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RƒSUMƒ

Une des activitŽs centrales de la cha”ne logistique est la gestion de lÕinventaire puisquÕelle

implique de larges sommes dÕargent investies dans du matŽriel, ce qui a un impact important

sur la proÞtabilitŽ dÕune entreprise. La gestion de lÕinventaire vise en particulier ˆ dŽter-

miner quand et en quelle quantitŽ il faut commander du matŽriel. La dŽmocratisation de

lÕaccessibilitŽ ˆ des outils de prŽvision performants, automatisŽs et en amŽlioration continue

modiÞe les probl•mes importants que les chercheurs et dŽveloppeurs de syst•mes de gestion

de lÕinventaire doivent surmonter. De plus en plus, ces probl•mes se focalisent autour de

lÕŽvaluation, du suivi des performances, de la sŽlection des mod•les de prŽvision et de la

prise de dŽcision. Ces sujets sont abordŽs dans cette th•se qui propose une approche pour la

conception et le dŽveloppement dÕun syst•me de gestion de lÕinventaire pour un portefeuille

de produits ˆ proÞl de demande mixte. Les proÞls de demande sont une caractŽristique des

sŽries temporelle et il sÕav•re que les traitements et mŽthodes de prŽvisions ˆ utiliser varient

selon le proÞl de demande des sŽries. Plusieurs dŽÞs et questions demeurent sans rŽponse en

prŽsence de sŽries ˆ proÞl mixtes.

Notre Žtat de lÕart a soulevŽ quelques-uns des principaux dŽÞs. Les mŽtriques de prŽcision

sont souvent ˆ la base des dŽcisions de sŽlection de mod•les de prŽvision pour la gestion de

lÕinventaire. Or, comment faire la sŽlection de mod•les lorsque les mŽtriques de performance

nÕatteignent pas un consensus ? Une mŽthode pour quantiÞer la prŽcision et la ÞabilitŽ des

mŽtriques de performance des mod•les de prŽvision est dŽveloppŽe aÞn de rŽpondre ˆ cette

question. Nos rŽsultats ont permis de mesurer la sensibilitŽ et la ÞabilitŽ de plusieurs mŽ-

triques de performance populaires et donne quelques recommandations sur quelles mŽtriques

utiliser selon di"Žrentes circonstances.

Avec cette mŽthode, la sŽlection de mod•les de prŽvision devient plus aisŽe. Cependant, il

nÕexiste toujours pas de consensus sur le lien qui existe entre la prŽcision des mod•les de

prŽvision et les performances associŽes en gestion dÕinventaire. La littŽrature ne prŽsente

pas non plus de consensus sur lÕimpact de la sŽlection multiple et les Žtudes menŽes jusquÕˆ

maintenant sont basŽes sur la prŽcision des rŽsultats plut™t que sur leur utilitŽ en mesurant

les performances en gestion dÕinventaire. Des connaissances additionnelles sont requises et

sont fournies par nos travaux de recherche. Nos rŽsultats ont montrŽ que la sŽlection multiple

donne de meilleurs rŽsultats que la sŽlection globale. Les rŽsultats ont Žgalement montrŽ que

la sŽlection individuelle basŽe sur des mŽtriques de prŽcision permet dÕobtenir des rŽsultats

en inventaire performants comparables ˆ une sŽlection basŽe sur les cožts. Toutefois, le lien
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entre la prŽcision et la sŽlection globale demeure ˆ Žclaircir.

Finalement, la prise de dŽcision de rŽapprovisionnement demeure un aspect clŽ dont lÕoptimi-

sation peut avoir un impact signiÞcatif sur la proÞtabilitŽ dÕune entreprise. Or, lÕimpact des

politiques de rŽapprovisionnement dynamique demeure peu ŽtudiŽ. On propose donc dÕŽtu-

dier ce facteur tout en proposant une mŽthodologie pour optimiser une politique dynamique

basŽe sur le cadre conceptuel de lÕapprentissage par imitation. Ce cadre conceptuel permet

de tirer parti de lÕapprentissage automatique, une mŽthode ayant connu un important succ•s

dans divers domaines dÕapplication, pour la rŽsolution de probl•me de dŽcision. Les rŽsultats

ont montrŽ une amŽlioration importante des performances en gestion dÕinventaire en utili-

sant une politique dÕapprovisionnement basŽe sur lÕapprentissage par imitation versus une

politique dynamique (st , Q) ou statique (s, Q) classique. Les rŽsultats ont Žgalement montrŽ

que la mŽthode proposŽe permet de gŽnŽrer des politiques plus robustes aux changements de

performance quÕun mod•le de prŽvision de la demande.

La th•se dans son ensemble fournit plusieurs recommandations et mŽthodologies pour faire la

conception dÕun syst•me de gestion de lÕinventaire. Une mŽthodologie pour mener un tel sys-

t•me vers lÕautonomie est Žgalement prŽsentŽe. Les rŽsultats cumulŽs des trois contributions

ont ainsi permis dÕaccumuler de nouvelles connaissances sur le domaine et de proposer de

nouvelles mŽthodes pour la rŽsolution de probl•mes dÕinventaire. LÕaccumulation des rŽsul-

tats sur la relation complexe entre les performances en inventaire et la prŽcision des prŽvisions

de la demande a menŽ ˆ lÕexplication de la nature de la complexitŽ observŽe. Ces rŽsultats

pourront ainsi conduire au dŽveloppement de nouvelles mŽtriques de performance basŽes sur

lÕerreur et fortement corrŽlŽes avec les performances dÕinventaire. Ceci permettra de faire la

sŽlection et lÕoptimisation des param•tres de mod•les de prŽvision de la demande pour la

gestion dÕinventaire sans avoir recours ˆ la simulation.

Les mŽthodologies proposŽes ont ŽtŽ validŽes ˆ lÕaide de donnŽes rŽelles provenant de notre

partenaire industriel. Les conclusions, outils et mŽthodes dŽveloppŽes dans cette recherche

sont en cours dÕimplantation chez le partenaire industriel ˆ des Þns dÕutilisation en produc-

tion.
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ABSTRACT

One of the central activities of the logistics chain is inventory management since it involves

large sums of money invested in stock, which has a signiÞcant impact on a companyÕs prof-

itability. Inventory management is concerned with determining when and in what quantity to

order material. The democratization of the accessibility to high-performance automated and

continuously improving forecasting tools is changing the important problems that researchers

and developers of inventory management systems must overcome. Increasingly, these is-

sues focus around evaluation, performance monitoring, selection of forecasting models, and

decision-making. These topics are addressed in this thesis which proposes an approach for

the design and development of an inventory management system for a portfolio of products

with a mixed demand proÞle. Demand proÞles are a characteristic of time series and it turns

out that the treatments and forecasting methods to be used vary depending on the demand

proÞle of the series. Several challenges and questions remain unanswered in the presence of

series with mixed proÞles.

Our state of the art has raised some of the main challenges. Precision metrics are often

the basis for decisions on the selection of forecasting models for inventory management.

However, how do you select models when performance metrics do not reach consensus? A

method to quantify the precision and reliability of performance metrics of forecasting models

is developed to answer this question. Our results have measured the sensitivity and reliability

of several popular performance metrics and make some recommendations on which metrics

to use under di"erent circumstances.

With this method, the selection of forecast models becomes easier. However, there is still

no consensus on the relation between the accuracy of forecasting models and the associated

performance in inventory management. There is also no consensus in the literature on the

impact of multiple selection and the studies conducted to date are based on the accuracy

of the results rather than their usefulness in measuring inventory management performance.

Additional knowledge is required and is provided by our research. Our results showed that

multiple selection gives better results than overall selection. The results also showed that

individual selection based on precision metrics achieves e!cient inventory results comparable

to selection based on cost. However, the relation between precision and overall selection

remains to be clariÞed.

Finally, the decision-making of replenishment remains a key aspect whose optimization can

have a signiÞcant impact on the proÞtability of a company. However, the impact of dynamic
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replenishment policies remains little studied. We therefore propose to study this factor while

proposing a methodology to optimize a dynamic policy based on the conceptual framework

of learning by imitation. This conceptual framework makes it possible to take advantage of

machine learning, a method that has been very successful in various application areas, for

decision problems. The results showed a signiÞcant improvement in inventory management

performance using an inventory policy based on imitation learning versus a dynamic (st , Q)

or static (s, Q) policy. The results also showed that the proposed method makes it possible

to generate policies that are more robust to changes in performance of a demand forecasting

model.

The thesis provides several recommendations and methodologies for making the design of

an inventory management system. A methodology for leading such a system towards auton-

omy is also presented. The cumulative results of the three contributions have thus made it

possible to accumulate new knowledge in the Þeld and to propose new methods for solving

inventory problems. The accumulation of results on the complex relationship between in-

ventory performance and the accuracy of demand forecasts has led to the explanation of the

nature of the observed complexity. These results may thus lead to the development of new

performance metrics based on error and strongly correlated with inventory performance. This

will allow selection and optimization of demand forecasting model parameters for inventory

management without resorting to simulations.

The proposed methodologies have been validated using real data from our industrial partner.

The conclusions, tools and methods developed in this research are being implemented by the

industrial partner for use in production.
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CHAPITRE 1 INTRODUCTION

Il existe au sein dÕune m•me entreprise plusieurs objectifs concurrents. Par exemple, le dŽ-

partement de marketing souhaite habituellement maximiser les revenus et par consŽquent

conserver un stock en inventaire ŽlevŽ aÞn de rŽpondre ˆ la demande des clients. Le dŽ-

partement responsable de la production souhaite minimiser les cožts de production et donc

favorisera de longs cycles de production avec un minimum dÕarr•ts. Cela requiert de conserver

un stock de mati•re premi•re et dÕen-cours ŽlevŽs. Le dŽpartement des Þnances souhaiterait

minimiser les investissements pour disposer dÕun maximum de capital ce qui se traduit par

un minimum de stocks de mati•re premi•re et de produits Þnis (Arnold, 2008).

CÕest entre autres raisons le besoin dÕun arbitrage entre les objectifs concurrents des entre-

prises qui a menŽ au regroupement des activitŽs en lien avec les ßux de mati•re au sein

dÕune m•me fonction : la gestion de la cha”ne logistique. Une des activitŽs centrales de la

cha”ne logistique est la gestion de lÕinventaire puisquÕelle implique de larges sommes dÕargent

investies dans du matŽriel ce qui a un impact important sur la proÞtabilitŽ dÕune entreprise

(Chen et al., 2005). Cette activitŽ vise donc ˆ dŽterminer quand et en quelle quantitŽ il faut

commander du matŽriel. ƒtant donnŽ son impact sur lÕensemble des activitŽs des entreprises,

elle o"re dans plusieurs cas un important potentiel dÕŽconomie (AxsŠter, 2006). Il existe plu-

sieurs mŽthodes pour faire la gestion de lÕinventaire et de plus en plus ces mŽthodes reposent

sur la prŽvision de la demande (Prak and Teunter, 2019).

La prŽvision de la demande contient un grand ensemble de mod•les et de mŽthodes de prŽ-

vision spŽcialisŽs pour di"Žrents types de sŽries. Depuis lÕapproche proposŽe par Croston

(1972), une nouvelle classe de sŽrie temporelle a ŽtŽ identiÞŽe : les sŽries temporelles in-

termittentes. Ce type de proÞl pour les sŽries temporelles se caractŽrise par la prŽsence de

pŽriodes consŽcutives dÕamplitude nulle ou par une grande variation de lÕamplitude de la

sŽrie. Il a ŽtŽ dŽmontrŽ que le proÞl de la demande dÕun produit constitue un facteur ayant

un impact important sur la prŽcision des prŽvisions (Teunter and Duncan, 2009) et sur les

performances en gestion de lÕinventaire (Sani and Kingsman, 1997). CÕest pourquoi plusieurs

mod•les de prŽvision et recommandations pour la gestion de lÕinventaire ont ŽtŽ proposŽs

pour gŽrer explicitement un tel type de demande.

Bien que les recommandations et mŽthodes soient distinctes en fonction du type de demande,

dŽterminer ˆ quel seuil appliquer lÕune ou lÕautre des recommandations nÕest pas Žvident.

Syntetos et al. (2005) ont proposŽ des seuils pour permettre de caractŽriser et de quanti-

Þer thŽoriquement les propriŽtŽs des sŽries qui permettent de savoir quelle mŽthode devrait
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sÕappliquer. AdaptŽs ensuite par Kostenko and Hyndman (2006), ces seuils ne semblent pas

permettre en pratique de prŽdire si un mod•le de prŽvision performera mieux quÕun autre

sur une sŽrie (Kourentzes, 2014) ; (do Rego and de Mesquita, 2015).

Cela rŽv•le un besoin ˆ combler au niveau de la sŽlection des mod•les de prŽvision spŽciale-

ment en contexte ou des sŽries de tout type de proÞls sont prŽsentes. De plus, ce projet de

recherche sÕins•re dans un contexte o• les outils de prŽvision enti•rement automatisŽs dispo-

nibles en open source, intŽgrŽs aux syst•mes de gestion dÕentreprise ou sur des plateformes

de services web, se dŽmocratisent et sont en amŽlioration constante. Cela implique que, les

probl•mes importants quÕont ˆ rŽsoudre les chercheurs et dŽveloppeurs de syst•mes de gestion

dÕinventaire sont de plus en plus focalisŽs autour de lÕŽvaluation, du suivi des performances,

de la sŽlection des mod•les de prŽvisions et de la prise de dŽcision.

Pour faire la sŽlection de mod•les, en gŽnŽral quelques mŽtriques de performance sont uti-

lisŽes. La recherche sur les mŽtriques de performance pour les mod•les de prŽvision sÕest

essentiellement concentrŽe autour de la conception de mŽtriques applicables pour tous les

types de sŽries et permettant la comparaison des performances entre sŽries dÕŽchelles di"Ž-

rentes (Hyndman and Koehler, 2006), (Armstrong and Collopy, 1992). Il sÕen est suivi le

dŽveloppement de plusieurs mŽtriques dÕerreur, sans toutefois que des directives claires pour

savoir ˆ quelle mŽtrique accorder le plus de conÞance au moment de la sŽlection ne suivent.

Par exemple, en cas de dŽsaccord entre les rangs attribuŽs ˆ di"Žrents mod•les de prŽvision

par di"Žrentes mŽtriques de performance, ˆ quelle mŽtrique devrait-on accorder le plus de

conÞance pour dŽterminer le meilleur mod•le ?

De plus en plus, la prŽvision de la demande et la dŽcision de rŽapprovisionnement sont

ŽtudiŽes conjointement alors que ces deux sujets ont traditionnellement ŽtŽ considŽrŽs comme

distincts (Prak and Teunter, 2019). Ainsi, pour garantir lÕutilitŽ des prŽvisions, Gardner

(1990) eut en premier lÕidŽe de les Žvaluer dans les conditions dans lesquels elles seraient

utilisŽes. Depuis, plusieurs tentent de dŽterminer la relation qui existe entre la prŽcision

des prŽvisions, ŽvaluŽe par des mŽtriques de performance basŽes sur lÕerreur, et leur utilitŽ

dans leur contexte dÕutilisation (en gestion de lÕinventaire). Les rŽsultats demeurent ˆ ce jour

mitigŽ. En e"et, certains ne trouvent pas de lien direct entre la prŽcision et lÕutilitŽ (Teunter

and Duncan, 2009), (Kourentzes, 2013) alors que dÕautres voient une corrŽlation positive

(Sanders and Graman, 2009), (Syntetos et al., 2010a). Un facteur qui semble •tre signiÞcatif

sur la prŽsence ou non de corrŽlation est le proÞl de demande des produits. Apparemment,

en prŽsence de proÞls intermittents, lÕutilitŽ nÕest pas corrŽlŽe avec la prŽcision.

Toutes ces considŽrations mises bout ˆ bout rŽv•lent plusieurs questions et di!cultŽs ren-

contrŽes dans la conception dÕun syst•me de gestion de lÕinventaire. Ce projet de recherche
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visera donc la conception et lÕimplantation dÕun syst•me de gestion de lÕinventaire pour un

ensemble de produits ˆ proÞl de demande variŽ. Ce faisant, certaines questions et di!cultŽs

actuellement rencontrŽes dans lÕŽtat de lÕart seront abordŽes ˆ travers trois objectifs spŽci-

Þques.

Tel que mentionnŽ, plusieurs mŽtriques de performances basŽes sur lÕerreur sont utilisŽes en

gŽnŽral pour faire la sŽlection de mod•les de prŽvision. En cas de rŽsultats mitigŽs, comment

savoir ˆ laquelle accorder le plus dÕimportance ? Cette question revient ˆ se demander com-

ment Žvaluer les mŽtriques de performance. Ce sujet sera abordŽ dans cette th•se au chapitre

4 o• une mŽthode pour quantiÞer la sensibilitŽ et la ÞabilitŽ des mŽtriques de performance

basŽes sur lÕerreur est proposŽe. LÕidŽe principale pour cet objectif est de simuler les rŽsultats

obtenus dÕun grand ensemble de mod•les dont les param•tres de la distribution dÕerreur sont

connus.

Le lien qui existe entre la prŽcision des mŽthodes de prŽvision et les performances associŽes

en contexte de gestion dÕinventaire reste ˆ dŽmontrer. De plus, les approches de classiÞcation

thŽoriques des proÞls ne semblent pas en mesure dÕidentiÞer quel mod•le appliquer ˆ quel type

de sŽrie. Une mŽthode de sŽlection de mod•les de prŽvision en contexte de gestion dÕinventaire

est donc requise pour en Žtudier les rŽsultats et apporter des conclusions sur lÕimpact de la

sŽlection multiple en contexte de gestion dÕinventaire. Ceci sera abordŽ au chapitre 5.

Une fois les mod•les de prŽvisions choisis, une dŽcision de rŽapprovisionnement est requise

pour assurer lÕapprovisionnement de lÕinventaire. Puisque la demande pour un produit peut

changer rapidement et ainsi les prŽvisions de la demande devenir moins adŽquates, une po-

litique dÕinventaire doit •tre en mesure de sÕadapter aux changements de performance des

mod•les de prŽvision. Le chapitre 6 propose donc de mesurer ce facteur sur une politique

statique (s, Q) et dynamique (st , Q) tout en proposant une mŽthode pour entra”ner une po-

litique de rŽapprovisionnement dynamique basŽe sur le cadre conceptuel de lÕapprentissage

par imitation.

La rŽsolution de lÕobjectif principal servira ˆ rŽpondre ˆ une problŽmatique industrielle rŽelle

dÕune entreprise du secteur de la distribution, Logistik Unicorp (LU), notre partenaire in-

dustriel qui o"re un service de gestion de lÕuniforme. LU re•oit chaque jour la demande des

membres des organisations clientes via une application web. La demande de chaque membre

individuel pour chaque item de lÕuniforme est ainsi enregistrŽe. Chacun des objectifs spŽci-

Þques est implŽmentŽ et validŽ sur ce cas dÕŽtude rŽel. Les recommandations et mŽthodes

dŽveloppŽes le sont dans lÕobjectif dÕ•tre implantŽes en production au sein de lÕentreprise

partenaire.

La suite de cette th•se est organisŽe comme suit : le chapitre 2 propose une revue de littŽrature
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qui situera le probl•me dans son cadre thŽorique et prŽsentera les principales familles dÕoutils

utilisŽes pour la rŽsolution des probl•mes. Le chapitre 3 prŽsentera les dŽtails et particularitŽs

du probl•me, de son cas dÕŽtude et de notre approche de rŽsolution. Les chapitres 4 ˆ 6

prŽsentent les contributions mŽthodologiques et scientiÞques de la th•se. Ces trois chapitres

ont ŽtŽ soumis ˆ des journaux pour Žvaluation par les pairs et publication. Ces chapitres

sont suivis par une discussion des rŽsultats au chapitre 7. Les conclusions et perspectives de

recherche sont prŽsentŽes au chapitre 8.
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CHAPITRE 2 REVUE DE LITTƒRATURE

2.1 Introduction

Le chapitre prŽcŽdent a introduit lÕobjectif gŽnŽral, visant la conception et le dŽveloppement

dÕun syst•me de gestion de lÕinventaire pour un portefeuille de produits ˆ proÞl de demande

mixte.

Ce chapitre se consacrera donc ˆ situer le probl•me au sein du domaine de la gestion de

lÕinventaire ˆ la section 2.2, puis prŽsentera les principaux outils utilisŽs pour le rŽsoudre ˆ la

section 2.3. La section 2.4 prŽsente Þnalement une conclusion critique des travaux antŽrieurs.

2.2 Gestion de lÕinventaire

La gestion de lÕinventaire est un sujet vaste qui touche plusieurs aspects dÕune entreprise.

On pourrait donc lÕŽtudier sous plusieurs angles. ƒtant donnŽ le contexte prŽsentŽ et le cas

dÕŽtude, on limitera la revue de littŽrature aux travaux touchant la dŽcision de rŽapprovi-

sionnement au niveau opŽrationnel tel que dŽÞni par AxsŠter (2006). Il dŽÞnit un syst•me

de gestion de lÕinventaire comme un syst•me visant ˆ dŽterminer la quantitŽ et la pŽriode ˆ

laquelle commander du matŽriel.

Waters (2008) distingue les mŽthodes pour contr™ler le stock selon le type de demande. DÕune

part, il y a les mŽthodes basŽes sur la demande dŽpendante ou multiŽchelons et dÕautre part,

les mŽthodes basŽes sur la demande indŽpendante ou ˆ Žchelon unique. Dans le premier cas,

on retrouve les techniques de Material Requirement Planning et les mŽthodes de Juste-ˆ-

temps qui permettent de modŽliser la dŽpendance entre la demande pour di"Žrents items. Le

second cas consid•re que la demande pour chaque item est indŽpendante de celle des autres

items. On y consid•re que la demande pour un item provient de lÕensemble des demandes

de chaque client de mani•re individuelle. CÕest dans ce dernier cas que se situe le projet de

recherche actuel. La revue de littŽrature se concentrera donc ˆ en expliquer les principales

mŽthodes.

Au sein des mŽthodes pour la demande indŽpendante (ou ˆ Žchelon unique), on distingue les

politiques dÕinventaire selon quelles informations sont disponibles pour la prise de dŽcision.

