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Titre :Modélisation statistique des comportements de charge des véhicules électriques
Mots clés : Processus de Poisson non-homogène, Modèles additifs, Analyse multi-résolution,Recharge intelligente, Pics de consommation
Résumé : Le développement des véhiculesélectriques (VEs) est un levier majeur versun transport bas carbone. Il s’accompagned’un nombre croissant d’infrastructures de re-charge qui peuvent être utilisées comme actifsflexibles de gestion du réseau. Pour permettrecette recharge intelligente, une prévision jour-nalière efficace des comportements de chargeest nécessaire. Dans ce contexte, l’objectif decette thèse est triple : (a) identifier les tech-niques de modélisation actuelles et les don-nées ouvertes disponibles (b) proposer de nou-velles méthodologies de charge des VE pourcaractériser leurs comportements de charge(c) spécifier des techniques innovantes pour laprévision des pics de consommation. Le pre-mier chapitre dumanuscrit présente les enjeuxindustriels et introduit le cadre de la modélisa-tion de la charge des VE. Le chapitre 2 présente

un examen approfondi des modèles de chargede VE à l’état de l’art ainsi qu’une explorationde 8 jeux de données ouverts de sessions derecharge trouvés dans cette recherche. Le cha-pitre 3 propose une étude comparative de 14modèles de charge et d’occupation des VE surles 8 jeux de données présentés au cours duchapitre précédent. Le chapitre 4 propose unmodèle pour les arrivées des VE aux points decharge sous la forme d’un processus de Pois-son non homogène avec des effets additifs pro-jetés sur des bases de splines et d’ondelettes.Enfin, le chapitre 5 présente un modèle pourla prévision journalière des pics de demandeélectrique avec une approche multi-résolution.Nous montrons que les approches proposéesdans nos travaux sont compétitives avec lesmeilleures alternatives existantes en évaluantleurs performances sur des données réelles.

Title : Statistical modelling of electric vehicle charging behaviours
Keywords :Non-homogeneous Poissonprocess, Additivemodels,Multi-resolution analysis, Smartcharging, Consumption peaks
Abstract : The development of electric ve-hicles (EV) is a major lever towards low-carbontransport. It comes with a growing number ofcharging infrastructures that can be used asflexible assets for the grid. To enable this smart-charging, an effective daily forecast of the char-ging behaviour is necessary. In this context,the objective of this thesis is threefold : (a)to identify current modelling techniques andopen data available (b) to propose new EV char-ging methodologies to characterise their char-ging behaviours (c) to specify innovative tech-niques for daily peak load forecasting. The firstchapter of the manuscript presents the indus-trial issues and introduces the modelling fra-

mework for EV charging. Chapter 2 is a reviewof state of the art EV load models as well asan exploration of 8 open charging session da-tasets. Chapter 3 offers a comparative study of14 EV load and occupancymodels on the 8 data-sets presented in the previous chapter. Chapter4 introduces a model for EV arrivals as a non-homogeneous Poisson process with additivespline and wavelet effects. Finally, Chapter 5 in-troduces a model for daily electrical peaks witha multi-resolution approach. We show that theapproaches proposed in our work are compe-titive with the best existing alternatives by eva-luating their performance on real-world data.
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Chapitre 1

De l’importance de la charge des
Véhicules Électriques

Dans ce premier chapitre introductif, le lecteur trouvera unbref historiquede l’émer-gence des véhicules électriques, quelques généralités sur le marché de l’électricité etcertains principes fondamentaux pour une bonne intégration des VE dans le réseauélectrique. De plus, certains faits importants sur le cycle de vie des VE sont rappelés.Enfin, les variables ainsi que lesmodélisations communément utilisées de la charge desVE sont présentées pour aboutir à la problématique générale de ce manuscrit : fournirune prévision journalière efficace des comportements de charge des VE.
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1.1 L’émergence du marché des Véhicules Électriques

Cette première section propose un bref historique des Véhicules Électriques (VE)ainsi qu’une classification des différents types de VE, avant de conclure sur les raisonsde leur essor récent. Le but de cette section est de donner une introduction aux enjeuxliés à la mobilité électrique d’un point de vue historique et chronologique.
1.1.1 Un peu d’histoire

Les véhicules électriques (VE) sont souvent présentés comme l’innovation qui nouspermettra de minimiser les problèmes environnementaux posés par les véhicules àcombustion interne (ICEV). On imagine alors que d’ici quelques années ces VE emplirontnos rues pour la première fois. Pourtant, cette image existait bel est bien il y a plus d’unsiècle. En quelque sorte, notre “future” mobilité ne serait pas si surprenante pour unNew-Yorkais de la fin du 19ème siècle (cf. Figure 1.1).

18591828 1884 1900 1935 1973 2008

Anyos Jelkins
invente le premier
moteur électrique

Gaston Planté invente
la première batterie

rechargeable

Thomas Parker présente
un VE adapté à la

production industrielle

Les VE représentent 28%
des voitures vendues aux

Etats-Unis

Les VE disparaissent face
au voitures à combustion

interne

Embargo pétrolier de
l'OPEP qui conduit à un

nouvel intérêt pour les VE

Lancement du TESLA
Roadster, ouvrant la

porte à bien d'autres VE

Figure 1.1 – La voiture électrique en 7 grandes dates
A l’origine

L’histoire des VE débute en 1827 avec Anyos Jedlik, un inventeur hongrois. Cette an-née là, Jedlik commence à travailler sur des dispositifs rotatifs électromagnétiques, eten 1828, il invente le premier dispositif contenant les trois composants principaux desmoteurs à courant continu : le stator, le rotor et le commutateur 1.2. Ce premier événe-ment est néanmoins controversé car son inventeur aurait attendu plusieurs dizainesd’années avant de la partager avec le grand public. C’est entre 1832 et 1839 que Ro-bert Anderson, inventeur écossais, présenta le premier modèle de véhicule électrique.Toute l’ingéniosité de ses travaux résidait dans son prototype de batterie qui permet-tait d’alimenter un moteur électrique qu’il disposa sur un chariot (très similaire à ceuxtirés par des chevaux à la même époque). Ce bond technologique était malgré tout ac-compagné d’une difficulté majeure : la batterie n’était pas rechargeable. Il fallait doncremplacer la batterie à chaque utilisation ce qui pouvait être très coûteux. En parallèledes travaux de Anderson, Thomas Davenport, inventeur américain, dévoile une petite
13



Figure 1.2 – Le premier moteur électrique conçu par Anyos Jedlik en 1828
locomotive propulsée par le premier moteur électrique à courant continu sur le solaméricain. Là où les inventions précédentes étaient des modèles réduits ou de petitesvoitures, la locomotive de Davenport a été le premier véhicule électrique prêt à l’em-ploi jamais conçu. Le fort engouement autour de ces nouvelles technologies finit pars’essouffler faute de technologie viable au niveau de la batterie (pas rechargeable).Il faudra attendre Gaston Planté, physicien français, qui inventa la batterie plomb-acide en 1859, connue comme étant la première batterie électrique rechargeable. En1881, Camille Alphonse Faure, ingénieur français, mettra au point un modèle plus effi-cace et plus fiable qui connaîtra un grand succès pour relancer l’engouement autourdes premières voitures électriques. Les améliorations de Faure augmentèrent consi-dérablement la capacité de ces batteries et conduira directement à leur fabrication àl’échelle industrielle.
L’apogée

L’année 1884 marqua le début de l’âge d’or des VE. Cette année là, Thomas Parkerconstruit la première voiture électrique capable d’être produite à une échelle indus-trielle à Londres. Ce véhicule utilisait ses propres batteries rechargeables à haute ca-pacité. En 1888, l’ingénieur allemand Andreas Flocken proposa également son modèlede voiture électrique à quatre roues : la Flocken Elektrowagen. En 1889-1891, WilliamMor-rison introduit un wagon électrique très simple aux États-Unis qui n’était pas en soi uneinnovation, mais aura un succès retentissant.Avec cette multitude de voitures électriques qui commençait à voir le jour, les pre-miers véhicules électriques commerciaux commencèrent à entrer dans la flotte de taxisde New York en 1897. Le constructeur automobile, Pope Manufacturing Co., devient lepremier fabricant de VE à grande échelle aux États-Unis. La popularité du VE s’accom-pagne également de grands records. En effet, la “Jamais contente” a été le premier véhi-
14



cule routier à dépasser les 100 kilomètres à l’heure. C’était un véhicule électrique belgeavec une carrosserie en alliage léger en forme de torpille. Ce record de vitesse terrestrea été établi entre le 29 avril et le 1er mai 1899 à Achères (Yvelines) près de Paris.En 1900, les voitures électriques deviennent le véhicule routier le plus vendu auxÉtats-Unis, capturant 28% du marché, et le nombre de VE en circulation atteindra unpic historique en 1912 avec environ 30 000 véhicules sur les routes [2].
La chute

On attribue souvent la chute des véhicules électriques à son compétiteur de tou-jours, le véhicule à combustion interne (ICEV). En particulier, dès 1908 la Ford T deHenryFord, fonctionnant à l’essence, est introduite sur le marché. A l’époque, il y avait déjàles mêmes points qui séparaient ces deux technologies. En effet, les ICEV permettaientdéjà de voyager plus longtemps que les VE. Pourtant les VE rencontraient un franc suc-cès de part leur propreté et leur entretien facilité (moins de pièces). Pour les personnesqui pouvaient se le permettre, c’était la solution privilégiée par les citadins. D’ailleursil est intéressant de noter que le marketing de ces véhicules était plus tourné vers lesfemmes justement pour l’aspect immaculé et discret des VE alors que le ICEV, plus saleet plus bruyant était réservé aux hommes. La femme de Henry Ford elle-même possé-dait une voiture électrique.En 1912, le démarreur électrique, inventé par Charles Kettering, évite de recourir àune manivelle pour démarrer les ICEV. Cela rend ces véhicules encore plus facile d’ac-cès. La suprématie de ces véhicules ne se fit plus trop attendre, en grande partie grâceà leur prix, bien plus abordable que celui des VE. Le Ford T a été un tel succès qu’HenryFord en avait vendu 15 millions en 1927, 19 ans seulement après sa sortie. En 1935, lesVE ont pratiquement disparu de la circulation en raison de la prédominance des ICEVet de la disponibilité d’essence bon marché.
Le renouveau

Mais les VE n’avaient pas dit leur dernier mot. Pour des raisons environnementalesmais aussi politiques, ils préparent leur retour depuis l’après-guerre. Dès 1947 le ra-tionnement du pétrole au Japon mène le constructeur automobile Tama à lancer unevoiture électrique de 4,5 ch avec une batterie au plomb de 40V. On reprend donc latechnologie pratiquement là où on l’avait laissée au début des années 1900. En 1966,le Congrès américain dépose une loi pour encourager la production et l’adoption desvéhicules électriques commemoyen de réduire la pollution de l’air. Mais le point crucialqui a renouvelé l’intérêt des politiciens pour le VE est naturellement l’embargo pétro-lier de l’OPEP en 1973 qui provoqua une forte augmentation des prix du pétrole maisaussi de longues files d’attente dans les stations-service. La même année, une percéemajeure a été faite lorsque le chimiste britannique M. Stanley Whittingham a inventéles premières batteries lithium-ion rechargeables au monde. Les mêmes batteries quisont utilisées dans les VE d’aujourd’hui. Suite à la crise pétrolière, en 1976, le gouver-nement français lance le programme “PREDIT” pour accélérer la recherche sur les VE.Mais les prix du pétrole redevenant assez bas assez rapidement, l’intérêt autour desVE sera réduit. En 1996, pour se conformer à la politique zéro émission en Californie etles exigences relatives aux véhicules antipollution promulgué en 1990, General Motors
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commence à produire et commercialiser la voiture électrique EV1. Considéré comme lepremier VE de l’èremoderne, il ne sera pas un franc succès commercial. En revanche, en1997 au Japon, Toyota lance la commercialisation de la Prius, première voiture hybrideaumonde qui sera commercialisée. 18 000 exemplaires sont vendus la première annéede production et elle continue d’être commercialisée de nos jours ce qui constitue lepremier grand retour au premier plan des VE.En 2008, les prix du pétrole atteignent plus de 145 USD le baril. La même année,TESLA lance son premier VE, fontionnant exclusivement à l’électricité, le Roadster. Lorsdes tests, le véhicule atteint près de 400 kilomètres sur une seule charge et avait une vi-tesse de pointe de 200 km/h. La prouesse technologique était retentissante. Il s’agissaitmaintenant de continuer à améliorer la capacité des batteries et d’arriver d’une ma-nière ou d’une autre à baisser les prix pour rendre les VE plus accessibles. Cette annéecoïncide également avec le début des sujets de recherches proche dema thèse commenous pourrons le voir plus tard dans le manuscrit (Section 2).En 2010, la Nissan LEAF est lancée et elle gagnera le prix de la voiture européenne del’année en 2011. Cette année-là, le nombre de VE en circulation dépasse le record de 1912en atteignant 50 000. Toujours cette année là, le plus grand service d’auto-partage de VEaumonde, Autolib, est lancé à Paris avec une cible de 3 000 véhicules électriques. L’étatfrançais s’engage à acheter 50 000 véhicules électriques sur quatre ans. Ces grandschangements ne sont pas réservés au continent européen. En 2012, la Chevrolet Volt sevend mieux que la majorité des modèles de voitures sur le marché américain. Et cetteannée le nombre de véhicules en circulation a plus que triplé par rapport à 2011 car ildépasse les 180 000.
1.1.2 Classification

A ce jour, on recense cinq technologies de VE différentes par leur moteur (cf. Fi-gure 1.3). Nous utilisons les abréviations anglophones car ce sont celles qui sont le plussouvent retenues dans la littérature.
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Figure 1.3 – Classification des VE, avec leur source d’énergie principale soulignée
Un véhicule électrique hybride (HEV) combine un système de propulsion à moteurà combustion interne (ICE) conventionnel avec un système de propulsion électrique(transmission de véhicule hybride). Dans les modèles modernes, les batteries peuventégalement être chargées grâce à l’énergie générée lors du freinage, transformant l’éner-gie cinétique en énergie électrique. On parle de freinage régénératif. Le VE hybride re-
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chargeable (PHEV) utilise à la fois un moteur électrique et un moteur à essence pourfonctionner. Son moteur électrique utilise des batteries qui se rechargent en se bran-chant sur une source d’alimentation électrique (une prise murale ou un chargeur deVE). Le moteur à essence peut fonctionner avec le moteur électrique, ou séparément,pour alimenter le groupe motopropulseur. Le VE à autonomie prolongée (EREV) pos-sède une unité d’alimentation auxiliaire (appelée prolongateur d’autonomie) qui aug-mente l’autonomie de l’EREV. La plupart des prolongateurs d’autonomie sont de petitsICE qui entraînent un générateur électrique fournissant de l’électricité aux batteriesélectriques et au moteur. Un véhicule électrique à pile à combustible (FCEV) génère del’électricité pour alimenter le moteur, généralement en utilisant de l’oxygène de l’air etde l’hydrogène comprimé. Enfin, le VE à batterie (BEV) tire toute sa puissance de sesbatteries pour alimenter ses moteurs électriques. Il ne contient pas de moteur à com-bustion interne (ICE). Sonmoteur électrique utilise des batteries qui se rechargent en sebranchant sur une source d’alimentation électrique (une prise murale ou un chargeurde VE). Globalement, seuls deux types de VE fonctionnent exclusivement à l’électricité :le FCEV et le BEV. Dans cette thèse, nous nous intéressons plus particulièrement auxPHEV, EREV et BEV (en vert sur la Figure 1.3) car ce sont ceux qui peuvent se brancherau réseau électrique. Dans la suite, nous appellerons “VE” uniquement ces trois typesde VE à part si l’on précise autrement.

1.1.3 Essor récent
Historiquement, nous pouvons retenir deux raisons majeures pour l’essor des VE.La hausse des prix et l’épuisement des ressources fossiles. L’impact de l’homme sur lechangement climatique avec le secteur des transports étant souvent montré du doigtà juste titre comme étant responsables d’une part significative des émissions de gazà effet de serre. Cela a amené les états et les entreprises à travailler de concert pourproposer une mobilité électrique considérée comme étant le bon chemin vers une tra-jectoire zéro carbone. Nous nuancerons les bienfaits environnementaux des VE dansla section 1.4. Cela s’est traduit par des chiffres en constant progrès depuis les années2000. En 2021, près de 10% des ventes mondiales de voitures étaient électriques, soitquatre fois plus que la part de marché des VE en 2019. Cela a porté le nombre total devoitures électriques sur les routes à environ 16,5 millions dans le monde, soit trois foisplus qu’en 2018 [3].

1.1.4 Scénarios
Trois scénarios principaux d’adoption des VE sont retenus par l’Agence Internatio-nale de l’Energie (IEA). Le premier est le scénario lié aux lois et réglementations décla-rées par les différents gouvernements (Stated Policies Scenario). Ce scénario reflète lespolitiques et les mesures existantes, ainsi que les ambitions et les objectifs politiquesqui ont été légiférés par les gouvernements dumonde entier. Il comprend les politiqueset réglementations actuelles liées aux véhicules électriques et les développements fu-turs basés sur les impacts attendus des déploiements annoncés et des plans des partiesprenantes de l’industrie. Il vise à dresser unmiroir des plans des décideurs politiques età illustrer leurs conséquences. Le deuxième scénario est le scénario des promesses po-
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Figure 1.4 – Nombre de véhicules en circulation par type [3]
litiques annoncées (Announced Pledges Scenario). Celui-ci suppose que les ambitionsannoncées et les objectifs fixés par les gouvernements du monde entier, y compris lesplus récents, sont atteints intégralement et dans les délais. En ce qui concerne les VE, ilcomprend toutes les annoncesmajeures récentes d’objectifs d’électrification et d’émis-sions nettes nulles à plus long terme et d’autres engagements, qu’ils aient ou non étéancrés dans la législation ou dans des contributions déterminées au niveau nationalmises à jour. Enfin, le scénario zéro émission en 2050 (Net Zero by 2050) est un scé-nario normatif qui définit une voie étroite mais réalisable pour le secteur mondial del’énergie pour atteindre zéro émission nette de CO2 d’ici 2050. Ce scénario est associéavec la limitation de l’augmentation de la température mondiale à 1,5◦ conformémentaux réductions évaluées par le Groupe d’experts intergouvernemental sur l’évolutiondu climat (GIEC). Il existe de nombreuses voies possibles pour atteindre zéro émissionnette de CO2 dans le monde d’ici 2050 et de nombreuses incertitudes qui pourraientaffecter chacun d’entre elles. Par conséquent, le scénario zéro émission n’est qu’unevoie et non la voie vers des émissions nettes nulles.D’après la Figure 1.5, il est clair que quel que soit le scénario, l’adoption des VE suitune évolution exponentielle et continue sur la tendance des dix dernières années. Enrevanche, il est assez inquiétant de voir qu’en l’état, même en prenant en compte lespromesses faites par les différentes entités gouvernementales, nous sommes encoreloin de pouvoir atteindre le scénario zéro émission qui nous permettrait de tenir lesaccords de Paris [4].

1.2 Généralités sur le marché de l’électricité
L’électricité est une denrée locale. Nous entendons par là deux choses fondamen-tales. La première est que l’électricité ne peut être stockée telle quelle. Il existe biendes batteries stockant l’électricité sous forme d’énergie chimique pour des appareilsélectroniques ou certains bâtiments, mais il est inenvisageable avec les technologiesactuelles d’utiliser des batteries à une plus grande échelle. La seconde chose est que le
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Figure 1.5 – Evolution du nombre de VE jusqu’en 2030 selon trois scénarios majeurs [3]

transport de l’électricité obéit à des lois bien spécifiques (lois de Kirchhoff). Par consé-quent, dans un réseau électriquemaillé, l’électricité ira d’un point à un autre en utilisanttous les chemins possibles, provoquant ainsi d’éventuelles interférences du flux d’élec-tricité. Cela restreint donc les opportunités d’échanges transfrontaliers qui sont limitéspar la capacité de transfert disponible. Ce n’est pas le cas d’autres sources d’énergiessecondaires comme le baril de pétrole qui peut être relativement aisément transportépartout dans le monde.
A cela s’ajoute une contrainte physique fondamentale. La puissance soutirée doitêtre égale à chaque instant à la puissance injectée dans le réseau. Cet équilibre s’ex-prime avec une fréquence constante (e.g., 50 Hz en France). Si la fréquence chute soussa valeur de référence, la consommation est supérieure à la production. A contrario, si lafréquence augmente, la production dépasse alors la consommation. Le principal garantde cet équilibre est le gestionnaire du réseau - Independant System Operator (ISO) ou

Transport System Operator (TSO) en anglais. Il doit maintenir en permanence l’équilibreen s’assurant que la déviation de la fréquence de référence n’est pas trop importante.Dès qu’il y a un décrochage il se doit de réagir au plus vite pour éviter des catastrophescomme le blackout de 2003 en Amérique du Nord [5].
Dans les sections suivantes, nous allons brièvement présenter comment l’électricitéest acheminée au consommateur en expliquant les trois étapes fondamentales (géné-ration, transmission, distribution). Puis nous allons rapidement présenter la structuregénérale du marché de l’électricité. Enfin, nous expliquerons en quoi la prévision dela consommation est un enjeu fondamental pour les différents acteurs du marché del’électricité.
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1.2.1 L’acheminement de l’électricité au consommateur

Depuis lamise en concurrence et l’ouverture dumarché en 2007 à l’échelle nationaleet européenne la plupart des pays fonctionnent de la manière suivante : trois étapesfondamentales accompagnent le voyage de l’électricité de sa production à sa consom-mation. Tout commence par la génération de l’électricité dans des centrales utilisantune source d’énergie primaire (e.g., soleil, vent, nucléaire, charbon). L’électricité géné-rée est alors envoyée dans des transformateurs pour augmenter la tension du courantafin de lui permettre de parcourir de longues distances tout en minimisant les pertespar effet Joule. C’est l’étape de transmission permise par les lignes à haute tensionqui s’étendent à travers le pays. Le courant atteint alors une station électrique secon-daire où la tension est abaissée afin qu’il puisse être envoyé sur des lignes électriquesplus petites destinées à la distribution. C’est avec cette dernière étape que l’électricitéatteint les différents bâtiments mais aussi les infrastructures de recharge des VE.

Génération

L’énergie électrique est une source d’énergie secondaire qui provient d’énergies pri-maires comme le vent ou le charbon. Elle est générée à un niveau de basse tension(quelques dizaines de kV) pour un meilleur rapport coût-efficacité dans les centrales.Les deux principaux acteurs de la génération d’électricité en France sont EDF et ENGIE.A eux deux, ils génèrent 95% de l’électricité sur le sol français. Les 5% sont constituésd’autres entreprises et de producteurs indépendants. Ce sont donc eux qui sont res-ponsables de l’injection de la puissance dans le réseau électrique. Depuis l’ouverture dumarché en 2007 néanmoins, la puissance injectée par EDF ne couvre pas uniquementdes clients mais peut aussi correspondre à des intermédiaires.

Transmission

Une fois l’électricité générée (à basse tension), la tension est ensuite augmentéedans un transformateur pour baisser l’intensité du courant électrique de l’alimenta-tion. La réduction du courant entraînera la réduction des pertes ohmiques dans le sys-tème. Cela peut être expliqué en utilisant l’équation de puissance instantanée dissipéepar effet joule : Pj(t) = RI(t)2 avec I l’intensité (ou courant), R la résistance et Pj lapuissance instantanée dissipée par effet Joule (chaleur). Une tension plus élevée per-mettra également de distribuer la puissance à une distance beaucoup plus éloignée. Latransmission longue distance à basse tension entraîne une résistance plus élevée. Parconséquent, la tension est pompée jusqu’à une valeur beaucoup plus élevée avant latransmission (plusieurs centaines de kV). Il s’agit généralement d’un courant alternatiftriphasé. Comme les centrales électriques sont généralement situées loin des consom-mateurs, l’électricité doit parcourir une grande distance. Pour réduire l’énergie perduelors d’une transmission à grande distance, l’électricité est transmise à haute tension.En France, c’est le Réseau de Transport d’Electricité (RTE) qui est en charge de la trans-mission.
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Distribution

Une fois que l’électricité se rapproche du consommateur un transformateur abaissela tension. On repasse ici à une tension aux alentours de quelques dizaines de kV. Deuxtypes de clients sont distingués : les clients primaires (e.g., les bâtiments industriels),les clients secondaires (e.g., les particuliers). A ces deux types de clients sont associésun voltage spécifique. En France, l’un des acteurs majeur de la distribution est ENEDIS.
1.2.2 La structure du marché

L’électricité étant donc une denrée locale, il existe autant de marchés de l’électri-cité que d’états. La microstructure du marché dépend fortement de la réglementationnationale. Néanmoins, une structure commune émerge, portée par la nécessité d’unéquilibre entre consommation et production avec un rôle central de l’ISO, (e.g., RTE enFrance et ENTSO-E à l’échelle européenne). Il n’y a pas qu’un seul marché mais une sé-quence de marchés qui peuvent être classés par horizons temporels (cf. Figure 1.6). Lemarché infra-day (infrajournalier), lemarché day-ahead (journalier) et lemarché forward(de quelques jours à plusieurs années). Au moyen/long-terme les contrats bilatérauxsont négociés de gré à gré. Cela peut couvrir des produits standards ou plus spéciaux(e.g., profil de puissance, maturité) : on parle de forwards ou de futures. Au court-terme(à partir de J-1), les négociations ont lieu sur le marché Spot. On y retrouve des pro-duits standards sur le marché day-ahead et une procédure d’offre/demande en tempsréel sur le marché infrajournalier. Enfin des mécanismes d’ajustement mis en placepar l’ISO entre en jeu pour rééquilibrer le réseau s’il fait face à une déviation de la fré-quence de référence. Les acteurs qui interviennent sur lemarché sont : les producteursd’électricité qui négocient et vendent la production de leurs centrales électriques, lesfournisseurs d’électricité qui négocient et s’approvisionnent en électricité et la vendentensuite aux clients pour leur consommation, les négociants qui achètent pour revendre(ou inversement) et favorisent ainsi la liquidité dumarché, les opérateurs d’effacementqui valorisent la consommation de leurs clients à certains instants de la journée.
Marché Spot

