warm-up period w 15 weeks
Normal lead time L 10 weeks
Frozen horizon F 4 weeks
Initial stock S0 0
Moving average parameter M 6
Holding unit cost Cch 1
Emergency unit cost Ce 5; 10; 20; 30; 50

Demand variability

(Dmina Dmaw)

Low (200, 400);
Medium (100, 500);
High (50, 550);

Forecast accuracy

F, — D,

Low (£60%);
Medium (100, 500);
High (50, 550);

Table 4: Test bed settings

6 Numerical study based on the case study of Renault

In this section, we first compare the different policies performance in terms of computation time and

average logistic cost. Then, we present some results on the optimal stock parameters. Several managerial

insights derived from these results are given in the last subsection.
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k mi
k< F 0
k=F 0.40

k=F+1 0.30
k=F+2 0.15
k=F+3 0.10
k=F+4 0.05
k>F+4 0

Table 5: Demand arrival rates settings

k Dk
0 0
1 0.05
2 0.10
3 0.20
4 0.30
5 0.50
6 0.70
7 0.90
>

k>7 1.00

Table 6: Customer impatience settings

6.1 Comparison of policies performance

Table 7 presents the time performance of the different policies, with the average computation time for

the 135 instances. Min and max values are related to the slowest and the fastest instance.

Policies Time (sec.) Min Max
static 201.99 75.43 424.65
Miinear 1115.31 613.24  2504.63
MRP-Sta 394.59 151.12 932.21
(s,S5)-Sta 652.29 192.63 1771.35
BS-Sta 215.18 73.34 601.76
CONWIP-Sta 357.66 100.12  898.28
MRP-Lin 999.67 362.78  1621.56
(s,S)-Lin 5147.59 2436.66 9920.51
BS-Lin 572.47 232.71  1217.86
CONWIP-Lin 870.21 385.59  1759.65

Table 7: Average computation time for the 135 instances

Results show that the computation time varies largely from one policy to another. The (s, S)-Lin
policy clearly has the slowest computation time and requires on average 1.4 hours to optimize one
instance. This result is due to the large size of the state-space to explore. Indeed, (s,S)-Lin is defined
by four parameters, of which two are related to stock levels which can be very high. The MRP-Lin
policy also requires four parameters but all of them are expressed as percentages and the state-space of
solutions is smaller than (s, .S)-Lin. It could be possible to reduce the computation time for these policies
by using different initial solutions or search step values in the optimization algorithm.

As expected, policies using linear flexibility are more time consuming than policies with static flex-

13



ibility because they need two decision variables (absolute and relative coefficients) to compute sales
constraints (instead of one for static policies). The fastest policy is sz (with about 3 minutes to
optimize one instance). Base-stock policies are also very fast to optimize with also about 3 minutes on
average (9 minutes if coupled with linear flexibility).

Table 8 presents the average logistic cost for the 135 instances. As in Table 7, min and max values

are related to the best and the worst instance.

Policies Logistic cost ~ Min Max
Mtatic 518.35 267.01 1046.04
Myinear 497.40 265.34 1011.09
MRP-Sta 468.56 266.31  787.02
(s,S)-Sta 581.41 303.36  894.34
BS-Sta 581.90 304.62  898.88
CONWIP-Sta 477.11 158.03  867.99
MRP-Lin 459.77 265.43  786.00
(s,S)-Lin 568.13 303.28  923.52
BS-Lin 568.03 302.92  892.10
CONWIP-Lin 470.78 156.94  844.60

Table 8: Logistic cost performance for the 135 instances

Cost performances are very variable depending on the policies. First, we note that, for any given
stock policy, coupling with a linear flexibility is better in terms of cost performance. This result is not
surprising since linear policies generalize the static ones. Moreover, two inventory strategies appear to
perform very well. First, MRP policies provide the best overall cost performance when they are coupled
with linear flexibility. Second, CONWIP policies also lead to relatively close cost (about 2.4% cost
increase for CONWIP-lin compared to MRP-lin). In the opposite, order-up-to level strategies ((s,.S)
and BS policies) perform badly, even if they are coupled with linear flexibility. They do not even
outperform static policies (about 10% cost increase for BS-lin compared to Ils;q4.). An interesting result
is that the (s,S) and the BS policies lead to almost the same cost performances. We will explain this
result by analyzing the structure of optimal policies in the next subsection.

Table 9 gives the detailed ranking depending on time performance and cost performance. It also

presents the relative difference in percentage, compared to the fastest and the most efficient policy.

Time performance Cost performance

Rank Policy vs. best | Rank Policy vs. best
1 Mstatic 0% 1 MRP-Lin 0%
2 BS-Sta 6.5% 2 MRP-Sta 1.9%
3 CONWIP-Sta  77.1% 3 CONWIP-Lin 2.4%
4 MRP-Sta 95.4% 4 CONWIP-Sta 3.8%
5 BS-Lin 183.4% 5 Winear 8.2%
6 (s,5)-Sta 222.9% 6 static 12.7%
7 CONWIP-Lin  330.8% 7 BS-Lin 23.5%
8 MRP-Lin 394.9% 8 (s,S)-Lin 23.6%
9 Minear 452.2% 9 (s,9)-Sta 26.5%
10 (s,S)-Lin 2448.4% | 10 BS-Sta 26.6%

Table 9: Ranking of policies

We note that the cost performance of the policies depends on the system parameters. In the following
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figures, for clarity, we only consider policies with linear flexibility but we obtain similar results for static
flexibility.