Ainsi, on dit des politiques dÕinventaire quÕelles sont basŽes sur de lÕinformation prŽalable si

des prŽvisions de la demande sont disponibles. On consid•re les politiques comme classiques

si elles se basent uniquement sur lÕŽpuisement des stocks (Baba• and Dallery, 2005).
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Les mŽthodes classiques contiennent principalement deux Politiques dÕInventaire (IP) : la

politique du point de commande (r,Q) (Wilson, 1934) et la politique de commande jusquÕau

niveau (s,S) (Clark and Scarf, 1960) ; (Karlin, 1960). Il existe Žgalement divers variantes qui

sont des cas particuliers ou des hybridations de celles-ci. Ainsi que la mŽthode de commande

Žconomique (EOQ) (Harris, 1913) ; (Wilson, 1934) qui dŽtermine la quantitŽ ˆ commander

qui minimise les cožts.

Les politiques utilisŽes dŽpendent Žgalement du type de suivi de lÕinventaire qui est soit

pŽriodique soit continu. Dans le cas pŽriodique, les quantitŽs sont rŽvisŽes ˆ intervalle Þxe.

Les quantitŽs en inventaire sont donc inconnues entre les rŽvisions. Un suivi continu permet

de conna”tre le niveau des stocks en tout temps. Le probl•me de gestion de lÕinventaire et le

cas dÕŽtude dans cette th•se sont ceux dÕun syst•me de gestion de la demande indŽpendante

ou ˆ Žchelon unique, avec un suivi continu et de lÕinformation prŽalable sous la forme de

prŽvision de la demande.

2.2.1 Politique du point de commande (r,Q)

La politique (r,Q) consiste ˆ passer une commande de quantitŽ Þxe Q lorsque le stock atteint

ou descend en dessous du seuil de commande r. Avec lÕapproche classique, dŽterminer le point

de commande requiert une hypoth•se sur la distribution de la demande. Celui-ci correspond ˆ

la demande moyenne durant la pŽriode de couverture plus un stock de sŽcuritŽ (ss) :r = µ+ ss.

O• µ correspond ˆ la demande moyenne durant le dŽlai dÕapprovisionnement et la pŽriode de

couverture, un nombre de pŽriodes durant lesquelles la commande doit pouvoir subvenir ˆ la

demande. Dans le cas dÕune demande normale, le stock de sŽcuritŽ (ss) correspond ˆ lÕŽcart-

type de la demande durant la pŽriode de couverture fois un facteur de sŽcuritŽ qui correspond

au quantile correspondant au niveau de service cible (TSL). La quantitŽ ˆ commander Q peut

•tre dŽterminŽe par la mŽthode de Silver-Meal (Silver, 1973) ou par EOQ.

Pour dŽterminer les param•tres ˆ partir de prŽvisions de la demande, on peut remplacer

la demande moyenne durant le dŽlai dÕapprovisionnement par la somme des prŽvisions (Ft )

durant ladite pŽriode :r t =
! t+1+ LT

i = t+1 Fi + ss. O•, LT reprŽsente le dŽlai dÕapprovisionnement

et t la pŽriode dÕŽvaluation du point de recommande. Cette mŽthode de calcul rend le para-

m•tre r de la politique dynamique puisquÕil est rŽŽvaluŽ chaque pŽriode (Babai et al., 2009),

cÕest pourquoi on noter t .

Il existe plusieurs propositions pour estimer le stock de sŽcuritŽ. Il est habituellement exprimŽ

sous la formess = k á! LT . O•, k est le facteur de sŽcuritŽ et! LT lÕŽcart type des erreurs

de prŽvisions. Silver et al. (1998) et AxsŠter (2006) proposent dÕestimer! 1 par
"

MSE , la

racine de lÕerreur moyenne au carrŽ (MSE).! LT est alors estimŽ par! LT =
"

LT á! 1. DÕautres
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adoptent une approche algorithmique au probl•me de dŽtermination du stock de sŽcuritŽ ou

des param•tres de la politique. Par exemple, Kim et al. (2005) a proposŽ une approche par

renforcement (action-value) pour choisir le facteur de sŽcuritŽ dÕapr•s le TSL observŽ. Grewal

et al. (2010) et Solis (2015) ont estimŽ le meilleur point de recommande et le meilleur facteur

de sŽcuritŽ par simulation.

Le facteur Q est en gŽnŽral dŽterminŽ pour couvrir une quantitŽ de pŽriodes donnŽe ˆ partir

des prŽvisions :Q =
! t+1+ LT + R

i = t+1+ LT Fi + r # IO o• IO est le niveau du stock comprenant les

commandes ouvertes etR est la pŽriode de couverture.

2.2.2 Politique de commande jusquÕau niveau (s,S)

La politique (s,S) consiste ˆ passer une commande lorsque les stocks atteignent un niveau

infŽrieur ou Žgal ˆ s (le seuil de commande). La commande est passŽe de mani•re ˆ recomplŽter

les stocks jusquÕau niveau S. Cette politique di"•re de la prŽcŽdente par le fait que la quantitŽ

ˆ commander varie en fonction du point auquel la commande est passŽe.

Dans le cas classique, di"Žrentes heuristiques pour la sŽlection des param•tres ont ŽtŽ propo-

sŽes. Parmi celles-ci se trouvent lÕheuristique de Naddor (Naddor, 1975), lÕapproximation de

puissance (Ehrhardt, 1979) ainsi que lÕapproximation normale (Wagner, 1970). Dans le cas

o• des prŽvisions de la demande sont disponibles, cette politique se retrouve Žquivalente ˆ la

politique (r,Q).

Un facteur qui demeure peu ŽtudiŽ pour la dŽtermination des param•tres des politiques de

rŽapprovisionnement est lÕimpact dÕune estimation dynamique des param•tres (do Rego and

de Mesquita, 2015). Dans la plupart des recherches sur le sujet toutefois, lÕimpact dÕŽvaluer

les param•tres de fa•on dynamique semble positif. Par exemple, Babai and Dallery (2009)

ont montrŽ en comparant une politique (r,Q) statique et dynamique lÕimpact positif dÕune

Žvaluation dynamique. De m•me, Kanet et al. (2010) ont Žgalement montrŽ quÕil semblait

bŽnŽÞque dÕŽvaluer le stock de sŽcuritŽ dynamiquement en prŽsence de demandes non sta-

tionnaires. Finalement, Grewal et al. (2015) ont montrŽ sur des donnŽes simulŽes quÕadapter

les param•tres selon le cycle des saisonnalitŽs permet dÕamŽliorer les rŽsultats. De plus, il

est pratique courante lorsque les param•tres des politiques sont calculŽs avec des prŽvisions

de calculer les facteurs dynamiquement. Par exemple, Tiacci and Saetta (2009), Babai et al.

(2009) et Syntetos et al. (2010b) ont les trois calculŽs les param•tres de leur politique dÕap-

provisionnement en les rŽŽvaluant chaque pŽriode pour intŽgrer la donnŽe la plus rŽcente.

Dans notre recherche, nous mesurons lÕimpact de lÕŽvaluation dynamique des param•tres

dÕune politique dÕinventaire. Les interactions avec les mod•les de prŽvision de la demande sont
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Žgalement considŽrŽes aÞn dÕŽvaluer la robustesse des politiques dynamiques et statiques sur

des variations de performances dans les prŽvisions. Une approche pour calculer une politique

basŽe sur le cadre conceptuel de lÕapprentissage pas imitation est Žgalement proposŽe. Ceci

sera dŽveloppŽ au chapitre 6, o• un Žtat de lÕart complŽmentaire sur lÕapprentissage par

imitation Þgure.

2.2.3 Minimiser les cožts

Une alternative aux politiques dÕinventaire qui visent ˆ garantir un TSL tout en conservant

un minimum de stock est de reprŽsenter le probl•me de gestion de lÕinventaire comme un

probl•me de minimisation des cožts. En gŽnŽral, des cožts de dŽtention du stock et des cožts

de rupture de stock (Syntetos et al., 2010b). Beaucoup de travaux utilisant di"Žrents outils

et suivant di"Žrents courants scientiÞques ont ŽtŽ employŽs pour la rŽsolution du probl•me

de gestion de lÕinventaire.

Par exemple, plusieurs modŽlisent le probl•me de la gestion du stock ˆ partir des cožts et

des contraintes dÕun probl•me particulier et utilisent diverses techniques dÕoptimisation pour

minimiser les cožts. Notamment, Mohammaditabar et al. (2012) a utilisŽ une rŽsolution par

recuit simulŽ dÕun mod•le qui classiÞait les items en groupes et dŽterminait simultanŽment

une politique de gestion des stocks ˆ appliquer sur chaque groupe pour minimiser les cožts.

Kõrcõ et al. (2019) ont modŽlisŽ le probl•me de gestion de lÕinventaire dans un contexte dÕar-

ticles pŽrissables comme un jeu de Stackelberg entre le dŽtaillant et le fabricant qui doivent

sÕadapter ˆ la stratŽgie de lÕautre et o• le dŽtaillant choisit lui-m•me son cycle de rŽapprovi-

sionnement. Movahed and Zhang (2015) ont proposŽ un mod•le robuste de programmation

linŽaire en nombres entiers mixtes (MILP) pour dŽterminer les param•tres dÕune politique

(s,S) qui minimise lÕespŽrance des cožts. Coelho and Laporte (2014) ont modŽlisŽ le probl•me

de la livraison conjointement avec le probl•me de gestion de lÕinventaire pour des produits

pŽrissables. Ghalebsaz-Jeddi et al. (2004) ont modŽlisŽ le probl•me comme un probl•me dÕop-

timisation non linŽaire, intŽgrŽ des contraintes de budget et considŽrŽ une demande normale

indŽpendante et identiquement distribuŽe.

Donc en gŽnŽral, les auteurs qui utilisent cette approche le font pour intŽgrer des contraintes

additionnelles quÕil serait di!cile de prendre en compte par lÕutilisation de politiques dÕin-

ventaire. Une faiblesse de lÕapproche dÕoptimisation directe de la prise de dŽcision est que

lÕoptimisation est faite ˆ partir de donnŽes historiques ou sur des distributions de demande

connues. Alors que rien ne garantit que les param•tres demeurent optimaux une fois le mo-

d•le en production (Sani and Kingsman, 1997). Le mod•le devrait donc •tre optimisŽ sur un

ensemble dÕentra”nement et les rŽsultats mesurŽs sur un ensemble de validation pour montrer
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le gain rŽel apportŽ.

Une autre mŽthode de rŽsolution est dÕapprocher le probl•me comme un probl•me de contr™le

optimal ou dÕapprentissage par renforcement. Dans ce cas, ˆ chaque pŽriode le syst•me doit

prendre la dŽcision de rŽapprovisionnement qui minimise les cožts. Par exemple, Van Roy

et al. (1997) ont utilisŽ la programmation neuro dynamique pour optimiser une politique

dÕinventaire. Cela consiste essentiellement ˆ utiliser de la programmation dynamique o• les

cožts sont estimŽs par un mod•le paramŽtrique dont les param•tres sont ajustŽs apr•s chaque

observation des cožts rŽels par descente de gradient. Kara and Dogan (2018) ont utilisŽ du Q-

learning avec un algorithme state-action-reward-state-action (sarsa) semblable ˆ la mŽthode

prŽcŽdente, mais o• cette fois les cožts dÕune dŽcision sont ŽvaluŽs par les valeurs Q pour

entra”ner une politique de rŽapprovisionnement. Un des dŽsavantages de ces deux mŽthodes

toutefois est quÕelles sont di!ciles ˆ mettre ˆ lÕŽchelle pour des probl•mes avec beaucoup

dÕitems. Sinon, dÕautres ont approchŽ le probl•me comme un probl•me de dŽcision markovien

(Giannoccaro and Pontrandolfo, 2002), (Zhang and Wang, 2017).

Ces mŽthodes sont e!caces pour minimiser les cožts. Cependant, les cožts de stockage et les

cožts de rupture de stock sont particuli•rement di!ciles ˆ estimer (‚etinkaya and Parlar,

1998). CÕest pourquoi souvent, en pratique, des mŽthodes basŽes sur le niveau de service

sont favorisŽes. Par exemple, dans le cas dÕŽtude de cette th•se, le cožt de rupture de stock

est di!cile ˆ Žvaluer, car il ne revient pas ˆ une vente perdue. Dans notre cas, si le TSL

nÕest pas respectŽ cela pourrait se traduire par la perte dÕun contrat de service avec une des

organisations membres. Ce qui se traduit par des pertes importantes de revenus.

2.3 PrŽvision de la demande

La prŽvision de la demande en contexte de gestion dÕinventaire sÕappuie sur lÕestimation la

demande moyenne sur un horizon de pŽriodes (AxsŠter, 2006). Cette information est utile

pour la planiÞcation et la prise de dŽcision de rŽapprovisionnement, car la plupart du temps

la rŽception des items requiert un dŽlai de livraison. Pour cette raison, les prŽvisions de la

demande peuvent •tre utilisŽes en gestion de lÕinventaire. Les mŽthodes les plus populaires

sont prŽsentŽes ici.

On compte parmi les mod•les les plus couramment utilisŽs dans le domaine de la gestion de

lÕinventaire, les mod•les de lissage. Ceux-ci sont une adaptation de la moyenne mobile. Le

plus simple dÕentre eux est le mod•le de lissage exponentiel simple (SES) (Brown, 1959), o•

lÕon peut pondŽrer ˆ lÕaide dÕun facteur de lissage (" ) compris entre 0 et 1 lÕimportance des
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nouvelles observations par rapport aux observations historiques :

öYt+1 = "Y t + (1 # " ) öYt (2.1)

Ce mod•le a ŽtŽ adaptŽ pour pouvoir inclure une tendance (Holt, 1957), une saisonnalitŽ

(Winters, 1960) puis une double saisonnalitŽ (Taylor, 2003). Une autre adaptation du lissage

exponentiel est la mŽthode theta (Assimakopoulos and Nikolopoulos, 2000), mŽthode cŽl•bre

pour avoir remportŽ le concours de prŽvision M3 (Makridakis and Hibon, 2000). Cette mŽ-

thode a ŽtŽ dŽmontrŽe par Hyndman and Billah (2003) comme Žtant Žquivalente au SES avec

une dŽrive :

öYt+ h = "Y t + (1 # " ) öYt +
1
2
öb

"

h # 1 +
1
"

#

(2.2)

öb=
6

n2 # 1

$
2
n

n%

t=1

tYt # (n + 1) øY

&

(2.3)

o• n est le nombre dÕobservations de la sŽrieY.

Les mod•les de lissage peuvent maintenant dŽterminer des intervalles de conÞance gr‰ce ˆ la

formulation en espace dÕŽtat proposŽe par Hyndman et al. (2002) qui permet dÕidentiÞer leur

mod•le stochastique sous-jacent. Avant cette formulation, seuls les mod•les ARIMA (Box

and Jenkins, 1970) permettaient de produire des intervalles de conÞance Žtant donnŽ que

leur formulation permet de gŽnŽrer la distribution des observations. Le mod•le ARIMA est

dŽÞni ainsi : $

1 #
p%

i =1

#i B i

&

(1 # B)dYt =

$

1 +
q%

i =1

$i B i

&

%t (2.4)

Il est composŽ par la combinaison dÕun mod•le autorŽgressif dÕordrep, dÕune moyenne mobile

dÕordreq et dÕune di"Žrence dÕordred. B reprŽsente lÕopŽrateur di"Žrence :B dYt = Yt # Yt! d,

#i le coe!cient autorŽgressif dÕordrei pour la sŽrie temporelleYt et $i le coe!cient de moyenne

mobile dÕordrei sur la sŽrie temporelle des erreurs%t .

Les mod•les ARIMA peuvent Žgalement intŽgrer la saisonnalitŽ en ajoutant des termes de

di"Žrences dÕordre de la saisonnalitŽ. Cependant, pour quÕun mod•le ARIMA puisse bien

modŽliser une sŽrie, celle-ci doit •tre stationnaire en di"Žrence.

2.3.1 Demande intermittente

Il se trouve que les sŽries de demandes issues des produits ˆ faible vŽlocitŽ de demande sont

rarement stationnaires en di"Žrence. Un proÞl de demande ˆ faible vŽlocitŽ et non stationnaire
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en di"Žrence est la demande dite intermittente. Cette demande se caractŽrise par des pŽriodes

consŽcutives de demande nulle ou bien par une forte variation dans le volume de demandes

(Babiloni et al., 2010). Croston (1972) fut le premier ˆ proposer une approche pour ce type

de demande. Sa mŽthode divise la sŽrie de demandes en deux sŽries : la sŽrie des volumes

de demandes (Zt ) et la sŽrie dÕintermittence (nombre de pŽriodes inter demande) (X t ). Un

lissage exponentiel des deux sŽries est e"ectuŽ et le quotient des deux prŽvisions utilisŽ pour

former la prŽvision de la demande :

öZt+1 = "Z t + (1 # " ) öZt (2.5)

öX t+1 = "X t + (1 # " ) öX t (2.6)

öYt+1 = öZt+1 / öX t+1 (2.7)

On obtient ainsi la prŽvision de la consommation. Toutefois, cette mŽthode est biaisŽe (Syn-

tetos and Boylan, 2001). Syntetos and Boylan (2005) ont donc proposŽ de multiplier les

prŽvisions de la mŽthode de Croston par un coe!cient pour corriger le biais :

öYt+1 =
"

1 #
"
2

# öZt+1

öX t+1

(2.8)

Cette correction est connue sous le nom de lÕapproximation de Syntetos et Boylan (SBA).

Teunter et al. (2011) ont ensuite proposŽ la mŽthode TSB qui utilise di"Žrents coe!cients

de lissage et qui estime la probabilitŽ de commande plut™t que le nombre dÕintermittences

pour pouvoir rŽŽvaluer la probabilitŽ de commande ˆ toutes les pŽriodes au lieu de devoir

attendre une nouvelle demande non nulle pour le faire :

öpt+1 = öpt + &(pt # öpt ) (2.9)

öZt+1 = öZt + "p t (Zt # öZt ) (2.10)

öYt+1 = öpt+1
öZt+1 (2.11)

O•, pt = 1 quand une demande occure etpt = 0 en absence de demande. On remarque que

lÕamplitude de la demande nÕest pas mise ˆ jour si la demande est nulle :öZt+1 = öZt dans le

cas o• pt = 0. Ce mod•le est utile pour modŽliser le cycle de vie des items.

MalgrŽ les promesses de meilleures performances des nouveaux mod•les dŽveloppŽs explici-

tement pour la demande intermittente, Teunter and Duncan (2009) ont montrŽ que prŽvoir

systŽmatiquement des valeurs nulles pouvait •tre plus prŽcis que dÕutiliser ces mŽthodes. Ce

qui a suscitŽ de lÕintŽr•t pour la recherche de nouvelles mŽthodes dÕŽvaluation capables de
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prendre en compte la demande intermittente. Ces mŽthodes sont prŽsentŽes dans la section

suivante.

2.3.2 ƒvaluation des prŽvisions

LÕŽvaluation des prŽvisions est classiquement mesurŽe par la prŽcision de celles-ci. LÕŽvalua-

tion de la prŽcision repose essentiellement sur des mŽtriques Žvaluant lÕerreur de prŽvision.

LÕerreur de prŽvision est dŽÞnie comme :eh = Yh # Fh, la di"Žrence entre la valeur actuelle

de la pŽriode hYh et la prŽvision pour la pŽriode h,Fh.

Dans un sondage aupr•s de chercheurs et de praticiens Carbone and Armstrong (1982) ont

identiÞŽ que les raisons qui motivaient la sŽlection de lÕune ou lÕautre des mŽtriques de

performance Žtaient reliŽes ˆ leur facilitŽ dÕinterprŽtation, leur facilitŽ dÕimplŽmentation et

leur rapiditŽ dÕexŽcution. Depuis lÕarrivŽe des concours de prŽvision M (Makridakis and

Hibon, 2000), les mŽthodes dÕŽvaluation ont ŽtŽ mieux uniformisŽes ˆ travers les publications.

Toutefois, Billah et al. (2006) ont soulevŽ, malgrŽ cela, lÕabsence de thŽorie pour dŽcider quelle

mŽtrique utiliser. Depuis, plusieurs probl•mes rencontrŽs avec les mŽtriques dÕŽvaluation ont

ŽtŽ rŽsolus. Notamment, les di!cultŽs de mise ˆ lÕŽchelle pour une Žvaluation agrŽgŽe des

rŽsultats de sŽries ˆ di"Žrentes Žchelles ou, les cas intermittents qui impliquaient souvent des

divisions par zŽro ou des divisions par des nombres proche de zŽro. CÕest en partie gr‰ce aux

propositions de Hyndman and Koehler (2006) que ces probl•mes sont aujourdÕhui rŽsolus.

Hyndman and Koehler (2006) divisent les mŽtriques de performance en quatre types : Les

mŽtriques dŽpendantes dÕŽchelle, basŽes sur le pourcentage dÕerreur, relatives et mises ˆ

lÕŽchelle. Wallstršm and Segerstedt (2010) proposent un cinqui•me type de mŽtrique : les

mŽtriques cumulatives. Une description et critique de chaque type de mŽtrique est prŽsentŽe

ˆ la table 2.1.
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Tableau 2.1 ClassiÞcation, description et critique des mŽtriques de performance

Type Exemple Description Critique

DŽpendante dÕŽchelle
MSE = mean(e2

h) MŽtriques dont lÕŽchelle
dŽpend de celle de la

sŽrie temporelle ŽvaluŽe.

Ne permets pas de
comparer les
performances

entre les sŽries.

MAE = mean(|eh|)
RMSE =

"
MSE

BasŽe sur le pourcentage
MAPE = mean(| eh

Yh
|) MŽtrique dont lÕerreur

est ŽvaluŽe en proportion
de lÕamplitude de la sŽrie.

Ces mŽtriques sont
indŽÞnies en prŽsence

dÕamplitude nulle.
PŽnalisent davantage
les erreurs positives

que nŽgatives.

sMAPE = 2 |eh |
Yh + Fh

Relative
MRAE = mean(| eh

ebench
h

|) MŽtrique dont lÕerreur
ou la mŽtrique est relative
ˆ celle dÕune mŽthode de

rŽfŽrence

Moyenne indŽÞnie et
variance inÞnie.RelMAE = MAE

MAE bench

Mise ˆ lÕŽchelle
MASE = mean

"
|eh |

MAE bench
in ! sample

#

MŽtrique dont lÕerreur est
normalisŽe par un
facteur in-sample

Peut •tre biaisŽe vers 0.