Le marché Spot ou marché “physique” fonctionne en deux temps. Tout d’abord en
Day-ahead où il regroupe les offres de vente et/ou d’achat d’électricité soumises par l’en-semble des acteurs du marché pour chaque heure du lendemain. Une fois l’ensemblede ces offres soumises (jusqu’à midi la veille), les courbes d’offres et de demandes sontcroisées pour chaque heure du lendemain et l’intersection de ces deux courbes fixe leprix pour cette heure (ou pour chaque bloc d’heures). Tous les acteurs ayant soumisune offre supérieure au prix fixé, voient leur offre validée et doivent régler, non pasle prix précisé dans leur offre, mais bien celui du prix fixé a posteriori pour l’heure enquestion. C’est en quelque sorte un système d’enchère à l’aveugle où l’on ne paye quele prix fixé a posteriori. Ce mécanisme est utile pour combattre la volatilité des prix quipeut être un ennemi de la résilience du réseau. Grâce à cette procédure, deux prix deréférence émergent : la moyenne des prix sur toute la journée Baseload et la moyennedes prix sur la période définie comme étant les heures de pointe Peakload (de 8h à20h en France). Ils seront utilisés pour la création de contrats futures sur le marché
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Figure 1.6 – Les différents marchés de l’électricité
Forward (cf. Section 1.2.2). Le marché Spot Day-ahead regroupe donc des produits ho-raires (sur une ou plusieurs heures) avec livraison le lendemain. Les offres de ventese situent généralement légèrement au-dessus des coûts marginaux des actifs de gé-nération. Par conséquent, cette courbe suit le principe du merit order où les actifs degénérations sont sollicités par ordre croissant de leurs coûtsmarginaux. Généralement,on retrouve parmi les actifs de génération ayant les coûts marginaux les plus faibles lesénergies renouvelables (la matière première étant “gratuite”) puis vient le nucléaire etenfin les énergies fossiles. Les moyens du parc énergétique étant assez stables dans letemps (moyennant l’évolution du prix des matières premières, les périodes de main-tenance des différentes centrales et l’intermittence des énergies renouvelables) c’estsouvent la demande qui est bien plus volatile et qui peut entraîner des pics de prixou a contrario des périodes où les prix sont moins élevés. Dans un second temps, lemarché Spot infrajournalier regroupe les transactions concernant des produits demi-horaires, horaires ou par blocs de plusieurs heures, avec livraison le jourmême. C’est lapossibilité pour les différents acteurs d’effectuer des ajustements de dernière minuteaprès les offres retenues sur le marché textitday-ahead. En France, ce marché ouvre à15h la veille du jour de livraison. Le fonctionnement de ce marché repose sur l’offre devente et d’achat d’électricité en temps réel (contrairement au marché Spot day-ahead).Dès qu’une offre de vente correspond à une offre d’achat la transaction est opérée.La liquidité du Spot infrajournalier est donc limitée. Enfin, ce marché est le plus volatilcar il peut s’avérer très complexe de combler une demande soudaine en électricité enraison des contraintes physiques évoquées plus haut.
Marché Forward

Le marché Forward correspond à des produits avec des échéances supérieures à lajournée. Cela regroupe principalement deux types de produits : les contrats forwards etles contrats futures. En Europe, les différents produits futures sont standardisés et dis-
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ponibles sur l’European Energy Exchange (EEX). Il peuvent couvrir, plusieurs semaines,trimestres et ce jusqu’à 6 années. Ces produits se déclinent de trois façons : sur toutesles heures d’une période (Baseload), uniquement pour les heures de pointes, de 8h à20h en France (Peakload) et en prenant les blocs de plusieurs heures. Quant aux pro-duits forwards, ce sont des contrats qui peuvent être signés directement de gré à gréou par l’intermédiaire d’un courtier. Ils ne sont donc pas standardisés et les prix sontnégociés pendant la création du contrat. Le but de ce marché est de permettre aux ac-teurs de sécuriser leurs achats et/ou leurs coûts aumoyen/long-terme. En effet, les prixde ces produits sont généralement moins volatils que les prix dumarché spot. Pour lesacteurs responsables de la génération d’électricité, cela les engage à maintenir voireà développer leurs actifs de générations au fur et à mesure du temps. C’est aussi unmoyen pour eux de sécuriser des financements pour l’expansion de leurs actifs venantde différentes entités gouvernementales.
Réserves et mécanismes d’ajustement

A la suite des transactions effectuées sur les marchés Forward et Spot, l’ISO rentrealors en jeu pour assurer la sécurité du réseau électrique à l’aide de ses réserves etde mécanismes d’ajustement. Le but est toujours de maintenir l’équilibre en garantis-sant que la puissance soutirée soit égale à la puissance injectée à chaque instant. Cetéquilibre peut-être menacé en temps réel par la perte de certaines unités de généra-tion d’électricité, des erreurs dans les prévisions de consommation ou de productionou simplement la congestion du réseau. L’ISO dispose de deux moyens fondamentauxpour rééquilibrer le système. Premièrement, un système de réserves successives. EnFrance, elles sont au nombre de trois : la réserve primaire, avec un temps de réponseinférieur à 30 secondes permet de suppléer le réseau avec 500 MW automatiquement.La réserve secondaire elle aussi s’active automatiquement avec un temps de réponseinférieur à 3minutes et une puissance de 600MW. Enfin, la réserve tertiaire elle s’activemanuellement avec un temps de réponse de 15 minutes et représente une puissanced’environ 1500 MW. Au-delà de ces réserves, l’ISO peut également mobiliser un méca-nisme d’ajustement. Ces mécanismes font rentrer en jeu un nouveau type d’acteursappelés responsables d’équilibres (RE). Les RE sont des opérateurs du marché qui ontsignés un contrat les engageant auprès de RTE pour régler les écarts observés a pos-
teriori entre l’électricité injectée et celle soutirée sur leur périmètre de clients. Les REsoumettent alors des offres d’augmentation ou de diminution de leur production ouconsommation et l’ISO sélectionne les offres en fonction de la préséance économiquedans un délai de 30 minutes.
Règlement des écarts

En France, RTE établit, a posteriori, la facture à payer ou à recevoir par un RE, pourles écarts observés sur son périmètre (puissance injectée/soutirée). La formule de rè-glement de ces écart est basée sur le prix spot et les coûts de production d’électricité.L’idée étant d’inciter un comportement vertueux tant pour les producteurs que pourles consommateurs. Prenons un scénario où le réseau serait en manque de puissance.Si EDF est en excès de puissance sur son périmètre, alors EDF reçoit le prix Spot pourl’instant de la période de la journée considérée. En revanche, si EDF est en manque
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de puissance, alors EDF devra payer des pénalités également en fonction du prix Spotpour la période considérée.

1.2.3 Modèles de prévision
Jusqu’à présent nous avons détaillé les enjeux ainsi que les activités spéculativesliées aumarché de l’électricité. Minimiser les risques à la fois en terme de sécurité et surun plan financier est au cœur des activités des RE. Cela se traduit par la production demodèles de prévision des différentes inconnues du marché (e.g., les prix, la demande,la production). Tout comme le marché de l’électricité, ces prévisions peuvent se faire àlong-terme, moyen-terme ou à court-terme avec des objectifs différents dans chacunde ces cas. De plus, il ne s’agit pas uniquement de produire une prévision ponctuelledes différentes quantités mais on peut également rencontrer de plus en plus fréquem-ment des modèles de prévision probabiliste (quantiles) et plus particulièrement desmodèles de prévision de pics. L’émergence de ce secteur d’activité n’est pas unique-ment due à l’ouverture du marché à la compétition mais est aussi rendue de plus enplus difficile avec l’émergence des énergies renouvelables (intermittentes par nature)et de nouveaux usages de consommation (e.g., les VE). Les travaux présentés dans cemanuscrit s’inscrivent précisément dans le contexte de la prévision de la consomma-tion et en particulier celle du nouveau marché que représente les VE.

1.3 L’intégration des Véhicules Électriques dans le
réseau

Dans cette section, nous introduisons certains points fondamentaux pour l’intégra-tion des VE dans le réseau électrique. En particulier, nous détaillons les notions liées àl’infrastructure de recharge et la recharge intelligente ou smart-charging.

1.3.1 Infrastructure de recharge
La recharge des VE s’effectue le plus souvent à domicile mais aussi sur des bornespubliques (e.g., municipalités, autoroutes) ou privées (e.g., lieu de travail). Quel quesoit le lieu de recharge, nous pouvons trouver différentes normes concernant les in-frastructures de recharge, qui sont déterminées, principalement, par la région dans la-quelle elles sont appliquées. Plus précisément, trois normes principales existent actuel-lement (cf. Table 1.1 [6]) : 1. en Amérique du Nord et dans la zone Pacifique (SAE-J1772),2. en Chine (GB/T 20234) et 3. en Europe (IEC-62196). En résumé, on retrouve différentsmodes de charge délivrant différents niveaux de puissancemaximale. Plus la puissanceest élevée plus la charge sera rapide. La charge la plus rapide possible peut être atteinteavec des infrastructures de recharges en courant direct (DC). Souvent très larges et en-combrantes, ces bornes ne sont pas disponibles à l’usage domestique. Elles peuventatteindre plusieurs centaines de kW en puissance maximale ce qui par exemple per-met de charger une Tesla en moins d’une demi-heure. Cependant, le recours à ces in-frastructures DC doit être parcimonieux au risque de mettre en péril la durée de vie de
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Norme Mode Voltage (V) Intensité (A) Puissance Maximale (kW)

SAE-J1772 (Amérique)
AC Niveau 1 120 16 1.9AC Niveau 2 240 80 19.2
DC Niveau 1 200-500 80 40DC Niveau 2 200 100

IEC-62196 (Europe)
Mode 1 (AC) 16 230-240 3.8480 7.6
Mode 2 (AC) 32 230-240 7.6480 15.3
Mode 3 (AC) 32-250 230-240 60480 120
Mode 4 (DC) 250-400 600-1000 400

GB/T-20234 (Chine)
AC

250 10 2,516 432 8
440 16 732 1463 27.7

DC 750-1000
80 80125 125200 200250 250

Table 1.1 – Les trois principales normes pour les infrastructures de recharges [6]

la batterie. De plus, charger une multitude de véhicules en DC n’est également pas for-cément souhaitable à l’échelle du réseau car on pourrait avoir de grosses contrainteset des problèmes en certains endroits.

1.3.2 Impact et contraintes de recharge
Les VE représentent un défi important pour ce qui concerne leur intégration dans leréseau de distribution à grande échelle [7]. Une mauvaise gestion de ce nouveau mar-ché peut avoir un impact très négatif sur la courbe de charge (augmentation des picsde demande). De plus, cette contrainte ajoutée sur le réseau peutmener à la surchargede certains composants du système liés à des déséquilibres de tension et fréquence. Lastabilité du réseau de distribution est donc en danger. Un unique VE est loin d’être unproblème pour le réseau électrique. Cependant, une charge simultanée de centainesde VE dans un quartier pourrait grandement dépasser la capacité du réseau. Pour illus-trer cela il suffit de regarder la courbe de charge d’un ménage possédant un VE Figure1.7. Pour autant, si l’intégration des VE représente pour beaucoup une contrainte addi-tionnelle sur le réseau, en modifiant le paradigme du consommateur qui se rechargequand bon lui semble de façon non-contrôlée pour passer à un modèle avec des agré-
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gateurs qui ont pour mission d’optimiser la recharge des VE, on peut imaginer que lacharge des VE pourrait servir différents desseins. Ce modèle s’appelle la recharge intel-ligente ou smart charging.

1.3.3 Smart Charging

Le smart charging consiste à connecter les bornes de recharge de VE avec des agré-gateurs. Chaque fois qu’un VE est branché, la station envoie des informations (e.g., letemps de charge, la puissance délivrée) par Wi-Fi ou Bluetooth à une plateforme degestion centralisée. Des données supplémentaires complètent les informations de lastation pour fournir une vision plus générale du réseau aux agrégateurs (e.g., capacitédu réseau local). Ces données sont analysées et visualisées en temps réel et peuventêtre utilisées pour prendre des décisions automatiques sur comment et quand les vé-hicules électriques seront chargés. Grâce à cela, les agrégateurs peuvent contrôler etréguler la consommation d’énergie facilement et à distance via une plate-forme, unsite Web ou une application mobile. Nous présentons ci-dessous les options de smart
charging les plus courantes ou les plus étudiées à ce jour.

Partage de la puissance

Le partage de puissance, également parfois appelé équilibrage de charge ou nivel-lement, permet aux opérateurs de réseau ou aux entreprises disposant de plusieurschargeurs sur site de répartir la capacité énergétique disponible proportionnellementsur toutes les bornes de recharge actives pour VE. Étant donné que la puissance dis-ponible est limitée sur chaque site, une plus grande demande d’énergie pourrait en-gendrer des mises à niveau coûteuses de l’infrastructure électrique. Grâce au smart
charging, la puissance peut être distribuée de manière optimale afin d’éviter de tellesmises à niveau. C’est le même principe à une échelle plus grande comme une ville ouune région. Partager la puissance permet d’éviter de surcharger le réseau en acceptantun temps de recharge plus long pour les utilisateurs.

Figure 1.7 – L’impact d’un BEV sur la courbe de charge d’un ménage [8]
26



Minimisation d’externalités négatives

Le smart charging pourrait également contribuer à réduire considérablement lesémissions du secteur des transports. Alors que les véhicules électriques sont déjà pluspropres que les véhicules ICE, charger 1million de véhicules électriques au bonmomentsur le réseau actuel équivaut à retirer entre 20 000 et 80 000 véhicules ICE supplémen-taires de la route avec les technologies actuelles aux États-Unis [9]. Dans ce rapport,plusieurs scénarios de charge de jour et de nuit concernant six RE aux États-Unis sontétudiés. En particulier, la charge non-contrôlée est comparée à la charge optimisée parrapport aux émissions de gaz à effet de serre. Deux facteurs clés conduisent à desémissions maximales : le mix énergétique du réseau local et le comportement de re-charge des usagers. Donner la priorité à la charge de niveau 2 (cf. Table 1.1) avec destemps de séjour plus longs pour maximiser la flexibilité des véhicules électriques entant qu’actifs du réseau. Cela pourrait inciter les conducteurs de VE à se brancher tousles jours ou toutes les nuits de manière plus consistante et maintenir un certain de-gré de prévisibilité. De plus, le fait de se brancher tous les jours augmente la flexibilitéde chaque session de charge, maximisant ainsi les économies potentielles en termed’émissions. Une autre recommandation de ce rapport est adressée aux services pu-blics. Il exhorte ces acteurs du réseau d’intégrer l’électrification des transports dans laplanification énergétique. Par exemple, pour les réseaux avec une importante quan-tité d’énergie solaire diurne, cela signifie accélérer les programmes de recharge sur lelieu de travail. Pour les réseaux fortement éoliens, le modèle opérationnel de rechargenocturne dans un dépôt centralisé (e.g., pour les bus de la municipalité) s’associe par-faitement à l’augmentation de la production éolienne pendant la nuit.
Vehicle-to-Grid

La transition énergétique place les fournisseurs d’énergie devant un double défi.D’une part, ils doivent pouvoir exploiter de plus en plus des sources d’énergie inter-mittentes comme l’éolien et le solaire, mais sans pouvoir stocker l’énergie qu’ils pro-duisent à grande échelle. D’autre part, ils doivent pouvoir garantir la stabilité du réseauet répondre instantanément à la demande des consommateurs. C’est dans ce contextequ’interviennent les technologies vehicle-to-grid (V2G). C’est un changement completde paradigme où la batterie d’un VE est considérée comme une extension du réseauélectrique. Précisément, le paradigme V2G considère la batterie d’un VE comme une ré-serve d’énergie dans laquelle les fournisseurs d’électricité peuvent puiser si nécessaire.La charge devient alors un processus bidirectionnel, ce qui signifie que le réseau ne secontente plus d’alimenter en électricité la batterie du véhicule : il considère égalementcette batterie comme une source d’énergie à utiliser pour répondre aux différents be-soins de consommation d’énergie. Avec le V2G, un utilisateur de VE peut donc déciderde stocker l’électricité lorsque les tarifs sont les plus bas, puis de l’utiliser lorsque leprix augmente. Un conducteur qui rentre chez lui la nuit pourrait par exemple utiliserl’énergie stockée dans la batterie de sa voiture électrique pour alimenter ses appareilsélectroménagers. Il peut alors recharger cette même batterie plus tard dans la soirée,au moment où le fournisseur d’électricité propose les tarifs les moins chers.De lamêmemanière, la flexibilité apportée par le V2G permet de recharger une bat-terie pendant les heures où l’énergie est produite par des sources renouvelables, puis
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d’utiliser l’électricité en cas d’indisponibilité de l’énergie solaire ou éolienne. C’est aussile principe des systèmes de stockage d’énergie stationnaire sur batteries, qui visent àdonner une seconde vie aux batteries en créant des réserves d’électricité à l’échelled’une maison ou d’une borne de recharge. A l’échelle du réseau national, la capacité destockage d’énergie du réseau mise à disposition par V2G aide les opérateurs à mieuxgérer les fluctuations de la demande. Il peut, par exemple, permettre d’absorber unpic de consommation sans dépendre d’une coupure de courant sélective, ou il peutcompenser les micro-perturbations qui peuvent survenir lors du basculement de laproduction d’énergie d’une source à une autre. Dans le cadre de ce modèle, les opéra-teurs rémunèrent les clients qui mettent leurs batteries à disposition : le V2G aide ainsile consommateur final à réduire ses dépenses énergétiques.

1.4 Le Cycle de Vie des Véhicules Électriques
Les analyses du cycle de vie (ACV) évaluent l’impact d’un produit ou d’un servicesur l’environnement, généralement de sa production à son élimination [10]. Alors quele nombre de VE vendus dans le monde augmente d’année en année, dans le but deréduire les émissions de gaz à effet de serre dans le secteur des transports, il devientde plus en plus important de comprendre dans leur intégralité leurs coûts et avantagesd’un point de vue environnemental. Il nous semble très important d’un point de vuedéontologique et éthique de détailler ces points trop souvent oubliés ou passés soussilence.Le cycle de vie complet des VE peut être divisé en trois approches clés : cradle-to-

gate (du berceau à la porte), cradle-to-grave (du berceau à la tombe) et cradle-to-cradle(du berceau au berceau), comme le montre la Figure 1.8. Le cradle-to-gate fait référenceà un cycle de vie partiel du produit, du traitement des matières premières à la pro-duction de véhicules, se terminant à la sortie de l’usine. Cette approche ne prend pasen compte l’usage des consommateurs ni la phase de recyclage en fin de vie des véhi-cules. Le cradle-to-grave est une évaluation complète du cycle de vie depuis l’extractiondesmatières premières, couvrant l’entretien et le ravitaillement tout au long de l’utilisa-tion des véhicules et se terminant par le démontage et le recyclage des composants duvéhicule. Enfin, le cradle-to-cradle est connu comme un cycle de vie en boucle ferméeoù les matériaux récupérés en fin de vie des véhicules sont réutilisés comme matièrespremières dans le cycle de vie suivant. Les approches well-to-wheel tiennent compte ducycle de vie du vecteur énergétique, comme les combustibles fossiles ou l’électricité,ainsi que des émissions des véhicules résultant de son utilisation. Elles peuvent êtreà nouveau subdivisées en well-to-tank qui se concentre sur la chaîne d’approvisionne-ment en carburant et en électricité et tank-to-wheel qui correspond aux émissions desvéhicules provenant de l’exploitation par le consommateur [11, 12].Les résultats de l’ACV de différentes études varient en fonction du choix de l’ap-proche et des sources de données ainsi que des spécifications techniques telles quele type de véhicule et le poids qui ont été utilisées dans l’analyse. Différents choix delimites de système et d’hypothèses demodélisation peuvent également conduire à desrésultats différents entre les études [13]. Dans la phase de production, la charge envi-ronnementale des VE a tendance à être plus élevée que celle des ICEV. Cela est dû auxproduits chimiques et aux métaux utilisés lors de la production de la batterie. En par-
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Figure 1.8 – Approches classiques pour l’analyse du cycle de vie des VE [11]

ticulier, l’impact des VE sur le potentiel d’eutrophisation (EP) et le potentiel de toxicitéhumaine (HTP) a tendance à être plus élevé que celui des ICEV. Dans une étude, l’impactde la toxicité humaine des VE a été calculé comme étant environ cinq fois supérieur àcelui des ICEV. Cela est principalement dû aux émissions provenant de l’extraction dematières premières et de la fabrication de produits chimiques et de métaux tels quel’aluminium, le cuivre, le nickel et le platine qui sont utilisés dans la transmission.
Dans la phase d’utilisation, les VE ont tendance à avoir une performance environ-nementale plus élevée que les ICEV, mais cela dépend fortement du mix énergétiquedu réseau. L’utilisation de combustibles fossiles pour la production d’électricité peut ré-duire considérablement les avantages environnementaux des VE par rapport aux ICEVet dans les régions où la production d’électricité est caractérisée par une grande pro-portion d’énergie fossile, les VE pourraient entraîner une augmentation des émissionsdes gaz à effet de serre. Par conséquent, les sources d’énergie propres doivent être aug-mentées et promues aux côtés des véhicules électriques afin d’atteindre les objectifsd’atténuation des gaz à effet de serre [14].
La phase de recyclage offre des opportunités pour compenser la charge environ-nementale élevée de la phase de production. Les batteries Lithium-Ion peuvent êtreréutilisées grâce à la remise à neuf et à la réaffectation. La remise à neuf fait référenceau processus de réparation ou de reconditionnement des cellules des batteries des EVdestinés à être utilisés par les équipementiers. Par rapport aux batteries créées à par-tir de matériaux vierges, la remise à neuf a le potentiel de réduire la consommationd’énergie et les émissions de gaz à effet de serre [15]. La réaffectation fait référenceau processus de reconfiguration des batteries pour une application différente, commele stockage connecté au réseau, l’alimentation de secours ou les services auxiliaires.L’utilisation de batteries obsolètes pour les systèmes de stockage d’énergie peut facili-ter la transition vers les énergies renouvelables en offrant une énergie propre à faiblecoût hors pointe. Ce type de technologie est nécessaire en raison de l’intermittence des
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énergies renouvelables.
L’ACV des batteries dépend des émissions et de la toxicité associées à leur produc-tion, de la facilité avec laquelle elles peuvent être recyclées et du mix électrique dans larégion où elles sont développées. Par exemple, alors que les batteries Pb-Ac et Ni-Cdpeuvent être facilement recyclées avec l’infrastructure actuelle, elles sont plus toxiquesque les batteries NiMH. Dans l’ensemble, les batteries Lithium-Ion ont tendance à avoirun impact environnemental plus positif que les batteries Ni-Cd, Pb-Ac et NiMH. Le trai-tement desmatériaux cathodiques et le séchage des électrodes ont tendance à être lesprocessus associés à une consommation d’énergie et à des émissions élevées.
L’extraction des matières premières pour la production de batteries nécessite, enoutre, de grandes quantités d’eau et d’énergie. Les matières premières (lithium et co-balt) nécessaires à la fabrication des batteries Lithium-Ion sont souvent extraites pardes travailleurs dans des conditions extrêmement dangereuses. Environ un tiers del’approvisionnement mondial en lithium provient des terres salines d’Argentine et duChili et environ 70% de l’approvisionnement en cobalt se trouve en République démo-cratique du Congo [16].
Une étude examinant les structures de pouvoir, le patriarcat et le travail des enfantsdans l’exploitation minière artisanale et à petite échelle du cobalt en RDC a conclu quela façon dont le cobalt est extrait exploite actuellement les populations vulnérables touten contribuant à la dégradation de l’environnement et le changement climatique. Lesfemmes et les filles finissent souvent par accepter des emplois dans les pires conditionspour un salaire et des conditions inférieurs à ceux des travailleursmasculins et le travaildes enfants est dominant dans de nombreuses mines. Les populations locales ont desniveaux élevés de métaux toxiques dans leur corps, entraînant le développement demaladies cardiaques et respiratoires [17].
En résumé, les VE ont le potentiel de réduire les émissions de gaz à effet de serredans le secteur des transports par rapport aux ICEV. Afin d’atteindre ce potentiel, latransition vers les VE doit aller de pair avec une transition vers des sources d’énergienon fossiles à faible émission de carbone. Cela réduira les émissions associées à laphase d’utilisation des véhicules ainsi que les émissions associées à la création de labatterie dans la phase de production. Par rapport aux ICEV, la production de VE est as-sociée à une toxicité humaine plus élevée et à un épuisement des métaux rares. Celaconcerne la phase de production et est associée à l’extraction des matières premièreset à la production ultérieure des batteries. Par conséquent, afin de réduire l’impactenvironnemental des véhicules électriques, des processus de production de batterieshautement efficaces sont nécessaires ainsi que des matériaux éco-efficaces innovantsutilisés dans la création de batteries afin de réduire la quantité de matières premièresutilisées dans leur production. De plus, recycler les batteries sera essentiel pour garan-tir que l’impact environnemental des VE est minimal. Enfin, veiller à ce que l’extractiondes éléments nécessaires à la production de batteries soit durable et équitable sera laclé de l’avenir de la production des VE. Les fabricants de batteries pourraient viser àaméliorer la responsabilité de la chaîne d’approvisionnement liée à l’extraction du li-thium et du cobalt afin de garantir que les structures électriques en place puissent êtredémantelées et que l’exploitation des mineurs soit éradiquée [17, 13].
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1.5 Comportementsde chargedesVéhicules Électriques

1.5.1 Variables à modéliser
Les comportements de charge des VE peuvent être caractérisés de différentes ma-nières. En particulier, il est important de comprendre les différentes variables les pluspertinentes pour la modélisation de la charge des VE ainsi que pour les applicationsopérationnelles (smart charging). Dans les sections qui suivent, nous distinguons deuxtypes d’informations qui sont soit agrégées soit désagrégées. Par agrégé, nous faisonsréférence à des informations concernant un ensemble de VE tandis que par désagrégénous faisons référence à des informations concernant un seul VE (ou plus précisémentune seule session de charge).

Information agrégée

Au niveau agrégé, plusieurs informations peuvent être envisagées pour la modéli-sation. La grandeur la plus couramment modélisée est la courbe de charge car c’estcelle qui reflète le mieux la contrainte apportée par les VE sur le réseau et elle est aucentre de la plupart des défis pour les acteurs du marché de l’électricité. Une grandeexpertise a été acquise au cours des dernières décennies dans le domaine de la pré-vision de la charge électrique. Le nouveau défi qui accompagne l’adoption des VE estque ce nouveau type de demande n’est pas animé par la même dynamique ni ne ré-pond aux mêmes contraintes que la demande d’électricité traditionnelle. Il est d’autantplus crucial d’améliorer les prévisions de pics de charge qui feront l’objet de multiplesapproches innovantes dans ce manuscrit. Une autre information est particulièrementutile pour les applications de smart charging. Il s’agit de la courbe d’occupation. Alorsque la courbe de charge se concentre sur la puissance soutirée par les VE, la courbed’occupation reflète l’occupation réelle en termes de nombre de véhicules aux pointsde recharge. Prévoir l’occupation des points de recharge permet de déployer des stra-tégies de smart charging et contribue également à l’introduction d’un paradigme V2Gdans le réseau.
Information désagrégée

Au niveau désagrégé, il peut être utile demodéliser une grande variété de variables.Les plus évidentes sont les variables caractérisant une session de charge : l’heure d’ar-rivée, l’heure de charge, l’heure de départ et la puissance soutirée au cours du temps(ou la demande totale d’énergie) par VE. Ce sont des informations qui sont actuelle-ment facilement collectées aux bornes de recharge. Dans ce manuscrit, nous avonsexploré, en particulier, les arrivées des VE aux points de recharge, car un indicateur di-rect des moments où les contraintes sur le réseau sont les plus importantes. De plus,une autre information désagrégée est particulièrement pertinente mais toujours diffi-cile à collecter : l’état de charge initial (SoC) qui est le pourcentage d’état de la batteriedu VE lorsqu’elle est branchée au réseau. Il est actuellement modélisé en utilisant prin-cipalement des simulations à partir de distributions statistiques avec des paramètresdonnés par des experts ou des analyses globales, mais rarement dérivés de donnéesréelles collectées aux points de recharge. La collecte du SoC initial aiderait grandement
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à améliorer les modèles de comportements de charge des véhicules électriques car ilcontient des informations critiques qui peuvent influencer les autres facteurs influentssusmentionnés.