Figure 4 presents the cost performance as a function of the demand variability. CONWIP appears to
be the best strategy when the demand variability is low and it leads to very bad cost performance if this
variability is high. This strategy is the most sensitive to the demand variability. In the opposite, MRP
is not very sensitive to demand variability and leads to the best cost performance when this variability
is high. BS and (s, S) policies are also very sensitive to the demand variability but they lead to poor

performances for all situations.

700
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& 500 +
o
3 Policy o
% 400 = (5,5)-lin
o
o M B5-lin
an 300
E = CONWIP-lin
> i
< 500 | = MRP-lin

B n-linear

8

o
I

High Medium
Demand variability

Figure 4: Cost performance vs. demand variability (policies with linear flexibility)

Figure 5 presents the cost performance as a function of the forecast accuracy. Like for the demand
variability, the behaviors of CONWIP and MRP are opposite. On one hand, CONWIP performs very
well when the forecasts are bad and, hence, is not sensitive to the forecast accuracy. On the other
hand, MRP performs very well when the forecasts are accurate and is very sensitive to the forecast
accuracy. This result is not surprising because, as explained in Section 4, parts procurements are not
computed based on forecasts for CONWIP policies. In the opposite, MRP strategy is based on the future
production plan which is mainly composed of forecasted demand for parts with distant sourcing. As for
the demand variability, BS and (s, .S) policies lead to poor performances in all situations.

Figure 6 shows the impact of sales objectives to satisfy customer requirements (in terms of delayed
orders) on the cost performance. Iljeq is the most sensitive policy to the sales requirements. For
high customer requirements (here, to obtain a low percentage of delayed orders), the cost performance
I}inear is very bad and close to the cost performance of BS and (s, .S). In the opposite, for low customer
requirements, I1j,cq is the second best policy with a cost performance very close to the MRP.

Figure 7 presents the cost performance of the different policies depending on the emergency cost.
As expected, increasing the emergency cost reduces the cost performance of all policies. In case of low
emergency costs, the best strategy is CONWIP and for high emergency costs, MRP appears to perform
better.

To explain this result, we detail the holding and emergency cost of MRP-lin, CONWIP-lin and
yineqr in Figure 8 and Table 10. These detailed results show that CONWIP favours emergency supplies
compared to MRP which favours the use of inventories. Indeed, the emergency cost represents 26% of
the total logistic costs for CONWIP versus 17% for MRP. I1j;,.. presents a more balanced ratio between
emergency supplies and holding costs. However, I1j;,cq- requires almost as much inventory as MRP, and
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Figure 5: Cost performance vs. forecast accuracy (policies with linear flexibility)
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Figure 6: Cost performance vs. sales requirements (policies with linear flexibility)
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Figure 7: Cost performance vs. emergency cost (policies with linear flexibility)
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almost as many emergency supplies as CONWIP. Therefore, I1j,.q- leads to worse cost performance
than MRP and CONWIP on average.

450

400
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CONWIP-lin MRP-lin n-linear

Figure 8: Holding and emergency cost of MRP-lin, CONWIP-lin and I1j;,cqr

Policy Average cost Percentage
Holding Emergency | Holding Emergency
CONWIP-Lin | 349.23 121.55 74.2% 25.8%
MRP-Lin 381.95 77.82 83.1% 16.9%
Miinear 380.21 117.19 76.4% 23.6%

Table 10: Holding and emergency cost of MRP-lin, CONWIP-lin and I1j;,eqr

To summarize, we make the following comments derived from the numerical study.

e Inventory strategies should be coupled with linear flexibility for better cost performances but this
requires more computation time (for a cost reduction about 1% to 3%, the computation time

increases by a factor of 2 to 8).
® Il ;44 is the fastest policy with only 202 seconds on average for the optimization of one instance.

® ITjincqr is a very slow policy (1115 seconds) but leads to good cost performance (only outperformed
by CONWIP and MRP).

e MRP is a relatively fast policy (outperformed by ITg44., CONWIP, MRP) and leads to the best
cost performance (slightly better than CONWIP).

e CONWIP is a very fast policy (only outperformed by Il4. and BS) and leads to very good cost
performance (only outperformed by MRP).

e (s,S5) performs very badly on both computation time and cost performances.
e BS performs as good as (s, .S) for the cost but it is very fast to optimize (almost as fast as Igqtic)-

e MRP is the best strategy for situations with high emergency cost or high demand variability or

accurate forecast.

o CONWIP is the best strategy for situations with low emergency cost or low demand variability or
in the absence of accurate demand forecasts.