Cumulative P IS =
! H

h=1 # eh
MŽtrique dont les erreurs

sont cummulŽes

Ne permets pas de
comparer les performances

entre les sŽries.
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Dans la table 2.1, lÕindicebenchsigniÞe que la valeur a ŽtŽ calculŽe ˆ partir dÕune mŽthode

de rŽfŽrence, habituellement une mŽthode na•ve. LÕindicein # sample signiÞe que la valeur

est calculŽe sur les donnŽes dÕentra”nement.

Avec les mŽtriques mises ˆ lÕŽchelle (Hyndman and Koehler, 2006) et les mŽtriques cumula-

tives (Wallstršm and Segerstedt, 2010), il devient possible dÕŽvaluer la prŽcision des mod•les

de prŽvisions m•me dans des cas intermittents et dÕagrŽger les rŽsultats ˆ travers un ensemble

de sŽries dÕŽchelles di"Žrentes sans tomber sur des valeurs indŽÞnies ou inÞnies. Les mŽtriques

non cumulatives peuvent toutefois demeurŽes biaisŽes favorablement vers des prŽvisions nulles

dans le cas intermittent et tel quÕobservŽ par (Teunter and Duncan, 2009).

Bien que lÕon sache aujourdÕhui comment Žvaluer les performances agrŽgŽes dÕun ensemble

de sŽries ˆ proÞl mixte, il nÕen demeure pas moins quÕil nÕexiste toujours aucune thŽorie pour

choisir la "meilleure" mŽtrique. En gŽnŽral, plusieurs mŽtriques sont utilisŽes pour Žvaluer

les performances dÕun mod•le de prŽvision. Mais que faire si les rŽsultats des mŽtriques sont

conßictuels ? Tr•s peu dÕŽtudes ont abordŽ ce sujet. Les Žtudes menŽes pour comparer et

guider le choix des mŽtriques se sont surtout attardŽes sur les propriŽtŽs mathŽmatiques de

celles-ci (Hyndman and Koehler, 2006) ou encore sur des comparaisons empiriques et statis-

tiques entre les rŽsultats des di"Žrentes mŽtriques (Armstrong and Collopy, 1992), (Wallstršm

and Segerstedt, 2010). Aucune de ces Žtudes nÕa tentŽ de quantiÞer la prŽcision des mŽtriques

pourtant ŽnoncŽe comme un facteur important par Armstrong and Collopy (1992). De plus,

comment choisir ˆ laquelle faire le plus conÞance en cas de rŽsultat conßictuel ? Les Žtudes

prŽcŽdemment citŽes nous indiquent quelles mŽtriques sont corrŽlŽes sans donner dÕindication

sur la ÞabilitŽ et donc sur lÕimportance ˆ accorder ˆ chacune dÕelles. Une piste de solution ˆ

ce probl•me est proposŽe dans nos recherches au chapitre 4.

2.3.3 SŽlection de mod•le

Les mŽtriques de performance basŽes sur lÕerreur (mŽtriques dÕerreur) servent dÕindicateur

pour guider la sŽlection de mod•les de prŽvision. Les compŽtitions M (Makridakis and Hi-

bon, 2000) (Makridakis et al., 2018) ont dÕailleurs permis de guider la communautŽ des

prŽvisionnistes et des chercheurs en procurant et en ra!nant une mŽthodologie dÕŽvaluation

des mod•les de prŽvisions sur un grand ensemble de sŽries temporelles avec proÞls de de-

mande mixtes, agrŽgation temporelle variŽe et de nature diverses (logistique, Žconomique,

etc.). Il est gŽnŽralement acceptŽ que le "meilleur" mod•le est celui qui obtient la meilleure

prŽcision (ŽvaluŽe avec les mŽtriques dÕerreur) sur lÕensemble des sŽries.

DÕautres recherches tentent plut™t dÕidentiÞer des facteurs thŽoriques de classiÞcation des

sŽries qui permettraient de sŽlectionner le mod•le de prŽvision le plus adaptŽ sans nŽcŽs-
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siter dÕŽvaluation empirique. (Syntetos et al., 2005) ont proposŽ une telle classiÞcation qui

devait permettre dÕidentiÞer ˆ quelle sŽrie appliquer quel mod•le de prŽvision intermittent.

La classiÞcation impliquait 4 types de sŽries intermittentes : les sŽries lisses, intermittentes,

erratiques et grumeleuses.

Toutefois, cette classiÞcation fut critiquŽe par Kostenko and Hyndman (2006) qui ont argu-

mentŽ quÕil nÕy avait en fait que deux classes de sŽries : celles que la mŽthode de Croston

ajuste mieux et celles que la mŽthode SBA ajuste mieux. La classiÞcation est reprŽsentŽe sur

la Þgure 2.1.

Figure 2.1 ClassiÞcation des sŽries dÕapr•s la classiÞcation de (Syntetos et al., 2005) et de
(Kostenko and Hyndman, 2006)

O• p reprŽsente le nombre de pŽriodes nulles consŽcutives moyen dans la sŽrie etCV2 = ! 2

µ2 , le

coe!cient de variation avec ! lÕŽcart-type de la demande etµ, la demande moyenne. Toutefois,

cette classiÞcation thŽorique ne semble pas en mesure, en pratique, dÕidentiÞer quel mod•le

performera le mieux sur une sŽrie (Kourentzes, 2014), (do Rego and de Mesquita, 2015). Une

approche expŽrimentale est donc ˆ privilŽgier.

DÕun point de vue pratique, il est reconnu depuis Gardner (1990) quÕil est important dÕŽva-

luer lÕutilitŽ des prŽvisions en les Žvaluant selon le contexte dans lequel elles sont utilisŽes.

Or, Žvaluer les mod•les de prŽvision dans leur contexte dÕutilisation requiert un travail sup-

plŽmentaire long et fastidieux pour b‰tir un simulateur capable de recrŽer ce contexte. Ainsi,

Žtablir le lien qui existe entre les mŽtriques dÕerreur et les performances de gestion dÕinven-

taire est dÕune grande importance. Quelques Žtudes ont Žtabli une corrŽlation positive entre
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les performances en gestion dÕinventaire et les mŽtriques dÕerreur (Syntetos et al., 2010a)

(Sanders and Graman, 2009). Cependant, ces Žtudes ont ŽtŽ e"ectuŽes avec des sŽries ˆ proÞl

de demande lisse. Dans le cas intermittent, la relation est plus complexe puisque les perfor-

mances en gestion dÕinventaire ne sÕaccordent pas avec les rŽsultats sur la prŽcision (Solis,

2015), (Kourentzes, 2013), (Teunter and Duncan, 2009). Il nÕexiste pas pour lÕinstant dÕexpli-

cation qui permet dÕexpliquer ce rŽsultat. Les rŽsultats additionnels apportŽs par cette th•se

proposent une explication pour expliquer de tels rŽsultats au chapitre 7.

Un aspect peu ŽtudiŽ de la sŽlection de mod•les est le choix de lÕagrŽgation des rŽsultats.

Par exemple, un mod•le de prŽvision unique aux performances globales supŽrieures peut •tre

sŽlectionnŽ. Autrement, chaque sŽrie peut faire lÕobjet dÕune sŽlection individuelle de mod•les

de prŽvision rŽsultant en la sŽlection multiple de mod•les de prŽvision. LÕimpact de la sŽlection

globale versus multiple de mod•les de prŽvision obtient des rŽsultats mitigŽs selon le proÞl

de demande des sŽries. Par exemple Tashman and Kruk (1996) et Hyndman et al. (2002) ont

montrŽ une meilleure prŽcision pour la sŽlection multiple sur un ensemble de sŽries ˆ proÞl

lisse, tandis que Kourentzes (2014) a conclu lÕinverse dans un contexte de gestion dÕinventaire

pour des sŽries intermittentes. Ces rŽsultats rŽv•lent le besoin dÕinformation additionnelle sur

les deux aspects ŽnoncŽs : 1. la relation entre les mŽtriques de sŽlection et les performances

de gestion dÕinventaire et 2. lÕimpact de lÕagregation en contexte de gestion dÕinventaire. Ces

questions seront approchŽes dans cette th•se, au chapitre 5.

2.4 Conclusion

Les domaines de la gestion de lÕinventaire et des prŽvisions de la demande ont traditionnel-

lement ŽtŽ ŽtudiŽs sŽparŽment (Prak and Teunter, 2019). Alors que les connaissances sÕaccu-

mulent, de plus en plus de chercheurs constatent que ces probl•mes doivent •tre approchŽs

conjointement aÞn dÕamŽliorer les performances dÕinventaire de mani•re signiÞcative. LÕŽtat

de lÕart a dŽmontrŽ que plusieurs approches de prŽvision de la demande et de contr™le des

stocks existent et sont toujours dŽveloppŽes ˆ ce jour. Pourtant, Syntetos et al. (2016) af-

Þrment que malgrŽ plusieurs dŽveloppements thŽoriques importants, tr•s peu se sont traduits

par des solutions opŽrationnelles ou ont ŽtŽ intŽgrŽs dans des syst•mes dÕaide ˆ la dŽcision.

Ils a!rment Žgalement que plusieurs heuristiques simples et robustes, ŽprouvŽes par lÕex-

pŽrience, mais sans fondements scientiÞques ou thŽoriques, gagnent en popularitŽ dans les

applications industrielles. Ces solutions sont di!ciles ˆ battre en pratique. Cette information

combinŽe au constat que les gestionnaires ajustent et modiÞent souvent les prŽvisions de la

demande et arrivent ainsi ˆ amŽliorer les performances de gestion dÕinventaire (Van Donse-

laar et al., 2010), (Syntetos et al., 2010a) dŽmontre un besoin dÕinformation additionnelle
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pour comprendre les facteurs dÕinßuence des performances de la gestion de lÕinventaire.

Comme piste de solution ˆ ce probl•me, plusieurs chercheurs commencent ˆ explorer les

liens entre les performances dÕinventaire et les prŽvisions de la demande. Celles-ci Žtant

souvent ˆ la base du processus de prise de dŽcision (Prak and Teunter, 2019). Par exemple,

Strijbosch et al. (2011) ont ŽtudiŽ sur des donnŽes simulŽes lÕimpact de prŽvisions optimales

sur la gestion du stock. Tiacci and Saetta (2009) ont mesurŽ par simulation les performances

de di"Žrents mod•les de prŽvision pour di"Žrentes conditions de rŽapprovisionnement avec

contraintes de remplissage sur les livraisons et ont conclu que de chercher une mŽtrique

pour approximer les performances dÕinventaire nÕŽtait pas une solution envisageable Žtant

donnŽe la quantitŽ de facteurs importants ayant une inßuence sur lÕapprovisionnement. Plus

rŽcemment, Kourentzes et al. (2019) ont optimisŽ un mod•le de lissage SES de mani•re ˆ

minimiser les cožts dÕapprovisionnement et Bruzda (2020) a optimisŽ des prŽvisions avec des

contraintes de niveau de service sous plusieurs conditions et hypoth•ses.

Dans cette th•se nous tenterons Žgalement dÕidentiÞer quelques facteurs ayant un impact sur

les performances dÕinventaire. En particulier, trois facteurs ont ŽtŽ identiÞŽs dans la revue de

littŽrature comme nŽcessitant de la recherche additionnelle : les crit•res permettant dÕŽvaluer

les mŽtriques de performance (chapitre 4), lÕagrŽgation des performances dans la sŽlection de

mod•les (chapitre 5) et lÕimpact des politiques dynamiques versus statiques (chapitre 6). Dans

un contexte de recherche o• la relation entre les prŽvisions de la demande et la gestion de

lÕinventaire est de plus en plus au coeur des activitŽs de recherche du domaine. Ces facteurs

ˆ lÕŽtude dans la th•se auront pour but dÕaider la conception dÕun syst•me de gestion de

lÕinventaire pour un portefeuille de produits ˆ proÞl de demande mixte.

La prochaine section discute de notre approche pour faire lÕŽtude de ces facteurs.
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CHAPITRE 3 DƒMARCHE ET ORGANISATION

3.1 Introduction

Les chapitres prŽcŽdents ont introduit le contexte de recherche, la problŽmatique ainsi que

les outils et limites des connaissances actuelles sur le sujet de recherche.

Le constat est que le projet de recherche sÕinscrit dans un contexte o• lÕaccessibilitŽ des

technologies issues de lÕintelligence artiÞcielle est de plus en plus facile et o• le dŽveloppe-

ment continu et rapide de ces technologies permet aux techniques de prŽvision et de prise de

dŽcision automatisŽe de sÕamŽliorer continuellement. Un syst•me de gestion de lÕinventaire

dŽveloppŽ dans ce contexte devrait donc •tre modulaire pour pouvoir sÕadapter et intŽgrer

rapidement sans trop dÕe"orts ces nouvelles technologies. CÕest pourquoi le dŽveloppement

mŽthodologique dÕŽvaluation et de sŽlection des techniques de prŽvision et dŽcision est un

probl•me de premier plan dans la recherche sur les syst•mes de gestion de lÕinventaire. SpŽciÞ-

quement dans les cas o• des demandes de di"Žrents proÞls sont prŽsentes dans les donnŽes, car

di"Žrents proÞls requi•rent di"Žrents traitements. Certains points en particulier requi•rent de

la recherche additionnelle. Ces points sont formulŽs sous la forme dÕobjectif et de questions de

recherche ˆ la section 3.2. Cette section sera suivie par la prŽsentation du contexte industriel

(section 3.3) et de la mŽthodologie (section 3.4).

3.2 Les objectifs de recherche

ƒtant donnŽ le contexte prŽsentŽ en introduction, lÕobjectif gŽnŽral du projet de recherche

est de concevoir un syst•me de gestion dÕinventaire pour un portefeuille de produits ˆ proÞl

de demande mixte.

Une approche pour atteindre lÕobjectif serait de dŽvelopper un syst•me autonome composŽ

de 8 opŽrations sŽquentielles. Le syst•me et ses composants sont prŽsentŽs sur la Þgure 3.1.

Ils consistent essentiellement en deux ensembles dÕopŽrations dont les variables dÕentrŽes ˆ

la pŽriodet sont la demande (Yt ) ainsi que dÕautres variables exog•nes, de suivi dÕinventaire

et mŽtadonnŽes utiles (X t ). La sortie est la variable de dŽcision (ut ).

Le premier ensemble dÕŽtapes sert ˆ obtenir des prŽvisions de la demande Þables. Il sÕagit

pour ce faire de gŽnŽrer des prŽvisions de la demande avec plusieurs mod•les de prŽvisions

(opŽration 1), dÕŽvaluer leur erreur dÕajustement (opŽration 2), dÕassurer par un contr™le

statistique la qualitŽ des prŽvisions et de prendre des mesures correctives en cas de dŽviation
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signiÞcative (opŽration 3). Une fois les prŽvisions pr•tes, les meilleurs mod•les sont sŽlection-

nŽs (opŽration 4). LÕaccomplissement de lÕensemble de ces t‰ches garantira des prŽvisions de

la demande Þables.

Les prŽvisions et les autres donnŽes serviront ensuite ˆ alimenter le deuxi•me ensemble

dÕŽtapes dont lÕobjectif est la prise de dŽcision de rŽapprovisionnement. Des politiques dÕin-

ventaire prendront donc les dŽcisions de rŽapprovisionnement (opŽration 5). Les performances

sur les donnŽes disponibles seront ŽvaluŽes (opŽration 6) et un contr™le des performances sera

e"ectuŽ pour assurer un ajustement correct des politiques (opŽration 7). Finalement, les po-

litiques les plus performantes seront sŽlectionnŽes pour la prise de dŽcision (opŽration 8).

Figure 3.1 MŽthodologie

Des contributions scientiÞques liŽes au dŽveloppement de certaines composantes de ce syst•me

sont apportŽes dans cette th•se. Notamment au niveau du dŽveloppement mŽthodologique

sur le point 2, o• lÕabsence de mŽthodologie dÕŽvaluation des mŽtriques de performances

basŽes sur lÕerreur est comblŽe. Il en sera question au chapitre 4.

Suivant la revue de littŽrature, il appara”t que lÕimpact de lÕagrŽgation dans la sŽlection de

mod•les nÕest pas bien compris. De plus, le lien entre la prŽcision dans les prŽvisions et leur

utilitŽ en gestion dÕinventaire nÕest pas clair. Certains auteurs sugg•rent une relation positive,

alors que dÕautres ne voient pas de relation. Le chapitre 5 apporte une contribution mŽtho-

dologique sur la sŽlection de mod•les multiples en contexte de gestion dÕinventaire (point 4).

Ainsi, ˆ partir des mŽtriques les plus sensibles et Þables sur notre ensemble de donnŽes, on Žtu-

diera lÕimpact de lÕagrŽgation dans la sŽlection de mod•les sur les performances dÕinventaire.
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Les rŽsultats des expŽrimentations apportent Žgalement des connaissances additionnelles sur

la relation entre la prŽcision des prŽvisions de la demande et les performances en termes de

gestion dÕinventaire en prŽsence de sŽries ˆ proÞl mixte.

Finalement, le chapitre 6 porte sur la prise de dŽcision et apporte une contribution mŽtho-

dologique en proposant une approche basŽe sur le cadre conceptuel de lÕapprentissage par

imitation pour optimiser une politique dÕinventaire dynamique adaptative au changement de

performance des mod•les de prŽvision de la demande (point 5).

AÞn de pouvoir rŽpondre ˆ ces questions, dÕautres t‰ches ont ŽtŽ accomplies notamment les

points 1 et 6. Leurs dŽtails ainsi que notre approche de rŽsolution sont prŽsentŽs ˆ la section

3.4. Une des motivations de ce projet de recherche en plus de sa motivation scientiÞque

provient du milieu industriel. Le contexte industriel qui constitue Žgalement le cas dÕŽtude

dans chacune des contributions est prŽsentŽ dans la section suivante.

3.3 Contexte industriel

Les donnŽes utilisŽes proviennent de notre partenaire industriel Logistik Unicorp (LU), qui

fournit un service de gestion du programme dÕuniforme pour plusieurs organisations ˆ travers

le pays et ailleurs dans le monde. LU fournit le service de la conception ˆ la distribution pour

chaque membre individuel des organisations clientes.

LU doit conserver en inventaire les items des uniformes pour •tre en mesure de rŽpondre ˆ

95% de la demande en tout temps. La demande provient directement des membres individuels

des organisations clientes qui passent leur commande via une application web. La demande

rŽelle est donc accessible pour prŽvoir et organiser les opŽrations.

Les commandes sont passŽes individuellement pour chaque item et plusieurs commandes

ouvertes en m•me temps sont acceptŽes par les fournisseurs. LÕentreprise poss•de un syst•me

de suivi de lÕinventaire continu avec un MRP pour suivre et faire des recommandations

dÕachat aux acheteurs. Les prŽvisions et dŽcisions de rŽapprovisionnement sont agrŽgŽes en

semaine et, selon le fournisseur, les commandes doivent couvrir la demande durant R pŽriodes

(semaines). Les fournisseurs sont engagŽs ˆ livrer les commandes ˆ lÕintŽrieur dÕune pŽriode de

LT semaines considŽrŽe comme Žtant le dŽlai de livraison. Les livraisons aux clients individuels

sont gŽrŽes par un fournisseur externe. La structure de la cha”ne logistique dans laquelle

sÕins•re le cas dÕŽtude est prŽsentŽe sur la Þgure 3.2.

Les donnŽes qui ont ŽtŽ fournies sont la demande par unitŽ de gestion des stocks (SKU)

quotidienne issue des requ•tes de chaque client depuis lÕapplication web. Les informations

sur chaque SKU comprenaient le LT, R, ainsi que le groupe de produit, la saison et le sexe
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Figure 3.2 Structure de la cha”ne Logistique

du produit. On disposait de la demande sur tous les items depuis 2012 jusquÕau dŽbut 2019.

Pour plus de 6 millions de commandes passŽes par un peu plus de 1,5 million de clients sur un

peu moins de 10k SKU. En utilisant la classiÞcation thŽorique basŽe sur les caractŽristiques

des sŽries de (Syntetos et al., 2005), on obtient la distribution des proÞls des sŽries prŽsentŽe

ˆ la Þgure 3.3.

Figure 3.3 ClassiÞcation des SKU dÕapr•s la classiÞcation de (Syntetos et al., 2005)

La section suivante prŽsente notre mŽthodologie de rŽsolution du probl•me dans le contexte

de recherche prŽsentŽ avec pour objectif industriel dÕaider lÕentreprise ˆ amŽliorer la gestion

de son inventaire.
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3.4 MŽthodologie

La mŽthodologie pour accomplir les trois objectifs de recherche et lÕobjectif principal a requis

le dŽveloppement de deux syst•mes sur lesquels les expŽrimentations pour les contributions

scientiÞques reposent. Le premier syst•me est un syst•me pour gŽnŽrer des prŽvisions de la

demande et le second est un simulateur de la gestion de lÕinventaire. La Þgure 3.4 reprŽsente

les deux syst•mes avec leurs interactions. Le dŽtail des opŽrations e"ectuŽes par les deux

syst•mes est prŽsentŽ dans les sous-sections suivantes.

3.4.1 Syst•me de prŽvision de la demande

Le syst•me de prŽvision et dÕŽvaluation des prŽvisions se trouve ˆ gauche de la Þgure 3.4. On

y reprŽsente les param•tres entrants et les structures de donnŽes rŽsultantes.

ƒtape 1 - PrŽparation des donnŽes : Ë partir de la demande quotidienne, on sŽlectionne

une pŽriode dÕagrŽgation (agg). Pour lÕensemble des expŽrimentations, ce param•tre est gardŽ

constant pour une agrŽgation hebdomadaire Žtant donnŽ quÕil sÕagit de lÕagrŽgation utilisŽe

par le syst•me du partenaire. La somme de la demande de tous les clients pour un item sur

une pŽriode est agrŽgŽe aÞn de transformer la demande en sŽries temporelles de pŽriodesagg.

ƒtape 2 - Partitionnement : Avec les donnŽes agrŽgŽes au bon niveau de granularitŽ, on

partitionne les donnŽes en trois groupes. Pour ce faire, deux param•tres sont requis :t et tv.