Agréger l’information désagrégée

Enfin, il est important de noter que les informations désagrégées peuvent être uti-lisées pour reconstruire les courbes de charge et d’occupation à l’aide d’un choix judi-cieux des variables désagrégées modélisées. En particulier, nous verrons dans le cha-pitre 3 comment cela peut être fait.

1.5.2 Modélisations proposées

Dans cette section, nous introduisons les différentes modélisations retenues dansce manuscrit pour modéliser les différents facteurs influents définis dans la section 1.5

Nombre de sessions de recharge journalières

Lamodélisation du nombre de sessions quotidiennes de recharge de VE est un typede modèle d’occupation où nous nous concentrons sur le nombre d’arrivées de VE auxbornes de recharge tout au long de la journée. Une façon typique d’aborder ce pro-blème consiste à utiliser la modélisation des séries chronologiques. Bien qu’il existeune grande variété demodèles de séries chronologiques, dans notre travail, nous noussommes concentrés sur deux options. Le premier est le modèle auto-régressif (ARIMA)qui est un modèle statistique conçu pour l’analyse et la prédiction de données de sé-ries chronologiques. Il prévoit les estimations futures sur la base des valeurs prisespar la série chronologique dans le passé. D’autres versions dumodèle ARIMA appeléesARIMAX peuvent également intégrer des covariables. Ceci sera détaillé plus loin dansle manuscrit. Le deuxième modèle que nous utilisons pour la modélisation des sérieschronologiques est celui des réseaux de neurones récurrents. Plus particulièrement,nous nous concentrons sur les architectures Gated Recurrent Units (GRU).

Sessions de recharges au niveau désagrégé

Le fait de disposer d’une prévision du nombre quotidien de sessions de rechargede VE peut être combiné à un modèle multivarié de la distribution des sessions derecharge pour dessiner des sessions de recharge individuelles et fournir des informa-tions désagrégées sur les comportements de recharge des VE. En utilisant unmodèle demélange multivarié des diverses informations désagrégées demandées (par exemple,heure d’arrivée, durée de charge, demande d’énergie), cela peut être réalisé. De plus,en supposant que les arrivées d’EVs sont connues (ou tout autre élément du vecteuraléatoire multivarié modélisé), conditionnellement à cette information, les autres élé-ments de la session de charge peuvent être dérivés avec une régression mixte (voirchapitre 3).
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Arrivées des Véchicules Électriques aux points de charges

En descendant de la granularité journalière, il est possible d’envisager de prévoirles arrivées de VE à une granularité plus fine. En supposant que les arrivées EV sontla réalisation d’un processus ponctuel, le but est d’estimer sa fonction d’intensité depremier ordre λ. Plusieurs types de processus ponctuels ont été pris en compte dansnotre travail (par exemple, Poisson, Hawkes), mais nous avons constaté que le proces-sus de Poisson non homogène (NHPP) était le mieux adapté à notre application auxarrivées EV. La flexibilité des NHPP et leur simplicité nous ont permis d’utiliser diffé-rentes approches pour estimer λ. En particulier, nous avons exploré des modèles non-paramétriques de l’intensité avec des modèles additifs avec splines et/ou ondelettes(voir chapitres 3 et 4). De plus, nous avons également estimé λ avec des approchesutilisant des forêts aléatoires (voir chapitre 3)
Courbes de charge et d’occupation

Enfin, la modélisation agrégée des courbes de charge et d’occupation peut se fairedirectement à l’aide d’outils statistiques et d’apprentissage automatique courants telsqueGAMou Random Forest. De plus, les informations désagrégées obtenues dans l’ap-proche susmentionnée peuvent être utilisées pour reconstruire les courbes de chargeet d’occupation (voir chapitre 3), nous nous intéressons doncmaintenant aux approchesdirectes. Quant à la modélisation des pics, primordiale en la matière, nous exploronségalement différentes approches de modélisation utilisant les GAM et les réseaux deneurones (voir chapitre 5).

1.6 Problématique et plan du Manuscrit
Comme nous l’avons rappelé dans les sections précédentes, le développement desVE est un levier majeur vers un transport bas carbone. Il s’accompagne d’un nombrecroissant d’infrastructures de recharge qui peuvent être utilisées comme actifs flexiblesde gestion du réseau. Pour permettre la meilleure gestion possible du réseau à court-terme, une prévision journalière efficace des comportements de charge est nécessaire.En particulier, trois enjeux sont au coeur de cette problématique :
1. Quels modèles sont à l’état de l’art pour la modélisation de la charge des VE etquelles sont les données disponibles?
2. Comment comparer les performances des modèles de prévisions et ainsi définirle meilleur modèle?
3. Comment prévoir les pics de consommation électrique quotidiens?
Le but de la thèse est de donner des éléments de réponse à ces trois enjeux. Pource faire, le reste du manuscrit s’articule de la manière suivante (cf. Figure 1.9) :
Le Chapitre 2 répond au premier axe de la thèse avec une exploration approfondiedes jeux de données ouverts trouvés au cours de nos travaux et propose une taxono-mie des modèles de la charge des VE. Pour motiver ce chapitre, de nombreux articlessoulignent le manque de données de recharge des VE disponibles dans la littérature.Des données ouvertes sont nécessaires pour construire des modèles reproductibles
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et cohérents avec la réalité. Notre hypothèse est qu’avec une adoption croissante desvéhicules électriques dans le monde, des données ouvertes peuvent être disponiblesen ligne. Par conséquent, l’objectif est de chercher des données ouvertes décrivant lacharge des véhicules électriques au niveau des points de charges (e.g., publics, profes-sionnels, résidentiels). On tient également à tenir compte des données exogènes tellesque le trafic, les enquêtes sur les déplacements et la qualité de l’air. Le périmètre del’étude est centré sur 14 pays de l’Electric Vehicle Initiative (EVI) classés par part demarchénationale des VE.
Le Chapitre 3 est une étude comparative de différents modèles entraînés sur l’en-semble des jeux de données de sessions de recharge présentées dans le chapitre 2.Bien que la prévision de la recharge des véhicules électriques soit un domaine de re-cherche en plein essor, aucune étude comparative de référence n’a été proposée surdes jeux de données ouverts. Cela entrave donc la reproductibilité des méthodes dé-finies. Nous proposons un benchmark d’une grande variété de modèles adaptés auxcomportements de charge les plus courants. L’objectif est d’unifier les prévisions desdifférents modèles en une ultime prévision à l’aide d’une agrégation d’experts. Pour cefaire, nous avons retenus 3 méthodes innovantes inspirées par l’état de l’art et avonsproduits 14 prévisions différentes pour chacun des 8 jeux de données ouverts explorésdans le chapitre 2.
Le Chapitre 4 introduit une procédure d’estimation de l’intensité d’un processusde Poisson non-homogène avec unmodèle additif d’effets splines et ondelettes pénali-sées. Cetteméthode est appliquée à l’estimation d’arrivées des VE aux points de charge.Après avoir donné la caractérisation du modèle, nous proposons une procédure d’es-timation inspirée du backfitting qui est illustrée par une étude de cas sur les arrivéesréelles de VE aux bornes de recharge. L’idée derrière cette approche de modélisationest d’évaluer si les pics d’arrivées aux points de charge peuvent être mieux capturésen combinant des effets splines et ondelettes. Précisément, les splines, des fonctionslisses, ont (a priori) pour rôle de capturer les basses fréquences du signal. Pendant cetemps, les ondelettes, plus localisées, ont pour but d’intervenir aux instants où les arri-vées sont plus erratiques avec des changements drastiques dans la fonction d’intensitédu processus d’arrivées. On utilise ici des données de charge résidentielle (DomesticsUK) et également des données de charge publique (Palo Alto).
Le Chapitre 5 répond directement au troisième enjeu de la thèse avec l’étude d’uneméthode pour prédire l’ampleur des pics de consommation électrique quotidiens ainsique leur timing en utilisant des informations à différentes échelles temporelles. Eneffet, lorsque la demande électrique dépasse la capacité du réseau, cela peut entraî-ner des pannes du système électrique. Le marché émergeant des VE ajoute une fortecontrainte au réseau qui pourra être localisée à certains instants de la journée. Avoirune prévision précise de l’ampleur des pics de consommation et dumoment de ces picspermet aux fournisseurs d’énergie d’optimiser le planning de leurs moyens de produc-tions. Notre hypothèse est que les estimations du pic de demande et de l’instant depic peuvent être améliorées en utilisant à la fois des informations à basse résolutionet à haute résolution : ce que nous appelons une approche multi-résolution. L’objectifest alors de proposer un cadre intégrant des informations à différentes échelles tem-porelles dans un unique modèle et d’apprécier les performances de la méthodologieproposée sur des données consolidées. Pour ce faire, nous étudions deux classes de
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Figure 1.9 – Plan du manuscrit
modèles : les modèles additifs généralisés et les réseaux de neurones. Les expériencesde ce chapitre sont menées sur les données du réseau national du Royaume-Uni dansun contexte de prévision avec fenêtre glissante.

1.7 Collaboration Industrielle
Cette thèse académique s’inscrit dans une collaboration industrielle avec EDF R&Det plus particulièrement le département OSIRIS (Optimisation, SImulation, RIsques etStatistiques pour les marchés de l’Énergie). Précisément, cette collaboration a abouti àla production de plusieurs livrables tout au long de la thèse. De plus, certains résultatsde la thèse ont été présentés à différents clients internationaux de l’entreprise et di-rectement utilisés par le groupe Méthodes, Modèles et Outils d’Optimisation. L’accès auxdonnées EDF ainsi que la collaboration avec différents experts du groupe Prévision de

Consommation Court/Moyen-terme ont contribué à enrichir les travaux présentés dansce manuscrit.
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Chapitre 2

A taxonomyof EV loadmodels andopen
data cartography

This chapter is based on a paper published in MDPI - Energies [18].
The field of EV charging load modelling has been growing rapidly in the last decade.In light of the Paris Agreement, it is crucial to keep encouraging better modelling tech-niques for successful EV adoption. Additionally, numerous papers highlight the lack ofcharging station data available in order to build models that are consistent with reality.In this context, the purpose of this chapter is threefold. First, to provide the reader withan overview of the open datasets available and ready to be used in order to foster re-producible research in the field. Second, to review electric vehicle charging loadmodelswith their strengths and weaknesses. Third, to provide suggestions on matching themodels reviewed to six datasets found in this research that have not previously beenexplored in the literature. The open data search covered more than 860 repositoriesand yielded around 60 datasets that are relevant for modelling electric vehicle char-ging load. These datasets include information on charging point locations, historicaland real-time charging sessions, traffic counts, travel surveys and registered vehicles.The models reviewed range from statistical characterisation to stochastic processesand machine learning and the context of their application is assessed.
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2.1 Introduction
Assuming a low-carbon energy mix, Electric Vehicles (EVs) are a credible alternativeto internal combustion engine vehicles (ICEVs) supporting the transportation sector inits low-carbon transition. A substantial number of governments are heavily investingin electric mobility with more than 5.1 million electric passenger cars on the roads glo-bally in 2018, according to the International Energy Agency (IEA) [19]. Several countriesare achieving high rates of EV adoption such asNorwaywhich approached an EVmarketshare of almost 47% in 2019 [19]. This is due in large part to major incentives implemen-ted by governments to foster EV uptake [20]. The EV30@30 Campaign [21] sets a targetof 30% EV market share by 2030 for the member countries of the Electric Vehicle Initia-tive (EVI) [22]. This enthusiasm for EVs comes hand in hand with great concern abouthow to manage the surge in electricity demand which could greatly disrupt the currentschedule [23].In order to overcome potential pitfalls, businesses and researchers are proposingsolutions including pricing strategies [24] and smart charging [25]. The goal of thesesolutions is to avoid dramatically shifting EV users’ behaviours and power plants pro-duction schedules. However, their implementation requires a precise understanding ofcharging behaviours. Thus, EV loadmodels are necessary in order to better understandthe impacts of EVs on the grid. With this information, themerit of EV charging strategiescan be realistically assessed.In this article, the term “EVs” refers to small vehicles (e.g., light motorcycles), passen-ger vehicles (e.g., cars) and goods-carrying vehicles (e.g., trucks) as per the classificationfrom the European Commissions’ official report “Mobility & Transport : Vehicle Catego-ries” [26, 27]. Passenger vehicles constitute the majority of EVs. Additionally, all energysystem management that can be plugged to the grid are considered : BEV, EREV orPHEV [28]. Furthermore, Electric Vehicle Supply Equipment (EVSE) will be referred to asany type of charging point, be it public or private. Finally, an EV charging session (ortransaction) refers to the period of time an EV has spent charging at an EVSE.

2.1.1 Aims and strategies for EV charging schemes
Electricity distribution occurs such that at any point in time and space, the consump-tion has to be equal to the production in order to avoid severe consequences such asblackouts [29]. A significant rise in the number of EVs in circulation leads to an increasein electricity demand which could cause such a blackout if the balance in the grid is noteffectivelymaintained. Therefore, EVs have an important role to play inmaintaining thisbalance [23]. The purpose of this section is to explore the different aims and strategiesrequired to overcome the potential difficulties caused by increased EV penetration. Fi-gure 2.1 summarises these aims and strategies.

Load flattening

While some studies showminimal impact of EVs on peak load [30, 31], the consensusin the field is that the grid will not be able to sustain its operations with the projecteddemand from EVs [24, 27, 32, 33, 34, 35, 36, 37].
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One of the first articles dealing with the impact of EVs on load management waspublished in 1983 [38]. In this article, EVs were suggested as a way to minimise theoverall grid load factor f . This factor is defined as the ratio of the average load (L) overthe maximum load in a given period of time : f = avg(L)/max(L). The maximisation ofthis quantity results in a more efficient distribution of resources over time. The articleproposed that using off-peak recharging of EVswill significantly increase the load factor.This means shifting the EV demand to times when the rest of the demand is low (e.g.,night time) in order to flatten the load curve. The flexibility analysis produced in [39]suggests that it is possible to shift the EV charging to the afternoon and night valleysfor different clusters of userswithout changing their behaviours. This could lead to peakreduction and load factor maximisation with little change to users’ requirements andlifestyles.
Articles such as [40] strived to estimate the benefits of this kind of controlled or in-centivised EV charging. However, these articles do not always account for potential mis-takes in load forecasting, therefore the benefits calculated could be inaccurate. Hence,it is critical to improve EV load forecasting models in order to alleviate the risk of un-realistic optimisation schedules for maximising the load factor.
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Figure 2.1 – The variety of strategies envisaged for handling EV load and their associatedaims. Incentivised flexibility and controlled flexibility are used to achieve specific aimswhile uncontrolled charging lets themarket decide the prioritisation of these aims. Loadflattening and load balancing are the most common aims found in the literature andthey are the focus of section 2.1.1.
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Load balancing

An early article from 1997 [41] considered using EVs as a source of electricity for thegrid when demand is high. In other words, using EVs plugged-in to the grid as an ancil-lary service or as way to bring flexibility to the overall shape of the load. According toa study focused on 400,000 EV charging transactions from 2012 to 2016 in the Nether-lands, 75% of EVs connected at public EVSEs are already fully charged [42]. This studytherefore supports the strategy of using fully recharged EVs which are still connected,as a source of energy in order to supply the grid. This paradigm shift, using what couldbe a major constraint and treating it as an opportunity, is called “Vehicle-to-grid” (V2G).
Additionally, integrating renewable energy sources onto the grid is also the focus ofnumerous studies [25]. Many countries with climate related commitments are aimingto increase the share of renewables in their energy mix. However, the main drawbackof renewable energies is their intermittent delivery of supply. Indeed, solar panels andwind farms are highly weather-dependent. In this context, EVs can adequately balancethe energy coming from renewable power plants. This strategy consists in consideringmultiple EVs acting as a large battery or electricity storage systemwhich can be dischar-ged back into the grid when weather conditions do not allow renewable power plantsto produce enough energy [37].
Although V2G hasmany advantages, one drawback is that it reduces battery lifetimeby adding unnecessary cycles of charge and discharge to the vehicle [43]. Furthermore,this strategy requires the existence of global and local communication and monitoringchannels which do not exist yet. These channels are necessary for the development ofEVs in general and particularly for V2G and load balancing [44, 45]. Finally, in order toensure effective communication, EV load models are critical as they can reduce uncer-tainty and minimise contradicting signals from what is expected and what is observedby operations management.

2.1.2 Chapter structure and contributions

The purpose of this chapter is to enable a better understanding of EV load dataavailable andmodels produced in the literature. Themain contributions of this chapterare as follows :
— The results of an in-depth open data search with a structured list of datasetsavailable for use— A comprehensive reviewof EV loadmodels including their strengths, weaknessesand their application in the literature— A preliminary study on matching EV load models to six open datasets found inthis research and not previously explored in the literature
The rest of the article is structured as follows. Section 2 defines EV load and its mostcommon drivers. Section 3 presents the open data found which can be used to modelEV load. Section 4 reviews EV load models comparing the different approaches taken.Section 5 explores charging session data not previously explored in the literature andsuggestions are provided on the models reviewed that could be applied to these data-sets. Finally, Section 6 highlights the current knowledge gaps anddiscusses the differentoptions in order to pave the way for future work.
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2.2 EV load and its main drivers in the literature

EV load corresponds to the power or energy consumed at EVSEs over time. This in-formation can also be directly derived from other closely related factors. In particular,knowing the arrival time and charge duration of EVs allows a deterministic reconstruc-tion of EV load.

2.2.1 EV load as a model output

EV load can be considered at different levels of aggregation. The total energy de-mand at all EVSEs can be referred to as the aggregated output of EV load models. Thesamemodel output can be envisaged in a disaggregated fashion. Two setups are widelyused in practice. The first is vehicle-centric which considers the contribution of each EVmember of a fleet to the aggregated load. The second is EVSE-centric which considersthe perspective of one or multiple EVSEs. Neither approach is mutually exclusive andthe two setups can be combined to model EV load.

Aggregated

The aggregated approach is shown in various articles such as [42] and [46] wherethe total EV load acrossmultiple EVSEs ismodelled. In [42] 1,750 charging stations (2,900charging points) are used while [46] uses a single station with many charging piles. Thiskind of approach usually performs well due to the smoothness of the aggregated loadcurve assuming there are enough EVs or charging stations in scope. While they give aholistic view of the charging load, they can lack detail with regards to the temporal andspatial distribution of the load which is one of the key concerns raised in the literature[23].

Vehicle-centric

In order to explore the finer details of EV load, a vehicle-centric approach can beadopted. In [47] individual EV loads are modelled in order to recover the aggregatedload. This approach can be qualified as a vehicle-centric approach as it uses individualoutputs of EVs. In this case, it is assessed in terms of aggregated load. The same can besaid for [48] and [49] where individual behaviours are modelled. A similar study can befound in [50] where the EV load outputs are separated into urban and rural behaviourswhile [31] looks at public and residential charging. This can give a better understandingof the spatial and temporal properties of EV load.
Additionally, models which consider the spatial components of EV charge are de-tailed in [27] and [36]. For instance, in [36] four schedules for EVs are identified whichenables one to better distinguish and evaluate their temporal impact on the grid. Fur-thermore, the spatial dimension is addressed by modelling EV charging locations. Bothoutputs are brought together in order to reconstruct the aggregated EV load.
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EVSE-centric

The EVSE-centric approach is rare in the literature as it usually is superseded bythe vehicle-centric approach. However, there are some occurrences of such work forinstance in [30] where residential charge is envisaged from each household perspec-tive. The authors used a bottom-up approach to forecast the aggregated EV load usingeach household individual load. The debate of using EVSE-centric over vehicle-centricapproaches is illustrated in [51]. In this article, it was found that both approaches yieldcomparable prediction errors even though the EVSE-centric approach was slower tocompute.

2.2.2 Input data used for EV load modelling

Battery

Battery inputs are variables which closely relate to the charging demand of EV loadfrom a “physical/chemical” perspective. The most common ones used across the lite-rature are the State of Charge (SoC), Energy Consumption (E) and battery capacity (C).Generally speaking, the SoC is the rate at which the battery is charged whether the EVis plugged-in, idle or travelling [52]. The SoC when the EV arrives at an EVSE is a criticalinfluential factor of EV demand. This is referred to as the initial SoC (SoCinit) in the lite-rature. By incorporating the distance travelled (D) by the EV, the following formula canbe written :
SoCinit =

C − E ×D
C

(2.1)
with C in kWh, E in kWh/km, D in km and SoCinit in %.On one hand, battery capacity and other engine specifications are usually assumedto be known constants. Based on EUMERGE data, probability functions were derived tocharacterise EV specifications in [27]. On the other hand, the SoC and energy consump-tion evolve over time and with vehicle usage. Both are highly correlated and they canbe deduced from each other from the formula above or by a set of assumptions. Forinstance, the initial SoC of EVs is assumed to be equal to 0%, 30%, 60% in [53] to matchdifferent scenarios. Similarly, the initial SoC is used as an input in [54] along with D, Cand the charging rate of the EV chargingmodel in [55]. Furthermore, in [48] and [56] bat-tery specifications and stochastic characteristics are also part of model inputs. Finally,the EV load itself can be used as an input when considering time series approaches [51].

Travel

From this literature review, it appears that travel behaviours are the most widelyused exogenous factor driving EV load models. It is important to distinguish betweentravel inputs extracted from travel surveys [32, 57] or estimated pattern data [48, 58, 27](which usually require further statistical treatment to be part of a model), and real-world traffic patterns (which are deduced either from pilot experiments [59] or directGPS driving data [60]).
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The input variables used in most papers (whether they are estimated or recorded)are the daily distance travelled and travel time. In [60] daily travel distance and indivi-dual trip distances distributions were extracted from a survey conducted between 2012and 2013 in Beijing with real-world GPS data collected on 112 volunteer vehicle owners.Likewise, a pilot experiment was put in place for a week in Germany [59] in order torecord the evolution of daily trips through GPS data.
When such exact data is not available, researchers use travel surveys instead [61].These datasets hold valuable general information on drivers behaviours and can beused in order to estimate parameters of statistical distributions for daily distance tra-velled or travel time. However, they can lack accuracy as the information is usually col-lected through questionnaires. For instance, in [57] the authors used the 2009 NationalHousehold Travel Survey (NHTS) as well as the New-York State Transportation Federa-tion Traffic Data Viewer in order to extract traffic statistics such as EV speed travellingfrom one charging station to another. In [32] daily trips from a single real-world vehiclefrom the NHTS is randomly assigned to a fictional EV used in the model. This proce-dure is applied to the desired number of EVs to obtain a fictional EV traffic. Similarly,[48] used Barcelona’s mobility patterns while [62] used the 2008 transportation datafrom the Dutch Ministry of Transportation in order to extract traffic statistics.

Weather

EV load models have stemmed from electrical load models. They have been deve-loped over 100 plus years [63] and are comprised of some strongly established cha-racteristics. One such characteristic is the thermosensitivity of electrical load [64]. Inshort, this means that some obvious patterns can be derived from analysing both loaddemand and temperature. Thus, it is natural that the most frequently used input forEV load models is temperature and its traditionally associated statistics (e.g., average,maximum, minimum) [30]. Even though temperature is used in most electrical loadmodels it is rarely used in EV load models. Nevertheless, there exists reasonable argu-ments to include weather data in EV load models.
[65] explores the influence of different weather variables on daily EV charging de-mand. This includes,minimum,maximumandmean daily temperature as well asmeanwind speed, maximum gust, rainfall, global radiation and sunny hours. The results ofthis study showed that temperature and specifically mean air temperature is the mostcorrelated weather input to daily EV load relative to the others reaching a 27% correla-tion relationship in one of the regions considered.
Similarly, in [24] the authors argue that temperature can be used to model EV loadas it is correlated to electricity prices and demand. However, there is no mention ofother potential weather factors which could be included.
A relational analysis is used in [66] to assess the impact of weather factors on trafficvolume in South Korea. It was found in this case study that maximum and average tem-perature as well as average humidity are the most influential weather factors on trafficvolume. Average wind speed on the other hand is less influential and was discarded intheir model.
Finally, it is also argued in [67] that temperature has a great impact on EV chargingstation load while wind and humidity were discarded.
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Economy

Amongst the articles covered only a few include economical factors such as elec-tricity prices [46, 24, 57], Gross Domestic Product (GDP) [48] or trends [65, 58]. Whilesome locations still provide free charging as an incentive to foster EV adoption, mostpublic EVSEs have a charging price based off a subscription or peak/off-peak tariffs. Ho-wever, China is one of the countries where real-time electricity pricing affects the priceconsumers pay at EVSEs. Thus, for [46] it is natural to include time of use tariffs as thisstudy was made on EVs in China. In [57], the authors also include electricity prices as itcan have an impact on the decision making undertaken by an EV driver when choosingwhich station to charge their vehicle.
Interestingly, GDP is included as a model input in [48] as it was shown in previouswork [68, 69, 70] that GDP and other socio-economical variables such as place of resi-dence and household characteristics have an impact on EV load and can be leveragedusing an vehicle-centric approach. This is something worth exploring as these variablesare easily accessible in travel surveys and general country statistics. They can be usedto better anticipate charging behaviours in various locations of the grid. Global EV trendusage with uptake scenarios [58] or calculated trends [65] can also be used as modelinputs.

Calendar

Temporal inputs are used in most model set-ups. They are easy to integrate andbring consistency as well as performance with the strong explanatory power they hold.They require no heavy statistical treatment as opposed to other variables (e.g., traveland battery) which makes them easy to use. For instance, in [49] and [26] day of theweek and time of day are used in EV loadmodels andmore generally, EV load is derivedin most research papers from day of the week, time of day and seasonal variation.

2.3 Open Data Search

Few review articles that deal with related topics to EV load modelling have includedinformation regarding open data with associated references [71]. To the best of theauthors’ knowledge, there exists no article at the time of writing which has attemptedthis type of endeavour for EV loadmodels. Indeed, a greatmajority of articles producedin the EV loadmodelling domain are based off simulated data or information owned byprivate entitieswhich are very rarelymade available [46, 67]. This prevents reproduciblework and slows down research in the field.
Therefore, the objective is to fill this gap by providing the community with a structu-red and carefully selected list of open datasets ready to be used in order to foster data-driven research in the field. This open data search was possible in great part thanksto the open data inception initiative which gathers links to more than 3,500 open datarepositories on their website all across the world [72] 1.
1. Links to the datasets are provided throughout this section and are up to date at the time of writing

45



2.3.1 Research Criteria
This study focuses on datasets which give information on transactions between EVsand EVSEs. In other words, charging sessions.Additionally, datasets holding information on exogenous variables such as traffic,travel surveys and air quality have also been considered. These variables are widelyused in the domain in order to simulate travel behaviours especially when consideringspatiotemporal models. Weather data is also used for EV load modelling and electricalloadmodelling in general [64]. However this type of informationwas excluded from thisdata research as global resourceswhich provide high qualityweather data already exist.For example, the riem package [73] written in R retrieves data from airport weatherstations all over the world via the Iowa Environment Mesonet website. Alternatively,the National Oceanic and Atmospheric Administration (NOAA) also provides extensiveweather data [74].In terms of the perimeter of this research, the top 14 countries active in the EVIduring the period covering 2018 to 2019 have been targeted. They are ranked by mar-ket share of electric cars according to the IEA [19]. This list includes, Norway, Iceland 2,Sweden, Netherlands, Finland, China, Portugal 3, USA 4, Canada, France, New Zealand,United Kingdom, Germany and Japan [76].Most of the repositories covered used native language, therefore, the use of directquery search was minimised as it can be approximate, especially in a foreign language.Thus the following standardised process was used for each repository covered : everytime a categorical hierarchywas available, datasets under the following categoriesweresearched for : “Environment”, “Natural Resources”, “Infrastructure”, “Transportation”,“Traffic”, “Climate & Weather”, “Urban Development”, “Planning”. If a category searchwas not enabled, then the following keywordswere usedwith their translated variants :“Travel (Survey)”, “Electric Vehicle (or Car)”, “Charge-Charging”, “Traffic”, “Station”, “AirQuality”, “Mobility”.