17



6.2 Optimal stock levels

In this subsection, we present some insights on the optimal stock levels for different inventory policies.
As detailed before, numerical results show that the cost performance of BS and (s, .S) are almost equal.
Figure 9 shows the optimal stock parameters for these policies, as a function of the emergency cost. We
note that the optimal (s, S) policies are almost of base-stock type (i.e. with s = S — 1). Moreover, this
result holds for all 135 instances. The very slight differences between BS and (s, S) could be explained by
the approximations due to the step size for exploring the state-space and the precision of the simulation
module. Moreover, we note that using a linear flexibility instead of static flexibility has a positive impact
and reduces the stock levels.
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= 400 -
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-
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100
0 T T T 1
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Figure 9: Optimal stock parameters vs. emergency cost ((s,S) and BS policies)

Figure 10 presents the optimal stock parameters for MRP and CONWIP strategies. We note that
using a linear flexibility reduces significantly the safety stock level for MRP policies. However, it does
not change significantly the CONWIP level (about less than 1% of reduction with the use of linear
flexibility). This explains why CONWIP-sta and CONWIP-lin lead to very close performances in terms

of logistic costs.

6.3 Managerial insights

Our study suggests that coupling inventory strategies with a flexible S&OP leads to various computation
time and cost performances. Depending on the industrial context, the computation time could be an
issue. In some situations, practitioners may need fast solutions to find good parameter values. We show
that the use of linear flexibility significantly increases the computation time but this might be worthwhile,
especially if the cost reduction, thanks to the linear flexibility, is significant for the company. For the case
of Renault, the computation time is not an issue since calculations can be performed on dedicated servers
and the benefits of using linear flexibility are worthwhile, especially for expensive components with long
procurement lead times. We note that adequate optimization settings, depending on the instance and
the policy, can reduce significantly the computation time.

Our numerical experiments suggest that the simple strategies for managing inventories such as BS

and (s, S) do not perform well when they are coupled with a flexible S&OP, compared to other policies.
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Figure 10: Optimal stock parameters vs. emergency cost (MRP and CONWIP policies)

Even if BS policies are widely applied in practice and are very fast to optimize, they only provide very
poor cost performance for all instances considered in this article. However, MRP and CONWIP provides
significantly better cost performances. Choosing between MRP and CONWIP depends on the industrial
context. MRP perfoms well when the forecast are relatively accurate. It is also a better solution than
CONWIP when the emergency cost or the demand variability is high. In the other situations, CONWIP
should be preferred. Moreover, MRP is easily and widely applied in practice but CONWIP requires more
efforts to be correctly implemented because it needs a reliable control system for checking the quantity of
work-in-process in the whole pipeline. Both require more computation time than BS policies and IT;u¢.
to find good parameter values.

Istatic and 10 do not perform as well as MRP and CONWIP, but when the number of components
is high, they are simpler and more intuitive to use. They also facilitate the coordination between sales
and supply chain functions. These are the reasons why Ilsate and Ijpeq- are preferred at Renault.
Indeed, these policies are only defined as percentage values. Using percentages has some drawbacks (as
explained in Section 4) but it is simpler to manipulate than many different stock levels for practitioners
(of both sales and supply chain departments). For example, managers can use the same percentage for
a whole category of components that have the same characteristics of cost and forecast accuracy and
they do not need to compute for each component an optimal stock level (they only need the optimal
percentages for gz Or jineqr). In practice in Renault, parts are categorised according to their costs
(holding and emergency) and forecast type (for example: some forecasts are provided directly by the
sales department and are relatively reliable, but for new options or very specific components, demand is
very unpredictable). Then, optimal percentages are applied for each category. This avoids using a lot of
different stock levels and facilitate the negotiation processes during the S&OP between sales and supply
chain functions. Our study suggests that T4 and Ij,eqr are less efficient than MRP and CONWIP,

but under certain conditions (for example: low sales requirements), there is only a slight cost difference.
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7 Conclusion and research perspectives

Reducing logistic costs while satisfying customers requirements becomes more challenging in a global
environment. In this article, we present a simulation-optimization solution to find the best parameters
of various policies for managing inventories and the flexibility offered to the sales during the S&OP
process. We consider ten different policies based on MRP, reorder point policies, CONWIP systems
and Renault’s policies. We perform a numerical experiment based on industrial data. This research
is particularly relevant for companies that face impatient customers, uncertain demand and distant
sourcing.

The contribution of this paper is threefold. First, we investigate the coupling of different inven-
tory strategies with a flexible S&OP, through a stochastic multi-objective optimization model solved by
simulation-optimization. Second, we present a detailed numerical comparison of the policies in terms
of computation time and logistic cost. We detail how the performances vary as a function of system
parameters and policies. Third, we provide practical recommendations to help decision makers to choose
the appropriate policy depending on the problem characteristics.

Several research avenues can be derived from this study. First, the optimization algorithm and
settings have a strong impact on computation time and cost performances. It would be valuable for both
practitioners and academics to investigate on more efficient algorithms and settings. Second, safety stock
and flexibility parameters could be determined by using heuristic formulas or approximations. It would be
interesting to compare performances obtained via simulation-optimization and several heuristics. Finally,
research could be conducted on different strategies (instead of static and linear policies) for managing
the flexibility in S&OP.
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