Le param•tre t donne la pŽriode avant laquelle les donnŽes sont utilisŽes pour lÕentra”nement

des mod•les de prŽvision. Les pŽriodes supŽrieures ˆt sont utilisŽes comme donnŽes test. On

fait Žvoluer t de fa•on dynamique jusquÕˆ la pŽriodetv. Cette pŽriode indique la premi•re

pŽriode de validation. CÕest-ˆ-dire que la demande ˆ partir detv nÕest utilisŽe que pour

mesurer les performances des mod•les.

ƒtape 3 - PrŽvision : Les donnŽes dÕentra”nement (prŽcŽdentt) sont utilisŽes pour pa-

ramŽtrer les mod•les de prŽvision sŽlectionnŽs. Notre syst•me permet de prendre nÕimporte

quelle fonction de prŽvision ˆ laquelle on applique chaque sŽrie temporelle dans nos expŽri-

mentations (arima avec composante saisonni•re, SBA, TSB, snaive et theta) ont ŽtŽ utilisŽs,

car ils reprŽsentent bien les divers types de mod•les de prŽvision statistique utilisŽs.

ƒtape 4 - ƒvaluation : Les prŽvisions peuvent •tre ŽvaluŽes avec des mŽtriques de perfor-

mances basŽes sur lÕerreur. Pour ce faire, les donnŽes tests (entret et tv) sont utilisŽes.

Ë partir de cette Žtape, le syst•me permettant de gŽnŽrer et dÕŽvaluer des prŽvisions de la

demande est complet. Ce syst•me servira de cadre de base pour nous permettre de rŽpondre ˆ

la premi•re problŽmatique de recherche. Les deux autres problŽmatiques requi•rent, en plus
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Figure 3.4 Entrants, extrants et param•tres des syst•mes implŽmentŽs
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du syst•me de prŽvision, un simulateur du processus de rŽapprovisionnement de matŽriel.

Ce syst•me permet dÕŽvaluer les performances en termes de gestion dÕinventaire. Les Žtapes

suivantes en prŽsentent le dŽtail.

3.4.2 Simulateur de la gestion dÕinventaire

ƒtape 5 - SŽlection de la politique : Une fois les donnŽes prŽparŽes, on sŽlectionne les

param•tres de la police quÕon souhaite utiliser. Les param•tres ˆ sŽlectionner sont : le dŽlai

de livraison (LT ), la pŽriode de couverture (R), le point de recommande (s) et le niveau

de rŽapprovisionnement (S) pour chaque item. Les param•tres peuvent •tre dynamiques et

modiÞŽs chaque pŽriode. Ainsi, toutes les politiques ˆ suivi continu peuvent •tre gŽnŽrŽes.

Dans le cas o•S est paramŽtrŽ ˆ une valeur de 0, alors les prŽvisions de la demande issues du

syst•me de prŽvisions sont utilisŽes pour prendre la dŽcision de rŽapprovisionnement. Divers

scŽnarios avec diverses conÞgurations de politiques dynamiques ou statiques peuvent ainsi

•tre gŽnŽrŽs.

ƒtape 6 - Simulation de la gestion de lÕinventaire : La simulation dŽmarre en initiali-

sant des tables contenant pour chaque item lÕinventaire initialI , les commandes en coursO

et les livraisonsL. DŽpendamment de la politique, les prŽvisions de la demande ˆ la pŽriodet

sont gŽnŽrŽes avec les mod•les choisis pour chaque item sur lÕhorizon requis. Utilisant la po-

litique spŽciÞŽe ˆ la pŽriodet une dŽcision de rŽapprovisionnementQ est prise. La demande

actuelleY et les livraisons ˆ la pŽriodet sont ensuite additionnŽes ˆ lÕinventaire. LÕŽtape est

rŽpŽtŽe pour un nombre spŽciÞŽ de pŽriodes ou jusquÕˆ atteindre la pŽriodetv.

ƒtape 7 - Sauvegarde des trajectoires : Les Žtats de chaque itŽration des simulations

comprenant les informations sur les quantitŽs en stockI , les quantitŽs en cours de commande

O, les prŽvisions de la demandeF , la demandeY, et lÕerreur dÕajustement (sur lÕŽchantillon

dÕentra”nement)MSEin ! sample , sont sauvegardŽes dans une table. LÕobjectif de sauvegarder

les Žtats observŽs ˆ chaque itŽration de la simulation est de pouvoir rŽpondre ˆ la troisi•me

problŽmatique de recherche.

ƒtape 8 - ƒvaluation des performances dÕinventaire : Les rŽsultats des simulations

sont analysŽs une fois les itŽrations terminŽes. Le niveau de service et le stock total commandŽ

sont les mŽtriques utilisŽes. Plus de dŽtails sur ces mŽtriques sont donnŽs dans les chapitres

5 et 6.
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3.5 Conclusion

Ce chapitre a prŽsentŽ en dŽtail les objectifs de recherche, le contexte industriel dans lequel

sÕinscrit le cas dÕŽtude de la th•se ainsi que la mŽthodologie utilisŽe pour accomplir les

objectifs. Pour la suite, les chapitres 5 et 6 utilisent les deux syst•mes prŽsentŽs comme cadre

de base pour conduire les expŽriences. Les 3 chapitres suivants expliquent avec plus de dŽtails

les mŽthodologies spŽciÞques ˆ la rŽsolution des problŽmatiques de recherche.
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CHAPITRE 4 ARTICLE 1: A METHODOLOGY TO EVALUATE

FORECASTS PERFORMANCE METRICS

St-Aubin, P., Agard, B.

Abstract - Thus far, work on performance metrics has been done without knowing the ground

truth on the real performance of forecasting models. This paper proposes a new methodology

to measure the sensitivity and reliability of forecasts performance metrics. The methodology is

tested using multiple time series of di!erent scales and demand patterns, such as intermittent

demand. The idea is to add to each series a noise following a known distribution to represent

forecasting models of a known error distribution. Varying the parameters of the distribution of

the noise allows to evaluate how sensitive and reliable performance metrics are to changes in

bias and variance of the error of a forecasting model. The experiments concluded that sRMSE

is more reliable than MASE in most cases on those series. sRMSE is especially reliable for

detecting changes in the variance of a model and sPIS is the most sensitive metric to the bias

of a model. sAPIS is sensible to both variance and bias but is less reliable.

Keywords: Performance Measurement, Forecasting, Intermittent demand, Forecast Accuracy,

Time Series

4.1 Introduction

The forecasting community has long been searching for the best method to assess the per-

formance of forecasting models. This search was in part driven to solve the di!culties of

forecasting multiple series of di"erent scale and demand patterns such as intermittent de-

mand (Croston, 1972). Makridakis et al. (2018) showed that the best forecasting techniques

at the last M competition presented a small di"erence in performance. Therefore, correctly

identifying the best technique is going to become increasingly di!cult as techniques get closer

to perfection. For this reason, evaluating with certitude what the sensitivity and reliability

of performance metrics is going to become an important factor for the selection and ranking

of forecasting models.

This paper addresses this problem by proposing a new methodology to measure the sensitivity

and reliability of performance metrics. It presents how variation in bias and variance of the

error of a forecasting model inßuences the performance obtained with a speciÞc metric. This

is done by comparing performance across multiple time series of di"erent scale and demand

pattern.

Philippe St-Aubin
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The proposed methodology allows one to identify on a given dataset what is the most sensitive

and reliable performance metric. This is important since the community is aware of the

di!culties of selecting appropriate parameters and the best models, especially in the context

of intermittent demand (Kourentzes, 2014).

The sections in this paper are divided as follows. Section 4.2 presents previous work con-

cerning performance metrics and evaluation of performance metrics. Section 4.3 presents

the methodology to measure sensitivity and reliability. Section 4 presents the results of the

application of the methodology on real data. Finally, section 5 provides a summary and

recommendations based on the empirical results.

4.2 Previous Work

In many industrial applications such as retail, forecasting performance must be aggregated to

avoid the high complexity of analyzing performance for every single product (Hoover et al.,

2009). In this case, it is important to assess the performance of models in the best possible

way, since it will translate into actual and/or opportunity losses (Makridakis and Hibon,

2000).

In some cases, demand comes in an intermittent or erratic fashion (Croston, 1972). This type

of demand presents a high number of consecutive null demands, or it can be characterized

with a high coe!cient of variation (Syntetos and Boylan, 2005). These cases present a

challenge in measuring the performance of forecasting models due to the high number of null

demands (Solis, 2015), which can cause some performance metrics to be undeÞned.

Let us noteY the time series withYt the data used to estimate the model (in-sample),Yh the

hold out sample (out-of-sample) data to estimate performance andFh the forecast associated

with Yh. The error is notedeh = Yh # Fh the error value at horizonh. Di"erent operations

can be performed on the erroreh to assess the forecasting performance with greater precision

and discernment.

Armstrong and Collopy (1992) explored those operations through empirical comparisons.

They were not able to measure sensitivity in absence of ground truth but mentioned the

importance of the sensitivity of performance metrics. they measured reliability as being

the average Spearman correlation for pairwise comparisons among Þve di"erent subsample.

They recommended Median Absolute Percentage Error (MdAPE) to select the most accurate

forecasting method and they also introduced relative based error metrics such as Relative

Absolute Error (RAE). This metric scales the absolute error with the one of a na•ve method,

but (Syntetos and Boylan, 2005) argued that such a metric along with the Mean Absolute
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Percentage Error (MAPE) were not appropriate for intermittent demand since they could

involve division by zero.

To solve problems of relative based scaling methods, Hyndman and Koehler (2006) introduced

the Mean Absolute Scaled Error (MASE), an adaptation of the relative based metric which

scales the error using the in-sample error of a benchmark method instead of the out-of-sample

error of a benchmark method.

Wallstršm and Segerstedt (2010) studied the case of forecast evaluation for intermittent case.

They introduced cumulative methods such as Period in Stock (PIS) and the Cumulated

Forecast Error (CFE) as they are not biased toward zero forecast compared to other classical

metrics such as RMSE and MAD (Teunter and Duncan, 2009).

Then Petropoulos and Kourentzes (2015) used the idea proposed by Hyndman and Koehler

(2006) to scale MSE, MAE and PIS with the in-sample mean demand instead of the in-

sample error of a benchmark method. A similar idea was used in (Billah et al., 2006) but

was critiqued in (Hyndman and Koehler, 2006) as the in-sample mean could be skewed in

presence of non-stationary data.

Previous work on performance metrics was Þrst to Þnd metrics able to compare the perfor-

mance of models across multiple series of di"erent scales. The second motivating factor for

research on performance metrics was to ensure deÞnite and stable metrics across all cases

that could be met like for the case of intermittent demand.

So far, no research has primarily focus on the sensitivity and reliability of performance metrics

to detect which metric should be used to select and optimize a forecasting model. The next

section present a new methodology that allows one to quantify the sensitivity and reliability

of a performance metric.

4.3 Methodology

This section presents a new methodology allowing one to compare performance metrics ac-

cording to their sensitivity and reliability to changes of the error distribution of a forecasting

model applied to multiple time series. The main idea of the methodology is to build Þctitious

forecasting models with a chosen error distribution. Allowing one to rank the models exactly

given their error distribution is known.

The methodology is divided into four main sections (see Figure 4.1): 1. build forecasting

models with known errors, 2. select performance metrics to evaluate, 3. measure sensitivity

and 4. measure reliability.
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Figure 4.1 Experiment diagram

4.3.1 Build Models

Here forecasting models are deÞned as the original time series to forecast to which a random

noise is added:

Fi,h = Yi,h + ' i (4.1)

Where ' i $ N (µi , ! 2
i ) is the random noise.

The choice of the error distribution could have been any distribution and the following results

would still be valid. Indeed, since to measure the performance of a forecasting model on

multiple time series, the aggregation of the performance must follow a normal distribution

according to the central limit theorem. Thus, to simplify the following analysis, the normal

distribution is chosen so that the bias and variance of the error distribution of the forecasting

models are directly related to the chosen parameters of the error distribution.
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i represents the index of the time series andh the horizon of the forecast.

In a case with multiple time series, the parameters of the distribution of the error of a model

should consider the di"erent scales of the di"erent series.

To do so, the chosen parameters of the error are coe!cients of the in-sample mean value of

each series, making the error size relative to the scale of the series.

µi = "
1
N

N%

t

Yi,t (4.2)

! i = &
1
N

N%

t

Yi,t (4.3)

Where 1
N

! N
t Yi,t is the in-sample mean value of the time series. The parameters" and & take

values between 0 and 1 so the parameters of the error distribution are equal to a proportion

of the in-sample mean.

To summarize, the Þctitious forecasting models are composed of the actual value plus a noise

that follows a chosen normal distribution. For each Þctitious model, the parameters of the

error distribution are set to a certain proportion" and & of the in-sample mean of each series.

This makes the error distribution proportionate to the scale of each series.

This way, one can create multiple Þctitious models varying" and & in an ordered manner with

di"erent increments to measure how sensitive and reliable performance metrics are to detect

the di"erence in bias and variance of the error of di"erent models. In further sections, the

models are deÞned by the parameters of their error distribution which are set to a proportion

of the in-sample mean.

4.3.2 Select performance Metrics

In this section one simply needs to select the performance metrics he wants to evaluate. For

the experiment presented in section 4.4,RMSE , sMAPE , MASE and P IS were chosen

since they are all common and known metrics. In addition, they can be, or are, adapted to

always be deÞned and can be scaled using the (Petropoulos and Kourentzes, 2015) scaling

factor. Also, the results by (Wallstršm and Segerstedt, 2010) seemed to show that all metrics

of the same category are strongly correlated, and for this reason, only one metric of each

metric class is used.

Scaled versions of the metrics are used:RMSE (sRMSE ), P IS (sP IS) and AbsoluteP IS

(sAP IS ). They are scaled to allow comparison of performance across series of di"erent scales.



31

The metrics, along with their scaling factors, are described under:

sRMSE =

'
1
H

! H
h e2

h
1
N

! N
t Yt

(4.4)

sP ISH =
#

! H
h

! h
i =1 ei

1
N

! N
t Yt

(4.5)

sAP ISH =
|
! H

h
! h

i =1 ei |
1
N

! N
t Yt

(4.6)

We used scaled metrics as deÞned in (Petropoulos and Kourentzes, 2015) as it is easy to

interpret in practical terms. It will also allow us to measure what is the impact on precision

and reliability of using a scaling factor robust to non-stationary data as it is forMASE .

Finally, the aggregation of results across both time series and di"erent horizons is done by

taking the mean. For this reason, an additional ÒmÓ was added to the metrics abbreviation

so that one can make a distinction between the aggregation of horizon periods and the series

aggregation.

4.3.3 Sensitivity

Variation of the bias and the standard deviation parameter will reveal how di"erent metrics

react to changes of these parameters. This reveals which metric is the most sensitive and

potentially the best one to distinguish between two models of similar error distributions.

The same thing can be done by Þxing one parameter for several di"erent values and varying

the other one. That will allow one to estimate the inßuence of each parameter on the other

one.

The results will allow one to draw conclusions about the sensitivity of metrics to standard de-

viation and bias of a model. The second measure of sensitivity presents how stable sensitivity

is to one parameter given changing values for the other one.

4.3.4 Reliability

In this section reliability is evaluated in terms of ranking of models. Since the real error

distribution of the models are known, one can rank the models exactly. So, the ranks obtained

with the performance metrics can be compared to the real rank of each model.

To test this, di"erent conÞgurations of scales for the bias, the standard deviation and the



32

scale of the variation (! µ and ! ! ) between two models are considered.

For example ifF 1 has the parameters (µ, ! ) the closest model in terms of error would beF 2

of parameters (µ, ! + ! ! ).

The di"erent situations are presented in 4.1. The plus and minus symbols represent the

relative order of magnitude of the di"erent parameters in comparison to the others. For

example, if µ and ! both have a minus symbol," and & would be less than 0.01. Which

meansµ and ! would be less than the order of magnitude of 1% of the in-sample mean.

Otherwise, this would mean they would both be of the order of magnitude of 1% of the in-

sample mean. The same applies for! ! and ! µ, which represent the di"erence in standard

deviation and bias of the error distribution of the forecasting models. A minus symbol would

indicate " and & are two orders of magnitude less than 1% and the plus symbol indicates

they are an order of magnitude less than 1%. The! must be smaller than the parameter

so that, once multiplied by the number of models, it reaches the same order of magnitude

as the parameter. For example, the (+++0) conÞguration implies!, µ of the order of 1%

and ! ! of 0.1%. So that! ! multiplied by the number of models is of the order of 1%. The

(++-0) conÞguration would have both parameters of the order of 1% and! ! of 0.01%.

Table 4.1 ConÞgurations of standard deviation, bias and variation standard deviation and
bias to test and evaluate the reliability of metrics

! µ ! ! ! µ
- - - 0
+ - - 0
+ - + 0
- + - 0
+ + - 0
+ + + 0

To rank the models exactly given their error distribution, only one of the distribution param-

eters at a time will vary. So, either the bias of the standard deviation will be Þxed, while the

other will change. Table 4.1 presents half the conÞgurations, where the others will consider

a variation of bias with Þxed standard deviation. Note there is no conÞguration where! is

small and ! ! is large. This is because large variations would bring the interval of! from

small to large, making it the same conÞguration as both+ ! and +! ! .

The idea is to measure, for each conÞguration of bias, standard deviation and delta, the

quality of the ranking rendered by the performance metrics. The quality is obtained by

comparing metrics rankings to the real ranking of models.

Two di"erent metrics are used to measure the quality of the rankings. The Þrst one is
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SpearmanÕs rank correlation (Spearman, 1987). This metric returns the correlation between

the real rank and the rank given by metrics. The measureÕs value lies between -1 and 1 to

indicate negative to positive perfect correlation. It allows us to make conclusions about the

general tendency of metrics to rank models in the same order as real rankings.

The second one is the normalized Discounted Cumulative Gain (nDCG) (JŠrvelin and KekŠlŠi-

nen, 2002). This metric provides a score between 0 and 1, 1 being the perfect ranking. The

main di"erence between nDCG and SpearmanÕs rank correlation is that nDCG gives more

importance to ranking models correctly in the Þrsts rank compared to those in the lasts rank.

Indeed, the nDCG metric provides a relevance score to every model it needs to rank and it

discounts the relevance, as it appears lower in the ranking. In this experiment, 1 over the

real rank of each model is used as their relevance score. This is especially important given

that being right for the ranking of the Þrst N models is of greater importance than showing

a similar general tendency, as does SpearmanÕs rank correlation.

Reliability is observed in function of the number of forecast horizons and the number of

series performances used to average performance as illustrated in Figure 4.2. The Þgure

presents three di"erent series. Its global performance is calculated by varying the number of

forecast horizons used to estimate the performance for a series (red square), and by varying

the number of series performances that are averaged (blue square).

Figure 4.2 Representation of the averaging variables to estimate performance

To make sure the results were not obtained only by chance, this step is repeated 35 times

with di"erent series and the results are averaged. The average reliability of all repetitions

is Þnally plotted to visualize the behaviour of the metrics. Thus, the convergence and the

general superiority in terms of correlation and nDCG is observed to conclude on the relative

reliability of the metrics. So even if some observations of the correlation are not formally

signiÞcant in a statistical sense, we can still conclude on the overall performance of the metric
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compared to the others.

4.4 Results

4.4.1 Data

The data used to test the methodology comes from Logistik Unicorp, a company in charge of

supplying uniforms to the members of organizations such as the Canadian Army, Canadian

Borders, and many other organizations. Several thousand time series were available. Each

one represents the demand for an article of clothing in the uniform of a certain size. The

demand was aggregated to weekly demand to Þt with the MRP system and for other planning

purposes. Series with at least two years of demand were kept. That left 23 weeks of horizon

periods to evaluate performance on.

4.4.2 Standard deviation sensitivity

To measure the metricÕs sensitivity to the standard deviation of a model, the bias of the

model was set toµ = 0. This leaves only the standard deviation parameter! that was studied

through the standard deviation of the distribution, which is equal to! . The parameter varied

between 1% and 50% of the in-sample mean.

Figure 4.3 illustrates the global performance of all the metrics values. The dashed line

represents the real standard deviation.msRMSE is close to the real standard deviation

of the model, which is what is expected by theory. This reassures that the scaling method

worked, since the observed trend formsRMSE is almost perfectly aligned with the real

value.

All metrics show linear growth. Therefore, the slope of each metric can be approximated

with the equation below.

vr = mean

$
L(! + !) # L(! )

!

&

(4.7)

Where vr is the variation rate, L(! ) is the performance metric expressed in function of

standard deviationL and ! is the variation in standard deviation, which is 5% in this case.

This allows conclusions to be drawn on each metricÕs sensitivity to standard deviation in

absence of bias in forecasting models:

Table 4.2 represents the variation rate of metrics in Figure 4.3.
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Figure 4.3 Standard deviation sensitivity of scaled performance metrics in absence of bias

Table 4.2 Average variation rate of performance metrics for a variation in standard deviation
and Þxed bias of forecast models

Metric msPIS msAPIS mMASE msRMSE msMAPE
variation rate (vr) 0.01 2.65 0.67 0.96 0.21

What is important to note is the order of magnitude of the variation more than the values

themselves. Indeed, since the values probably vary from one dataset to another and depending

on conditions such as the number of series, the number of forecast horizons, the level of

intermittence of the data, etc. msRMSE is the closest to the real standard deviation.

msAPIS is the most sensitive metric to change in standard deviation, with a variation rate

of an order of magnitude higher than the other. The average ofmsP IS is near zero, since

it has a negative value when standard deviation makes the forecast lower than the actual

value. For this reason, it is expected thatmsP IS is a good estimator of forecast bias as it is

not a"ected by standard deviation. With this Þrst result, msMAPE and mMASE are the

Þrst and second least sensitive metrics to variation in the standard deviation of forecasting

models.
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4.4.3 Bias sensitivity

Let us evaluate bias sensitivity by Þxing the standard deviation of forecasting models to 1%

and then varying the bias from# 50% to +50% of the in-sample mean.