2.3.2 Open datasets
Overall, more than 860 repositories have been explored and more than 60 relevantdatasets have been found that are directly (endogenous) or indirectly (exogenous) use-ful for modelling EV load. Table 2.1 summarises the results found across all countriescovered with the most relevant datasets in each category. Regarding EVSE data, a dis-tinction is made between real-time and historical charging session data. Historical datagives information on charging sessions which occurred in the past. This is the essentialtype of data sought to model EV load. Real-time data refers to EVSE occupation infor-mation which is updated on short time frames (every few minutes) and not stored. Itrequires regular scraping to be transformed into a historical charging session datasetand only then can it be leveraged for EV load modelling.
2. Iceland is not officially part of the EVI but has the same ICEV ban by 2030 target than other countriesin the EVI and is often mentioned alongside them in IEA reports and charts [75]. The magnitude of its EVmarket share makes it highly relevant to this analysis.3. As an observer4. Participation was being assessed at the time and at time of writing the USA are no longer part ofthe EVI
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Countries

EVSE data Exogenous data

Location Charging Sessions TrafficCounts TravelSurvey RegisteredVehiclesHistorical Real-time
Norway [77] [77] [78] [79] [80]
Iceland [81] [82]
Sweden [83] [77] [84]

Netherlands [85] [86] [87] [85] [88] [89] [90]
Finland [77] [77] [91] [92]
China [93] [94] [95] [96]

Portugal [97] [98]
USA [99] [100] [101] [102] [103] [104] [61] [105] [106]

Canada [107] [108] [109] [110] [111]
France [112] [113] [114] [115] [116] [117] [118] [119]

New Zealand [120] [121]
UK [122] [123] [124] [125] [126] [127] [128] [129]

Germany [130] [131] [132] [133] [134] [135] [136]
Japan [137] [138]

Table 2.1 – The most relevant open dataset available found in this research with theassociated references.
For each country the corresponding EV market share from the IEA [19] is providedas well as the estimated value of the number of EVs to which this market corresponds.The estimated number of EVs sold is calculated by using the number of passenger salesin 2019 given on [139] multiplied by the EV market share from the IEA [19]. In Figure 2.2,the national EVmarket share and estimated number of EVs sold are shown, coloured bythe type of data available for each country. It is interesting to note that countries withthe highest market share and number of EVs sold are not the ones for which historicalcharging session data was found. First of all, countries for which historical charging ses-sion data was found will be discussed as it is the most relevant and rarest informationto find. Then, the information available from countries without historical charging ses-sion data but with real-time charging session data will be outlined. Finally, the countrieswhere only traffic information is available will be presented.

Countries with historical charging session data

Netherlands 6.6% national EV market share [19] equating to approximately 29, 000 EVs
sold in 2019 [139]23 repositories were covered in the Netherlands with every type of relevant datafound. First of all, ElaadNL [87] holds historical charging sessions which were studiedin multiple papers [39, 42]. With regards to traffic data, Onderweg in Netherlands is thenational travel survey published on a yearly basis [89]. While its tables are quite hard to
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Figure 2.2 – For each of the 14 countries in scope, the national EV market share [19] andthe estimated number of EVs sold [139] is shown. HCS refers to historical charging ses-sion data, RTCS refers to real-time charging session data and T refers to traffic countsand/or travel survey data. This demonstrates the existing gap between EV penetrationin each country and the availability of open charging session data.
study as-is for non-native speakers, they are summarised in another website in English[88]. Real-time data on utilisation and consumption at public EVSEs installed in Rot-terdam can be found on the EV-BOX website which is one of the EVSE providers [85].Registered vehicles [90] and public EVSE locations are also available (e.g., in Eindho-ven [86]). Additionally, historical traffic data from 2010 extracted from 24,000 measurepoints which stores information on vehicles such as speed and travel time [140] wasfound.
USA 2.4% national EV market share [19] equating to approximately 130, 000 EVs sold in
2019 [139]The open data search for the USA was extensive. Around 370 repositories were co-vered in the analysis. Among them three relevant charging session datasets were found[100, 101, 102]. The first provides a continuous dump of session data from 2018 on EV ses-sions recorded at city-owned EVSEs in Boulder (Colorado) [100]. The second gives thesame information for charging sessions of EVs in the city of Palo Alto (California) from2011 to 2017 [101]. Finally, the third provides us with an aggregatedmonthly view of tran-sactions in the city of Evanston (Illinois) between 2016 and 2017 [102]. Furthermore, acharging session open dataset from Caltech, which is continuously updated in colla-boration with Power Flex, is available at [103] and an exploration of this dataset wasproduced in [141]. On top of these charging session datasets, EVSE locations are alsoavailable from the Alternative Fuels Data Center [99], as well as many travel surveys in-cluding the National Household Travel Survey (NHTS) [61], which are frequently used tosimulate EV behaviours from conventional vehicles. In particular, a mobility survey wasperformed in April 2019 for the City of Boulder on 203 residents. Information extractedfrom [105] brought together with the EV charging session dataset of the city of Boul-der [100] could lead to more consistent and accurate representation of EV load than byusing the more general NHTS. Finally, a large proportion of states share traffic volumes
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in various municipalities across the country (e.g., the city of Houston [104]).
France 2.1% national EV market share [19] equating to approximately 46, 000 EVs sold in
2019 [139]France (mainland) also has a large number of open data repositories. In total, 151repositories were explored. Among them all kinds of relevant data were found. Firstly,charging sessions were recorded from April to May 2017 on Belib’ stations in Paris [113].Furthermore, the Paris Data website provides the Belib’ real time availability of publicEVSEs in Paris [115] which can be scraped on a regular basis via an API in order to re-construct a historical dataset. Regarding private EVSEs, the charging sessions of a fleetof EVs owned by SAP Labs France have been recorded from June 2017 [114]. This data-set is updated every threemonths. On top of charging session data, registered vehiclesacross the territory [119], traffic counts in numerous cities [116], real-time traffic [117],and a national travel survey [118] are available in order to perform a spatiotemporalanalysis of EV load. Different road traffic open data repositories are gathered on theCerema website [142].
United Kingdom 2.1% national EV market share [19] equating to approximately 50, 000
EVs sold in 2019 [139]72 repositories were covered for the UK mainland which yielded multiple chargingsession datasets. Two of them are situated in Scotland : Dundee City [124] and Perth& Kinross City Councils [125]. The former gathers two years of charging session datafrom 2017 to 2018 while the latter covers four years from 2016 to 2019 to the granularityof each session. Additionally, the UK government led an EVSE analysis over the year2017, with domestics [143], and public [144], [145] chargers. The raw datasets availableinclude charging session data for each type of EVSE. There were also some initial trialsled by the UK power networks in 2013-2014 which can yield useful information [146].Public EVSE locations are available in numerousmunicipalities of the UK [123] as well asa national charging point registry [122] with real-time [126] and historical traffic counts[127]. Moreover, yearly national surveys are also available [128].
Countries with real-time but no historical charging session data

Norway 46.4% national EV market share [19] equating to approximately 69, 000 EVs sold
in 2019 [139]Norway is by far the country which has the highest penetration rate of EVs to date.Thus, it is no surprise that some highly relevant data for EV load modelling was foundregardless of a relatively small number of repositories available (13). Norway was anearly-mover in fostering EV adoption. In 2009, the first large investments were madeby cities and the government with Oslo being the major contributor [20]. The mostrelevant data feed comes from the NOBIL database API [77]. This service provides (afterbenefiting of an API key fromNOBIL) real-time information on EVSEs all across Norway,Sweden, Finland and Denmark (e.g., location, usage, details). Historical dumps do notseem to be available through the API, however a regular scraping may be put in placein agreement with NOBIL in order to reconstruct historical data. Other data sourceswhich describes exogenous variables are available such as traffic volumes [78], [79]
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and vehicle registrations by fuel types [80] which gives an overview of the trend in EVadoption.
Sweden 7.9% national EV market share [19] equating to approximately 28, 000 EVs sold in
2019 [139]Sweden, with 18 repositories covered, also benefits from the NOBIL API which ga-thers real-time information on public EVSEs activity across the territory [77]. Some ofNOBIL’s information is gathered on an external Swedish website which provides his-torical statistics on EV public charge use [147]. On top of that data source, the map ofpublic EVSEs [83] and statistics on newly registered vehicles per county, town and fueltype on a monthly basis are also available [84]. This latter dataset can be used in loadforecasting models as a variable explaining the trend in EV usage particularly thanks toits monthly granularity.
Finland 4.7% national EV market share [19] equating to approximately 5, 700 EVs sold in
2019 [139]Finland is also one of the countries which has adopted the NOBIL database API [77].Amongst the 20 repositories covered, exogenous information with traffic in real timein a few municipalities (e.g., the city of Tampere was found [148]) as well as registeredvehicles between 1922 and 2019 [92] and average distance travelled by vehicles between1980 and 2015 [91]. Even though these sources, provide us with extensive historical data,themost recent years are themost relevant for EV loadmodels. These datasets can givean overall understanding of the overall traffic trends in Finland.
Germany 2% national EV market share [19] equating to approximately 69, 000 EVs sold in
2019 [139]With regards to Germany, the most relevant datasets found among the 52 reposi-tories covered were real-time public EVSE usage [131] and real-time traffic data [132] inthe city of Bonn. Scraping both sources and associating these can lead to precise EVload models. In addition, travel surveys at fine levels of details are available from theGermanMobility Panel [135] as well as the Rheinisch-Westfälisches Institute (RWI) [134].The RWI dataset was used for a study on mobility patterns in [149]. Furthermore, thenumber of vehicles registered [136] and traffic counts in several municipalities [133] cangive an understanding of the trend in EV usage across the country. Finally, as for mostother countries, public EVSE locations are also available [130].
Countries with traffic data and no charging session data

Iceland 17.2% national EV market share [19] equating to approximately 3, 100 EVs sold in
2019 [139]As for Iceland, 4 repositories were covered and the most relevant datasets founddo not include any charging sessions but descriptive statistics on transports in Reykja-vik [81] as well as vehicles distance and fuel consumption between 1995 and 2019 [82].This can enable an understanding of the trends in EV adoption and high-level travelbehaviours. However, limited analysis can be conducted as real charging session data
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is unavailable and would have to be simulated from other markets. Additionally, noreal-world traffic data or travel survey was found which also limits spatial studies.
China 4.5% national EV market share [19] equating to approximately 1, 100, 000 EVs sold
in 2019 [139]Being the country with the largest volume of EVs, China is at the forefront of EVdeployment worldwide. However, this research did not result in finding any chargingsession data for China. One explanation for this is that more than 90% of EVSEs areowned by private firms [150]. Most of the articles which use data from charging sta-tions on Chinese territory do not make it available as it is usually part of an agreementbetween the researcher and the entity owning the data. Nevertheless some relevanttraffic data [94], [95] for the whole territory was found and travel surveys [96] as wellas EVSE locations [93] specifically in Hong-Kong.
Portugal 3.9% national EV market share [19] equating to approximately 8, 900 EVs sold in
2019 [139]Regarding Portugal’s open data, traffic statistics with the number of vehicles regis-tered by type and fuel was found [98]. Additionally, EVSE locations in Lisbon were alsoavailable [97]. No charging session data was found.
Canada 2.3% national EV market share [19] equating to approximately 13, 000 EVs sold in
2019 [139]Being the co-lead of the EVI activities along with China [19], Canada is a major playerin the field of EV deployment. Around 76 repositories were explored with numeroustravel surveys which describe various aspects of drivers’ behaviours [110]. Traffic vo-lumes [109] and EV registrations [111] are also available with details on EVSEs availablefor public use in some municipalities (e.g., the city of Edmonton [107]). Even thoughno historical nor real-time charging session data was found, there exists an EV HomeCharging Program [108] which gathers residential charging session data. However, thisdataset is not open at the time of writing butmight be accessedwith the relevant accessgrants.
New Zealand 2.1% national EV market share [19] equating to approximately 2, 300 EVs
sold in 2019 [139]For New Zealand, 22 repositories were coveredwith successful findings in traffic sta-tistics and vehicle registrations. Several locations in New Plymouth record traffic count[120] and the number of vehicles registered by type across the country is also available[121]. This data as-is is difficult to exploit for EV load modelling as it lacks EVSE locationsand charging sessions.
Japan 1.1% national EV market share [19] equating to approximately 48, 000 EVs sold in
2019 [139]Finally, with Japan, 14 repositories which did not contain any charging session orstation location information were covered. Nevertheless, exogenous data can be ex-tracted with numerous travel surveys [137] and some statistics on registered vehicles[138].
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2.4 EV load models
The scope of this review focuses on papers detailing an EV load model as defined inSection 2. Most often, the model output is the power or energy demand at EVSEs butit can also be closely related features (e.g., EVs arrival/departure times, charging dura-tions) from which the load can be reconstructed. In particular, the focus was given onpresenting a wide variety of methods to encompass multiple modelling settings. Thepurpose of this section is to enable an understanding of the strengths and weaknes-sess of the methodologies proposed to model EV load. From the papers considered forthis review, EV load models can be segmented into three categories : statistical charac-terisation, stochastic processes and machine learning models. The comprehensive listof models considered in this review is presented in Appendix A.

2.4.1 Statistical Characterisation
The goal of statistical characterisation models is to produce a distributional ana-lysis for the outputs shall it be data-driven [42] or entirely deduced from exogenousvariables such as travel data and statistical assumptions [32]. The different characteri-sations of EV load and proxy variables such as charging duration or inter-arrival timeare summarised in Table 2.2.

Model Strengths Weaknesses Ref

Gaussian Particularly suited forlarge simulations
Unrealistic as negativevalues have a non-zeroprobability [32]

Weibull, Lognor-mal, Exponential
Rapid to implementwhile providing an ap-proximation consistentwith reality

Fail to capture signi-ficantly diverse beha-viours in the data [31]

Mixtures (e.g.,Beta, Gaussian)
Captures significantlydifferent users’ beha-viours in the data andrespects real-worldconstraints

Unsuitable for mediumor large dimension pro-blems with numerouscovariates

[42][151][141][152]

KDE
Highly versatile modelas no explicit prior onthe distribution is re-quired

Weak interpretabilitypower in addition to asensitivity to outliers

[153][154][155][156][157]
Table 2.2 – Statistical characterisation models for EV load

In [32], the authors did not benefit from any EVSE data. Nevertheless, they used theNHTS [61] ICEV behaviours from 2009 to derive EV travel patterns in order to simulate anEV fleet and characterise their behaviours. In their work, the simulation showed that thepower consumption can be seen as a normal distribution without any loss of accuracy.
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This can be true in practice, however, it is usuallymore consistent to assign distributionswhich are defined on R+ as it is unrealistic to observe negative power demand in thatcontext. It is however convenient for model conciseness and computational speed.
In [31] a statistical analysis is conducted on data extracted from an EV trial conduc-ted in Victoria (Australia) on 33 EVs on a 3-month period. This article showed that theWeibull distribution was the best fit for charging duration compared to the exponen-tial and lognormal laws. They have also characterised the time to the next chargingevent as a mixture of two lognormal distributions. This is a vehicle-centric approachwhich considers the time to next charge from the EV perspective. These characteri-sations were used on a Monte-Carlo simulation which created 4,000 EVs by randomsampling and assessed their overall impact on the grid. While these distributions aremore consistent than a Gaussian distribution, they still fail to capture the irregularity ofEV drivers’ behaviours hidden in the data.
In [42], a dataset provided by Elaad NL [87] has been studied. This paper charac-terises EV load through a mixture of beta distributions. Its parameters are optimisedby minimising the Root Mean Squared Error (RMSE) of the point-wise difference withthe empirical distribution. Additionally, Kolmogorov-Smirnov testing was used to as-sess the goodness-of-fit. From the observations that weekly charging sessions presenttwo peaks (namely a morning and a late afternoon peak) it was reasonable to considera mixture of distributions to account for the different modes. In [151], 13 different char-ging session profiles were identified using Gaussian mixture clustering based on dataprovided by the G4 cities of the Netherlands. Other recent studies complement thiswork by using Gaussian mixtures to model the triplet (Arrival Time, Charging Duration,Energy Consumed) in order to characterise EV load. In [141] the triplet is modelled by amultivariate Gaussianmixture while in [152] only the couple (Charging Duration, EnergyConsumed) is modelled by a Gaussian mixture with the Arrival Time modelled by anexponential distribution. The results produced are more accurate than for elementarydistributions. However, they are structurally limited to the joint use of few covariateswhich keeps from fully integrating exogenous information.
A few articles alsomodelled EV load with a kernel density estimator (KDE). Twomaintypes have been used in the literature : the Gaussian kernel density estimator (GKDE)and the diffusion kernel density estimator (DKDE). These methods are highly versatilebecause no prior knowledge over the distribution is hypothesised. Thus, they can reachhigh accuracy when fitting empirical data at the cost of weak interpretability. Lookingat [153], a GKDE is used to estimate daily trip distance and end time of the last trip. Bothvariables are critical for EV charging schedules and this method improves the accuracyof the distributions compared to parametric methods. A similar conclusion is drawnin [154] from a GKDE estimating the triplet (Arrival time, Charging duration, Chargingcapacity). In [155] and [156] the authors have compared both the GKDE and DKDE whenestimating EV load. Thanks to its optimal bandwidth selection process, DKDEwas foundto produce better load estimations. Finally, in order to make the best of both GKDE(which is less sensitive to outliers) and DKDE (which has a higher overall accuracy), [157]has proposed a hybrid density estimator (HKDE). This HKDE reached significantly betterroot-mean square performance in estimating the EV load than the DKDE and GKDE ontheir own on the dataset used for this study.

53



2.4.2 Stochastic Processes
In the context of EV load models, three main types of stochastic processes havebeen detailed in the literature : purely temporal, spatiotemporal and queuing theoryviewpoints. The various stochastic processes presented are summarised in Table 2.3.

Table 2.3 – Stochastic Processes for EV load
Model Strengths Weaknesses Ref

Temporal Adequate for modellingone EVSE or one EV
Generally assumesindependence betweenEVSEs

[33][158][55][159][62]
Spatiotemporal Suited for modellingclusters of charging sta-tions simultaneously

Large increase in com-plexity with scale
[27][36][50]

Queues Easily scalable withstrong theoreticalgrounds
Restricts reality withsimplifying assump-tions

[47][160][34][57]

Temporal

One of the early works on EV temporal loadmodels was completed in [33] where theauthors explored the stochastic nature of EV load by using probabilistic travel patternsto determine initial SoC and starting time of battery charge. In particular, assumingbattery type is known, recharge starting time is then assumed to be a random variablewith a probability density function (pdf) determined by the tariff structure (scenarios)and patterns of EV usage. Initial SoC is also considered as a random variable dependenton the total distance travelled since last charge. Introducing a lognormal pdf for thedaily distance driven, the initial SoC can be derived assuming a linear discharge (alsoassuming that it was fully recharged originally). Finally, they obtain a discretised versionof the stochastic process of the load on half hourly intervals for a single EV which is thenextended to an arbitrary number of EVs.In [158], the authors defined a temporal stochastic process modelling charging pat-terns at a public EVSE with a Markov Chain comprising three states : unoccupied, char-ging and plugged-in but not charging. Essentially, the Markov Chains setup assumesthat the current state of the process, conditionally to all past states, only depends onthe previous state. It simplifies the calculation and has been extensively studied in theliterature throughmany applications [161]. In [158], after initialising the transition proba-bility matrix which drives the path of the process they let the system evolve and assessthe revenue made by the charging station.Auto-regressive integrated moving averages (ARIMA) are a particular type of tem-poral process. Box and Jenkins [162] formalised a precise methodology to estimate thedifferent orders of ARIMA processes. In [55] the ARIMA process is quantised on hours
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of the day. In other words, 24 sub-processes are estimated in their model. The finalprocess obtained is thus a day-ahead hourly forecaster of EV load. In a following paper[159], they improved the performance of their model by forecasting separately conven-tional load and EV load. The results obtained in this paper reinforces the argumentthat EV load is structurally different from conventional load and requires specific loadforecasting models.
Similarly, in [62] the authors modelled household EV load demand by using sto-chastic behaviours of three random variables : start-time of trip,end-time of trip andtravelled distance. With a vehicle-centric approach, they present a Monte Carlo simula-tion method to derive overall system load. A particularity of this model is that it used acopula to characterise the multivariate distribution function of model variables. Then,using typical EV charging profiles, they derived the electricity demand at different EVuptake levels while observing the grid impacts.
Purely temporal models are particularly suited for one EVSE or one EV. They are notconsistent for modelling cluster of EVSEs which require spatial considerations.

Spatiotemporal

Spatiotemporal models are usually designed for disaggregated approaches. The EVload at different stations is modelled separately using temporal features as well as tra-vel patterns. They are rare in the literature as they require the combination or simula-tion of both the charging sessions and EV trips. Furthermore, they are limited as theycannot scale to large geographical scopes. Nevertheless, they can explore in fine detailsthe intricacy of the relationship between EVs and EVSEs in specific regions.
In [27], the authors introduced a spatiotemporal model using Monte-Carlo simula-tion to specifically assess EV load demand in urban areas. The core of this method liesin the origin-destination analysis used to determine daily travel patterns of EVs. Addi-tionally, probability functions to describe EV characteristics were identified. Using bothtravel patterns and EV characteristics, they ran aMonte-Carlo estimation of EV chargingload for each busbar. By construction, this model can also be used for probabilistic as-sessment which indicates the branches most vulnerable to potential overloading.
In [36], the authors modelled both temporal and spatial stochastic aspects of PHEVowners behaviours to then derive their pdf. They modelled the temporal dimensionwith a uniform distribution for the start and end of charging time. As for the spatialdimension, they described the number of PHEVs arriving at an EVSE by a Poisson pro-cess according to driving behavior and traffic state. Assuming that both dimensions areindependent, they derived the joint spatiotemporal pdf by multiplying both individualpdfs for charging times and arrival at EVSE. Ultimately, they expressed the effect on thedaily load curve under various number of PHEVs for 150 PHEVs dispersed in the testsystem.
Finally, [50] proposed another probabilistic approach to characterise the spatiotem-poral diversity of EV charging demand specifically on peak load demand. AMonte-Carlosimulation was used to evaluate the impacts of charging demand on the grid in urbanand rural environments. It showed that this diversity of location helped the grid handlethe demand better.
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Queuing theory

Queuing theory models often use Kendall’s shorthand notation which describes thearrival (A), the serving time (B) and the number of servers (C) in a compact form : A/B/C.EV load models are a suitable context for this theory as it was detailed in numerousarticles [47, 57, 34, 56, 160].One of the early works on EV load modelling was performed in [47]. This simpletheoretical approach proposed to use an M/M/nmax queue where the two first com-ponents characterises the Poisson processes for the number of EVs arriving at a publicEVSE and the number of EVs served while nmax refers to the number of maximum pa-rallel charging EVs at charging points. A case study was conducted on the first car pro-duced by Tesla, the Roadster Model, in order to assess the stochastic power demandoutput from the model.The same queuingmodel was also used in [56] and was compared to a Monte-Carlosimulation in order to ultimately fit a distribution for the entire load demand of PHEVs.Additionally, in [160] the authors also used this queuing model and complemented itwith a fluid traffic model in order to look at EV charging load on highway charging sta-tions.In a more general fashion, the authors of [34] have opted for anMt/GIt/∞ queuewhere the number of arrivals follows an inhomogeneous Poisson process (indicatingthat the intensity function varies over time), the serving time is a general time-dependentdistribution with an infinite amount of servers or EVSEs in the EV load context. Usingsome established results of queuing theory and previous work on estimating non ho-mogenous Poisson process rates, the authorsmanaged to forecast each disaggregatedintensity function for day-ahead forecasting. This paper is the only one found for sto-chastic processes applied to EV load which uses both travel patterns from the NHTSand real charging session data.Thus, one important advantage of queuing network analysis applied in a spatio-temporal context of EV load is that it can capture interactions among multiple chargingstations. In that sense, BCMP networks (named after their inventors : Baskett, Chandy,Muntz and Palacios) introduced in [163] were applied in [57] to produce an EV loadmodel. BCMP networks are a type of queuing network which yield a product-form sta-tionary distribution. This kind of network is commonly used to study interconnectedqueues. In the EV load context, it means that it enables the model to take into accountthe potential shift of users from one station to another and control it to envisage dif-ferent scenarios.It is clear that queuing models are to be reserved for theoretical considerations ra-ther than for operational implementation. Nevertheless, thanks to their solid mathe-matical foundations, they bring great insights for understanding EV load behavioursespecially when EVSE data is scarce.
2.4.3 Machine Learning

Four machine learning branches have mainly been explored for modelling EV load :Linear Model (LM), Support Vector Machine (SVM), Random Forest (RF) and ArtificialNeural Network (ANN). In [49] the authors compare decision trees/tables, SVM andANN. SVM demonstrated the best performance while the ANN and decision trees are
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Table 2.4 – Machine Learning models for EV load
Model Strengths Weaknesses Ref

Linear Model Easily interpretablewith fast implementa-tion
Structurally limited for cap-turing complex and irregularpatterns

[166][167][168]
Support VectorMachines

Easy implementationand effective in high-dimensional spaces
Not suitable for large andcomplex datasets which arenot linearly separable even inhigh-dimensional spaces

[49][51][26][165]

Random Forest Versatile model with noprior assumptions onthe shape of the data
Weak interpretability with noability to extrapolate fromtraining data

[51][30][169][165]

Neural Networks Can reach the highestlevel of performance
Architecture selection pro-cess can be laborious withlong training time

[49][51][59][67][46][170]

ten times quicker to test on new data. A limitation of this work is that the dataset doesnot come from real charging session data but an aggregated distributional analysisproduced by ECOtotality [164]. In [165], SVM, RF, k-Nearest Neighbours (k-NN) and ame-thod called Modified Pattern-based Sequence Forecasting (MPSF) which uses k-meansare compared. They found that SVMs and RF reach the best performance with regardsto the Mean Absolute Error while k-NN and MPSF achieve better performance with re-gards to the Symmetric Mean Absolute Percentage Error. Since, k-NN and MPSF aremuch faster to compute predictions, they concluded that MPSF and k-NN were bettersuited for operational use. The different machine learning branches studied for EV loadmodels are gathered in Table 2.4.