Figure 4.4 Bias sensitivity of scaled performance metrics with 1% standard deviation in
forecast models

Figure 4.4 presents the variation of performance metrics for changes in bias of forecasts. Both

cumulative metrics seem to be more sensitive to bias.msRMSE and mMASE are close to

the real bias values as shown by the dashed line. The variation in the values of metrics is also

partly linear. The slope of this linear trend will therefore be estimated in the same way as

standard deviation sensitivity, but with an absolute value to remove the sign from the slope:

vr = mean

$
L(µ + !) # L(µ)

!

&

(4.8)

Where L(µ) is the performance metric expressed in function of biasµ and ! , the variation

in bias, which is 5%.

Table 4.3 represents the average variation rate considering a symmetric rate. It brings a slight
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Table 4.3 Average variation rate of performance metrics for a variation in bias and Þxed
standard deviation of forecast models

Metric msPIS msAPIS mMASE msRMSE msMAPE
variation rate (vr) 12.00 11.87 0.80 0.95 0.28

simpliÞcation to the result in the case ofmsAPIS and msMAPE . The di"erence in the

calculated rate is noticeable when comparingmsAPIS with msP IS, which does not have

this e"ect around zero since the e"ect of standard deviation on msPIS is null, on average.

(Hyndman and Koehler, 2006) and (Goodwin and Lawton, 1999) noted thatmsMAPE

provides higher penalties to a negative bias than for a positive bias. The di"erence in rates

between the negative and positive bias formsMAPE is around 0.11. Meaning that the

variation rate is greater by 0.11 when bias is negative, versus when it is positive.

All metrics have the same order of magnitude invr except for cumulative metrics, which are

of two orders of magnitude higher.msRMSE is the closest metric to real bias.

4.4.4 Standard deviation-Bias sensitivity

4.4.4.1 Standard deviation in function of bias

For the Þrst measurements of sensitivity, bias and then standard deviation, were Þxed to

a minimal value. This contrasts with situations in real life, in which selection of models

probably implies identifying models with di"erent values of bias and standard deviation.

This section will therefore study thevr of performance metrics for a change of both standard

deviation and bias.

Let us Þrst examine what happens to thevr in the standard deviation direction when changing

the bias of the models on Figure 4.5.

Figure 4.5 shows the metricÕs value in function of a modelÕs standard deviation for di"erent

values of bias. The growth in all is linear, except formsAPIS , which has two modes. The

Þrst mode makesmsAPIS behave likemsP IS. It is the case until standard deviation reaches

a high enough value so that an increase in standard deviation has an impact on the metrics

value. All other metrics also present two modes, but with the ßat mode being much shorter.

The di"erence between the length of the Þrst mode is explained by the variation rate of bias,

which is greater formsAPIS than for the other metrics, which have similar variation rates

for both standard deviation and bias.msP IS converges to values close to bias and it is not

a"ected by standard deviation. To represent the impact of bias on the standard deviationvr ,

its variation is plotted for every bias value. To do so, the averagevr in standard deviation
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direction of the di"erent metrics is taken.

Figure 4.6 Standard deviation variation rate in function of bias

Figure 4.6 presents the variation rate of standard deviation when the bias is changed. It

shows how the variation rate in the direction of standard deviation is inßuenced by a change

in bias. msAPIS is strongly inßuenced by a change in bias and the variation rate in the

standard deviation direction goes to values close to zero for high absolute values of bias.

These results allow one to conclude that the most sensitive metric to standard deviation

would be msRMSE in the presence of high bias.msAPIS is the most sensitive metric to

standard deviation in cases in which the absolute bias is less than 5% of the in-sample mean.

It is also the least stable metric to variation of standard deviation in the presence of high

bias. msMAPE is the least sensitive metric, which has a variation rate close to zero for any

bias value. msP IS is not a"ected by standard deviation since averaging the di"erent series

errors cancels the negative and positive errors.

4.4.4.2 Bias in function of standard deviation

The same process applied in section 4.4.4.1 can be applied with the bias in function of

standard deviation.
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Figure 4.7 shows the impact of a change in standard deviation on the shape of the metricÕs

value in function of bias. Here, the variation rate change around the null bias. This is the

case for all series, but the e"ect is more pronounced formsAPIS . Indeed, the variation

seems to ßatten and the ßattening seems to increase with the standard deviation. This could

be explained by the fact that a higher standard deviation means a higher metric value. So,

the origin in the case of null bias is higher in the presence of high standard deviation, and a

small increase in the bias is insigniÞcant compared to the standard deviation.

Let us evaluate the change in average absolute variation rate of the bias in function of the

standard deviation.

Figure 4.8 Bias variation rate in function of standard deviation

Figure 4.8 presents the variation rate of the bias when the standard deviation is changed.

msAPIS is the second most sensitive metric aftermsP IS, which is constant for all standard

deviation values. All the other ones are close together, withmsRMSE slightly more sensitive

than the others andmsMAPE is the least sensitive metric aftermsP IS.

4.4.5 Reliability of the metrics

For every conÞguration, reliability has been measured in function of the number of series

averaged performance and the number of forecast horizons. To simplify visualization, only

extreme values of forecast horizons were kept:h = 1 and h = 23. The + and Ð conÞgurations,
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as presented in Table 4.1, were set to be of one order of magnitude di"erent. The di"erent

values used are presented in Table 4.4. In each conÞguration, 25 di"erent models were trained

with a di"erence of ! ! or ! µ for their error distribution parameter.

4.4.5.1 Reliability to a change in standard deviation

Three di"erent cases can be distinguished when changing the standard deviation of the

models. The Þrst case is the one with all the models of the same order of magnitude so! , µ

and ! ! in Ð or + conÞguration. The second is when the bias is of a high magnitude and the

third is when the bias has a small order of magnitude. SincemsP IS is invariant to standard

deviation, it was removed from the following Þgures.

4.4.5.1.1 Same order of magnitude The Þgures 4.9 and 4.10 present SpearmanÕs rank

correlation and nDCG in function of the number of series performance averaged. The two

di"erent types of lines present the number of forecast horizons used. The solid line presents

the case in which a single point forecast is evaluated. The dashed line is for cases with 23

forecast horizons.

Figure 4.9 and Figure 4.10 both show the superiority of msRMSE in ranking the models in

the correct order. Even though the correlation of mMASE and msRMSE show that their

rankings are both going in the same direction as the real ranking, nDCG clearly distinguishes

both metrics, with msRMSE converging more quickly to a perfect ranking. sMAPE presents

some interesting properties that will be discussed in section 4.5.

4.4.5.1.2 High bias This section presents the results for a conÞguration with a high (+)

bias.

In this case, Figure 4.12 shows that in the presence of high bias compared to standard devi-

ation, no metric can detect changes in standard deviation no matter how many observations

are used, except formsRMSE . In both conÞgurations,msRMSE is the most reliable met-

ric. Results in Figure 4.11 correspond to what was found in section 4.4.4.1 where most metric

sensitivity to standard deviation decreased in the presence of a high bias. The least impacted

Table 4.4 Values of each parameter for all of the di"erent conÞgurations

Cases
µ ! ! ! ! µ

+ - + - + - + -
Fixed Bias 2% 0.1% 1% 0.01% 0.1% 0.01% 0

Fixed Standard deviation 1% 0.01% 2% 0.1% 0 0.1% 0.01%
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Figure 4.9 Spearman Rank correlation and nDCG for (+ + + ) conÞguration

Figure 4.10 Spearman Rank correlation and nDCG for (# # # ) conÞguration

metrics by bias weremsRMSE and mMASE . Figure 4.6 also shows thatmsRMSE was

slightly more sensitive to standard deviation in presence of a high bias thanmMASE . This

trend might increase when increasing the di"erence between the two parameters. This could
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Figure 4.11 Spearman Rank correlation and nDCG for (+ + # ) conÞguration

Figure 4.12 Spearman Rank correlation and nDCG for (# + # ) conÞguration

explain the results of Figure 4.12.

4.4.5.1.3 Small bias The remaining cases are those in which a bias is in a (-) conÞgu-

ration. The Þgures 4.13 and 4.14 show which metric performs better in the quasi-absence of
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bias. While the results are tighter, it is still possible to distinguish slightly more reliable re-

sults from mMASE in the presence of 23 forecast points.msRMSE is slightly more reliable

for a single point forecast.

Figure 4.13 Spearman Rank correlation and nDCG for (+ # + ) conÞguration

Figure 4.14 Spearman Rank correlation and nDCG for (+ # # ) conÞguration
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4.4.5.2 Reliability to change in bias

When it comes to detecting change in bias, three cases can be distinguished. The Þrst one is

conÞgurations with high standard deviation and high bias. The second one is high standard

deviation and small bias. The third one is cases with small standard deviation conÞgurations.

4.4.5.2.1 High standard deviation and high bias The two cases with high standard

deviation and high bias are presented in the Þgures 4.15 and 4.16.

Figure 4.15 Spearman Rank correlation and nDCG for (+ + + ) conÞguration

As expected, the cumulative metricsmsP IS and msAPIS were more reliable than the

others in detecting bias. However,mMASE and msRMSE were both able to reach a

perfect ranking with all the available observations.

4.4.5.2.2 High standard deviation and low bias This conÞguration is the only one

for which msP IS was the only metric able to converge to a perfect ranking (see Figure 4.17).

This result conÞrms what was found in section 4.4.4.2, where in the presence of high standard

deviation, the sensitivity of most metrics to bias decreases to nearly zero.

4.4.5.2.3 Small standard deviation The Þnal case where standard deviation is in (-)

conÞguration also corroborates with the results in section 4.4.4.2.
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Figure 4.16 Spearman Rank correlation and nDCG for (+ + # ) conÞguration

Figure 4.17 Spearman Rank correlation and nDCG for (+ # # ) conÞguration

It has been shown that when standard deviation is small, all metrics have a non-null variation

rate for bias. This is what the Þgures 4.18, 4.19 and 4.20 present.

Indeed, no metricÕs variation rate for bias is null for small values of standard deviation, but

metrics with the most important sensitivity to bias are not superior to the other metrics.

This result was found in other cases, such as those in section 4.4.5.1.3, in whichmsAPIS
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Figure 4.18 Spearman Rank correlation and nDCG for (# + + ) conÞguration

Figure 4.19 Spearman Rank correlation and nDCG for (# + # ) conÞguration

did not perform as well as expected based on the sensitivity results (Figure 4.6). The next

section will discuss this and will study further results of a single point forecast for a single

series to try to explain themsMAPE results.
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Figure 4.20 Spearman Rank correlation and nDCG for (# # # ) conÞguration

4.5 Result Analysis

Following the reliability results, one would conclude that sensitivity did not have much impact

on reliability. However, to measure sensitivity, all 23 forecasts horizons were used with all

series. If the sensitivity experiment is rerun with 1, 10 and 100 series instead of thousands,

it is possible to see how the amount of series a"ects sensitivity and reliability (Figure 4.21),

which explains reliability results.

Figure 4.21 Standard deviation sensitivity when averaging results of 1, 10 and 100 series

From the Þgure 4.21, the observation is that the cumulative metrics are the most a"ected

by the number of series used to average results. That makes sense with previous reliability
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results, in which the increase in reliability formsAPIS could only be observed for a high

number of averaged series performances. To further study the results ofmsMAPE for a

single series and a point forecast, the level of intermittence allowed in the horizon periods

varied to see whether the proportion of zeros in the horizon periods impact the reliability of

msMAPE . Figure 4.22 shows the reliability of all metrics when the allowable proportion of

zeros is less than a threshold. So, when the proportion of 0 allowed in a series is 0, it means

that only the series with no zero demand within their horizon periods were kept. On the

other hand, if the proportion of 0 demand allowed is 1, it means all series were kept. The

average results of all the single series respecting the threshold are represented in the Þgure

4.22.

Figure 4.22 Reliability of series in function of the level of intermittence

There seems to be a relationship between the reliability ofmsMAPE for a single time series

point forecast and the level of intermittence in the series. This is probably caused by the

fact that near zero demandmsMAPE can explode to inÞnity, making its sensitivity to small

errors greater. Finally, Table 4.5 summarizes the results of section 4.4.5.

In the case of a single time series point forecast, the conclusions in Table 4.5 only hold in the

presence of a series with a high level of intermittent demand. Other results show that the best

performance metrics aremsP IS to detect bias andmsRMSE to detect standard deviation.

So, to detect both the bias and the standard deviation, one must Þrst select models of the

same order of magnitude according to the absolute value ofmsP IS. This ensures to keep
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Table 4.5 Best choice of metric for di"erent cases based on the reliability results

Number of series

Point forecast
1 <1000 >1000

sigma mu sigma mu sigma mu
Single msMAPE msMAPE msRMSE msPIS mMASE/msRMSE msPIS

Multiple msRMSE msPIS msRMSE msPIS msRMSE msPIS

the models of minimal bias without consideration to standard deviation. Next, the selected

models need to be ranked according tomsRMSE . This strategy ensures that the models of

minimal bias are kept, and then ranked according to their standard deviation.

4.6 Conclusion

The goal of this paper was to present a new methodology to assess the precision and reliability

of performance metrics. Fictitious forecasting models were deÞned as the addition of a noise

of a known distribution to the actual values of the series. Given that the error distribution

of the models was known, it was possible to estimate the sensitivity of metrics to changes

in bias and standard deviation of the Þctitious models. It was also possible to rank the

models based on their error distribution, allowing the reliability of performance metrics to be

studied in di"erent cases. It is to the best of our knowledge a Þrst attempt at quantifying the

sensitivity of performance metrics. Sensitivity is highly inßuenced by the number of points

used to average the performance. Results have shown that, with thousands of points for

the average,msAPIS was the most sensitive metric in most cases, followed bymsRMSE

and mMASE , while the least sensitive metric wasmsMAPE . This result contrasts with

previous beliefs thatMASE should be preferred because of its mathematical properties.

The reliability results showed that, in most cases,msRMSE was the most reliable metric,

followed by mMASE . The exception is for cases where the modelsÕ di"erences were due to

a change in bias. In those cases, cumulative metrics likemsP IS and msAPIS were more

reliable. A surprising result was the ability ofmsMAPE to rank single point forecasting

models for a single time series with much more reliability than the other metrics. This result

is related to the level of intermittence of the time series. Removing intermittent time series

with a high proportion of zeros from the dataset brings the reliability ofmsMAPE closer to

other metricsÕ reliability.

Thus, the results o"er a new perspective on performance metrics, where the proposed method-

ology has allowed to Þgure some metrics were more reliable to changes in bias or in variance.

Therefore, we propose a strategy to select the best forecasting model by Þrst selecting mod-
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els with the same order of magnitude of the absolute value ofmsP IS and then ranking the

selected models based onmsRMSE .

Future work could study nDCG with relevance in function of both bias and standard deviation

to verify how much more reliable selection techniques are when using this last strategy in

comparison to mean rank methods.
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CHAPITRE 5 ARTICLE 2: MULTIPLE FORECASTING MODELS

SELECTION IN THE CONTEXT OF INVENTORY MANAGEMENT

St-Aubin, P., Agard, B.

Abstract - Forecast accuracy does not necessarily lead to better inventory performance.

Therefore, it becomes important to evaluate forecasting models under the conditions they

will be used. This paper presents a multi-forecasting models selection methodology in an in-

ventory management context. This is done through a data-driven simulation to evaluate the

performances of di!erent forecasting models given a Þxed inventory policy. We also propose

new multiple forecasting models selection techniques and evaluate the lift in inventory per-

formance induced by the selection of forecasting models based on simulation results versus

traditional accuracy metrics. The lift induced by the selection of multiple models compared to

the selection of a single model is also evaluated.

Keywords: Model Selection, Forecasting, Simulation, Inventory management, Inventory con-

trol

5.1 Introduction

The driving factor that has led research on demand forecasting so far has been the develop-

ment of more accurate Forecasting Models (FM). However, this factor does not always seem

to improve inventory management performance. Indeed, many research papers have reached

di"erent conclusions about the impact of improving forecasting accuracy on inventory per-

formance (Teunter and Duncan, 2009), (Sanders and Graman, 2009). For this reason, before

selecting a FM, it is important to test it under the conditions it will be used and to evaluate

it compared to the decision variables it impacts.

We propose a simulation method based on historical data to evaluate FM according to their

inventory performance. Additionally, this method makes it possible to assess the relevance

of using several FM, either by items, by periods, or both.

Until now, work on the selection of models has not explored the possibility of keeping several

FM depending on their contextual performance. To this end, we also suggest three new multi-

model selection methods that are validated by cross-validation. The impact of simulating

performance as well as selecting multiple models is explored through 3 experiments. These

experiments make it possible to estimate the lift induced by the simulation of inventory

performance, then by the selection of multiple models.

Philippe St-Aubin
53
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The next sections present, in order, previous and related work 5.2, the simulation and selec-

tion process methodology 5.3, the experiments 5.4 and the results 5.5.

5.2 Previous Work

The idea of measuring forecast performances based on decision variables directly started with

Gardner (1990). He used trade-o" curves to characterize forecasting techniques in terms of

delay of service and inventory investment. His results showed forecasts had a great impact

on investment and service. Later, (Sanders and Graman, 2009) and (Syntetos et al., 2010a)

tried to quantify the relation between accuracy performance and cost. They both found

that improving the accuracy reduced the costs. Sanders and Graman (2009) noted in their

experiment that errorÕs standard deviation is linearly correlated to the cost but that over a

certain threshold bias seemed to have an exponential impact on cost. Syntetos et al. (2010a)

used empirical results gathered from a simulation based on historical data to show that a

reduction of 1% in MAPE or sMAPE could result in a reduction of 15%-20% of stock and

increase cycle service level and Þll rate by 1%. However, those results were obtained on items

with smooth and continuous demand. According to other Þndings, those relations between

accuracy and inventory performance do not always hold in an intermittent demand context.

Teunter and Duncan (2009) showed in an intermittent demand context that forecasting zeros

only can result in a lower RMSE and MAD than other forecasting methods including Cros-

tonÕs method and SBA. To overcome this challenge, they simulated the forecasting method

to drive an order-up-to level (T,S) policy. Their results showed the CrostonÕs based method

and bootstrap method are superior when measured on inventory performance, i.e., service

and stock level indicators. It showed that optimizing accuracy metrics does not necessary

lead to lower costs or improved service.

Even though Hyndman and Koehler (2006) have solved the problem of measuring forecast

accuracy in intermittent demand context, other authors have used simulation to assess inven-

tory performance of forecasting methods. For example, Syntetos et al. (2010b), Kourentzes

(2013), Van Wingerden et al. (2014), and Solis (2015) each assessed the performance of FM

by simulating service and stock performance given an Inventory Performance (IP). Follow-

ing the same idea, Babai et al. (2012) and do Rego and de Mesquita (2015) both studied

the impact of temporal aggregation on inventory performance. Similarly and (Barrow and

Kourentzes, 2016), studied the impact of forecast combinations on safety stock. Babai et al.

(2009), compared the performance of a dynamic versus static reorder point policy. They

showed their results were highly sensitive to the forecasts performances. This conÞrms the

need to test FM in comparison to the decision variables it impacts.



55

More recently, Kourentzes et al. (2019) proposed a simulation optimization approach to

optimize forecasting modelÕs parameters directly based on a cost function derived from cycle

service level. His results showed that models optimized on MSE were more accurate but a

modelÕs bias was minimal when the FM was optimized on the cost function. They also a!rm

that model selection and combination remains an open question and suggest similar methods

could be used to explore possible solutions. This is what is done in this paper. We propose

a simulation framework to select multiple models based on di"erent selection methods and

di"erent cost functions.

So far the work done on this subject provides evidence that selecting a model for each indi-

vidual time series is beneÞcial under smooth demand conditions (Tashman and Kruk, 1996),

(Hyndman et al., 2002). However, this conclusion does not seem to hold under intermittent

demand conditions. Kourentzes (2014) showed single selection provided slightly more accu-

rate results than multi-selection. Since results according to smooth demand and intermittent

demand do not agree, it would be of interest to study the impact of multi-selection in the

presence of both intermittent and smooth demand. Moreover, the impact of multi-selection

has not been studied according to inventory performance.

Most previous work focuses on either smooth demand or intermittent demand. The dataset

in this paper, however, is composed of both intermittent and smooth demand with some

series presenting seasonality. It is especially interesting to test for multiple forecasting model

selection in this case as some FM are speciÞcally designed for intermittent demand while

others perform better in presence of seasonality and smooth demand.

The next section explains the details of the methodology we propose to simulate inventory

management and the model selection process.

5.3 Methodology

This section presents the proposed methodology to select a FM in an inventory control

context. The idea is to simulate, from historical data, the performance of a set of FM given

a selected IP. Then, we use Cross-Validation (CV) to validate the performance of dynamic

or hybrid conÞgurations using multiple di"erent FM on di"erent items, di"erent periods, or

both.

To apply the methodology, one requires the historical data on each item to forecast and the

lead time of each item to reconstruct the events. To initialize the simulation one needs to

deÞne parameters to partition the data: the initial date for the simulation (t0), the actual

date which is increased at every time step and is initialized att0 (t), the last date of the
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simulation (tv), and the last date of the validation set (T). Figure 5.2 presents a visualization

of the parameters. Another parameter to be set is the initial stock for each item. To consider

the di"erent scale of demand for each item, the initial stock is considered as a proportion (( )

of the safety stock (ss).

Figure 5.1 presents a ßow chart of the simulation. Its components as well as the parameters

of the simulation are described in the following subsections.

Figure 5.1 Simulation ßow chart

5.3.1 Data Partition

The data partition is done dynamically following the parametert. This parameter represents

the actual period ending the training set. The partitioning is done in three sets as presented

in Þgure 5.2.

The training set is used to calibrate the FM. It is changed every iteration with the increment

of t. However, note that the minimum value fort is t0 which sets the minimum number of

periods to be used in the training set.

The test set begins at periodt and ends at periodtv. It is used to evaluate the performances

of the FM in an inventory management context. The validation set starts at periodt = tv
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Figure 5.2 Data Partition

to the end of the last periodT used for the simulation. It is used to conÞrm the generality

of the performance of the selected FM. For example, a combination of di"erent FM could

yield better inventory performance than the selection of a single one. Therefore, the selection

of a combination or a sequence of FM acts as the selection of a parameter in a model. To

conÞrm that the improved results obtained with a given model conÞguration are not due to

overÞtting the test set, the performance of the conÞguration should also yield better results

on the validation set.

5.3.2 Forecast Demand

Once the data partition is done, the parameters of the chosen FM for the simulation are

selected to minimize either the Akaike Information Criterion (AIC), if available, or the Mean

Squared Error (MSE) in-sample (on the training set). For every new period (t), the parame-

ters of the models are reevaluated as Syntetos et al. (2010b) and Babai et al. (2009) showed

it improved results compared to static parameters.

5.3.3 Forecast Accuracy

The accuracy of the forecasts is measured using the MSE. They are later used to calculate

the IP parameters. The MSE is estimated in-sample (on the training set).

5.3.4 Calculate Inventory Policy Parameters

Many di"erent methods can be used to calculate IP parameters. In this paper, the IP is Þxed

as a(s, Q) policy and the reorder point is evaluated by:

s =
t+ LT + R%

i = t

Fi + " ! 1(TSL)
'

MSEt á(LT + R) (5.1)
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The Þrst part of the equation (Fi ) is the forecasted demand for periodi . The second part

of the equation represents the safety stock (ss) where " is the cumulative distribution of

a normal distribution in-sample at period t0. TSL is the Target Service Level,MSEt is

the in-sample Mean Square Error evaluated with data fromt0 to t, LT is the Lead-Time,

and R is the number of periods covered by an order. This safety stock calculation method

follows the normal approximation as presented in (AxsŠter, 2006). Note that given the actual

simulation framework, di"erent calculation methods could be used to estimate the best set

of parameters. The order quantity (Q) depends on the stock level and the forecasted values.

Its formulation is explained in the following section.

5.3.5 Inventory simulation

The inventory simulation uses the real demand data from periodt0 to T with the correspond-

ing forecasted demand values of the di"erent FM to rebuild, according to the IP, the stock

levels and the sequence of orders and deliveries.

To begin, the stock levels att0 (I t0 ) are initialized as a proportion of the safety stock (ss):

I t0 = ( áss. Where ( is the proportion parameter of the safety stockss.

Then, the inventory level (I t ) at the end of the period is obtained by:

I t = I t ! 1 + L t # Yt (5.2)

Where L t is the quantity to receive on periodt, and Yt the demand during the period.

Let us deÞne the inventory level with the opened orders (orders passed but not yet delivered)

as IO t = I t +
! t ! 1

j =1 (Qj # L j ) The order quantity Q is given by :

Qt =

(
)

*
0, if IO t > s

! t+ LT + R
j = t+ LT Fj + s # IO t , otherwise.

(5.3)

Where Fj is the demand forecast for period j.

Since the opened orders are taken into account for the reorder decision, several Purchase

Orders with di"erent due dates can be opened in simultaneously, therefore allowingR to be

smaller than LT . Negative stock can also occur. That would translate as back orders.

Finally, the deliveries are set as a time lag ofQt by LT periods.

L t+ LT = Qt (5.4)
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5.3.6 Inventory performance

The inventory performance of the FM at each period is based on the cost functionZ . It

evaluates the cost of the Realized Service Level (RSL) for the item i at period t. The cost

function is deÞned as follows:

Zi,t = Qi,t ácI
i,t + |I i,t # TSL áYi,t |á

+
cBO

i,t

2

"

1 # sgn(I i,t # TSL áYi,t )
#

+
cOS

i,t

2

"

1 + sgn(I i,t # TSL áYi,t )
# , (5.5)

Where Qi,t , I i,t , Yi,t , cI
i,t , cBO

i,t and cOS
i,t are the ordered quantity, inventory level, the demand,

the itemÕs cost, the back order, and over stock costs for itemi at period t respectively. TSL

represents the Target Service Level. In this case, the inventory level can be negative as back

orders are allowed.

Note that the cost function can still be used in absence of information about cost by attribut-

ing a cost of 0 or 1 to the items and of 1 to both back order and over stock costs. In that

case, the cost function would simplify to the Þrst term of Z. Di"erent penalties to positive

or negative errors can also be applied by increasing one of the costs compared to the other.

Once the performance for the period is evaluated, the periodt is increased and the algorithm

checks ift has reachedtv which would stop the simulation and begin the model selection and

cross-validation of the selection.

5.3.7 Model selection

Di"erent selection methods can be applied and compared on the validation set. With our

methodology, the selection methods are based on the inventory performance cost function

deÞned above. Observing it with di"erent levels of aggregation could lead to better global

inventory performance by combining multiple FM either at di"erent periods or for di"erent

items. We use the term model conÞguration to designate such a combination or sequence of

models.

Single Model Sum Selection (SMSS) Selects a single FM based on the total sum of

costs over all items fromi = 1 to N and all periods fromtv to T : min
! N

i =1
! T

j = tv
Zi,j .

This way, the model that yields the lowest cost over all items and all periods gets

selected. Note that the aggregation operation is changed for the average when used

with classical accuracy metrics.
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Single Model Ranked Selection (SMRS) Selects a single FM. It takes the sum of

the cost over all periods. For all items, the models are ranked according to their cost.

The FM with the minimum average rank over all items and periods is chosen. This

method accords the same weight to all items and therefore should yield betterRSL

on the global evaluation with physical inventory.

Multi Model Item Selection (MMIS) Selects di"erent FM for di"erent items or groups

of items by taking the sum of costs over all periods. For each item or group of items,

the FM that yields minimum costs over all periods is selected.

Multi Model Period Selection (MMPS) Selects di"erent FM at di"erent periods.

The idea is similar to the previous one, where the sum of costs over all items for all

periods or aggregation of periods is taken. The minimum cost models for each period

or aggregation of periods are selected.

Multi Model Item Period Selection (MMIPS) This method combines the last two

methods. It selects models for di"erent items or groups of items and di"erent periods

or aggregation of periods. To do so, the minimum cost models over the periods or

aggregation of periods for each item or group of items are selected. This method can

result in the selection of di"erent sequences of models for each item.

Multi-model selection can be useful if di"erent items to forecast present di"erent characteris-

tics such as intermittent demand or seasonality. However, such a detailed selection of models

could lead to overÞtting the test set used for the simulation. This is why cross-validation is

required to conÞrm the generality of the selection on an independent dataset.

5.3.8 Cross-validation

After applying several selection methods, a deÞnitive model conÞguration is chosen according

to the global performances on the validation set. This is done to avoid the selection of

models conÞguration that overÞts the test set. The conÞguration with the best results on the

validation set should yield the best results on future observations as the application of train

test cross-validation (Hyndman, 2014) proves this conÞguration performs well out-of-sample.

The Þnal global evaluation to compare the di"erent FM conÞgurations selected is done ac-

cording to three metrics:

The Total Cost : TC =
! N

i =1
! T

j = tv
Zi,j . It sums the costs over all items and periods.

One drawback of this metric is that it weighs high demand and expensive items more

than low demand item. Thus, it could mask a poor service level performance for

certain groups of products with low demand.



61

The Stock Ordered : SO =
! N

i =1
! T

j = tv
Qi,j . It represents the total quantity of stock

ordered.

The average Client Service Level : CSL = 1
N áT

! N
i =1

! T
j = tv

min (1, P I i,t /Y i,t ). It rep-

resents the realized service level from the point of view of a client. This implies the

CSL is between zero and one.

The next section presents an experiment following this methodology to conÞrm its validity

and to compare its results to classical FM selection based on accuracy metrics.

5.4 Experiment

Figure 5.3 Experiment 1: Multi-Model Selection

To test this methodology, we built an experiment using snaive, arima with seasonal compo-

nent if necessary (Hyndman and Athanasopoulos, 2018), theta (Assimakopoulos and Nikolopou-

los, 2000), SBA (Syntetos and Boylan, 2005) and TSB (Teunter et al., 2011) as FM.

Figure 5.3 presents the Experiment 1 setup where Þrst, all FM are simulated with the IP and

the calculation method of its parameters on the test set. The range of the orderR is set equal

to the lead time plus one period (LT + 1) as it is common in literature. With the results

of each iteration of the simulation, di"erent performance metrics are calculated. Then, a

model selection method is applied according to each metric. This results in the selection of

20 models conÞgurations. Those conÞgurations are then used to simulate the validation set.

The global performances of all conÞgurations are then compared to make a conclusion on the

e!ciency of the methodology.

The experiment uses data from a company that supplies uniforms for several di"erent orga-

nizations. It contains over 10 000 items to supply. The data contains the demand for each

item from 2012 to 2019. The Þrst two years of data are kept for the training sot0 is set to

the Þrst date of 2014. The last complete year of data is kept for the validation set, sotv is

set to the Þrst date of 2018.
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The initial stock is set equal to the reorder point, meaning( = 1 for each item. In the

absence of information about the costs,cI is set to 1, cOS is set to 0.05, andcBO to 0.5

for all items. For the multi-model selection methods, individual items are the aggregation

considered for the items multiple selection and a 3 months period aggregation is chosen for

the period aggregation.

The accuracy metrics selected are presented in detail in (Hyndman and Koehler, 2006),

(Petropoulos and Kourentzes, 2015) and (Kourentzes, 2014) for MASE, sRMSE and sAPIS

respectively.

The next section describes the benchmarks and the contribution of the experiments.

5.4.1 Benchmarks and contribution

This experiment serves two purposes:

1. To conÞrm the validity of the methodology

2. To estimate the lift induced by:

2.1 The selection of FM based on inventory performance

2.2 The selection of multiple FM through the application of new proposed methodology

on the selection process

To evaluate these points, two other experiments are carried out. Their details are explained

in the following subsections.

5.4.1.1 ConÞrm the validity of the methodology

To conÞrm the validity of the methodology, a second experiment is run: Experiment 2.

It follows a classical accuracy metric selection method in which a single model is selected

according to the SMSS and SMRS, which are a common selection processes in literature

(Makridakis and Hibon, 2000).

Figure 5.4 presents the characteristics of Experiment 2. It presents a classical train-test

evaluation, where the whole train and test sets are used to train the FM, and the validation

set is used to select the most accurate model. The global performance of the most accurate

model is then calculated. This last result is used as a benchmark to conÞrm the validity of

the methodology and to evaluate the lifts in 2.1 and 2.2.

If the global performance obtained in Experiment 1 is similar or better than the global

performance in Experiment 2, then the methodology is considered valid to select FM.
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Figure 5.4 Experiment 2: Classical Accuracy Selection

5.4.1.2 Estimate Performance Lift

Figure 5.5 Experiment 3: Classical Simulation Selection

The lift induced by the simulation of the inventory performance is evaluated based on the

results of the Experiment 3 presented in Þgure 5.5. In this experiment, again, the selection is

made directly on the validation set. The lift is evaluated in two ways. First by comparing the

results from the selection based on the cost function in Experiment 3 to those from accuracy

metrics in Experiment 2. Second by comparing the global performance of the selection in

Experiment 2 to the model with the best global performance.

Finally, point 2.2 is estimated by comparing the global results from Experiment 1 obtained

with accuracy metrics to those of Experiment 2. The results from Experiment 1 obtained

from the inventory based cost function are compared to those of Experiment 3. Thus, the

lift caused by the multi-model selection methodology can be evaluated independently from

the performance metric used.

The results of the three experiments are presented, compared and discussed in the following

section.
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Table 5.1 Experiment 2: SMSS and SMRS results

SMSS SMRS
model MASE sRMSE sAPIS MASE sRMSE sAPIS
SBA 1.044 11.546 73.400 2.330 2.224 1.012
TSB 1.071 11.686 47.517 2.916 2.157 2.048
arima 1.348 36.554 46.091 3.378 3.363 3.100
snaive 1.096 12.530 49.357 3.521 4.519 3.961
theta 1.074 13.179 48.908 2.855 2.737 4.879

5.5 Results

The results of the classical accuracy metrics for single selection methods are presented in

table 5.1. The results indicate that SBA seems to be the most accurate model as it has the

best performance for most metrics in both SMSS and SMRS.

Table 5.2 Experiment 3: SMSS results

model TC á106

SBA 5.415
TSB 5.434
arima 5.847
snaive 6.028
theta 6.089

Table 5.2 presents the total cost of Experiment 3. Again, with the cost function, SBA is the

model that minimizes the overall costs. To summarize, all of the single selection methods

have selected SBA except in the case of SMRS selection with the sRMSE metric, where TSB

is selected. Thus, SBA is considered the model selected in both experiments 2 and 3.

Table 5.3 compares the global performances of all conÞgurations. In this case, the results are

a little more spread across the global metrics space.

To better represent the results, we plot the results according to the stock ordered and the

average CSL on Þgure 5.6. We decided to plot according to the level of Stock Ordered and

average Client Service Level since in this case, the cost information was not obtained from

real data but instead set to minimize its impact. The penalties were set to respect the 10%

ratio of overstock cost over backorder cost that Babai et al. (2009) and Syntetos et al. (2010b)

seem to Þnd realistic.
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Table 5.3 ConÞgurations global performance

Selection model CSL SO á106 TC á106 mRank

Single

SBA 94.7 2.555 5.415 12.833
TSB 94.9 2.562 5.434 13.000
arima 98.0 2.545 5.847 9.667
snaive 97.9 2.495 6.028 8.667
theta 96.4 2.650 6.089 12.667

MMPS

cost 97.5 2.445 5.730 6.000
MASE 94.6 2.508 5.337 9.667
sRMSE 94.8 2.510 5.348 9.667
sAPIS 94.6 2.508 5.337 9.667

MMIS

cost 95.5 2.469 5.065 4.000
MASE 95.3 2.447 5.341 5.667
sRMSE 95.4 2.493 5.359 7.667
sAPIS 94.6 2.548 5.402 12.667

MMIPS

cost 96.1 2.478 5.192 4.333
MASE 96.3 2.473 5.438 7.333
sRMSE 95.9 2.489 5.425 8.000
sAPIS 94.7 2.535 5.407 11.500

Figure 5.6 All ConÞgurations level of SO compared to the average CSL
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One can see on Þgure 5.6 a clear increase in performance when selecting multiple models over

a single one. However, multiple model selections based on sAPIS accuracy metric seem to

perform less well compared to the selections using other metrics. This is the same for the

MMPS selection where the selection based on accuracy yielded CSL slightly under the target

of 95%. However, it could be explained by a poor choice of period aggregation.

5.5.1 Simulation versus Accuracy selection

As presented in table 5.1, single model selection based on accuracy selection would have

selected the SBA forecasting method. Now, if we measure the lift of each conÞguration

according to the performance of SBA, we obtain the results presented in table 5.4. The last

column of table 5.4 represents the mean lift of all the other columns. Since experiments 2

and 3 selected SBA, it appears the simulation could not improve the selection.

Table 5.4 Mean lift according to selection method

Selection model CSL (lift) SO (lift) TC (lift) mean (lift)

Single

SBA 1 1 1 1
TSB 0.998 1.003 1.004 1.002
arima 0.966 0.996 1.080 1.014
snaive 0.967 0.977 1.113 1.019
theta 0.982 1.037 1.124 1.048

MMPS

cost 0.971 0.957 1.058 0.995
MASE 1.001 0.982 0.986 0.990
sRMSE 0.999 0.983 0.988 0.990
sAPIS 1.001 0.982 0.986 0.990

MMIS

cost 0.992 0.967 0.935 0.965
MASE 0.994 0.958 0.986 0.979
sRMSE 0.993 0.976 0.990 0.986
sAPIS 1.001 0.997 0.998 0.999

MMIPS

cost 0.985 0.970 0.959 0.971
MASE 0.983 0.968 1.004 0.985
sRMSE 0.987 0.974 1.002 0.988
sAPIS 1.000 0.992 0.999 0.997

Despite the strong case for this selection, the Total Cost (TC) does not represent the real costs

encountered by the company and SBA was not exactly on the target service level. Therefore,

one can consider the simulation has allowed the detection of an increase of a little more than

3% on the CSL and a reduction in SO of 2.3% if the snaive model is selected instead of

SBA. Additionally, considering the mean rank (mRank) on global performance, snaive and

arima both outperform SBA. Based on those factors, one could argue the induced lift by
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the simulation is between 0% to 2.8% if taking the average lift over the global performance

metrics.

5.5.2 Multi versus single selection

The lift induced by multiple model selection is on average if we take the mean lift on all

metrics for all multi-models of 1.4%, with an average increase in CSL of 0.8%, an average

reduction in SO of 2.5% and an average reduction in cost of 0.9%. Considering the multi-

model selected is the one with the minimum average rank (mRank) on the global performance

metric (see table 5.3), the MMIS.cost conÞguration would be selected. So for the best-case

scenario, the lift induced by multiple selection is of 3.5%. With an increase in CSL of 0.8%,

a reduction in SO of 3.3% and a reduction in cost of 6.5%.

5.5.3 Impact of cost on lift

Figure 5.7 Distribution of item costs

The results presented so far were obtained without considering real cost of itemscI . Let us

introduce a more realistic cost by drawingcI from the exponential distribution presented in

Þgure 5.7. Let us setcOS to 0.5 and cBO to 5 for each period for each unit in back order.

That respects the cOS

cBO = 10% used in (Babai et al., 2009) and (Syntetos et al., 2010b).

Again, even with the change in costs, the single selection does not change and SBA is still

the selected model except for the SMRS based on sRMSE conÞguration where again, TSB is
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selected. This is logic for the accuracy based selection since changing the cost of the items

does not change the accuracy of the FM nor the decisions.

Table 5.5 ConÞgurationsÕ global performance with realistic costs

Selection model CSL SO á106 TC á106 mRank

Single

SBA 94.7 2.555 129.4 13.500
TSB 94.9 2.562 130.0 13.833
arima 98.0 2.545 134.6 10.166
snaive 97.9 2.495 134.2 8.000
theta 96.4 2.650 137.3 13.000

MMPS

cost 98.0 2.556 120.8 9.500
MASE 94.6 2.524 113.5 9.333
sRMSE 94.9 2.534 113.9 9.500
sAPIS 94.6 2.524 113.5 9.333

MMIS

cost 95.4 2.457 109.5 3.833
MASE 95.3 2.446 112.2 4.333
sRMSE 95.4 2.493 114.2 7.167
sAPIS 94.6 2.544 114.4 12.667

MMIPS

cost 96.5 2.514 114.2 4.333
MASE 96.3 2.475 113.8 7.333
sRMSE 95.9 2.483 114.7 8.000
sAPIS 94.7 2.530 114.0 11.500

Inspecting table 5.5, one can observe that SBA still outperforms the other single FM conÞg-

urations in term of SO and TC.

One can also observe from Þgure 5.8 that when considering realistic costs, the impact of

multi-selection appears even more important.

Considering again with realistic costs the lift induced by simulation (see table 5.6 for results),

one would Þnd that it seems to have between no impact and around 3% lift if the decider only

takes into consideration CSL and SO which are the only real measures of impact. Otherwise,

one can consider the classical accuracy selection have selected the FM of minimal cost.

For multi-model selection, considering realistic costs makes the average lift of selecting mul-

tiple models on TC go from 0.9% to 15.3%. Which is a signiÞcant savings for a company.

Recomputing the average lift induced by multiple selection compared to single model selec-

tion, we obtain a 4.9% average lift on all global performance metrics with a maximum of

6.6% lift for the best conÞguration: MMIS.cost.
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Figure 5.8 All ConÞgurations TC compared to the average CSL with realistic costs

Table 5.6 Mean lift according to selection method with realistic costs

Selection model CSL (lift) SO (lift) TC (lift) mean (lift)

Single

SBA 1 1 1 1
TSB 0.998 1.003 1.005 1.002
arima 0.966 0.996 1.041 1.001
snaive 0.967 0.977 1.038 0.994
theta 0.982 1.037 1.061 1.027

MMPS

cost 0.966 1.001 0.934 0.967
MASE 1.001 0.988 0.877 0.955
sRMSE 0.998 0.982 0.881 0.957
sAPIS 1.001 0.988 0.877 0.955

MMIS

cost 0.993 0.962 0.847 0.934
MASE 0.994 0.958 0.867 0.940
sRMSE 0.993 0.976 0.883 0.951
sAPIS 1.001 0.996 0.884 0.960

MMIPS

cost 0.981 0.984 0.883 0.949
MASE 0.983 0.969 0.880 0.944
sRMSE 0.987 0.972 0.887 0.949
sAPIS 1.000 0.990 0.881 0.957
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5.6 Conclusion

This paper proposed a methodology to select multiple forecasting models in an inventory

management context. To do so, a simulation framework was proposed to measure inventory

performance of di"erent FM according to an IP. The framework allows for dynamic changes

in both the FM and the IP for each item and periods. Using the proposed simulation

framework, we have tested di"erent selection methodologies. Among them, new multiple

FM selections have been tested to estimate the impact in terms of lift of: 1. simulating the

inventory performance of a single FM and 2. multiple selection. The results were validated

by cross-validation on an independent set.

Based on service level, stock ordered, and total cost, the selection driven by simulation could

not improve the results, as the most accurate FM was also the model of minimum cost.

However, simulation could reveal other prospective models for selection, which required less

stock (2% less) and exceeded the target CSL (4% increase). Otherwise, the impact of the

simulation was minimal, since it selected the same model as classical accuracy metrics.

On the other hand, multi-model selection results showed a clear impact when allowing the

FM selection to be made for each individual item (MMIS). Selecting the best FM at the item

level increased the Service Level (7% increase), reduced the number of units ordered (4%

reduction), and reduced the costs (15% reduction) if it was based on either the cost-based

cost function or MASE. Indeed, the improvements were not as clear when selecting models

based on sRMSE or sAPIS.

Based on the results, the cost of developing the simulator and the extra wait for the re-

sults might not bring signiÞcant improvements to the performances compared to classical

or multiple model selection based on MASE. Nevertheless, the simulation remains useful to

translate performance into cost and service units. To summarize, the results showed that

a selection based on cost is more reliable than based on accuracy. Multiple selection also

shown to improve results compared to single selection.

Since the goal of any organization should be to reduce their operationsÕ costs while maintain-

ing good service, it would be interesting to test if optimizing the IP given the FM can lead

to greater impact on service and costs than an improvement of FM accuracy given the IP as

we tested in this paper. That would be a step towards optimizing the FM and IP together.
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CHAPITRE 6 ARTICLE 3: AN IMITATION LEARNING APPROACH TO

INVENTORY MANAGEMENT

St-Aubin, P., Agard, B.