Linear Model

It is common practice to start addressing a machine learning problem with simplemodels such as LM. In [166], and [167] LM was chosen as a first step to implement asmart charging strategy. This gives a more realistic operational context as opposed toother articles which skip predictive models before implementing an optimal chargingstrategy. Furthermore, in [168] an assessment of model inputs is presented using LM.They found that the voltage level of each EV had a critical influence over their model.However, thesemodels are limited as they cannot capture irregular patterns in the datawhich is expected across EV drivers.
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Support Vector Machines

SVM were originally defined by Vapnik [171]. In a nutshell, the idea behind this al-gorithm is to find the hyperplane which maximises the margin between different setsof populations. It is easy to implement but yields relatively long training times whenworking with large datasets.In the context of EV load, SVM were compared to a Monte-Carlo forecasting tech-nique in [26] and showed a better performance on a theoretical charging session data-set. Additionally, in [51] SVMs are used alongside other machine learning algorithms inorder to model EV load from a vehicle-centric as well as from an EVSE-centric perspec-tive. Because the EVSE-centric approach requires more data, it demonstrates a signifi-cantly longer running time as expected for SVMs. This study used a dataset extractedfrom UCLA campus parking lots. Thus, it is unlikely that these kinds of models will scaleadequately for a larger scope of charging stations. Furthermore, articles using SVMsare now becoming rare as other alternatives with similar or better performances canbe found.
Random Forests

RF is a learning algorithm which was popularised by Leo Breiman [172]. In short, itis an ensemble method which uses decision trees as elementary components for itsconstruction.On top of SVMs, [51] also used RF tomodel EV load. The few hyperparameters requi-red to be tuned (e.g., number of trees, sampling rates) enables a fast and easy imple-mentation with the possibility to iterate rapidly. In [30], RF demonstrated their ability toforecast day-ahead EV load charging blocks for households in an EVSE-centric fashion.As mentioned in previous paragraphs, the EVSE-centric approach can be difficult to im-plement as it requires large amounts of data and complex modelling. Thus, the useof RF for this kind of disaggregated approaches is adequate. [169] precisely illustratesthe ability of RF to handle the EV load problem from both time and spatial dimensions.This article shows that RF can model both a single station as well as a group of stationsconsidering spatial and temporal inputs. Single station models are more accurate asthey have more consistent behaviours while the group of station models is slightly lessaccurate in terms of the mean absolute percentage error but brings a more holisticview to the problem. Other ensemble methods which stemmed from the same area ofmachine learning such as gradient boosting could also be considered [167], [173].
Neural Networks

ANNswere initially presented by Frank Rosenblatt in 1958 [174] in theirmost elemen-tary form in the name of the perceptron. They were extended shortly afterwards to theMulti-Layer Perceptron (MLP). After being forgotten for a fewdecades, ANNs have expe-rienced a rebound in interest from the end of the 80s in particular with the formulationof the backpropagation algorithm [175] and the breakthroughs in computer vision withConvolutional Neural Networks (CNN) [176].In [59] an MLP with tilted loss function is used for probabilistic forecasting of EVload. It is compared with a kernel density estimator as well as quantile regression and
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it showed the best performance using the same inputs and outputs. It is quite commonacross various scientific fields that ANNs reach the highest performance on many pro-blems compared to other machine learning or statistical methods. The main drawbackis the lack of interpretability of such models which are highly complex [177, 178]. Elabo-rate ANN architectures such as CNNs [67] and Recurrent Neural Networks (RNNs) [46]have been explored for modelling EV load. [170] compares 12 different architecturesincluding CNNs, RNNs. In this last article, the Long Short-Term Memory (LSTM) archi-tecture showed the best performance on the dataset studied. From all these articles itis challenging to decide which ANN architecture is the best overall for EV load model-ling. However, some clear conclusions can be made. RNNs are particularly performantas they take into account historical EV load values. In the current operational context,this is information that is hard to obtain at fine time steps. Thus, until real-time com-munication channels are available, it is likely that the most useful ANN models will beCNNs or RNNs with larger timesteps.

2.5 Matching EV load models to open datasets : a preli-
minary study

Six datasets dealing with historical charging session information have been selectedfor their completeness and accessibility : Boulder [100], Palo Alto [101], Dundee, [124],Perth, [125], Paris [113] andDomestics UK [143]. According to this research, none of thesedatasets were used in the EV load modelling literature so far. The purpose of this sec-tion is to identify the variables available and to enable a high-level understanding ofcharging behaviours. In addition, an association of the 6 datasets selected with themo-dels reviewed in Section 2.4 is proposed.

2.5.1 Variables and data quality

The fields available in each of the six datasets selected are summarised in Figure2.3. These six datasets provide us with session start and end times as well as the energyconsumed. With the exception of the Domestics UK dataset, the station address (loca-tion), and the power level of the charging port are available in these datasets. In addi-tion, the Palo Alto and Boulder datasets contain gasoline and greenhouse gases (GHG)savings as well as the charge duration which represents the amount of time the vehiclewas plugged-in and actively charging. This is different to the park duration which alsocaptures the time a vehicle was plugged-in and no longer charging which is a variableonly given in the Palo Alto dataset. However, this park duration can be deduced fromthe session start and end times in the remaining datasets. Finally, for customer spe-cific information, the Paris data provides a unique identifier per customer badge andthe Palo Alto dataset gives the post code registered by the driver. Information regar-ding postcodes is interesting for models that include travel inputs such as the distancebetween the driver’s home and stations nearby.
Additionally, a data quality analysis was conducted on the six datasets. In [170], out-liers were identified by using a set threshold from the variability between current and
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Figure 2.3 – Fields available in the six datasets selected. Fields available are in green andfields not available are in grey for each dataset considered.
previous values. Instead, in this analysis, fixed boundaries were chosen and the follo-wing set thresholds were observed :— Charge and/or Park Duration has to be positive and less than 24 hours— Energy Consumption needs to be positive and less than 100 kWhThe first criterion is important as some datasets have some obvious errors in theend times column which are set in 1970. This might indicate a manipulation error fromthe customer which led to a computational mistake along the process of data collec-tion. Also, as most charging sessions last for a few hours, charging sessions that lastedfor more than a day were discarded.Similarly, recorded energy consumption values forPerth [125] and Dundee [124] are highly variable, reaching anomalously negative andhighly positive values indicative of potential errors. The 100 kWh upper bound was cho-sen as it is close to the highest capacity of the Tesla Model S which is the EV with thelargest battery capacity amongst the most widespread models [179]. If a transactiondoes not fit these criteria, it is discarded from the following analysis. This preparationhad very little impact on the Palo Alto dataset with only 0.17% of transactions discarded,while the Boulder, Dundee, Perth, Paris and Domestics UK datasets have seen 8%, 11%,4% , 14% and 7% of their data discarded respectively.
2.5.2 Exploratory analysis

Figure 2.4 shows the trend in the total number of transactions per day over eachdataset specific time frame. Due to increasing EV uptake [19], an increase in EV chargingsessions is expected as illustrated by Palo Alto and Perth. However, this is not the casefor Boulder and Dundee. Instead, a decreasing number of charging sessions at the endof each time series can be observed. This could be due to external factors such as anincrease in charging session prices. As for the Domestics UK, only one year of data isavailable which indicates that the plot shown describes the yearly cycle rather than thelong-term trend. Similarly, the Paris data cannot be extrapolated as it only represents
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two months of data.

Figure 2.4 – The black dots represent the daily number of sessions while the red curveis the output of a generalised additive model used to smooth the values. Each modelwas produced using themgcv package in R and its default settings [180].
Overall statistics of the six datasets in scope are provided in Table 2.5. The datasetwhich covers the largest time frame is from the city of Palo Alto with 6 years, followedby Perth with 4 years, Boulder with a little over 2 years, Dundee with 2 years, Domes-tics UK with 1 years and Paris with 2 months. In terms of the transactions (or sessions),Domestics UK records the largest number of transactions.Moreover, Dundee and Boul-der both cover 2 years of data but Dundee has close to three times more transactions.Naturally, there are consistently more transactions on weekdays than on weekends intotal and on average across all datasets. Furthermore, the average park duration andcharge duration varies significantly across the datasets. Indeed, while for Palo Alto theaverage park duration is around 2 hours and 40 minutes, in Perth it is closer to 1 hourand 15 minutes, so less than half of the time. Additionally, the average Park Durationfor Domestics UK is greater than 9 hours which is expected as this dataset describesresidential charge instead of public charge for the others. The Charge duration on theother hand is relatively close for Boulder and Palo Alto which are both American cities(located in Colorado and California). Finally, the average energy demand is consistentlybetween 8 to 11 kWh across all datasets.

2.5.3 Suggestedmatchingof EV loadmodelswith thedatasets consi-
dered

From this exploratory analysis, some suggestions can be given on how tomatch theEV load models reviewed in Section 4 with the six datasets presented above. The firstcriterion identified for this selection is whether the dataset describes public chargingor residential charging. Only two of the models reviewed deal with residential chargingand will thus be assigned to the Domestics UK dataset. They would benefit from the
61



Table 2.5 – Overall statistics and high-level information for the six datasets in scope.
Charging Session Dataset Boulder Palo Alto Dundee Perth Paris Domestics UK

FirstTransactionDate 2018-01-01 2011-07-29 2017-01-09 2016-01-09 2017-04-01 2017-01-01
LastTransactionDate 2020-03-31 2017-07-31 2018-12-05 2019-12-08 2017-05-30 2017-12-31

TotalTransactions
All 18,052 133,329 47,051 63,936 4,225 2,956,198
Weekdays 13,487 101,486 34,434 46,607 4,907 2,208,695
Weekends 4,565 31,843 12,617 17,329 1,555 747,503

AverageTransactions Weekdays 23 65 173 60 101 8,495
Weekends 20 51 160 55 86 7,119

ParkDuration (h) Mean - 2.7 2.29 1.24 1.7 9.16
StandardDeviation - 2.41 4.56 2.13 2.93 6.49

ChargeDuration (h) Mean 1.81 2.05 - - - -
StandardDeviation 1.34 1.39 - - - -

EnergyDemand (kWh) Mean 8.42 8.18 9.16 11.01 8.51 8.88
StandardDeviation 7.08 6.76 6.53 8.49 6.71 7.55

large number of records and the customer identifier provided in this dataset. Thus, itis a good setup for vehicle-centric approaches [62] and machine learning models [30].Looking now at public charging sessions, Boulder and Palo Alto are the only twodatasets which gathered GHG and gasoline savings. These fields are rather uncommonacross charging session datasets and they can enable an environmental impact analysisof EVs. However, it would be limited to EV usage rather than a holistic environmentalimpact with lifecyle assessments [181]. Thus, no mention of this kind of analysis wasfound in the articles reviewed.Nevertheless, Palo Alto also possesses the driver’s post code. With this knowledge,fine spatiotemporal processes can be derived as proposed in [50]. Additionally, thelarge amount of records available is suited to test the scalability of queuing models[34, 57] and spatiotemporal processes [27, 36] which require travel information. It alsoprovides an ideal setup for deep learning models which require large training sets[51, 59, 67, 46, 170].As discussed in Section 3, Boulder not only holds a charging session dataset but alsoa travel survey led in 2018 with a focus on EVs [105]. It is a rather qualitative survey andcan be used in combination with the NHTS [61] to address themore specific behavioursinherent to the city of Boulder. With both travel and charging session data, this is alsoa favourable setup to apply spatiotemporal models [27, 36, 50]. Considering that thisdataset is continuously updated and holds recent data, it would also be interesting toapply models which were precisely built for operational use such as [165] and [169] inthe hope of taking consistent conclusions with real-world applications.
62



The Paris dataset holds customer identifier information which encourages vehicle-centric approaches. However, the small amount of data deters the use ofmodels whichleverage numerous parameters. Instead, statistical characterisation techniques withunimodal distributions could yield a sufficient approximation of the phenomenon asproposed in [31] and [32] along with LM [166, 167, 168]. The remaining statistical cha-racterisation models (mixtures [42, 31, 141, 152, 151] and KDEs [153, 154, 155, 156, 157])can capture diverse patterns and thus could be applied to medium-sized datasets. TheParis dataset could also be used to verify the consistency of simple queuing models asthey usually struggle to find concrete applications [47, 160].As Perth and Dundee are two neighbouring cities of the UK, it would be interes-ting to compare the difference in charging behaviours between them. Considering thatthey have the same fields, it would be interesting to independently compare their be-haviours as despite their closeness, it is unlikely that there is a significant spatial impactbetween these for public charging. Thus, temporal processes produced in [33, 158, 55,159] would be well suited. Additionally, thanks to the medium-size of both datasets,SVM models described in [51, 26] could also be a good option here.
Table 2.6 – Charging session datasets with associated EV load models suggested.

Charging session dataset Specificities EV load models Models references

Boulder [100]
2 yearsGHG and Gasoline SavingsMedium-sized DatasetPublic Charging Sessions

KDEMixturesRFSpatiotemporal

[153] [154] [155] [156] [157][42] [152] [141] [151][165] [169][50] [27] [36]

Palo Alto [101]
6 yearsDriver’s Post CodeLarge DatasetPublic Charging Sessions

ANNQueuesSpatiotemporal
[51] [59] [67] [46] [170][34] [57][50] [27] [36]

Dundee [124] & Perth [125] 2 years (Dundee) & 4 years (Perth)Medium-sized DatasetsPublic Charging Sessions
KDEMixturesSVMTemporal

[153] [154], [155] [156] [157][42] [152] [141] [151][51] [26][33] [158] [55] [159]

Paris [113]
2 monthsCustomer IdentifierSmall datasetPublic Charging Sessions

QueuesLMUnimodal distributions
[47] [160][166] [167] [168][31] [32]

Domestics UK [143]
1 yearCustomer IdentifierLarge datasetResidential charging sessions

RFTemporal [30][62]

2.6 Discussion and future work
The purpose of this section is to highlight and discuss the current gaps and limita-tions from both open data and EV load models perspectives (Table 2.7).

2.6.1 Data usage and privacy issues
With this article, the community has clear visibility on a carefully selected list of opendatasets useful for modelling EV load [191]. In most research papers, datasets obtained
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Table 2.7 – Gaps and future work for EV load data and models. Sections 6.1 and 6.2 dealwith data prospects and limitations while Sections 6.3 and 6.4 describe new ways ofmodelling and tie EV load models to optimisation of charging schedules.
Section Keywords References

Data
6.1 Usage and privacy issues VariablesAccessibilityRegulations

[74] [73][59][182]
6.2 Other types of relevant data General Electrical LoadNon-Intrusive Load MonitoringSynthetic data

[71] [183][184] [185][152]

Models
6.3 Composite Approaches Stochastic ProcessesMachine Learning [186] [187][188]
6.4 Link with optimisation Smart ChargingProbabilistic ApproachReinforcement Learning

[24][189][190]

from system operators or other entities were not explicitly made available and no clearindication was given on how to retrieve them if it was possible. Our hope is to fosterthe practice of sharing supplementary materials with both the data used and code pro-duced in order to encourage reproducible work in the field.
While the open data search provides visibility on charging session and traffic data,no repositories merging both was found. Thus, it is likely that the standard will remainto manipulate separate datasets for charging and traffic data as it is already the case inthe literature [57, 66, 59] at least in the near future. And as such, different locations anddifferent grains of data will still need to be leveraged in order to perform a completedata-driven spatiotemporal description of EV load.
Battery inputs are intrinsically complex to obtain. It would involve establishing anInternet of Things (IOT) between EVs, charging stations and controllers when conside-ring a smart charging scenario [44, 45]. This type of work is currently in progress [59]and the community could benefit from new types of information for EV load modelsin the near future. However, so far, the articles which include these variables simulatethem from prior statistical distributions.
Some of the datasets presented in Section 3 provide unique identifiers for vehiclesand even driver’s registered post codes [101]. However, data regulations (e.g., GDPRin Europe [182]) may prevent spreading battery and travel inputs openly. Thus, moreelaborate and complex models will be required in order to capture hidden informationfor disaggregated approaches.
The other variables of interest pinpointed in this review are easier to retrieve. Forexample, weather information can be obtained from the R package riem for a widerange of locations [73] or on the NOAA website [74]. If finer information is required,meteorological grid models can be used for that purpose. Economical and calendarvariables can be tailored for each analysis depending on the grain chosen.
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2.6.2 Other types of relevant data

The open data search presented in Section 3 mainly focuses on charging sessionand traffic data. However, it is also possible to consider general electrical load opendata [71]. Indeed, if a region switches to EVs in a given time period, this change canreflect on the regional load curve. In this context, EV load would be a latent or hiddenvariable contributing to the general electrical load.
In addition, grid networks data [192] and big cities’ electrical load data [183] are beco-ming more and more available. Combining them with charging session and traffic datamay lead to models which have a holistic and data-driven understanding of the reality.
To model the load of specific appliances with general electrical load data, Non-Intrusive Load Monitoring (NILM) methodologies have received a lot of interest in therelated literature [193, 194]. The question addressed is whether it is possible to identifyand characterise EV load within a general electrical load curve [184], [185].
Synthetic data can also be used in order to produce EV load models. In most re-search papers, simulators rely heavily on assumptions derived from travel surveys andnot so much on real charging session data [158, 33, 32]. Nevertheless, a data-driven si-mulator has been recently proposed in [152] which was trained on real-world chargingsessions and thus can represent more accurately real world charging behaviours.
Finally, there are semi-openor closeddata.Most of these closeddatasets are relatedto residential load [108, 195] as it is less feasible to retrieve them without raising dataprivacy concerns.

2.6.3 Composite Approaches

From a methodology perspective, it is interesting to note that very few stochasticprocesses approaches used real data [34]. These models are usually theoretical andcan be useful for mid-term or long-term scenarios but less relevant for short-term fore-casting. Alternatively, the machine learning and statistical characterisation approachespresented were highly data-driven.
In the corpus of articles considered in this review, there exists no article that dealsboth with stochastic processes and machine learning algorithms in the context of EVload models. Thus, it would be interesting to compare them in terms of performancebut also to assesswhat they can bring to each other in a compositemodel [188, 186, 187].
Furthermore, it was shown in many articles reviewed in Section 4 that the influx ofvehicles at EVSEs is highly time dependent. Consequently, homogenous poisson pro-cesses used in articles from the corpus will not be enough to capture the reality ofdrivers’ behaviours [36]. More elaborate processes such as inhomegenous poisson orself-exciting point processes [196] have to be considered to account for this time de-pendence. Using these stochastic processes hand in hand with machine learning algo-rithms will foster consistency, conciseness and performance of EV load models.
Finally, another gap brought to light in this review is the lack of work on stackingmo-dels or bottom-up approaches [30] which are indeedmore costly from a computationalperspective but can bring a deeper understanding of EV load.
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2.6.4 Link with optimisation
As mentioned in the introduction, EV load models are part of a two-step process.Firstly, behaviours relating to EV load demand must be understood and then currentschedules optimised depending on the aim (e.g., load flattening or load balancing). Thearticles introducing methodologies for optimising charging schedules usually assumea clear knowledge of the future short-term demand. It is less common to see articleswhich account for the potential uncertainty of EV load models. This is also due to thefact that there has been less focus given to probabilistic EV load models which couldyield confidence intervals for evaluating risks of surpassing the energy supply at a giventime. Additionally, probabilistic forecasting proposes amore exhaustive representationof the demand as it does not solely focus on the mean demand.Solutions which include both forecasting and optimisation aspects in the same mo-del or process are required [24], [197]. Again, using the same data for this purpose isessential, as it enables the development of solutions by researchers specialised in dif-ferent fields such as forecasting and optimisation. To unify both, methodologies can bealso developed using reinforcement learning [190]. In addition, specific losses related tothe exploitation of probabilistic forecasts in smart charging strategies could be relevant[189].

2.7 Conclusion
In this paper, the reader is provided with a comprehensive list of open data thatcan be used to model EV load. Additionally, an organised review of EV load modelsis presented. Finally, six datasets are explored to provide recommendations on howthey can be matched to the EV load models reviewed. The open data search focusedon the top 14 countries of the EVI ranked by national EV market share. A total of 860+open data repositories was covered which yielded more than 60 open datasets rele-vant for modelling EV load. Across the literature, a wide spectrum of EV load modelswere reviewed. This includes statistical characterisation models from parametric (uni-modal distributions and mixtures) to non-parametrical estimation (KDE). Furthermore,stochastic processes with purely temporal models, spatiotemporal models and queueswere also included. Finally, machine learning models including LM, SVM, RF and ANNwere reviewed.From the open data research, six datasets which have not been pre-viously studied in the literature were considered. Recommendations were provided onhow the models reviewed could be matched to each dataset. We hope that this articlewill encourage the use of the open datasets and models reviewed in order to fosterreproducible work and breakthroughs in the field of EV load modelling.
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Chapitre 3

A benchmark of EV load and occupancy
models on open data

This chapter is based on a paper published in the proceedings of ACM e-Energy 2022 [198].
We propose an extensive benchmark of 14models for both load and occupancy day-ahead forecasts, covering 8 open charging session datasets of different types (residen-tial, workplace and public stations). Two modelling approaches are compared : directand bottom-up. The direct approach forecasts the aggregated load (resp. occupation)directly of an area/station whereas the bottom-up approach models each individual EVcharging session before aggregating them. This second approach is key to the effectiveimplementation of smart charging strategies. We consider both machine learning mo-dels (Random Forests and Gated Recurrent Units) and statistical models (GeneralisedAdditive Models, Poisson Regression, Mixture Regression, Auto-Regressive) in order tomaximise the spectrum of our benchmark. We finally propose an adaptive aggregationstrategy to assess the variety of forecasts at hand. Overall, we demonstrate that directapproaches reach better performances than bottom-up approaches across all datasetsconsidered. We further show that the different approaches used can lead to an impro-ved performance of direct approaches when using an adaptive aggregation strategy. Infact, our best model produces a forecast which is more than 5 times better relative tothe persistence on residential data.
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3.1 Introduction

Electric Vehicles (EV) represent an important lever for a transition to low-carbontransport. By carefully managing EV charging load, it can become a flexible asset tothe grid in various ways (e.g., load balancing, load flattening). Operating a system re-lying on smart charging requires a thorough understanding of the mechanisms under-pinning charging behaviours. Therefore, over the last decade, numerous papers havebeen published to address the question of EV charging load models, and in particular,EV demand forecasting (see [18] or [199] for extensive reviews of the literature).
As the EVmarket is still in its infancy,most papers rely on simulated or private data totrain EV charging load models. The lack of studies using open data has been hinderingreproducible research and the establishment of sensible benchmarks. In the mean-time, many open datasets have been made available and are still underused by thecommunity [200]. Only recently, [201] proposed a deep learning graphical network mo-del to forecast the daily energy demand of public charging stations in Palo Alto (USA). Inaddition, [202] proposed a long short-term memory (LSTM) neural network to forecastoccupancy of public charging stations in Dundee (UK) at an intraday horizon. Finally,[203] is a data centric statistical study which demonstrates the importance of geospa-tial information on charging behaviours.
Benchmarking statistical andmachine learning approaches onmultiple existing opendatasets is of crucial interest for the industrial and academic communities. To fill thisgap, we propose an investigation of different state of the art and innovative modelstrained on the open datasets considered. These datasets cover all common chargingbehaviours : residential, public, and workplace charging. Two main approaches havebeen retained for this benchmark : a direct approach where the load or the occupancyis forecasted at the aggregated level ; a bottom-up approach where the load or the oc-cupancy can be derived from individual charging sessions simulated by the model.
The direct approach uses the traditional electricity load forecasting set-up. If the EVstation is sufficiently large, aggregating the occupancy or the load of each EV will regu-larize the signal by the law of large numbers. Therefore, we can expect to achieve goodresults with similar methods used for aggregated electricity consumption data. Gene-ralised Additive Models (GAMs), state of the art models for electrical load forecasting[204] as well as Random Forests (RF) [205] will be considered.
The bottom-up approach is highly relevant for assessing the benefits of smart char-ging strategies. Forecasting individual charging sessions has many advantages : it al-lows for the simulation of different charging schemes naturally and can incorporateindividual information (e.g., personal charging constraints, traffic, habits). A chargingsession i is characterised by three variables to be estimated : the arrival time (ai), thecharge/park duration (ci/pi) and the energy demand (ei). Charging sessions are model-led by methods including non-homogeneous Poisson processes [206], time series, andmultivariate density estimation.
As a result, an in-depth analysis of models’ performances on 8 charging sessionopen datasets is provided. A rolling-origin forecasting procedure is used to replicatethe operational setting for these models. We hope that this will foster reproducibleresearch in the field and may be used as a baseline reference for future modellingwork. The key contributions of this paper are (a) a unique framework for comparing EV

69



load or occupancy forecasting models, (b) a discussion of 14 model performances on 8open charging sessions datasets and (c) a demonstration of the benefits of leveragingthe variety of bottom-up and direct forecasts by aggregating them into one forecastingmodel. The rest of the paper is structured as follows : Section 3.2 describes the problemat hand and the datasets in scope. Section 3.3 gives the detail on the methodologiesconsidered in this benchmark. Finally, Section 3.4 presents the forecasting setting, themodel selection and validation procedure and compares model performances.

3.2 Problem Formulation
The aimof this work is to produce day-ahead EV load and occupancy forecastingmo-dels at a one-minute time resolution. A wide variety of models have been presented inthe literature to address forecasting problems in relation to EVs [18, 199]. These modelseither characterise EV charging sessions to thenderive information on the load/occupancyor directly forecast the load/occupancy. This is not surprising asmost data used is set ata charging session level. This is a particularity of EVs as in the electrical load forecastingliterature it is common to use meter readings data which are still scarce for EVs. In thefollowing sections, we define a procedure for reconstructing a load/occupancy curvewith charging session information. We also briefly present the 8 open datasets used inthis benchmark.

3.2.1 From charging sessions to load and occupancy curves
To reconstruct the load curve, three variables are required for each charging session

i : the arrival time (ai), the charge duration (ci) and the energy drawn (ei). With thesethree variables, an elementary load curve can be reconstructed in the shape of a stepfunction :
li(t) =

{
ei
ci

if t ∈ [ai, ai + ci]

0 otherwise.
The overall load curve is obtained by summing all elementary load curves : L(t) =∑

i li(t)We assume that the electric vehicle supply equipment (EVSE) charges the EV ata constant power. This assumption is accurate for EVSEs which are not subject to smartcharging. There are somewell-known transitional regimes at the beginning and the endof each charging session in terms of the power delivered due to electrical constraintsbut common practice is to assume that this phenomenon is negligible. When smartcharging is involved, the load curve reconstructed with that process may be unrealisticif it involves drastic and/or frequent changes to the power delivered. This is not the casefor the datasets in the scope of this paper.As for the occupancy curve, the process is even simpler. Only two charging sessionvariables are required : the arrival time (ai) and the park duration (pi). Again, an ele-mentary occupancy curve can be reconstructed for each session i :
oi(t) =

{
1 if t ∈ [ai, ai + pi]
0 otherwise.
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and the overall occupancy curve is obtained by summing all elementary occupancycurves : O(t) =∑i oi(t)

3.2.2 Datasets
As highlighted in [141], EV load/occupancy models which are not built on open dataare very common. This drastically hinders reproducible research and a fair comparisonof models. For this benchmark, we consider 8 open charging session datasets whichwere identified and thoroughly presented in [18] and [200]. The quality of the datasetsconsidered and their time span are detailed in Appendix B.1. The datasets used in thispaper covermost common charging types : public, workplace and residential charge. Alldatasets record ai and pi for each session i. However, ci is recorded by 4 of the 8 data-sets. Therefore, the load curve will be reconstructed and modelled only for these whilethe occupancy curve will be analysed for all datasets (Table 3.1). Note that weekendsare excluded from our analysis due to significantly different charging behaviours com-pared to working days [42] and a low number of charging sessions observed in most ofthe public charging stations in scope.In terms of the covariates used we want to be consistent and exploit the same onesacross all models and datasets. In the literature, traffic data is often used as it has a na-tural relationship with EVs. However, this data is mostly simulated because of the lackof information focusing on EVs. Simulating traffic data goes against the data-driven vi-sion of this paper. In some rare cases, weather data is also used [65] but it was shownon multiple occasions that it does not yield any significant improvement to model per-formances. Therefore, we used calendar information and lags as inputs of our models.As for the training procedure, we have adopted a rolling-origin forecasting frameworkas it is consistent with the day-ahead forecasting set-up we chose for this benchmark.We suppose that the models are re-estimated every 2 weeks, a reasonable frequencyfor practical applications and a good trade off between accuracy and computationalcomplexity. The test period of all datasets is taken over 8 weeks except for Paris wherethe test period is only 4 weeks because of the short time window of the dataset. The8-weeks testing period is shown on Figure 3.1 for Palo Alto. In particular, we can observethe weekly and daily patterns of both load and occupancy.

3.3 Methodologies considered
The methodologies considered in this paper can be divided into two approaches :direct and bottom-up. Figure 3.2 presents a holistic view of the approaches taken. Be-fore going into the details of each method we briefly present them and explain howthey fit into each approach. When there is no need to distinguish between load andoccupancy, we just refer to both interchangeably as the "target".

3.3.1 Direct Approach
With a direct approach, the target is modelled without any intermediary. Therefore,we can use state of the art methods for electrical load forecasting such as GeneralisedAdditive Models (GAMs) as defined by [207] with the implementation from [208] and
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Figure 3.1 – Palo Alto load and occupancy curves over the test period
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Table 3.1 –Open datasets considered for the benchmark and relevant fields for chargingsession i.
Dataset Relevant fields Type

Boulder ai, ci, pi and ei Public
Caltech ai, ci, pi and ei Public

Domestics UK ai, pi and ei Residential
Dundee ai, pi and ei Public
Palo Alto ai, ci, pi and ei Public
Paris ai, pi and ei Public
Perth ai, pi and ei Public
SAP ai, ci, pi and ei Workplace

Random Forest (RF) as defined by [172]. In addition, we introduce a baseline persistencemodel which in our case consists of using the observed value of the target 24 hoursbefore. As we only study weekdays, the persistence forecast for Monday 12 :00PM isthe observed value on the previous Friday at 12 :00PM. In the following sections, Xrefers to the vector of covariates and Y is the target variable (load or occupancy).
Generalised Additive Models

State of the artmodels for electrical load forecasting [209], GAMsare semi-parametricmodels which can be written in the following fashion : E[g(Y )|X] = XTβ+
∑L

l=1 fl(X),with g a link function depending on the law of the data, β a vector of coefficients tobe estimated, and (fl)
L
l=1, L ∈ N∗, unknown smoothed functions which we commonlyestimate by projection on a spline basis. The two great advantages of GAMs are theflexibility enabled by the non-parametric part of the model and their additive formu-lation which enables interpretability. The downside is that they usually require a morecareful choice of predictors compared to machine learning methods. Since the occu-pancy is represented as count data, we use a Poisson distribution and a logarithmiclink function. The load forecasts are derived from a classical Gaussian distribution hy-pothesis.

Random Forest

Breiman [172] proposed the Random Forest (RF) method and algorithms. Since thenit became one of the most popular algorithms in data science. Among many reasonsfor this are their automatic computation, their high adaptation to many different pro-blems and their straightforward tuning. Given a sample of observations (Xt, Yt)1≤t≤ndrawn from random variables (X, Y ), the objective is to fit the very generic model
Yt = f(Xt) + ϵt where the error ϵt is such that E [ϵt|Xt] = 0. RFs estimate the regres-sion function by computing an ensemble of regression trees [210] using bagging [211]and random sampling of covariates. The intuition behind RF is to reduce the high va-
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riance of regression trees by generating a diverse set of trees and aggregating them bya simple mean.

3.3.2 Bottom-up Approach
The bottom-up approach models a vector of variables which defines an EV chargingsession. For the load it is a triplet (ai, ci, ei) made of the arrival time ai, the charge du-ration ci, and the energy demand ei. For the occupancy it is a pair (ai, pi) made of thearrival time ai and the park duration pi. In the following, we just refer to both vectors in-terchangeably as the "target vector". Finally, the target curve is reconstructed using thetarget vectors forecasted (procedure detailed in section 3.2.1). To model these vectors,two strategies are considered (see Figure 3.2) :
1. Forecasting the number of daily charging sessions to then sample target vectorsfrom a multivariate distribution
2. Simulating arrivals of a NHPP with a thinning procedure [212] to then forecast theexpected value of target vectors conditionally to the arrivals simulated

Figure 3.2 – Direct and Bottom-up Approaches
74



Twomethods fit under the first strategy : (a) GatedRecurrentUnits as defined in [213]andMixtureModel (GRU-MM) (b) Seasonal Auto-Regressive IntegratedMoving Average[214] andMixtureModel (SARIMA-MM). The GRU or SARIMA part predicts the number ofdaily charging sessions while the MM models the distribution from which the sessionswill be sampled.As for the second strategy, two methods are also studied : (c) Non-HomogeneousPoisson Process estimated with GAM defined in [206] and Mixture Regression (NHPP-GAM-MR) (d) Non-Homogeneous Poisson Process estimated with RF and Mixture Re-gression (NHPP-RF-MR). In both cases, the NHPP part enables the simulation of arrivalswhile the MR provides the remaining variables of the target vector conditionnaly toeach arrival. In the following sections, we detail the specifics of each of these methods.
Seasonal Auto-Regressive Moving Average

In 1976, [214] introduced and formalised ARIMAmodels.With their strong theoreticalbackground and easy implementation, they are one of the first-choice models in timeseries modelling, particularly when patterns can be captured by using past values ofthe time series. Here, we are trying to model the number of sessions per day which ispresented for Palo Alto on Figure 3.3 for instance. Finally, to account forweekly seasonalpatterns we also include weekly seasonal orders. Apart from the day of the week whichis already taken into account by the seasonal orders, no exogenous variable is availableto the SARIMA model. Therefore, we do not use a SARIMAX model which could be wellsuited in a situation where exogenous variables are relevant and available.
Gated Recurrent Units

When addressing time series forecasting problems with neural networks, the mostcommon architecture used is recurrent neural networks (RNN). It differs from the tradi-tional feed-forward structure by making the information flow in a loop through recur-rent cells. In other words, hidden layers have access to their previous state as an inputas well as inputs given by the previous layers. This is particularly suited to sequentialdata such as time series. It is different than just using the lags of the time series as in-puts as the hidden units will produce latent time series which will also be used in thenetwork.As far as RNNs are concerned, the most widely used structures are LSTM [215] andgated recurrent units (GRU) [213]. They both overcome the twomajor issues of standardRNNs which are exploding and vanishing gradients by extending the memory of therecurrent cells to more than the immediate past. We also want the RNN to forecast thetotal number of sessions per day. Therefore, we have opted for the GRU architecturein this benchmark as it requires less parameters to estimate than the LSTM and wasshown to perform as well on small datasets [213].
Non-Homogeneous Poisson Processes

ANHPP is a time-dependantMarkovian stochastic process. It is uniquely determinedby its intensity function λ(t), the infinitesimal rate at which an event is expected to occurat time t. This type ofmodel has already been used successfully in the case of residential
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Figure 3.3 – Palo Alto daily number of sessions with the first training period in black andthe four test periods in green
EV charging demand [216] with a piecewise constant intensity depending only on thehour of the day. Here, we also assume that the arrivals of EVs at the EVSEs (electricvehicle supply equipment) in scope are the realisation of a NHPP.
NHPP estimated with GAM Following [206], we model λ(t) = λβ(t) with a GAM tocapture the smooth variations of the rate of arrivals with time :

log(λβ(t)) = XTβ0 +
K∑
k=1

Dk∑
d=1

βkdbkd(t) (3.1)
with basis functions bkd(.) to be specified (typically spline) and coefficients β =(

β0, (βkd)
(K,Dk)
(k=1,d=1)

) to be estimated.K is the number of smooth effects we want to have
representing λ andDk is their dimension. Estimating the β coefficients can be done viamaximum likelihood. In general, the likelihood of a point process defined on [0, T ] canbe written in the following fashion [217] :

L(β) =

N(T )∏
i=1

λβ(t)

 exp

(
−
∫ T

0

λβ(u)du

)
(3.2)
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with N(T ) the total number of arrivals observed on [0, T ]. This general form of thelikelihood is intractable. To solve this issue, we can assume that the intensity function ispiecewise constant. Therefore, the integral term of the likelihood can be transformed
into a sum on all timesteps : ∫ T

0
λ(u)du =

∑
t∈N∩[1,T ] λ(t). We assume that λ is expressed

in the same unit as the timestep so that the summation indexN∩ [1, T ] does not induceany multiplication by the timestep within the sum (implicitly multiplied by 1).Smooth estimates canbeobtainedby adding the following penalty to the log-likelihood :
1
2

∑K
k=1 ρkβ

T
k Skβk with βk = (βkd)d∈{1,...,Dk}, ρk is the parameter which controls thesmoothness of the kth spline basis and Sk is the smoothing penalty matrix composedof the basis functions of the kth spline basis, ∀k ∈ {1, . . . , K}Finally, we obtain the following penalised log-likelihood :

lp(β) = logL(β)− 1

2

K∑
k=1

ρkβ
T
k Skβk (3.3)

NHPP estimated with RF A more direct way to estimate the intensity function of aPoisson Process is to perform an approximation of λ(t) before estimating it by minimi-sing a loss function (here the square loss). We have chosen to use a centered movingaverage of the number of arrivals per minute. This approximation of the intensity func-
tionwhichwewrite ˆλ(t) can then be estimated via virtually anymachine learningmodel.Here, we chose a RF model as it requires few parameters to be tuned and representsa good candidate for a benchmark.
Mixture Model

A mixture model represents a population as a set of sub-populations. Each sub-population is modelled by a specific component (or distribution). The target vector cha-racterising the individuals are known, however the components to which they belongis unknown. We assume that the random target vector follows a mixture of multiva-riate lognormal or Gaussian distribution. Formally the density of the target vector Y isdefined as follows :
p(Y ) =

K∑
k=1

πkϕk(Y ,µk,Σk) (3.4)
with K the number of components, πk the mixture component weight and ϕk theprobability density function of component k with parameters θk = (µk,Σk). The para-meters of the joint distribution πk,θk are estimated via the EM (Expected-Maximisation)algorithm. The only hyperparameter to calibrate is the number of componentsK of themixture.

Mixture Regression

A mixture regression uses a mixture model to derive the parameters of the distri-bution of a subset of variables conditionally to another (the arrival times in our case).From the mixture model estimated and in the case of Gaussian and lognormal mix-tures, a closed form of the conditional distribution density can be directly used [218]. In
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particular, we are interested in E[(D,E)|A] for the load and E[P |A] for the occupancy.Let us focus on the Gaussian load case for simplicity. For the k-th component of themixture, we separate the mean vector µk and covariance matrix Σk as follows :
µk = [µk,(D,E), µk,A] and Σk =

(
σk,A Σk,(D,E)A

Σk,A(D,E) Σk,(D,E)

)
(3.5)

with the mean and covariance matrices associated to each subset of variables. The-refore, and building up on [219], we can now write an explicit expression for the condi-tional expected value :

E[(D,E)|A] =
K∑
k=1

hk(A)(µk,(D,E) + Σk,(D,E)AΣ
−1
k,A(A− µk,A)) (3.6)

with, hk(A) = πkϕk(A,µk,A,σk,A)∑K
k′=1 πk′ϕk′ (A,µk′,A,σk′,A)

. It is this expression that we use to get the pre-
dicted value of the target vector.

3.3.3 Aggregation of experts
Various EV load/occupation models have been proposed in the previous sections.Each of these models rely on specific hypotheses, producing a set of diverse forecasts.This is a situation where it can be beneficial to produce an ensemble forecast [220]where the idea is to aggregate these forecasts into a single one, which is hopefully bet-ter than each individual forecast. As our data are observed sequentially, we considerthe framework of online aggregation of experts presented in [221, 222]. The objectiveis to forecast a bounded sequence of observations Y1, . . . , YT ∈ [0, B], B > 0 (here theoccupancy and/or the consumption). At each time t, N experts provide forecasts of Yt,

denoted (Ŷ 1
t , . . . , Ŷ

N
t

)
∈ [0, B]N . These experts are classically the outputs of a statisti-

cal forecastingmodel or a numerical model. In our study it corresponds to the differentprediction models previously presented. Based on past expert forecasts and observa-tion, the aggregation algorithm computes weights p̂j,t ∈ RN , and returns as forecast
for Yt a weighted average Ŷt =∑N

j=1 p̂j,tŶ
j
t of the N forecasts. Then, Yt is revealed andinstance t+1 begins. Performance of experts and aggregation forecasts are evaluatedaccording to a convex loss function, here the square loss ℓt(x) = (Yt − x)2 -note thatanother option could have been a Poisson loss for the occupancy. Each time t, expert ksuffers loss ℓt(Ŷ k

t ) = (Yt − Ŷ k
t )

2 and the aggregation ℓt(Ŷt) = (Yt − Ŷt)2. The purpose ofaggregation algorithms is to minimise the total loss∑T
t=1(Yt− Ŷt)2 over the forecastingperiod that can be expressed 1

T

∑T
t=1(Yt− Ŷt)2 =

1
T

∑T
t=1(Yt− Ŷ ∗

t )
2+RT , where RT isthe regret term corresponding to the error suffered by our algorithm relatively to theerror of the oracle Ŷ ∗

t , an optimal but unknown before the forecasting run forecast. Alot of algorithms are proposed to achieve low regrets [223]. In our study we use theML-Poly algorithm proposed in [224] and implemented in the R package opera [225].This algorithm tracks the best expert or the best convex aggregation of experts by gi-vingmore weight to an expert that will generate a low regret. This makes this algorithmparticularly interesting as no parameter tuning is needed.
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3.4 Experiments

In the following section, the experimental procedure is described and the associa-ted results are shown.We first describe how the data was preprocessed before trainingthe models, then we detail which procedures were used for model selection and vali-dation before comparing the performance of each model as well as the aggregation ofall forecasts.

3.4.1 Data preprocessing

Following the data quality assessment of the datasets performed in [200] we haveonly kept charging sessions which respect the following criteria : the charge durationhas to be positive and shorter than 24 hours (if the charge duration is not available thenthe park duration is used instead) ; energy demand also needs to be positive and under100 kWh. Charging sessions lasting for more than a day are likely to be data collectionerrors as an EV is usually charged in a few hours. As for the 100 kWh upper bound, itcorresponds to the battery capacity of the Tesla Model S which is the largest amongsttop selling EVs.
Furthermore, as mentioned in Section 3.2, we have only kept working days in thedata as behaviours are significantly different on weekends and there are less chargingsessions for some of the datasets in scope. Finally, as shown on Figure 3.4, there areperiods during which arrivals are rare or non-existent. Therefore, we have set a thre-shold value for each dataset under which the corresponding times are discarded fromthe analysis. More precisely, we keep the largest continuous time interval where all va-lues are above the threshold. This time interval is shown as a grey shaded rectangleon Figure 3.4. The threshold is set at 7.5% of the maximum number of arrivals and isshown on the plots by a red dotted horizontal line. We found that this preprocessinghelps our models to better learn the intensity function of the NHPP.

3.4.2 Model selection

Both statistical and machine learning models considered in this benchmark requirefine tuning in order to exploit them at their best but also to avoid one common pitfall :overfitting. Therefore, we have chosen to have a careful selection procedure for eachdataset in scope because of the wide variety of EV charging behaviours they represent.

Information criterion

To automate the process of finding the optimal orders of the SARIMAmodels, we fitall models with amaximumof 10 total orders to finally keep themodel whichminimisesthe Bayesian Information Criterion (BIC) introduced in [226]. This routine is implemen-ted in the forecast package detailed in [227]. The BIC helps to keep themodel complexityto a minimum while also minimising its prediction error.
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Figure 3.4 – Smoothed total arrivals per minute of the day over the first training periodfor all datasets considered 80
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Figure 3.5 – Gaussian MM plots for components above 5% (Boulder)

With regards to the MM, the only hyperparameter to tune is the number of compo-nents k of themixture. Therefore we fit all MM for k ∈ {2 . . . 30} on the training data foreach dataset and we keep the one that minimises the BIC. 30 components might seema lot for a mixture model but we’ve found that for most datasets the optimal numberof components is between 20 and 30. That can be explained by the fact that we arelooking at multivariate mixtures for an EV demand that is still in its infancy and subjectto significant variations in behaviours over time. Also, it is important to note that evenif many components are kept with this procedure, it usually takes only 10 componentsto make up for most of the weights.
An example of this is shown on Figure 3.5 with the Gaussian MM fitted on the Boul-der data. Here we only keep the clusters that have a weight above 5%. This leaves uswith three clusters that make upmore than 50% of the components weights. In particu-lar, these three clusters can be clearly distinguished. Cluster 6 and 11 correspond to lateafternoon/evening arrivals with similar charge durations but with lower average energyfor cluster 6 (ē = 3.87) than for cluster 11 (ē = 8.48). This can be interpreted as vehiclesbeing connected to EVSEs at different power levels. In fact, this corresponds to the twomost widely spread alternative current chargers delivering respectively maximum po-
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wers of 3kW and 7kW. Cluster 6 and 11 already make up 44% of the MM. Finally, cluster14 is also clearly distinguishable from the two other clusters as its mean arrival time isat around 1.30AM (ā = 1.51). With a weight of 7%, it represents a minor sub-populationof users which charge later at night and benefit from higher power levels as for cluster11.
Grid search

For each dataset, the first training period is split into a training and validation set. Inparticular, the first 80% observations are kept in the training set while the last 20% formthe validation set. That way, the time dependence of the data is respected. The besthyperparameters are found via grid search and we keep the model which minimisesthe loss incurred on the validation set. GRU, NHPP-RF, NHPP-GAM, GAM and RF modelhyperparameters are optimised through that process.The GRU hyperparameters tuned are the batch size, width/depth of the hiddenlayers and the learning rate. For the NHPP-RF and RF models the number of trees aswell as the number of predictors used to determine each split are optimised. In addi-tion, the GAM and NHPP-GAMmodels are also tuned through this grid search process.In particular, the choice of predictors as well as the number of spline functions for thesmooth effects are calibrated. The final sets of hyperparameters obtained are availablein appendix B.3.
Error correction

Until now, even though some of the bottom-up approaches used lags of the num-ber of arrivals no model used lagged information of the target (load or occupancy). Toaccount for this lack of information in the models and by taking advantage of the day-ahead forecasting set-up of this study, an error correction model is proposed to adjusteach model forecast. It consists of a SARIMA model on the residuals of the forecast.More precisely, one SARIMA model is trained on each minute of the day to respect theday-ahead forecasting set-up. In other words, a total of 1440 SARIMAmodels are trained(one per minute of the day) and each of these model has access to the information ofthe previous days at the same minute. Again, the orders of the SARIMA model are cho-sen by minimising the BIC. As the hypothesis of the SARIMA models used are to haveGaussian residuals, the load and occupancy forecasts obtained after this correction canbe negative and decimal numbers. Therefore, the error correction forecast is roundedfor the occupancy and put to zero if negative for both the occupancy and the load toensure consistency with the phenomenons described. The error correction forecastswill be identified in the following paragraphs as Model-err. For instance, “GAM-err” isthe forecast produced by the GAM model combined with the error correction modelwe have detailed.

3.4.3 Model validation
Amodel validation procedure is also performed to check the statistical assumptionsmade for statistical models in scope. Namely, NHPP, SARIMA and GAM models.
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A student test for NHPP

Following the NHPP validation procedure described in [216], we use a t-test to checkwhether the proposed NHPP models are valid. We split the data in training and testingsets as in Section 3.4.2. 100 versions of the process are simulated on the validation setfrom the intensity function estimated on the training set. The validation set is separatedin J equal time windows. For the k-th simulation we define
Ḡk =

1

J

J∑
j=1

D̂k,j −Dk,j, k ∈ {1 . . . 100} (3.7)
with J the total number of time windows over the validation set, D̂k,j the total num-ber of arrivals forecasted in the j-th time window andDk,j the total number of arrivalsobserved in the j-th time window. Our model is valid if the sample Ḡk, k ∈ {1 . . . 100}is normally distributed with a mean µ = 0. First, we check the sample normality with aShapiro-Wilk normality test. Second, a t-test is formulated to check whether µ is signi-ficantly non-zero : {

H0 µ = 0
H1 µ ̸= 0

(3.8)
We define the following statistic tN−1 =

√
N(Ḡ−µ)

sg
with Ḡ = 1

N

∑N
k=1 Ḡk, sg the sample

variance and N = 100 the number of processes simulated. Under the null hypothe-sis, tN−1 follows a Student distribution with N − 1 degrees of freedom. We chose asignificance level of 5% to assess whether the value obtained for the sample mean Ḡ isbeyond the acceptable range and thereforewhetherH0 is rejected.We take a 15-minutetime interval for aggregating the arrivals as it is becoming the standard time step forelectrical signals meter readings. However, please note that we led the same validationprocedure for windows of 1 hour and 1 day and the results remained the same. For allmodels considered the sample mean was well within the acceptable range of the testand therefore all NHPP models which came out of the model selection step were valid.The values of the sample means as well as the acceptable range of the Student test foreach relevant model and for all datasets can be found in Appendix B.4.
Ljung-Box test for SARIMA

The Ljung-Box test is commonly used for assessing whether there is a lack of fit fortime series models [228]. The null hypothesis is defined as H0 : ∀ l ∈ {1 . . . L} ρ(l) = 0with ρ the auto-correlation function of the time series model residuals. We define thefollowing statistic for a sample size n :
Q(L) = n(n+ 2)

L∑
l=1

r2l
n− l

(3.9)
where (rl)l∈{1...L} are the sample auto-correlations and L the maximum time lag.Under H0, Q(L) asymptotically follows a χ̃2

L distribution. Common practice is to set Lto be twice the natural seasonality of the series. Therefore, we choseL = 10 to considera two-week period for the test. If the p-value of the test is above 5%, then we cannot
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reject the null hypothesis of the test and we consider that our model does not showlack of fit. The models that came out of the model selection procedure all had a p-value of above 5% at the exception of the model trained on the Perth dataset. Thus wecannot reject the null hypothesis for 7 out of the 8 datasets in scope. The low p-valuesobtained for some of the datasets can be explained by a strong trend in the data asthe market adoption is evolving at a fast pace which prevents the time series modelledfrom being stationary. Nevertheless, the great majority of the models passed this testand it is reasonable to compare their performances. The p-values of the Ljung-Box testfor the SARIMA models and for all datasets are shown in appendix B.4.
Residual analysis for GAM

In addition to selecting the GAM formula via grid search on different candidates, ananalysis of the residuals was applied to check whether the assumptions of the modelwere satisfied. A residual analysis applied to the first training period of the Palo Altoload dataset is shown in Figure 3.6. From left to right, the first plot shows the evolutionof the residuals over time, the second one shows a histogram of the residuals and thelast one, the load values against the fitted values.

Figure 3.6 – Palo Alto residual analysis for the load forecasting using GAM
The outliers, visible in the three plots, and more evidently in red in the third one,are holidays forecasts. These days are mainly overestimated and are responsible forskewing the histogram to the left. Their removal did not impact the overall performanceand the choice was made to keep them in the datasets. Other than the outliers, themodel assumptions seem to hold as the residuals have a normally shaped distributionwith a mean equal to zero.

3.4.4 Model performance
Traditional metrics for evaluating the forecasting performances of load forecastingmodels are theMean Absolute Error (MAE), Root-Mean Squared Error (RMSE) andMean
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Absolute Percentage Error (MAPE). The latter is not an option in our case as the targetcan often be zero which creates notorious problems for the MAPE [229]. The MAE andRMSE could have beenused as zeros are not a problem for thesemetrics. However, with8 datasets in scope recording various charging behaviours across multiple countries,the scale of each dataset varies tremendously.
Comparing these metrics across datasets would require scaling the data as perfor-med in [230]. Here, we define a metric which will be easily interpreted across all da-tasets. This metric is the Percentage Improvement from Persistence (PIP). As its namesuggests, the PIP is a metric expressed in percentage which quantifies the forecastingimprovement of a proposed model over the persistence. More formally we can writethe PIP for a given forecast signal ŷ as follows :

PIP = 100×
(
l(y, ypers)

l(y, ŷ)
− 1

)
(3.10)

with y the observed signal, ypers the persistence forecast signal and l the loss func-tion. Here, we take l as theMAEor the RMSE. Essentially, the percentage improvement isexpressed in terms of a ratio between the MAE (resp. RMSE) of the persistence forecastand the MAE (resp. RMSE) of the forecast signal considered. When the PIP is positive,the proposed forecast is more accurate than the persistence on the chosen metric. Forsimplicity, we now refer to the MAE (resp. RMSE) as the PIP metric based on the MAEloss function (resp. RMSE loss function).
Following a similar procedure than the one described in [231] we have used block-bootstrap resampling to quantify the variability of the PIP metric across all datasets.This a robust procedure that enables a more holistic comparison of model perfor-mances. The test set of size n is separated into equal chunks of data of size S = 60 ∗ 24(equivalent to one day). We sample with replacement these chunks until we get a setof size n. Then we can calculate the PIP on this newly created dataset. By running thisprocedure K = 250 times, K metrics are therefore calculated. The sample mean, me-dian and variance of this sample provides more information to assess the quality androbustness of the model forecasts.
Boxplots of the block-bootstrap forecast errors of each methods are presented onFigures 3.7 and 3.8, means on Table 3.2. It shows that the best forecast is produced bythe GAM-err for the load and Aggregation of Experts (AGG) for the occupancy (note thatAGG followed GAM-err very closely for the Load). This is really in favour of AGG as theweights of the aggregation are estimated sequentially from the beginning of the testset and it is likely that better results can be achieved on longer forecasting runs (seeTable B.8 in Appendix B.5 where we show the MAE of AGG on the last test period is thebest on block-bootstrap average).
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Figure 3.7 – Boxplots of the (PIP) MAE block-bootstrap performances on all datasetsand for all models considered
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(b) Occupancy
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Figure 3.8 – Boxplots of the (PIP) RMSE block-bootstrap performances on all datasetsand for all models considered

Overall, the direct approaches obtained better results than bottom-up ones. As ex-pected, the direct approach benefits from a "law of large numbers effect" where sum-
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mation of individual events smooths the signal which becomes easier to forecast. Ne-vertheless, considering the difficulty induced by the bottom-up approach paradigm, wecan note the relatively good performances of MM based ones. The metrics obtained bythe SARIMA-MM on the occupancy makes it the best model before error correction andaggregation (see Table 3.2 (b)). Error correction based on ARIMA models always bringssignificant improvement. NHPP methods do not perform well for neither load nor oc-cupancy and we believe it could come from the MR part which connects arrival to theother components of the target vectors. In fact, bottom up approaches perform betterfor occupancy forecasting than load forecasting.
Table 3.2 – Average block-bootstrap model performances for the PIP (MAE and RMSE)

(a) Load
Approach Model MAE [%] RMSE [%]

Direct
GAM-err 35.5 40.9RF-err 30.4 37.1GAM 28.4 37.8RF 23.7 34.4

Bottom-up

SARIMA-MM-err 20.6 23.2GRU-MM-err 17.5 18.6SARIMA-MM 9.83 11.4GRU-MM 6.75 7.24NHPP-GAM-MR-err 5.63 6.98NHPP-RF-MR-err 3.99 5.89NHPP-RF-MR -5.21 -3.33NHPP-GAM-MR -6.45 -4.73
AGG 33.3 36.4
(b) Occupancy

Approach Model MAE [%] RMSE [%]

Direct
RF-err 71.1 97.7GAM-err 56.4 68.2RF 55.2 74.6GAM 34.1 43.5

Bottom-up

SARIMA-MM-err 68.0 97.6SARIMA-MM 56.0 84.0GRU-MM-err 51.2 67.0GRU-MM 28.9 40.0NHPP-GAM-MR-err 23.3 36.9NHPP-RF-MR-err 20.5 35.8NHPP-GAM-MR -10.0 -0.53NHPP-RF-MR -14.2 -0.86
AGG 92.6 125

88



AGG performances are good due to the diversity of these approaches and all of thedifferent models have a contribution in terms of weights. This is shown in Table 3.3where the average weights (over time and data sets) for each method are presented.For load forecasting (resp. occupancy), the direct approaches (including the persistencebenchmark) achieve a total weight of 0.4 (resp. 0.46) and bottom up approaches contri-bute to 0.6 (resp. 0.54) in the aggregation.
Figure 3.9 shows the average weight (in time) of each forecast for each data set.We can see a particular distribution of the weights for Domestics UK where the NHPP-RF-MR-err achieves significantly more important weights than for other data sets. In-versely, GAM and GAM-err weights are very low for this data set. A zoom of individualperformances on Domestics UK is presented on Table 3.4. We see that the improve-ment brought by AGG is of more than 5 times compared to the persistence.