Abstract - In many cases in inventory management, it may be possible to know what would

have been the best inventory management decision given historical events. In this context,

most previous works have focused on optimizing a predeÞned Inventory Policy (IP) to de-

termine reorder decisions. Instead, in this paper, we propose to learn a dynamic reorder

policy using Imitation Learning (IL), which is an approach used to convert an optimization

problem into a supervised machine learning problem when optimal or near optimal solutions

are known. The derived IL-based policy is compared to a static (s,Q) and a dynamic (st , Q)

reorder policy. The policies were implemented and fed using four di!erent forecasting models

(seasonal arima, sba, snaive, theta). Our results showed that the most accurate Forecasting

Models (FM) did not yield the best inventory performance and that using an IL-based policy

could improve the inventory performance by almost 30% compared to the static (s,Q) policy.

Keywords: Imitation learning, Inventory management, Inventory control, Machine learning,

Dynamic inventory policy

6.1 Introduction

The performance of an inventory management system relies heavily on demand forecasts

(Prak and Teunter, 2019). Therefore, changes in the Forecasting Model (FM) or in the

performance of the FM can require that the Inventory Policy (IP) parameters be recalibrated

to optimize inventory performance. Recalibrating the IP to the FM changes can be time

consuming and complicated. One way to mitigate this is to use a policy that can adapt to

changes in the performance of a FM. A technology that can add such information to adapt

its prediction is Machine Learning (ML). Indeed, a ML model could be trained to learn the

impact of changes in the performance of a FM and thus allow the IP to adapt its decision.

However, the methodology to learn an IP using ML is not evident.

In this paper, we propose to use Imitation Learning (IL), an approach to transform control

problems into supervised learning problems that can be solved with ML (Hussein et al., 2017).

In the present case, IL is used to learn an IP depending on the state of the inventory and

other factors. The methodology is tested with real data and the performance of the learned

policy is compared to that of a static (s,Q) and a dynamic (st , Q) policy with its parameters

Philippe St-Aubin
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updated every period as this was shown to reduce inventory costs (Babai et al., 2009). The

idea is to develop a dynamic IP that does not need to have its parameters adjusted whenever

a change in the FM or in the performance of the FM occurs.

The following sections present actual approaches to solve the problem (section 6.2), the

proposed methodology to approach an inventory management problem as an IL problem

(section 6.3), the details of the conducted experiment (section 6.4) and our results (section

6.5).

6.2 Previous works

The problem of managing inventory has mainly been approached by selecting an IP and

trying to optimize its parameters to minimize costs or stock levels while maintaining an

acceptable service level. Di"erent heuristics to select the parameters were proposed for

(s,S) and (T,s,S) policies. Among the most known are NaddorÕs heuristic (Naddor, 1975),

the Power approximation (Ehrhardt, 1979) and the Normal approximation (Wagner, 1970).

However, no signiÞcant di"erences in performance were observed in an empirical comparison

(Sani and Kingsman, 1997). Another empirical study Babai et al. (2010) found that the

Normal approximation yielded the best results in terms of backlog/inventory holding. For the

reorder point policy (r,Q), the Silver-Meal (Silver, 1973) or the EOQ (Wilson, 1934) heuristics

can be used to calculate the order quantityQ and an hypothesis on the demand distribution

can be made to determine the reorder pointr (AxsŠter, 2006). While these heuristics make

approximations about the properties of the demand distribution, the costs, or the forecast

error to derive expression of the parameters in function of the forecast error/demand variance

(Syntetos et al., 2014) (Syntetos et al., 2010b), others such as Mohammaditabar et al. (2012)

use meta heuristics or mixed integer linear programming (MILP) as Movahed and Zhang

(2015) to determine when and how much to order.

So far, few studies present the impact of dynamic calculations of the parameters of an IP

(do Rego and de Mesquita, 2015). Grewal et al. (2015) has shown through simulation that

adapting the reorder point and quantity to seasonality could reduce inventory levels, and

Babai and Dallery (2009) further showed that a dynamic reorder point (r,Q) policy reduced

required inventory levels compared to a static policy. Even though extensive results about the

impact of dynamic policies are not available, many authors believe it should reduce inventory

levels. Among them, Kanet et al. (2010) advised for the use of dynamic parameters in the

presence of varying service level requirements or non stationary demand or lead time. In

most cases when a dynamic policy is proposed, it reevaluates the parameters at a certain

frequency from one of the heuristic methods as in Tiacci and Saetta (2009), Babai et al.
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(2009), and Syntetos et al. (2010b).

Another way to solve for dynamic policies is to approach the problem from an IL perspective.

The idea of IL is to use demonstrations to train an agent (a learning machine) to perform a

task (Hussein et al., 2017). Thus, if the optimal decision for a given situation (state) is known

afterward from historical data, then one can collect a large set of (state, optimal decision)

pairs to train the agent (a ML model). The model would map a state to its optimal decision

resulting in a dynamic policy that adapts to the actual state. An advantage of IL is that

using simulation to generate the states allows the agent to learn to cope with predictable

changes of the environment or the task. In an inventory management context that means,

the policy can learn the impact of a drift in performance of the FM, a change in the lead

time, etc. Using IL also allows to include metadata such as the date or product group to

learn a policy that considers covariates to improve performance. Things that are di!cult to

do with classical IP.

IL was used in Abbasi et al. (2020) who trained a ML model to reproduce optimal decisions

obtained from solving a stochastic optimization problem on the logistics of sharing a blood

supply among a network of hospitals. The ML model was able to reproduce near optimal

solutions, reducing costs by around 29%. Similarly, Baniwal et al. (2019) could deduce from

the structure of a problem related to predictive picking in a distribution center. IL was then

used to reproduce the optimal policy. This approach performed much better than any other

heuristics.

The following section presents an IL-based approach to model a dynamic IP with ML.

6.3 Methodology

This section presents the methodology to build and evaluate an IL-based IP. The general

idea is to obtain state observations (Inventory level, Forecasts, etc.) noted#(xt ) through

simulation of a base heuristic (an (s,Q) IP). Then, given the actual demand is known, an

optimal policy µ(xt ) can attribute the optimal decision u"
t to each state observation#(xt ).

Once enough observations are gathered, a ML model is trained to learn a mapping (an

approximation of the optimal policy noted ÷µ) of a state to a decisionu.

All the components of the methodology are presented on Þgure 6.1. It presents the historical

demand series (Y) of di"erent items to manage including smooth series B and C and intermit-

tent series A. Demand series (Y) are the only input data required to apply the methodology.

The Þrst step of the methodology is to partition historical demand in two subsets. The Þrst,

used to train the policy, includes all available periodst beforetv. Once a policy is learned,
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the second subset, which includes all periodst greater or equal totv, is used to validate the

generalization capacity of the policy on unseen data and to compare its performance to other

benchmark policies.

Figure 6.1 Imitation Learning and performance evaluation methodology

The following subsections divide the methodology in two. The Þrst presents how to learn

the policy applying IL on the training set. The second presents how to validate the IL-based

policy using the validation set.

6.3.1 Learning the Inventory Policy

To train the policy, multiple labeled observations must be gathered. These observations

can be obtained via simulation of a base heuristic. The following subsection describes the

simulation and base heuristic used to gather observations.

6.3.1.1 Simulation

To gather multiple observations involving di"erent statesxt of demand (Yt ), inventory ( I t ),

incoming orders (Ot ), etc., one can use the historical demand and any IP as the base heuristic

to drive the reorder process and simulate what would have happened given the actual demand
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and the base heuristic. In this paper, an (s,Q) IP is used as base heuristic and the output of

the simulation are observable features of the states#(xt ). These are further detailed in the

ML section 6.3.1.3. The simulation workßow is presented in Þgure 6.2 and detailed in this

subsection.

Figure 6.2 Simulation ßow chart

First, the initial period t, the inventory I , and the incoming ordersO are set equal to the

initialization parameters (t0, I 0, O0). Since an (s,Q) policy is used, demand forecasts are

required to determine the right quantity to order.

6.3.1.1.1 Forecast Demand For the simulation, four di"erent FM are used: seasonal

arima (arima), seasonal naive (snaive) (Hyndman and Athanasopoulos, 2018), theta (Assi-

makopoulos and Nikolopoulos, 2000), and SBA (Syntetos and Boylan, 2005). Their param-

eters are selected either to minimize the Akaike Information Criterion (AIC), if a statistical

model is available, or to minimize the in-sample Mean Squared Error (MSE) otherwise. The

FMÕs parameters are reevaluated every period and therefore use the data from periodt = 0 to

the actual period t to forecast demand over the required horizon. Following this, each FMÕs

in-sampleMSE at period t is evaluated (MSEt) as this is used to calculate the parameters

of the base heuristic.
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6.3.1.1.2 Base Heuristic The base heuristic can be any classical IP. In this paper, the

chosen IP is an (s,Q) policy. The reorder point is evaluated by:

st =
t+ LT + R%

j = t

Fj + " ! 1(TSL)
'

MSEt á(LT + R) (6.1)

The Þrst part of the equation represents the estimated demand the inventory should at

all times be able to cover. Fj is the forecasted demand for periodj . The second part of

the equation is the safety stock (ss). The safety stock approximation follows the Normal

approximation heuristic (Wagner, 1970) as it was shown to perform well in (Babai et al.,

2010) and Sani and Kingsman (1997)." is the cumulative normal distribution; TSL is the

Target Service Level (TSL);LT is the Lead Time (LT); and R is the number of periods an

order should cover for.

The order quantity (Q) depends on the stock level, the incoming orders and the demand

forecasts.

Qt =

(
)

*
0, if I t + Ot > s t

! t+ LT + R
j = t+ LT Fj + st # (I t + Ot ), otherwise.

(6.2)

Where Ot =
! t ! 1

j =0 Qj # L j is the incoming orders (orders to be received);L t+ LT = Qt is the

reception at periodt + LT . The receptions are the lagged vector of the ordersQ by LT . The

inventory I t is updated according to:I t = I t ! 1 + L t # Yt .

After the base heuristic updates the inventory levels, some additional random noise can be

added to the inventory levels to increase the probability of spanning all possible states.

6.3.1.1.3 Extract Features Once an iteration of the simulation is over, observable fea-

tures #(xt ) of the state xt are saved as observations for the supervised learning problem

to model the policy. The features used in this paper are theI t , Ot , F s
t =

! t+ LT + R
j = t Fj ,

F Q
t =

! t+ LT + R
j = t+ LT Fj , LT , t, MSEt (F ), the latter being the in-sample MSE of the model

trained at period t. These features are extracted for each iteration oft for each FM and each

item. The observations are kept in memory to build the dataset to train the policy with ML.

The next subsection discusses how the labels can be added to the dataset.

6.3.1.2 Set Label (optimal policy)

To approach an inventory management problem with IL, one needs to know what is the

optimal decision in any given case. In this subsection we argue what such a policy could be

to determine the labels for the dataset.
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A company generally wishes to minimize its stock investment, modeled as:

Ji,t = ui,t ácI
i,t (6.3)

Where ui,t is the quantity ordered for the item i at period t, and cI
i,t is the unit cost of item

i plus holding cost at periodt. So,Ji,t represents the cost at periodt for the item i .

Another important factor to consider is the Service Level (SL) to balance out the objective to

minimize stock. To take this into consideration, under and over-achieved TSL are attributed

an additional penalty cost (P):

Pi,t = |I i,t # TSL áYi,t |á
+

cBO
i,t

2

"

1 # sgn(I i,t # TSL áYi,t )
#

+
cOS

i,t

2

"

1 + sgn(I i,t # TSL áYi,t )
# , (6.4)

And so the total cost is :

Ji,t = ui,t ácI
i,t + Pi,t (6.5)

In addition to the cost of the ordering decisionui,t , the unit cost of under-achievingcBO
i,t

and over-achievingcOS
i,t the TSL are added, whereI i,t and Yi,t are the inventory level and the

demand of itemi at period t respectively. The functionsgn is the Sign function. Considering

the outcome of under-achieving the TSL can result in contract loss in addition to the usual

extra costs of back ordering,cBO
i,t is greater than the other costs. Therefore, to minimize the

function Ji,t , one needs to minimize the ordered stock to avoid over-achieving TSL costs and

to minimize the ordering costs, while ordering enough stock to avoid the high extra cost of

under-achieving the TSL.

In a context where suppliers allow multiple opened orders, an optimal policy would order,

at every period, the stock required to ÞllTSL percent of the demand att + LT whereLT

is the Lead Time. Such a policy would render the TSL at a minimum cost. Some suppliers

might not be willing to take new orders every period. In that case, an additional parameter

R should be added to represent the number of periods the order must Þll the demand for. As

well, the orders should be passed everyR periods to ÞllTSL percent of the demand between

periodst + LT and t + LT + R.

To summarize, the optimal reorder policy in a context where multiple orders are allowed,

reorder the quantity required to Þll the demand forR periods if it is no longer possible to

wait to reorder before the Realized Service Level (RSL) becomes less than the TSL. That
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can be written as the following rule :

u"
i,t =

(
)

*
0, if I i,t + Oi,t > TSL á

! t+ LT + R
j = t Yi,j

TSL á
! t+ LT + R

j = t Yi,j # (I i,t + Oi,t ), otherwise.
(6.6)

Where u"
i,t represents the order quantity for itemi at period t. An order must be passed if

the inventory level with incoming orders cannot meet the demand for the followingLT + R

periods. The quantity to reorder should be the di"erence between the demand between

periodst and t + LT + R and the inventory level with incoming orders.

This policy yields minimum costs if used with historical data where the actual demandYi,t is

known beforehand. Thus, this policy is used to label any given state of inventory, incoming

orders, and demand for the following LT+R periods with the optimal decision.

6.3.1.3 Machine learning

From the labeled dataset, the extracted features of the state#(x) (I t , Ot , F s
t , F Q

t , LT , t,

MSEt (F ) in this case) and additional metadata are used to learn the reorder policy with

supervised learning. Supervised learning uses ML to map a function (the policy÷µ) of the

input (the feature vector #(xt )) to the output (the decision u"
t ) (Russell and Norvig, 2010).

Since the optimal policy is non linear, being 0 when the inventory and incoming stock is

greater than the demand for the range to cover (see equation 6.6), the target variable is

transformed into a linear equation to ease the learning of the policy. Another simpliÞcation

to the optimal policy was performed to make the learned policy more versatile. TheTSL

term from the optimal policy was dropped in order to learn the exact stock required. This

allows one to change theTSL at a later time and still have a valid policy. For this reason,

the deÞnition ofu"
t is adapted to include negative values and to incorporate aTSL of 1.

u"
i,t =

t+ LT + R%

j = t

Yi,j # (I i,t + Oi,t ) (6.7)

Thus, the model learns the di"erence between the demand and the stock levels instead of

learning the decision directly. To Þnd the decision variable again, negative values of÷µ(x) are

set to 0 to transform ÷µ(xt ) into the decisionut . The TSL can also be incorporated into the

prediction afterward by taking:

ut = TSL á÷µ(xt ) + ( TSL # 1) á(I i,t + Oi,t ) (6.8)
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6.3.2 Validation

Once a policy÷µ is learned, the validation subset of the historical demand including periods

from tv to the last period T is used to evaluate inventory performance.

6.3.2.1 Validation Simulation

The same simulation method is used to validate the performance of the IL based policy. This

time however, the historical demand from the validation set (Yvalid ) is used to feed the simu-

lation with ÷µ and the other benchmark methods as IP to drive the inventory ordering process.

Once the simulation for the whole validation subset is done, the inventory performance of

each policy is analyzed using di"erent performance metrics.

6.3.2.2 Performance

To evaluate the performance of the di"erent IP, three inventory based performance metrics

are used:

Total Cost : TC =
! N

i =1
! T

j = tv
Ji,j . It sums the costJ over all periodsj and items i .

Stock Ordered : SO =
! N

i =1
! T

j = tv
Qi,j . It represents the total quantity of stock ordered

for the whole validation period for all items.

Average Client Service Level : CSL = 1
N áT

! N
i =1

! T
j = tv

min (1, P I i,t /Y i,t ). It repre-

sents the RSL from the point of view of a client. Where the Physical Inventory

P I = max(0, I ), it implies the CSL is between zero and one.

These metrics are used to compare and evaluate the performance of the di"erent IP.

This concludes the presentation of the methodology. The following section presents an ex-

periment in which the methodology is applied to a real dataset to evaluate its validity and

compare its performance to classical IP.

6.4 Experiment and contribution

The experiment applies the methodology using the aforementioned simulation method and

base heuristic. The main contribution of the experiment is to:

1. ConÞrm the validity of the methodology and the applicability of IL to inventory man-

agement.

2. Measure the lift induced by using dynamic policies versus static ones.

3. Compare the impact of improving the FM versus improving the IP.
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This information will allow practitioners and researchers to know where to invest time and

e"ort to maximize the impact on inventory performance, whether by putting e"ort into

sophisticated dynamic policies or in the accuracy of Forecasting Models.

6.4.1 Data

The demand data for the experiment comes from a company that supplies uniforms for several

di"erent organizations. It contains the demand for over 10 000 items between 2012 and 2019.

To conduct the experiment, the Þrst two years of data are used to Þt the forecasting models

required for the simulation. So,t0 corresponds to the Þrst week of 2014. The last complete

year of data is used to validate the methodology withtv corresponding to the Þrst week of

2018.

Figure 6.3 Items cost distribution

The costs used for the experiment are Þctitious. The item costs (cI ) were drawn from an

exponential distribution presented in Þgure 6.3. The penalty costscOS and cBO were set

to 0.5 and 5 respectively. This seems to be a reasonable estimation that respects the ratio
cOS

cBO = 10% considered realistic according to Babai et al. (2009) and Syntetos et al. (2010b).

6.4.2 Simulation

The dataset was built running the simulation 10 times with randomt0, I 0, O0. The base

heuristic to generate the state was also switched randomly with a static one with values ofs

set randomly as a proportion of the ss:s = ) %ss with 0 & ) & 6.
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6.4.3 Machine Learning

Additional metadata was added to the dataset to help learning the decision. The metadata

consisted of the gender of the item, its product group, and its season, along with information

about time: week and month number. The Þrst three mentioned were one-hot encoded and

the week and month number were fourier transformed to represent the cyclical nature of

time, bringing the total number of features to 30 with around 3M observations.

Since the items have a great variance in scale, the features and the target variable were

standardized by subtracting the mean and dividing by the standard deviation of the training

set.

Three di"erent ML models were trained using 90% of the observations, and an additional

ensemble model stacking the three model was trained using the remaining 10%.

The Þrst trained model was a linear regression model with lasso shrinkage (Tibshirani, 1996).

To improve the simple linear regression model, additional squared and interaction terms

were added as features. The regularization parameter was optimized using 5 folds Cross

Validation (CV). The second model was a Gradient Boosting model with early stopping to

prevent overÞtting. The third model was a Multi Layer Perceptron (MLP). It was found to

give the best results with three layers of 30, 15 and 1 neurons. The Adam optimizer with

early stopping was used to optimize the network.

Once the three models reached their optimal performance, they were combined in an ensemble

stacking of the predictions. The three models trained on 90% of the data were used to predict

u on the remaining 10% from which a 20% of data was kept as test set for the ensemble model.

The three predictions as well as the metadata were used to train a Random Forest and another

Gradient Boosting model.

6.4.4 Benchmarks

Two di"erent benchmark policies were used to compare the performance of the IL based

policies. The Þrst one was a static (s,Q) policy withs = µ + " ! 1(TSL)
'

MSE á(LT + R)

where µ is the mean demand. The mean demand (µ) was evaluated using all previous

demand to tv (Þrst week of 2018) andMSE was evaluated using out-of-sample error from

the previous year 2017 with the forecast models trained with the data previous to 2017.

The second benchmark was the dynamic version of the (s,Q) policy as presented in section

6.3.1.1.2.
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6.5 Results

The results present the performance as deÞned in section 6.3.2. But, since four di"erent

FM were used in the experiment, three di"erent aggregations across the FM are used to

characterize the performance of the IP. The performance of the FM is studied as well to

conclude which model is the most accurate.

6.5.1 Forecasting Models Performance

To know which forecasting model would have been selected in a real life situation for the

year 2018, the out-of-sample accuracy of the models is evaluated using the models Þtted

with the demand prior to 2017, and their performance is evaluated on the year 2017. Three

di"erent error metrics are used, and a ranking method is used to combine the three evaluations

together.

The Þrst one is the Mean Absolute Scaled Error (MASE ) (Hyndman and Koehler, 2006)

MASE =
1
N

N%

i

1
J

!
j |ei,j |

1
T ! m

! T
t= m+1 |Yi,t # Yi,t ! m |

(6.9)

Where ei,j = Yi,j # Fi,j is the forecast error for itemi at period j and the denominator is the

in-sample MAE of the seasonal na•ve forecast with a period of 1 year. The second metric

is the scaled Root Mean Squared Error (sRMSE ) where the scaling factor is given by the

in-sample mean demand (Petropoulos and Kourentzes, 2015):

sRMSE =
1
N

N%

i

'
1
J

!
j e2

i,j
1
T

! T
t Yt

(6.10)

The third metric is the mean scaled Absolute Period In Stock (msAPIS ) (Wallstršm and

Segerstedt, 2010), (Kourentzes, 2014):

msAPIS =
1
N

N%

i

! H
h

! h
j |ei,j |

1
T

! T
t Yt

(6.11)

Finally, the mean Rank (mRank) ranks the models relatively to each other for each metrics

by series to forecast, then average the ranks over all metrics and series.
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Table 6.1 Forecasting models accuracy (year 2017 out-of-sample)

model MASE sRMSE sAPIS mRank
arima 1.252 26.938 105.710 2.446
SBA 1.003 17.262 78.156 1.612

snaive 1.041 18.020 87.351 3.161
theta 1.033 17.653 86.705 2.781

Table 6.1 shows that SBA is the most accurate model for 2017 out-of-sample. Therefore, it

would be advised to select SBA to feed the inventory management system.

To conÞrm the selection, performance is evaluated on the validation year as well. The model

was trained with demand prior to 2018 and performance evaluated with 2018 out-of-sample.

Table 6.2 Forecasting models accuracy (year 2018 out-of-sample)

model MASE sRMSE sAPIS mRank
arima 1.333 32.156 60.713 2.433
SBA 1.034 9.938 39.095 1.607

snaive 1.088 11.076 39.368 3.192
theta 1.063 11.451 40.949 2.768

The results presented on table 6.2 shows that, indeed, SBA is the most accurate model for

the validation period (year 2018), and the results seem stable across years.