Table 3.3 – Average weight in the aggregation for all relevant models and across alldatasets
(a) Load (b) Occupancy

Model Weight

GAM-err 0.12GAM 0.11RF 0.10RF-err 0.10GRU-MM-err 0.07NHPP-RF-MR-err 0.07SARIMA-MM-err 0.07persistence 0.07GRU-MM 0.06NHPP-RF-MR 0.06SARIMA-MM 0.06NHPP-GAM-MR 0.05NHPP-GAM-MR-err 0.05

Model Weight

RF 0.11GAM 0.10GAM-err 0.10RF-err 0.09GRU-MM 0.08GRU-MM-err 0.08SARIMA-MM 0.08SARIMA-MM-err 0.08NHPP-RF-MR-err 0.07NHPP-RF-MR 0.06persistence 0.06NHPP-GAM-MR 0.05NHPP-GAM-MR-err 0.05

Also, bottom-up approaches and MM in particular are better than direct ones here.Domestics UK being the dataset with the most observations, MM has access to moredata for fitting the multivariate distribution and adjusting the clusters than for otherdatasets. Also, this dataset is set on a fixed population of individuals in the UK, whichmeans that we will definitely observe multiple charging sessions from the same indi-vidual. For the public charging station datasets this is not at all guaranteed. Having afixed population removes the noise brought by one-off users who might have peculiarbehaviours and prevent reaching the best possible fit for MM.
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Figure 3.9 – Average aggregation weights over the test periods for all datasets
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Table 3.4 – Average block-bootstrap model performances for the PIP (MAE and RMSE)on the Domestics UK dataset
Model MAE [%] RMSE [%]

AGG 402 628SARIMA-MM-err 309 524SARIMA-MM 301 508RF-err 291 463GRU-MM-err 176 310NHPP-GAM-MR-err 162 247GAM-err 149 214NHPP-RF-MR-err 148 242RF 146 258GRU-MM 105 194NHPP-GAM-MR 48 99NHPP-RF 24 95GAM 23 62persistence 0 0

3.5 Conclusion
This paper presented an extensive benchmark of recent methods to forecast loadand occupancy of EV charging infrastructures. We cover 8 open datasets chosen fortheir quality and to represent the diversity of charging behaviours (residential, works-pace, public stations). We showed significant differences in performance between thedirect approaches and the bottom up ones. Direct approaches perform better for mostof the datasets and this is particularly true for load forecasting. Amongst bottom-upmethods, mixture models coupled with time series model were the best ones. We ex-hibit the particularity of Domestics UK for which bottom-up approaches outperformeddirect ones.We proposed an aggregation method which takes advantage of the diversity of thedifferent approaches developed.We showed that all methods contributed to the aggre-gation and that even if their individual performances were not the best, bottom-up ap-proaches contribute largely in the aggregation. Future work includes improving NHPPmodels performances by refining either the MR part or the estimation of the intensity.For the MR part, we believe that adding more covariates to the regression might helpin better capturing the dynamics between the arrival times and the other componentsof the target vector. With regards to the intensity of the NHPP, wavelet projection couldhelp capture drastic changes that can occur at this fine resolution. As for the aggrega-tion of experts, we could try other types of losses (e.g., Poisson loss for the occupancy).Also, other popular machine learning models such as boosting trees could be testedinstead of RF.In addition, this benchmark put an emphasis on point forecasts. Because of the pro-babilistic nature of the bottom-up approaches, another track for future work would beto assess probabilistic forecasts in the context of EV load and occupancy. In particular,
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estimating the load/occupancy peaks with quantile forecasts would be possible withthe methods detailed in this paper and highly valuable for various stakeholders of theEV industry (e.g., EVSE manufacturers, independent system operators). In the hope offostering reproducible research in the field, the R and Python codes used to producethe benchmark will be made available.
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Chapitre 4

Modelling the arrivals of EVs with non-
homogeneous Poisson processes

In this chapter, we introduce an additivemodel using both spline andwavelet effectsfor fitting the intensity of a non-homogeneous Poisson process (NHPP). After givingsome background on the model, we propose a novel estimation procedure inspiredfrom backfitting which is illustrated by a case study on real-world EV arrivals at chargingpoints. The idea behind this modelling approach is to assess whether arrival peaks atcharging points can be better captured by combining both spline and wavelet effects.
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4.1 Introduction

Non-homogeneous Poisson Processes (NHPPs) have been used to model a diverserange of phenomenons in the literature : climate change (e.g., number of excesses overthreshold [232]), seismology (e.g., earthquakes [233]), imaging (e.g., tomography [234]),extreme weather events (e.g., seasonal rainfall extremes [235]), energy (e.g., electricvehicle charging demand [216]) and many more. Unlike other point processes counter-parts (e.g., Hawkes and Aalen [236]) which aremore restrictive in their specification, theNHPP lets its intensity function λ(t) depend on time quite freely. The intensity functionuniquely determines a point process.To learn the intensity function of such processes, various methods ranging fromparametric models to non-parametric models such as kernel density estimators (KDEs)have been considered. Recently, additive semi-parametric methods have raised ampleinterest for estimating the intensity of NHPPs. In particular, models inspired from theabundant literature of additive models have been applied to NHPP intensity estima-tion. An important focus has been given to spline basis for additive models and manytheoretical and experimental results are available. In the meantime, progress has alsobeen made on regression with additive wavelet effects. An overview of these methodsis proposed in Section 2.In this chapter we consider an additive model of the intensity function of a NHPP ofthe following form :

log λ(t) = β0 +

Lp∑
l=1

βlx
p
l (t) +

Ls∑
l=1

sl(x
s
l (t)) +

Lw∑
l=1

wl(x
w
l (t)) (4.1)

with, β0 the intercept, β. the coefficients of the linear component, s. and w. res-pectively spline and wavelet basis expansions. In addition, x(t) = (xp(t),xs(t),xw(t))the vector of covariates evaluated at time t ∈ [0, T ] (T ∈ R+ being the final timeat which we observed the NHPP). xp(t) = {xpl (t)}{1,...,Lp}, xs(t) = {xsl (t)}{1,...,Ls} and
xw(t) = {xwl (t)}{1,...,Lw} are the vectors of covariates respectively used for the linear,spline and wavelet effects. The idea behind this model is to decompose the signal intolinear, smooth and irregular components. Also we chose the additive structure to havean interpretable model with the contribution of each component made clear for analy-sis.The rest of the paper is divided as follows : firstly, Section 2 presents a review of therelatedworkwhich inspired ourmodel. In Section 3. we introduce the specificities of themodel and the algorithmic procedure proposed for the estimation. Finally, in Section 4.we propose a case study on real data for electric vehicle arrival at charging points.

4.2 Related Work

This section provides an overview of the literature of both NHPP intensity estima-tion and additive regression models with spline and wavelet effects. It was conductedto identify gaps in the field and led us to the proposed model. Historically, point pro-cess estimation has been thoroughly detailed in [237] including NHPP. The likelihood
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of a NHPP process with n observed arrival times {t̂i}i∈{1...n} can generally be written asfollows :
L =

(
n∏

i=1

λ
(
t̂i
))

exp

(
−
∫ T

0

λ (s) ds

)
(4.2)

Estimators of the intensity function can thus be obtained by maximising L. Ano-ther idea worth mentioning is the introduction of a least-square contrast as thoroughlyshown in [236] in the case of the Aalen, Hawkes and Poisson processes. In this pa-per we focus on maximum likelihood estimates of the first-order intensity function forNHPPs. In [238], a semi-parametric estimator of the conditional intensity of temporalpoint processes was introduced with a Tukey shrinkage procedure. Applications led onneurophysiological and seismological data were conducted. According to the authors,thewavelets were used for their smoothing capability. In our work, wewant to leave thesmoothing components for the spline basis to thenwitnessmore irregular componentsof the intensity thanks to high order wavelet coefficients. The theoretical properties ofwavelet coefficient estimators were later studied in [239] for the first-order intensity ofmulti-dimensional NHPPs and extended in [240] for second-order intensity functionsof non-homogeneous point processes. In particular, the probability density functionsof the wavelet coefficient estimators are derived in [239]. Also, an unbiased estima-tor of the second order moment of the intensity was proposed under both linear andhard thresholding setups.The main results obtained in these two papers are useful inpractice for wavelets with a compact support and with an analytical formulation. Es-sentially, they are only applicable to Haar wavelets in practice. In [241], Meyer waveletsare preferred to Haar wavelets for estimating the intensity function for n independentrealisation of a NHPP. While keeping a closed form, these wavelets do not have a com-pact support. In particular, an adaptive estimator with a hard thresholding procedurewas proposed. The authors have shown that when n goes to infinity, a near-minimaxrate of convergence can be derived for the proposed estimator. A wider class of wave-lets is studied in [242] with biorthogonal wavelets. The main specificity of this class offunctions is that they have more degrees of freedom than traditional orthogonal wa-velets and allow for different multi-resolution analysis. Precisely, instead of having onemother and one father wavelet, there are actually two of each. In [242], the particularcase of biorthogonal spline wavelet basis is developed. As in [241], the authors haveshown that the proposed adaptive estimator achieves minimax convergence rate upto a logarithmic term. The thresholding strategy adopted is inspired from the univer-sal threshold proposed in [243]. More recently, [244] and [206] have proposed fittingprocedure for the intensity of non-homogeneous point processes with splines basis.Precisely, an additive Poisson process is proposed in [244] which focuses on high-orderinteractions splines. The idea is to propose an efficient and performant model for cor-related stochastic processes. The authors shown that it outperforms its counterpartsparticularly when facing extremely sparse samples while being more computationallyefficient. Finally, in [206] the intensity is modelled as a smooth function of time andspace depending on a set of covariates. The formulation proposed by the author isa Generalised Additive Model (GAM) of the intensity and is fitted using the penalisediterative least-square (PIRLS) procedure described in [208]. Their model is applied towindstorm peaks with covariates expanded on thin-plate, cubic and cyclic regression
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spline basis. This type of model enhances interpretability with additive effects which isone of our main concerns for industrial applications.
Moving on from point processes, let us now look at semi-parametric regression.With the emergence of backfitting procedures, many modelling framework have beenproposed since the 1980s, [245], [207]. They all have in common the projection of co-variates on adequate function basis, usually splines as the proof of backfitting conver-gence was originally proposed for cubic spline smoothers [246]. Partially linear models(PLMs) where only one functional effect is added to a traditional linear predictor havebeen thoroughly reviewed in [247]. Partially linear additive models (PLAMs) which in-clude more than one functional effect have also been thoroughly reviewed and [248].A general procedure for fitting semi-parametric regression models with additive func-tional effects waw proposed in [207] with backfitting. In parallel, a General Cross Vali-dation (GCV) criterion first defined in [249] was used for estimating a single smoothingspline and extended in [250] to multiple smoothing parameters. This result was usedto propose a PIRLS fitting procedure for generalised additive models (GAMs) in [251].Finally, it was further extended and implemented in the R package mgcv [208]. Whilesplines have been the basis of choice for additive semi-parametric models, wavelet ba-sis have gainedmore andmore interest over time. [252] proposes to integrate waveletsinto semi-parametric regression in a similar way as it is done for splines in generali-sed additive models [208]. While splines estimated with PIRLS contain a ridge-like pe-nalty, wavelets are given a lasso-type penalty. It is mentioned that other penalties canbe applied such as bridge, hard thresholding, smoothly clipped absolute deviation (orSCAD) and minimax concave penalties. The close relationship of the lasso penalty withsoft thresholding established in [253] is what makes it our choice in our work. Manypapers have studied wavelets for Gaussian PLMs such as [254], [255] and [256]. Alsoworth mentioning is the work of [257] which presents a maximum likelihood estima-tion procedure for Poisson regression using wavelet model selection. The first paperto expand wavelet PLMs to the exponential family of distributions and which obtainstheoretical guarantees is [258]. In this paper, a PLM is proposed with the functional ef-fect expanded on a wavelet basis. A backfitting algorithm is used to fit both the linearand non-parametric parts. Themaximum penalised likelihood estimators proposed forthe parametric and non-parametric part achieve near minimax convergence rates. Theauthor established that the Lasso penalty also leads to an adaptive estimation. Finally,they compared their approach with a similar PLM estimated with spline and kernel me-thods. One key takeaway for our work is that their simulation study found that theirproposed wavelet procedure led to worse quality estimates than splines procedure ina Poisson PLM.
On an additional note, wewanted to highlight some of the current implementations.For Poisson regression, We have already mentioned mgcv for GAMs in R. There are alsothe implementations of glm in R fitted by iterative least-square (IRLS) and penalisedglms implemented in glmnet fitted using coordinate gradient descent (CGD) [259].Moredetails on these algorithms are given in appendix C. These three implementations andthe theory behind them are the stepping stones of our proposed algorithm for fittingthe model presented in equation 4.1. Also, several packages have been introduced fordirectly fitting NHPP intensity functions such as [260] for GLMs and [206] for GAMs.
Overall, this literature review showcases that on one hand, papers detailing NHPP
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intensity with PLAMs or GAMs are rare and often distinguish usage between splines andwavelets. A hybrid model proposed in [261] did combine backfitted splines and kernelmethods. However, very rarely splines and wavelets are combined in the same modelspecification. The only occurrence of this kind of work we have found is in [248] wherea hybrid approach for Gaussian regression PALMs is proposed with an application ofthis model to electricity demand in [262]. Therefore, in this chapter we want to extendthese papers and study more precisely a PLAM of the first-order intensity function ofNHPPs as presented in equation 4.1.

4.3 Problem Formulation

In practice, the likelihood presented in equation 4.2 is intractable unless approxima-tions are made. In particular, we can consider that the intensity function is piecewiseconstant provided that we take a small enough timestep relative to the phenomenonmodelled. With that approximation, the integral term becomes a discrete sum over thenumber of timesteps. Therefore, equation 4.2 becomes :

L =

(
n∏

i=1

λ
(
t̂i
))

exp

− ∑
t∈[0,T ]∩N

λ (t)

 (4.3)

Here, we express the intensity function in the unit of the timestep chosen so thatthere is no need to multiply each term of the sum by the timestep. This approxima-tion is widely used as it is enough to make the likelihood tractable under reasonableassumptions on the intensity function. The intensity function of a Poisson process isoften confused with the rate (also denoted by λ in most cases), even though they areconceptually different. These two quantities coincide exactly when we assume that theintensity function is piecewise constant. Adopting a Poisson regression approach leadsto another version of the likelihood presented in equation 4.3 which depends on timethrough different temporal signals x(t). In the context of our problem, we observe asample {(Yi,xi), i ∈ {1 . . . n}} of size n ∈ N. Therefore the likelihood of the equivalentregression formulation of the NHPP likelihood from equation 4.3 can be rewritten asfollows :

L(θ) =
n∏

i=1

exp (−λi(θ))λi(θ)yi
yi!

(4.4)
with theta the vector containing the parameters for all effects. Finally, the log-likelihood is as follows :

l(θ) =
n∑

i=1

Yi log (λi(θ))−
n∑

i=1

λi(θ)−
n∑

i=1

log (Yi!) (4.5)
with the last term of this log-likelihood independent of λ which makes it irrelevantfor maximising the log-likelihood.
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4.3.1 Background
In this section we will introduce the different algorithms used as stepping stones forour proposed approach to maximise this likelihood based on the model presented inequation 4.1.

Generalised Linear Model

A generalised linear model (GLM) extends the traditional Gaussian linear regressionto a wider range of statistical distributions for the response variable while also addinga non-linear relationship between the response and the covariates as a link function. Inour case, it directly corresponds to the parametric part of model 4.1 which we can writeas follows :

log λ(t) = β0 +

Lp∑
l=1

βlx
p
l (t) (4.6)

this parametric model is generally estimated using an iteratively (reweighted) least-square (IRLS) algorithm. While for the Gaussian linear regression setting, themaximumlikelihood estimator has a closed form, in general this is not true for GLM. Therefore, as-suming a least-square objective, IRLS is used to iteratively update the parameters of themodel until convergence. Essentially, the IRLS consists in updating the parameters es-timate with a gradient descent algorithm. The update slightly differs from a traditionalgradient descent with each observation receiving a weight depending on the magni-tude of the residuals for that particular observation. It was found that this procedurehandles outliers in non-Gaussian distributions better.
Generalised Additive Model

Now for the non-parametric part of the model we start off with the generalisedadditive model (GAM) which can be written as
log λ(t) =

Ls∑
l=1

sl(x
s
l (t)) (4.7)

with the same notations as for equation 4.1. It has been formalised in [207] with a fit-ting procedure called backfitting. This proof of convergence to an optimal solution canbe found in [263]. More recently, a penalised IRLS (or PIRLS) procedure was proposed in[251] which led to faster implementation while ensuring the smoothness of estimateswith a penalty term on the integral of second order derivatives of the smooth functionsestimated.
Penalised Wavelet Additive Model

The last stepping stone of our proposed model is the following :
log λ(t) =

Lw∑
l=1

wl(x
w
l (t)) (4.8)
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It is very similar to the GAM apart from the basis functions which are wavelets ins-tead of splines. It can be referred to as a wavelet additive model. Because of the sparsenature of wavelets, we have chosen to adopt a LASSO-penalisation approach which canbe written as follows :
lpl (θ

w
l ) = ll(θ

w
l ) + γl||θw

l ||1, l ∈ {1 . . . Lw} (4.9)
with ll(θw

l ) the log-likelihood defined in equation 4.5 when it is restricted to to onlyone wavelet effect l ∈ {1 . . . Lw} of model 4.8. Also, because of the nature of theproblem at hand where we are trying to model a function supposed to be piecewiseconstant, we have chosen Haar wavelets but other wavelet basis can be used in prac-tice. To maximise the LASSO-penalised likelihood defined in 4.9 we have chosen a CGDapproach [259]. Furthermore, a choice needs to bemade for the coefficient multiplyingthe penalty that we write γl for some l ∈ {1 . . . Lw}. As the optimal γl is unknown, weadopt a cross validation procedure by crafting a grid of values. A good choice is to startwith the maximum γ for which all parameters to be estimated are put to zero. Indeed,above that γmax
l , we should always have a model with all parameters being null. Thenwe take a value for γmin

l depending on γmax (usually γmax
l .10−3). And with these twoboundaries we can create a grid on the log-scale for the values of γ to try out. Oneway to find optimal parameters under this LASSO setting is to use Coordinate GradientDescent (CGD). This procedure consists in optimising sequentially the objective func-tion (penalised likelihood) with regards to each coordinate of the parameter vector. Inthis work, we used the implementations proposed in [264] with the package glmnet.The parameter update step in this procedure can be written as follows :

θwlj ,(t+1) ← T (θwlj ,(t) −
∂ll(θ

w
l )

∂θwlj
, γl), j ∈ {1, . . . 2J − 1} (4.10)

with 2J − 1 the dimension of the wavelet basis for effect l and with the term θwl,(t) −
∂ll(θ)
∂θwl

being the coordinate-wise update without penalisation (and with a step size equal
to 1) of parameter θwlj . In particular, the soft-thresholding operator T resulting from theLASSO penalty procedure optimised by CGD is as follows [264] :

T (a, b) = sign(a)(|a| − b)+ =


a− b if a > 0 and b < |a|
a+ b if a < 0 and b < |a|
0 if a < 0 and b ≥ a

4.3.2 Proposed approach
Using the stepping stones introduced in Section 4.3.1, we propose two algorithmswhich can be used to successfully fit model 4.1. The first one is referred to as OBO whichstands for “One-By-One”. As its name suggests, the purpose of this first algorithm isto fit each part of the model (only once) sequentially and in a particular order. Thesecond algorithm which will be referred to as BAC is a version of backfitting applied tothis model. The following sections unravel the details of each algorithm.
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OBO

The OBO algorithm consists in fitting sequentially the different components of themodel. Firstly, we start by fitting the linear part, then the splines components to finallyendwith thewavelet effects. Apart from the linear component which is fitted all at once,each non-parametric component is fitted separately. The idea behind this algorithm isto move from the lowest frequency (linear part and splines with not too many degreesof freedom) to the highest frequency of the signal (wavelet basis of relative high-order).Algorithm 1 formally presents the implementation of this approach with the notationsintroduced in the introduction. In addition, we note η−l(θ−l) the additive model withoutthe l − th effect which can also be extended to components. For instance, η−s(θ−s) =

β0 +
∑Lp

l=1 βlx
p
l (t) +

∑Lw

l=1wl(x
w
l (t)), which is simply the same model as in equation 4.1without the spline component.

Algorithme 1 : OBO
1 Target : Y ;
2 Number of components to be fitted separately : L = 1 + Ls + Lw;
3 Covariates :X = (Xp,Xs,Xw);
4 Parameters : θ = (θp,θs,θw);
5 Objective : argmax

θ
l(θ) ;

6 θ ← 0 ;
7 θp = argmax

θp

l(θ,Y ,X), (IRLS) ; /* Linear component */

8 Ỹ = Y − exp (η−s(θ−s)) ;
9 θs = argmax

θs

l(θ, Ỹ ,X), (PIRLS) ; /* Spline component */

10 Ỹ = Y − exp (η−w(θ−w)) ;
11 θw = argmax

θw

l(θ, Ỹ ,X), (CGD) ; /* Wavelet component */

Result : θ

BAC

The other algorithmwhich wewant to propose here is inspired from backfitting. Un-like OBO, the BAC algorithm does not involve an a priori on the order in which the dif-ferent effects should be fitted. In practice, effects are fitted in a randomorder. Each timean effect is fitted, the rest of the model fitted up until this iteration is subtracted fromthe target response. So only the residuals of the current model iteration are fitted ateach step. Like backfitting, this procedure is repeatedmultiple times until convergence.Convergence is reached when the L2-norm of the difference between the parametersestimate at the previous and current iterations for each effect is less than a certain to-lerance threshold ϵ. In fact, OBO could be seen as one iteration of BAC however set ina particular order. Algorithm 2 summarises this procedure. For BAC, we have obser-ved that two additional steps were required to be added for the algorithm to converge.The first one is that the intercept has to be fitted beforehand and outside any of thecomponents. The second one is that we need to recenter the functional components
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fitted (splines and wavelets). This is actually common for practical implementations ofbackfitting as it guarantees convergence as well as improving its speed.
Algorithme 2 : BAC
1 Target : Y ;
2 Number of components to be fitted separately : L = 1 + Ls + Lw;
3 Covariates :X = (Xp,Xs,Xw);
4 Parameters : θ = (θp,θs,θw);
5 Objective : argmax

θ
l(θ) ;

6 θ(0) ← 0 ;
7 ϵ← 10−3 ;
8 do
9 index = shuffle ({1 . . . L}) ;
10 for l in index do
11 Ỹ = Y − exp (η−l(θ−l)) ;
12 if l = 1 then
13 θp

(t) = argmax
θp

l(θ, Ỹ ,X), (IRLS) ; /* Linear component */

14 else if 1 < l <= 1 + Ls then
15 θs

(t) = argmax
θs

l(θ, Ỹ ,X), (PIRLS) ; /* Spline component */

16 else
17 θw

(t) = argmax
θw

l(θ, Ỹ ,X), (CGD) ; /* Wavelet component */

18 end
19 end
20 t← t+ 1 ;
21 while ∀l ∈ {1, . . . , L}, ||β(k+1)

l − β
(k)
l ||2 > ϵ||β(k)

l ||2 and t < 100;
Result : θ

4.4 Case Study : EV arrivals at charging points
In this section we propose a case study on EV charging session data explored at ahigh level in [18] and [198]. The following sections introduce the experimental protocoland the results associated.

4.4.1 Data collected
The dataset in the scope of this case study gathers charging session informationin the United Kingdom (UK) during 2017 [143]. It concerns domestic chargers rangingfrom 3kW to 22kW. However, it is expected that the great majority of EV chargers inthis dataset are 3kW or 7kW chargers. This data was collected by the UK department oftransport. One key finding on arrival times (or plug-in times) of EVs was that domesticcharging events were more frequent with different patterns on weekdays than on wee-kends. We have also observed that in the data and that is why we have chosen to focus
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solely on weekdays for this case study. The circumstances of EV uptake in 2017 in theUK was strong. The total number of plug-in cars on UK roads passed 130,000 that year.The best BEV seller was the Nissan LEAF with more than 13,000 registrations. Acrossthe whole country, the largest sales were made in London and Eastern England withScotland and South West garnering the fastest growth [143]. While public EV charginginfrastructure is increasing at a fast pace, domestic charging remains the first choicefor a majority of EV users.In addition to this dataset, we have gathered temperatures in the UK from 8 of thetop 10 cities in terms of population from the Iowa Environment Mesonet website [73].That is, London (8.9 million), Birmingham (1.15 million), Glasgow (612 thousand), Liver-pool (579 thousand), Bristol (572 thousand), Manchester (554 thousand), Leeds (503thousand), Edinburgh (508 thousand). The temperature for each city is not particularlyrecorded at the same time nor at a regular timestep. Therefore, we have interpolatedall these temperature with cubic splines. In order to have a more compact model, wepropose a weighted average version of the temperature as follows :
temp(t) =

1∑8
a=1 pops

8∑
s=1

popsTs,t (4.11)
whereTs,t is the temperature recorded at time tby station s and temp(t) is theweigh-ted mean temperature which will be used in the modelling experiments.