6.5.2 Inventory Policies Performance

The inventory performance is Þrst presented including the results of all combinations of IP

and FM in table 6.3. The results show that the most accurate FM (SBA) systematically

performs less well than the other FM with respect to the CSL. On the other metrics, SBA

does not improve the performance except for the static policy. That shows the relation

between inventory performance and forecasting accuracy is not direct and an increase in

accuracy does not necessarily lead to improved inventory performance.

Since it was shown that a classical accuracy evaluation of the FM has concluded that SBA

is the most accurate model, this model is kept for visualization. To take into consideration

the robustness of the policy to changing performance of the FM, the mean and the standard

deviation of performance according to the di"erent FM are plotted in Þgure 6.4. The error

bars represent a standard deviation on each side of the mean. The horizontal standard

deviation is calculated according to thex axis variable and vertical to they axis variable.
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Table 6.3 Inventory Performance

policy model CSL SO á106 TC á106 mRank

ensemble_GB

arima 0.991 1.586 77.459 6.33
SBA 0.973 1.622 78.066 11.33

snaive 0.990 1.536 78.461 6.33
theta 0.986 1.671 84.168 13.50

ensemble_RF

arima 0.975 1.544 74.834 6.00
SBA 0.930 1.600 76.772 14.67

snaive 0.975 1.499 75.931 4.67
theta 0.965 1.629 81.730 15.00

GB

arima 0.976 1.539 74.923 4.83
SBA 0.932 1.593 76.268 13.33

snaive 0.975 1.502 76.178 5.33
theta 0.966 1.641 82.458 15.67

Lasso

arima 0.971 1.632 79.065 13.33
SBA 0.946 1.709 81.722 19.33

snaive 0.970 1.543 78.360 10.33
theta 0.960 1.707 85.955 19.33

MLP

arima 0.952 1.571 76.569 12.00
SBA 0.891 1.685 81.677 20.00

snaive 0.943 1.516 77.594 12.00
theta 0.921 1.654 83.868 20.33

st ,Q

arima 0.986 2.124 108.004 17.17
SBA 0.955 2.155 106.730 22.33

snaive 0.976 2.035 106.870 16.83
theta 0.962 2.220 113.275 23.68

s,Q

arima 0.993 2.116 111.239 16.33
SBA 0.958 2.289 110.840 23.67

snaive 0.980 2.091 112.233 18.00
theta 0.964 2.423 122.910 24.33

The IL-based policy decreases the total level of stock ordered by around 26% to 30% compared

to the static (s,Q) IP. While the dynamic (st ,Q) reduces it by around 4%. However, Þgure

6.4 also show most IL-based policy reduce the mean CSL by around 1.5%. The mentioned

lift is calculated from table 6.4, which was obtained by measuring the average performance

over the FM and dividing it by those of the static policy.
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Figure 6.4 Policies mean and standard deviation across all FM and SBA Client Service Level
and Stock Ordered

Table 6.4 Average Performance Lift

policy CSL (lift) SO (lift) TC (lift)
ensemble_GB 1.012 0.719 0.696
ensemble_RF 0.987 0.703 0.676

GB 0.988 0.704 0.678
lasso 0.988 0.739 0.711
MLP 0.952 0.721 0.699
stQ 0.996 0.957 0.951
sQ 1.000 1.000 1.000

The same visualization is used to present the performance of the policies according to the

total costs.

According to the inventory performance metrics, if a single combination policy x model were
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Figure 6.5 Policies mean and standard deviation across all FM and SBA Client Service Level
and Total Cost

chosen, the combination with the lowest cost with RSL greater than TSL should be selected.

However, considering a real life application, the FMÕs performance could change in time, or

one might want to change the FM without having to simulate the whole inventory system.

To take this in consideration, additional importance should be accorded to the stability of the

performance of a policy. For this reason, from the results in table 6.3 and according to the

visualization on Þgure 6.4 and 6.5, one can conclude the policy with the most stable results

(smallest standard deviation) and best average results is the ensemble gradient boosting

model.

6.6 Conclusion

In this paper, an IL-based methodology was proposed to learn a dynamic inventory policy.

The idea of IL is to transform an optimization problem into a supervised learning problem.
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To do so, a dataset with a large number of features of the sampled state with their optimal

decision must be acquired. That was done by extracting observable features of states as the

stock level, incoming orders, and other features. The states were obtained from a data driven

simulation model from which the features were extracted at each iteration. The simulation

model ran a base heuristic to drive the reorder process from the historical demand over 10k

items to forecast demand for. The base heuristic was a dynamic (st , Q) policy similar to

the one proposed in Babai et al. (2009). The forecasts were obtained from four di"erent

Forecasting Models (arima, sba, theta and snaive). Once a large enough dataset of sampled

states was aquired, the optimal reorder decision was added as the target variable. This

optimal decision could be retrieved given the structure of the costs and future demand was

known. Once the optimal decision were obtained, ML could be used to train a policy to

reproduce the optimal decisions in a given state.

That has led to the training of Þve IL-based policies a Lasso model, a Gradient Boosting

model, a Multi Layer Perceptron, and two stacking ensemble models. The inventory perfor-

mance of those policies were then compared to a classical static (s,Q) policy and to the base

heuristic, the dynamic (st , Q) policy.

The results showed that an IL-based policy could reduce costs by around 30% compared

to the static (s,Q) policy, while the (st , Q) policy could deliver only a 5% cost reduction.

However, the IL-based policies also reduced the Realized Service Level by 1.2% on average.

Yet, the ensemble Gradient Boosting model could keep stable results regardless of the FM

used. To summarize, this paper showed that systematically updating IP parameters had a

beneÞcial impact over static parameters.

Another important Þnding from this paper is that improving the accuracy of the FM did not

necessarily lead to improved inventory performance. Therefore, it appears that putting e"ort

into optimizing the reorder policy yields greater improvements for inventory performance than

working to improve the accuracy of the forecasts. For this reason, additional e"ort should

go into the selection of FM in an inventory management context to guide practitioners and

help researchers understand the relation between forecasts and inventory performance.
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CHAPITRE 7 DISCUSSION GƒNƒRALE

Les trois chapitres prŽcŽdents ont prŽsentŽ les rŽsultats de nos recherches pour la rŽsolution

de certaines problŽmatiques en lien avec la conception dÕun syst•me de gestion de lÕinventaire.

Ce chapitre met en perspectives les rŽsultats obtenus et les prŽsentent en relation les uns avec

les autres.

DÕabord, une mŽthode pour Žvaluer les mŽtriques de performances de mod•le de prŽvisions

ˆ ŽtŽ proposŽe. Des recommandations sur les mŽtriques de performance ˆ utiliser selon les

circonstances ont Žgalement ŽtŽ donnŽes. Auparavant on ne pouvait quÕargumenter sur les

propriŽtŽs thŽoriques des mŽtriques ou faire des comparaisons entre les rŽsultats avec lÕhypo-

th•se que les rŽsultats partagŽs par le plus de mŽtriques sont les "meilleurs". Cette contribu-

tion se distingue donc des travaux prŽcŽdents puisquÕelle implique lÕutilisation de rŽsultats

connus pour tirer des conclusions sur les propriŽtŽs des mŽtriques.

Ensuite, une mŽthode de sŽlection de mod•les en contexte de gestion de lÕinventaire a permis

dÕapporter des rŽponses sur lÕimpact de lÕagrŽgation dans la sŽlection. Ce qui est, ˆ notre

connaissance, la premi•re Žtude menŽe sur des sŽries ˆ proÞl mixte et la premi•re ˆ en

Žvaluer les impacts en lien ˆ la gestion dÕinventaire. Notre recherche introduit Žgalement une

terminologie claire pour classiÞer les mŽthodes de sŽlection. Cinq mŽthodes de sŽlection ont

ŽtŽ identiÞŽes.

Finalement, une mŽthode pour optimiser une politique dÕinventaire dynamique adaptative

aux performances dÕun mod•le de prŽvision, basŽe sur le cadre conceptuel de lÕapprentissage

par imitation, a ŽtŽ ŽvaluŽe. Les rŽsultats ont montrŽ que lÕapproche proposŽe fonctionne et

permet dÕamŽliorer les rŽsultats par rapport ˆ une politique (r t , Q). Les rŽsultats semblent

Žgalement montrer quÕil est plus avantageux de travailler ˆ amŽliorer les politiques dÕapprovi-

sionnement que les mŽthodes de prŽvisions puisque la variance sur les rŽsultats des di"Žrents

mod•les de prŽvision est plus faible que celle sur les di"Žrentes politiques dÕinventaire.

Par ailleurs, les rŽsultats ont apportŽ de lÕinformation supplŽmentaire sur la relation entre

lÕerreur de prŽvision et les performances dÕinventaire. Il apparait que les relations trouvŽes

prŽcŽdemment pour des proÞls de demande lisse ne tiennent pas en prŽsence de proÞls mixtes

et que lÕabsence de corrŽlation identiÞŽe dans des travaux prŽcŽdents sur la demande inter-

mittente se gŽnŽralise au cas mixte.

Ce constat, avec le fait quÕil ait ŽtŽ identiÞŽ dÕabord sur la demande intermittente spŽciÞ-

quement, nous permet dÕidentiÞer pourquoi la relation entre la prŽcision et les performances
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dÕinventaire est complexe ˆ partir dÕun exemple simple prŽsentŽ sur la Þgure 7.1.

Figure 7.1 Exemple de prŽvision pour une sŽrie intermittente

La Þgure 7.1 prŽsente des prŽvisions pour une sŽrie intermittente ÞctiveY. Soit un mod•le

de prŽvision qui essaie de reproduire les pics de demande deY commesnaive et un mod•le

intermittent, ici, croston. Si on mesure la prŽcision avec des mŽtriques de performance basŽes

sur lÕerreur, on obtient les rŽsultats prŽsentŽs ˆ la table 7.1.

Tableau 7.1 PrŽcisions des mod•les de prŽvision

model MAE RMSE APIS
snaive 3.750 4.873 14.625
croston 2.625 3.082 10.500

Les rŽsultats de la table 7.1 indiquent que la mŽthode de Croston est plus prŽcise de 47% si

on consid•re le lift moyen sur les trois mŽtriques. Ce qui devrait garantir une bien meilleure

performance en inventaire que la mŽthode snaive. Toutefois, pour obtenir une bonne perfor-

mance en inventaire, un stock su!sant doit •tre disponible pour atteindre le niveau de service

cible tout en ayant le minimum de stock nŽcessaire. Pour reprŽsenter cela, on consid•re une
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politique qui commande le stock prŽvu ˆ chaque pŽriode sans dŽlai de livraison. On trace sur

la Þgure 7.2 le stock ˆ chaque pŽriode.

Figure 7.2 QuantitŽ en stock ˆ chaque pŽriode selon les recommandations du mod•le

La Þgure 7.2 montre que la mŽthode de Croston implique de conserver un stock plus ŽlevŽ

en tout temps que la mŽthode snaive. Si on consid•re un cožt de stockage (cos) et un cožt

de rupture de stock (cbo) par unitŽ et par pŽriode symŽtrique (cos = 1, cbo= 1), alors on

obtient un cožt de 17$ pour snaive et de 40$ pour Croston. Ce qui conÞrme que la prŽcision

ne garantit pas une bonne performance en inventaire puisque ce qui compte rŽellement pour

la gestion de lÕinventaire est dÕavoir le moins de stock possible pour pouvoir atteindre le

niveau de service cible.

Pour considŽrer cela, une mŽtrique basŽe sur lÕerreur devrait pouvoir considŽrer le dŽcalage

entre les prŽvisions et la demande. Une piste de solution ˆ ce probl•me est la mŽtrique PIS

qui permet de suivre un stock Þctif. Toutefois, cette mŽtrique ne donne que le niveau de

stock Þnal et est aveugle aux performances intermŽdiaires. Plus de recherche est donc requise

pour dŽvelopper une mŽtrique de performance adŽquate pour la gestion dÕinventaire qui ne

requiert pas de simulation.

Donc en plus de rŽpondre aux questions de recherche, la mise en commun des mŽthodes
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proposŽes avec les syst•mes dŽveloppŽs dŽcrits au chapitre 3 permet de concevoir un syst•me

de gestion de lÕinventaire e!cace.

CÕest surement en partie ce facteur qui permet dÕexpliquer pourquoi la mŽthode de Croston

nÕa pas permis dÕamŽliorer les performances en pratique (Syntetos and Boylan, 2001), (Sani

and Kingsman, 1997).
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CHAPITRE 8 CONCLUSION ET RECOMMANDATIONS

LÕaccessibilitŽ grandissante pour un large public ˆ de nouvelles mŽthodes de prŽvision toujours

plus performantes sugg•re que la prochaine gŽnŽration de syst•mes de gestion de lÕinventaire

reposera en grande partie sur leur utilisation.

Toutefois, des recommandations claires sur plusieurs aspects de lÕintŽgration des mŽthodes

de prŽvisions aux syst•mes de gestion de lÕinventaire manquent toujours. Tel quÕidentiÞŽ en

revue de littŽrature, des recommandations manquent spŽciÞquement en prŽsence de sŽries de

demande ˆ proÞl mixte (lisse et intermittent). Cette absence de recommandations combinŽe

au contexte de dŽmocratisation dÕoutils de prŽvision a menŽ ˆ lÕobjectif gŽnŽrale visant la

conception et le dŽveloppement dÕun syst•me de gestion de lÕinventaire pour un portefeuille

de produits ˆ proÞl de demande mixte. Plus spŽciÞquement, elle a inspirŽ trois objectifs spŽ-

ciÞques en lien avec le contexte dÕapplication et le besoin de recommandations en prŽsence de

sŽries ˆ proÞl mixte. Ces trois objectifs spŽciÞques mis bout ˆ bout forment un cadre concep-

tuel pour guider lÕutilisation de mŽthodes de prŽvisions dans la conception dÕun syst•me de

gestion de lÕinventaire.

Les contributions liŽes ˆ la rŽsolution de chaque objectif spŽciÞque puis ceux de la th•se dans

son ensemble sont prŽsentŽes dans cette section.

Le premier objectif spŽciÞque prŽsentŽ au chapitre 4 vise ˆ dŽvelopper une mŽthodologie

dÕŽvaluation des mŽtriques de performance pour les mod•les de prŽvision. Pour ce faire, une

mŽthodologie se basant sur lÕutilisation dÕerreurs connues a ŽtŽ proposŽe. Ce faisant, lÕŽtude

et lÕanalyse des propriŽtŽs des mŽtriques de performance pouvaient maintenant se baser sur

des indicateurs clairs. Une mŽthode pour Žvaluer la sensibilitŽ et la ÞabilitŽ des mŽtriques a

ensuite ŽtŽ testŽe dans di"Žrentes circonstances, aÞn de comparer les propriŽtŽs de mŽtriques

de performance populaires pour Žvaluer les mod•les de prŽvision.

Une critique de cette approche est quÕen pratique les erreurs dÕun mod•le nÕont pas la m•me

distribution pour toutes les sŽries. Il aurait donc ŽtŽ intŽressant dÕŽtudier les propriŽtŽs des

mŽtriques pour une seule sŽrie ˆ la fois. De m•me, la distribution de lÕerreur est gŽnŽralement

croissante en fonction de lÕhorizon de prŽvision. Cet aspect a ŽtŽ nŽgligŽ dans nos recherches.

Le second objectif spŽciÞque prŽsentŽ au chapitre 5 veut identiÞer une mŽthode de sŽlection

des mod•les de prŽvision dans un contexte de gestion de lÕinventaire pour des items ˆ proÞl

mixte. Pour ce faire, di"Žrents scŽnarios de sŽlection ont ŽtŽ proposŽs et testŽs par simulation.

LÕimpact de lÕagrŽgation dans la sŽlection de mod•les ainsi que la relation entre les mŽtriques
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de prŽcision et les performances dÕinventaire ont pu •tre mieux compris gr‰ce ˆ de nouveaux

rŽsultats. Les scŽnarios de sŽlection proposŽs impliquent dans le cas de la sŽlection multiple

des param•tres. Ces param•tres nÕont pas ŽtŽ sŽlectionnŽs de mani•re optimale dans le cadre

de la recherche. De meilleures performances pourraient •tre trouvŽes en sŽlectionnant les

param•tres optimaux des mŽthodes de sŽlection multiple.

Finalement, le troisi•me objectif vise ˆ tirer proÞt des nouvelles mŽthodes de prŽvision pour

concevoir une politique dÕinventaire dynamique en se basant sur le cadre conceptuel de lÕap-

prentissage par imitation. PrŽsentŽe au chapitre 6, cette mŽthode lance plusieurs simulations

avec di"Žrents param•tres dÕune politique dÕinventaire de base et di"Žrents mod•les de prŽ-

vision de la demande pour acquŽrir plusieurs observations de di"Žrents Žtats de lÕinventaire.

Ë chaque observation de lÕŽtat, une dŽcision optimale est assignŽe pour former des paires

observations - dŽcision optimale. Ces paires ont ensuite ŽtŽ utilisŽes pour entra”ner un mo-

d•le dÕapprentissage automatique et ainsi apprendre une politique de rŽapprovisionnement

dynamique qui sÕadapte aux performances changeantes dÕun mod•le de prŽvision. Il aurait ŽtŽ

intŽressant de comparer cette approche pour dŽterminer une politique dÕapprovisionnement

ˆ une mŽthode dÕapprentissage par renforcement comme un processus de dŽcision markovien.

Pour les deux derniers objectifs, un dŽlai de livraison stochastique nÕa pas ŽtŽ considŽrŽ.

Di"Žrentes mŽthodes de calculs du stock de sŽcuritŽ auraient pu •tre utilisŽes. LÕimpact du

niveau de service cible aurait aussi pu •tre ŽtudiŽ. Ajouter lÕimpact de ces facteurs pourrait

permettre de conclure avec plus de certitude que les rŽsultats observŽs sont dus ˆ la variation

des facteurs ˆ lÕŽtude. Une autre limite est lÕabsence dÕinformation rŽelle sur les cožts et

le choix des mŽtriques dÕinventaire qui ne permettent pas de conna”tre le niveau de stock

moyen.

Chacune des propositions a ŽtŽ implŽmentŽe ˆ partir de donnŽes provenant dÕun cas dÕŽtude

industriel rŽel. DÕailleurs, les dŽveloppements et les connaissances acquises par nos travaux

de recherche sont en cours dÕimplŽmentation chez notre partenaire industriel. Donc, tous

ensemble, les rŽsultats, mŽthodes et recommandations faites dans cette th•se permettent de

guider un ingŽnieur pour le dŽveloppement dÕun syst•me de gestion de lÕinventaire.

Les cas industriels sont la plupart du temps beaucoup plus complexes que la mani•re dont ils

sont reprŽsentŽs dans les cas dÕŽtudes en recherche. Notamment, il existe souvent plusieurs

fournisseurs pour un m•me produit avec des prix di"Žrents et des dŽlais de livraison di"Žrents.

Dans nos Žtudes de cas, ces facteurs ont ŽtŽ ignorŽs et les donnŽes des fournisseurs ˆ prioriser

par le partenaire industriel ont ŽtŽ sŽlectionnŽes.

Une autre limite sur lÕapproche globale est que lÕimpact de lÕensemble des recommandations

sur les performances dÕinventaire nÕa pas ŽtŽ ŽtudiŽ conjointement. Donc lÕe"et cumulŽ de la
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sŽlection multiple avec lÕutilisation dÕune politique basŽe sur le cadre conceptuel de lÕappren-

tissage par imitation reste inconnu.

LÕanalyse des rŽsultats mis en commun a Žgalement pu rŽvŽler la raison faisant en sorte que

des rŽsultats mitigŽs Žtaient observŽs au sujet de la relation entre les performances de gestion

dÕinventaire et la prŽcision. Ceci ouvre la porte ˆ plusieurs opportunitŽs de recherche sur le

dŽveloppement dÕune mŽtrique de performance capable de considŽrer les facteurs importants

ŽnoncŽs au chapitre 7.

DŽvelopper une telle mŽtrique serait Žgalement une opportunitŽ intŽressante dÕapplication

de la mŽthodologie dŽveloppŽe au chapitre 4. Avec cette mŽthodologie, la ÞabilitŽ des mŽ-

triques de performance pour la sŽlection de mod•les de prŽvision performants pour la gestion

dÕinventaire pourrait donc •tre quantiÞŽe.

Une autre perspective de recherche intŽressante serait dÕintŽgrer le dŽlai de livraison stochas-

tique dans les mŽthodologies des chapitres 5 et 6 pour gŽnŽraliser les conclusions ˆ plus de

cas rencontrŽs en industrie.

DÕun point de vue global, certaines Žtapes de la mŽthodologie proposŽe pour la conception

dÕun syst•me de gestion de lÕinventaire autonome demeurent inexplorŽes. Ces Žtapes consti-

tuent des opportunitŽs de recherche qui sont encore peu explorŽes jusquÕˆ maintenant et dont

les impacts sont importants.

Ces Žtapes inexplorŽes de la mŽthodologie permettraient de garantir que les prŽvisions de

la demande et les politiques dÕinventaire seraient capables de sÕadapter ˆ une perturbation

majeure dans les distributions de la demande. Cela rendrait le syst•me robuste ˆ des pannes

dans le syst•me ou encore ˆ des Žv•nements plus rares comme la situation actuelle o• la

pandŽmie mondiale de COVID-19 a modiÞŽ drastiquement la demande dans plusieurs secteurs

de lÕŽconomie.

Les limites industrielles sugg•rent que la situation des entreprises est souvent beaucoup plus

complexe que celle modŽlisŽe dans les Žtudes de cas et sur lesquels reposent plusieurs rŽsul-

tats en gestion de lÕinventaire. Cela permet de relever une question qui sera de plus en plus

importante ˆ poser dans les annŽes ˆ venir. Dans un contexte o• le dŽveloppement dÕoutils

performants de contr™le optimal, dÕapprentissage par renforcement, de prŽvision et dÕappren-

tissage automatique est de mieux en mieux compris et o• les outils requis pour dŽvelopper

des syst•mes qui reposent sur ces outils se dŽmocratisent, serait-il avantageux pour les en-

treprises de sÕadapter pour faciliter lÕutilisation et lÕimplŽmentation de ces technologies ? O•

devrait-on adapter lÕutilisation des technologies aux situations des entreprises ?
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