4.4.2 Experimental setting
The experimental protocol we have chosen to try out our methods is close to theoperational setting. Indeed, it is a rolling-forecasting origin procedure which trains themodel on all data available up until a certain date to then forecast the following week.The first training set runs from the 1st January to the 1st September 2017. Therefore, itcomprises 17 test weeks from the 4th September to the 31st December 2017 (the 2ndand 3rd September are a weekend). The two algorithms considered in our experimentsare OBO and BAC as defined in section 4.3.2. Each algorithm have been tested withthree different variations. All of them include a linear part which is simply the indicatorof the day of the week. The first variation only takes into account splines componentsfor the hour of the day and the weighted temperature defined in equation 4.11 (OBOsand BACs). The second variation is the same with only wavelet components (OBOw andBACw). And finally, the third variation includes both splines and wavelet components(OBOsw and BACsw). Our hope was that the linear and splines components would cap-ture most of the variations in the intensity function while the wavelets would enhancethe performance during peak times.To assess the efficiency of the various approaches, we have retained two types ofmetrics : performance and parcimony metrics. For performance, 4 metrics have beenchosen : mean absolute error (MAE), root-mean squared error (RMSE), peak RMSE, anddeviance. The MAE and RMSE are performance metrics widely used which we have al-ready defined in previous chapters. The peak RMSE only focuses on the daily peak. The-refore, the better the approach captures daily peaks, the lower the peak RMSE shouldbe. Finally, deviance is used as a goodness of fit test. In the context of Poisson regres-sion, the deviance formula can be written as follows :
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D = 2
n∑

i=1

(
Yi log

(
Yi

Ŷi

)
− (Yi − Ŷi)

)
(4.12)

with Ŷi being the model prediction. This formula can be derived from the likelihoodratio test comparing the proposed model and the saturated model. The latter predictsexactly the observed value (like an oracle model). Again, the purpose is to haveminimaldeviance.As for parcimony metrics, we have chosen to take into account the estimated num-ber of degrees of freedom (d.o.f). In addition, we also collected the number of iterations(particularly relevant for the BAC algorithm), the number of parameters to be estimatedand the number of non-zero parameters kept and the runtime.Due to the fact that only one year of data is available and that there is an obviousyearly cycle, we have attempted to detrend the data by dividing the number of arrivalsby the trend estimated by thin plate regression splines over the whole year. The trendis divided instead of subtracted in order to ensure that all values are still positive. Pre-cisely, we perform a euclidian division tomake sure that the target is a natural number.However this did not improve the results on both training and testing sets so we havefinally decided to keep the data in its original form.

4.4.3 Results
Figure 4.1 represents a fitted BACsw approach for a randomweek of the first trainingset. On this fit it is interesting to note that the benefit of the wavelet effect can be clearlyobserved on four out of the five peak estimates. The benefit of wavelets is marginallyseen on the ascendant and descendant part of the curve. This reinforces our a prioriwhich was that wavelets could help better capture peaks. Essentially, we can see thatmost of the work is done by the linear and splines part but the wavelet really seemto do what we wished for them to do which is enhancing the performances on peakestimates. The grey curve only shows the difference in level for every day estimated bythe linear part. As the department for transport reported and as we observed in thedata, there is marginal variation between the level of different days. Therefore, eventhough there is a slight change in value every day of the week, it is not easy to concludewhether is it significant. The estimate for the intercept is probably enough for the linearpart in our case.On Figure 4.2 we show the wavelet basis expansion of the hour of day effect. Wehave chosen to present this effect because it does not have toomany levels and is easyto understand. However, the idea is obviously to use basis of much higher order likeit is the case for the temperature for example or other potential covariates. Here, wehave chosen to use the Haar basis because we assume that the intensity is piecewiseconstant and also for its ease of implementation. However, the proposed procedure isnot restricted to a certain type of wavelet. It is interesting to compare what happensto this basis after fit. In particular, the soft-thresholding procedure obtained by theLASSOfit described in section 4.3.1 is illustrated by Figure 4.3. It shows the samewaveletfunctions than in Figure 4.2 which are multiplied by the coefficients estimated in the

BACsw approach.
103



0

20

40

60

80

Apr 18 Apr 20 Apr 22

Date [hours]

N
um

be
r 

of
 a

rr
iv

al
s observed

lin

lin+spl

lin+spl+wav

Figure 4.1 – Random week taken in the training set
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Figure 4.2 – Before fit
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Figure 4.3 – After fit
Figure 4.4 shows the sum of all these individual functions which results in the timeof day effect for the BACsw approach. We can observe that the evening peak is clearlyidentified and localised between 4 and 7pm.
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Figure 4.4 – Time of day wavelet effect fitted
In terms of performances on the training sets, Figure 4.5 represents the boxplot ofthe 17 training sets for the 4 performancemetrics retained in this analysis. The 4metricsseem to agree that the BACsw performs best. Also it seems clear that the BAC algorithmperforms better than the OBO. This can be due to the fact that with multiple iterationsthe model can be further refined. Also, it may also mean that the order in which thecomponents are fitted does not actually matter as the nature of each componentmightbe enough for the model to use their behaviour as we expect it to.
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Figure 4.6 – Performances on the testing sets (Domestics UK)
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Figure 4.5 – Performances on the training sets (Domestics UK)
The performances on the testing sets are harder to distinguish probably becausewe are lacking some information to properly generalise the model. In particular, themetrics are much worse on the testing sets compared to the training sets which couldindicate an overfitting issue. However, because this is the case for all approaches, it is
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Figure 4.7 – Parcimony measures on training sets (Domestics UK)
more likely that we are missing other critical information such as traffic. Also, becausewe only have one year of data, the yearly cycle cannot be estimated. Even if wemade anattempt at removing the trend, the yearly cycle still seems to have a significant impact.Finally, when looking at parcimonymeasures (Figure 4.7), it is interesting to note thatthe estimated d.o.f for the BACsw et OBOsw is smaller than their wavelet only counter-parts. Mixing both wavelets and splines leads to a more performant and parcimoniousmodel than just with wavelets. Also, even though there are more parameters to be es-timated initially, the number of non-zero parameters is relatively equivalent and the
BACsw runs quicker than the BACw (apart from certain outliers which are probably dueto some limitations of our implementation). Overall, the variation of BAC using waveletstake longer to fit inherently because of the penalised wavelet implementation with thecross validation to find the optimal penalisation parameter γ.
4.4.4 Additional study on Palo Alto data

As the results on the testing sets were not conclusive on the Domestics UK dataset,we have conducted an additional study on Palo Alto (USA, California) data [265]. Theexperimental set up is similar to the one used for the Domestics UK experiments exceptthat thanks to a much larger time period covered by the datasets, we can train ourmodels onmore data. The first training set runs fromMonday 4th January 2016 to Friday4th January 2019. Then the testing sets covers the 20 consecutive weeks starting fromMonday 7th January 2019. Also, the yearly cycle trend is now included by using a time ofyear covariate which ranges from 0 to 1. The rest of the covariates remain the same. Theresults of these experiments in terms of performances obtained are shown on Figure4.8.
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Figure 4.8 – Performances on the testing sets (Palo Alto)
It is interesting to note that unlike what we previously observed, the OBO approachesseems to be equivalent to their BAC counterparts for the RMSE and MAE metrics andare even marginally better for the peak RMSE and Deviance. Also, it seems that the

OBOsw approach is able to capture peaks better than the other approaches which alsoindicates that the combination of spline and wavelets is particularly suited to this ap-plication. However, it is still unclear whether this improvement is significant as we cansee that for the BAC approaches, all methods seem to be relatively equivalent.

4.5 Conclusion
In this chapter we have studied an additivemodel with bothwavelet and spline com-ponents for estimating the first-order intensity function of NHPP. Two algorithms wereproposed, OBO and BAC. We have shown that BAC performs better on fitted residentialdata (Domestics UK) but the approaches seems to be fairly equivalent on testing data.However, we observed that there could be some benefit to use a model with additivespline and wavelet effects to capture peaks when looking at the peak RMSE metric onboth datasets used in this case studys. The methodology proposed can be extended toany timestep (as long as it is constant), other wavelet basis (e.g., Daubechies, Meyer).The convergence speed of the algorithm could be accelerated by fitting first the linearcomponent to then perform the backfitting of the non-parametric part for instance.Better performances could be obtained by giving more degrees of freedom (knots) tosplines but it can sometimes lead to overfitting. One limitation of the BAC algorithmproposed is that despite the empirical evidence of convergence of the algorithm, thereis no unicity of the parameter vector estimated. That is in great part due to the randompath taken to fit the various components. Finally, other metrics could have been used
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to assess peak estimates as it can be argued from an operational perspective that itis more important to obtain a better estimate of the peak magnitude not too far frompeak time than a worse estimate exactly at peak time. Therefore, it might be interestingto compare the daily time series forecasted with the observed one with a measure ofsimilarity thanks to dynamic time warping for instance.
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Chapitre 5

Multi-resolution peak load forecasting

This chapter is based on a paper published in International Journal of Forecasting [266].
In the context of smart grids and load balancing, daily peak load forecasting hasbecome a critical activity for stakeholders of the energy industry. An understanding ofpeak magnitude and timing is paramount for the implementation of smart grid strate-gies such as peak shaving. The modelling approach proposed in this paper leverageshigh-resolution and low-resolution information to forecast daily peak demand size andtiming. The resultingmulti-resolutionmodelling framework can be adapted to differentmodel classes. The key contributions of this paper are a) a general and formal intro-duction to the multi-resolution modelling approach, b) a discussion on modelling ap-proaches at different resolutions implemented via Generalised Additive Models andNeural Networks and c) experimental results on real data from the UK electricity mar-ket. The results confirm that the predictive performance of the proposed modellingapproach is competitive with that of low- and high-resolution alternatives.
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5.1 Introduction

The electric daily peak load is the maximum of the electricity power demand curveover one day. Having an accurate forecast of the daily peak enables independent sys-tem operators (ISOs) and energy providers to better deliver electricity and optimisepower plant schedules. The importance of such a forecast is increasing as the integra-tion of intermittent renewable production sources progresses. In particular, renewableenergy sources are at the bottomof themerit order curvewhichmakes them (currently)the most economical source of energy used to serve the market. However, they are in-termittent and provide time-varying levels of power generation, which are only partiallyunder human control. If electricity demand is high and renewables cannot provide forit alone, ISOs have to deliver electricity from sources with higher marginal costs (e.g.,gas-fired plants) for the stakeholders as well as for the environment in terms of CO2emissions. In such a context, accurately forecasting the peak demand magnitude andtiming is essential for determining the generation capacity thatmust be held in reserve.
Electrical equipment is tailored to support a specific peak load. If the demand comesclose or exceeds the network capacity, it can lead to distribution inefficiencies and ulti-mately power system failures, such as blackouts. With the increasing number of electricvehicles (EV) in circulation, a further source of stress is added to the electricity system.For instance, 46% of vehicles sold in Norway in 2019 were EVs [19]. The challenge po-sed by the additional EV demand must be met by more tailored management systemsand policies, if expensive infrastructural works are to be avoided. Dynamic electricitypricing schemes, for example, the Triads in the UK or the Global Adjustment in Ontario,Canada, have been developed to reduce the system peak load. Consumers who cancorrectly estimate and cut their use during peak events can unlock great savings. Peakdemand forecasts will thus be key for the development of such policies.
To account for the increasing demand for electricity and to prevent system failures,smart grid technologies and policies are being implemented to foster communicationbetween the various stakeholders of the electricity supply chain to achieve a more effi-cient use of energy. One major objective is to maximise the load factor. The load factoris the average load over a specific time period divided by the peak load over the sameperiod. Maximising it leads to a more even use of energy through time, thus preven-ting system failures and surges in electricity prices. One of the most common ways toachieve load factor maximisation is peak shaving, which refers to the flattening of elec-trical load peaks. Three major strategies have been proposed for peak shaving, namelyintegration of Energy Storage System (ESS), integration of Vehicle-to-Grid (V2G) and De-mand SideManagement (DSM) [267]. ESS and V2G integration provide ancillary sourcesto balance the grid through batteries while DSM shifts consumer demand to flatten thepeak. To be activated adequately, all these strategies require accurate forecasts of thedemand peak magnitude (DP) and of the instant at which it occurs (IP).
This article proposes novel methods to forecast the DP and the IP by leveraginginformation at different time resolutions. In particular, the multi-resolution approachproposed here is illustrated in the context of two model classes : Generalised AdditiveModels (GAMs) and Neural Networks (NNs). Both are state of the art predictive models,widely used to forecast electrical load in industry and academia. The performance ofthe multi-resolution framework under both model classes is assessed using aggregate
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UK electricity demand data from the National Grid [268].The rest of the paper is structured as follows : Section 2 presents a literature reviewof daily peak forecasting methodologies. Section 3 introduces multi-resolution model-ling using GAMs and neural networks. Section 4 explains how the differentmodels wereset up in the high-resolution, low-resolution and multi-resolution settings. Section 5analyses the results of the models described in Section 4, using UK demand data.

5.2 Related work
This section provides an extensive literature review of peak forecasting methodsand was conducted to identify gaps in the field. It includes methods ranging from pro-babilistic approaches to deep learning.Probabilistic forecasts have been widely adopted in the context of load forecastingapplications (e.g.,[63] for an overview), but little has been done on probabilistic peakdemand forecasting. Two probabilistic set-ups, commonly used for peak load forecas-ting, were outlined by [269]. The first is block maxima (BM), where data is separatedinto time chunks of equal lengths and the maximum of each chunk is assumed to ap-proximately follow a generalised extreme value (GEV) distribution. The second is peaksover threshold (POT), which approximates the distribution of the excess load over athreshold by a generalised Pareto distribution. While the POT and BM settings can beunified via point processes [270], in this work we are mainly interested in the BM case.In a long-term forecasting setting, [271] used demand data at the daily resolutionto forecast the magnitude and timing of the yearly peak (i.e., the day characterisedby the largest total demand). They considered a forecasting lead time of one full yearand obtained a probabilistic forecast by simulating year-long trajectories for the wea-ther variables and plugging them into a deterministic linear regressionmodel. Similarly,[272] considered a long-term forecasting application, where the aimwas to forecast theprobability distribution of the annual and weekly peak electricity demand. They usedsemi-parametric additive models to capture the effect of covariates, such as tempera-ture, on the demand and obtained a probabilistic forecast by adopting a simulation andscenario-based approach. [273] used quantile regression methods to forecast the DPone day ahead. Even though they used quantile regression to obtain an upper boundon demand, quantile estimates at several probability levels could be used to estimatethe full peak demand distribution. Also [274] modelled the DP via a quantile regressionmodel, but their objective was post-processing daily estimates to forecast the annualdemand peak, rather than modelling the DP probabilistically.Multivariate regressionmodels usingmultivariate adaptive regression splines (MARS)were proposed by [275] to forecast the DP in South Africa. Explanatory variables in-cluding meteorological variables are aggregated at the daily resolution (e.g., average,minimum and maximum temperature). The model outperforms piecewise polynomialregression models with an autoregressive error term. [276] studied time series of theDP and illustrated its heteroscedastic structure. A SARIMA–GARCH errors model and aregression-SARIMA–GARCHmodel are then proposed to forecast it at a short-termhori-zon. Results show that SARIMA-like models produce forecasts with an accuracy around1.4 in mean absolute percentage error on a testing period.[277] proposed a hybrid model to forecast whether the following day will be a peak
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load day for the billing period for customers subject to demand charge structure. Theyapply their model to optimise the electricity bill of an American University. Load data isprovided every five minutes from January 2013 to April 2016. Here, the POT set-up wasused with a threshold depending on a monthly average and variance of the daily load.An original combination of 4 forecasts was proposed. First, a linear model is used toforecast the maximum daily load at a monthly horizon which is then coupled to short-term load forecasting models (NN and ARIMA) to provide two forecasts. Two other fo-recasts were computed using binary classifiers (logistic regression and NN) and a syn-thetic minority over-sampling technique (SMOTE) was used to balance the classes. Theauthors demonstrated that their methods led to better statistical accuracy and to re-duced electricity bills.
NNs are one of themost popular algorithms for peak load forecasting tasks becauseof their strong performance in non-linear modelling. Their flexibility is remarkable, butit is difficult to pick the right architecture and hyperparameters for a specific problem.One of the first papers proposing a NN peak load forecasting method was producedby [278]. According to the authors, NNs performed well on load forecasting problems,but they were much less performant on peak load forecasting tasks. A fuzzy NN wasfound to be more robust and accurate than a traditional NN structure. It involved anadditional layer of fuzzification of the inputs before entering the only hidden layer ofthe network.
In a more traditional set-up, [279] tested a Fully Connected Neural Network (FCNN)with different variants of back-propagation algorithms where training was conductedseparately in four periods of time during a year. Their work was further developed by[280], where numerous weather variables were included (e.g., temperature, rainfall,wind speed, evaporation per day, sunshine hours and associated statistics). Similarly,different optimisation procedures were considered and it was found that an adaptivelearningmethod based on the learning rate andmomentumwas themost performant.[281] combined a self-organisingmapwith aNN to find better clusters of training data toimprove forecasting performance. Some authors considered other form of networks.For instance, [282] adopted abductive networks with the aim of obtaining a better intui-tion and a more automated way to address peak load forecasting. In particular, thesenetworks split the overall problem into smaller and simpler ones along the networkwith abductive reasoning. It is based on an automated procedure which organises thedata available into different chunks and deals with them separately.
More recently, recurrent Neural Networks (RNNs) have been used by [283] in theform of Gated Recurrent Units (GRU). In particular, a dynamic time warping (DTW) ana-lysis was used to produce the GRU inputs. The DTW distance was used to find the mostsimilar load curve to the one observed before the targeted load curve. Assuming thatsubsequent load curves are also very similar, they used the subsequent load curve fromthe training data to encode the inputs of the GRU network. A Long Short-TermMemory(LSTM) architecture has been used by [284] and was found to be more computatio-nally efficient compared to FCNNs and other RNNs. Three statistical metrics were usedto evaluate model performance : Mean Absolute Percentage Error (MAPE), Root-MeanSquared Error (RMSE) and mean bias error. In our work, statistical metrics includingMAPE and RMSE will also be used to avoid introducing any bias towards a particularoperational application.
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The literature on deep learning peak load forecasting is sparse, but deep learningprobabilistic load forecasting is much more common (e.g., [285], [286] and [287]). Suchmodels do not explicitly focus on the DP or the IP as the objective functions used toestimate their parameters are based on demand observed at a higher frequency (intra-day). The high-frequency forecasts thus obtained can be post-processed to produce aforecast for the DP.
Support Vector Regression (SVR) is another popular class of load forecasting me-thod, based on structural risk minimisation instead of empirical risk minimisation as inNNs. [288] used SVR in a local prediction framework. Recently, [289] used an ensembleforecasting approach with other Machine Learning algorithms such as boosting ma-chines, tree-based methods and bagging techniques. A compensation process basedon an isolation forest is later added by analysing the predicted values of the ensemblemodels to detect outliers in the peak data. SVR are compared to NNs by [290] for acontrol strategy of peak load and frequency regulation. LSTM NNs were used to fo-recast power load and improve the control strategy considered in this particular usecase.
From this literature review, it can be concluded that a wide range of methodologieshave been adopted in peak load forecasting applications. In most short-term applica-tions, model inputs are manually chosen features that are defined at the same (daily)time resolution as the peak demand, which is the variable to be forecasted. Conver-sely, in long-term applications, weather variables are simulated at the original (high)resolution to produce demand forecasts at the same resolution, which are then post-processed to obtain low resolution (e.g., yearly) peak forecasts. Hence, to the best ofour knowledge, the existing literature on peak forecasting has not explored methodsthat are able to integrate both low- and high-resolution signals in a single model. Ho-wever, in the field of functional data analysis, hybrid approaches have been used forclustering and forecasting functional data (e.g., [291] and [292]). Therefore, this paperaims to exploit functional methods to tackle multi-resolution problems. From a featureengineering point of view, the goal is to automate feature extraction of high-resolutionsignals, that is to let the model decide which hidden features to extract from the signal.This can be done with signal processing procedures such as tensor product decompo-sition, wavelets or Fourier transforms [293].
The literature review also suggests that not much effort has been directed towardsforecasting the IP, which is surprising because forecasting the IP is at least as importantas forecasting the DP, for the purpose of short-term smart grid management and ope-rational planning [294]. To fill this gap, the performance of multi-resolution methodswill be illustrated in this paper on both a DP and an IP forecasting problem.

5.3 Multi-resolution modelling

In this section, the multi-resolution modelling approach is introduced with its gene-ral principles. It is then developed formally and illustrated with GAMs and NNs.
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5.3.1 General idea
The main idea behind multi-resolution modelling is to build a parsimonious modelthat is able to handle input and output variables that are available at different reso-lutions. In the context of DP load forecasting, low-resolution variables (e.g., day of theweek, maximum daily temperature) are observed daily, while high-resolution variables(e.g., temperatures or raw demand) are updated every hour or half-hour. Such pro-blems are usually handled by manually placing all variables at the same resolution. Inparticular, one option is to take a high-resolution approach, which consists in doing themodelling at the highest available resolution, which might require interpolating someof the low-resolution variables. Such an approach often lacks in parsimony, as the low-resolution variables are brought to the higher resolution, thus increasing the size ofthe data that needs to be processed, while adding no extra useful information. Anotheroption is to take a low-resolution approach, that is to transform the high-resolution va-riables into a set of manually chosen daily summaries or features. In this approach, thesize of the data is reduced, but feature engineering is time consuming and some of theinformation contained in the high-resolution variables is lost in the process.
The multi-resolution approach proposed here aims at capturing all the informationcontained in the high-resolution variable, while avoiding explicit feature engineeringand retaining the parsimony of the low-resolution approach. To describe the multi-resolution idea more formally, let us consider yi = {yi(t)}t∈{1,...,T} the vector of electri-city demand at each time step t > 0 of the day i ∈ N . T is the total number of dailysteps (e.g., T=48 for half-hourly steps). Then, the DP of day i isDPi = max(yi) and IPi isthe time step corresponding to DPi. Let xlowi be the i-th vector of covariates observeddaily and let xhighi be the corresponding vector of covariates containing information atthe intra-day resolution. Themulti-resolution approach exploits both sets of covariatesas model inputs to obtain the forecasts of the D̂Pi or the ÎPi, that is

D̂Pi = ψ1(xlowi , xhighi ) (5.1)
ÎPi = ψ2(xlowi , xhighi ) (5.2)

where ψ1 and ψ2 represent the model for, respectively, the DP and the IP. This generaldefinition does not specify how the high-resolution inputs should be dealt with in prac-tice. Several approaches could be considered, the aim being to process the informationcontained in a (possibly high-dimensional) signal vector, while avoiding information lossand retaining computational efficiency. In this paper, two options are considered. Inparticular, a description of how high-resolution covariates can be handled within GAMsand NNs is given below.

5.3.2 Particular instances of the multi-resolution approach
Themulti-resolution approach is detailed firstly for GAMswhich, due to their perfor-mance and interpretability [262], are widely used in industry for load forecasting. Then,the multi-resolution approach is extended to NNs, which often perform well on loadforecasting problems and enable the flexible handling of heterogeneous model inputs[295].
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Generalised Additive Models

First introduced by [296], GAMs are a semi-parametric extension of generalised li-near models (GLMs) where the response variable, yi, is assumed to follow a parametricprobability distribution. That is, yi ∼ Dist(µi,θ) where µi and θ are model parameters.While the elements of θ do not depend on i, parameter µi is modelled as follows [208] :
g(µi) = xT

i γ +
∑
j

fj(xi), (5.3)

where g is a monotonic transformation, which is simply the identity function in thispaper. Two separate terms canbedistinguishedon the right-hand side of this equation :a parametric part xT
i γ, where xi is a vector of covariates while γ is a vector of regressioncoefficients, and a non-parametric part∑j fj(xi)which is a sum of smooth functions ofcovariates. The smooth effects are built via linear combinations of Kj basis functions,while the corresponding basis coefficients are penalised via generalised ridge penalties.The strength of the penalties is controlled via smoothing hyperparameters, which areselected using criteria such a generalised cross-validation.

In the context of forecastingDPi, it is interesting to consider for Dist(µi,θ) a genera-lised extreme value (GEV) distribution. In fact, the GEV model is asymptotically justifiedfor block-maxima as T →∞ [269]. Thus, when enough steps are available throughoutthe day, the GEV distribution is particularly attractive formodelling the DP. The scaled-T(a scaled version of Student’s t) distribution provides an alternative, which is particularlysuited for heavy tailed data such as peak load. The Gaussian distribution can be usedas a baseline model. As for the IP, an ordered categorical (ocat) distribution based ona logistic regression latent variable is used. All of these distributions as well as GAMbuilding and fitting methods are implemented in themgcv R package [297].
Within the additive structure of GAMs, xlow

i and xhigh
i can be treated as inputs fordifferent smooth functions. The elements of xlow

i can be handled via separate standardsmooth effects, which take scalars as inputs, while the joint effect of several elements of
xlow
i can be captured via standardmultivariate smooth effects. However, the xhigh

i cova-riates have to be treated via functional smooth effects. The latter are smooth functionswhich take the vectors of high-resolution covariates as inputs and output a scalar. The-refore, functional GAMs permit the handling of each covariate at its original resolution,thus avoiding interpolation and guaranteeing parsimony.
In addition to the principle of parsimony, the goal is also to retain the time depen-dence of the covariates. In fact, it is important to ensure that the model is aware thateach element of the high-resolution covariates has a different impact on the peak loaddistribution, as it belongs to a different time of day. However, modelling the effect ofeach element separately would ignore temporal dependencies and might lead to over-fitting or lack of interpretability. A way to achieve a compromise when modelling high-resolution covariates is to make them interact with the time of day sequence via tensorproduct effects. Such effects can easily be integrated in GAMs, as explained in the fol-lowing.
In continuous time, the smooth effect for a high-resolution (functional) covariate,
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xi(u), can be written as follows :

f(xi) =

∫ T

0

ϕ(xi(u), u)du (5.4)
where ϕ is the time-dependent effect of the covariate, which needs to be estimated,while u is the time of day. In practice, on the i-th day, xi(u) is observed at F discreteinstants 0 ≤ t1 ≤ · · · ≤ tF ≤ T and the corresponding values of xi(u) are stored in thevector xi. Hence, approximating the integral with a summation and constructing ϕ viaa tensor product expansion leads to :

f̂(xi) =
F∑

r=1

ϕ̂(xi(tr), tr)

=
F∑

r=1

K∑
k=1

L∑
l=1

βklak(xi(tr))bl(tr) (5.5)

where {ak}(k)∈{1,...,K} and {bl}(l)∈{1,...,L} are known spline basis functions and {βkl}(k,l)∈{1,...,K}×{1,...,L}are parameters to be estimated. By using such effects, high-resolution information canbe parsimoniously incorporated into the model, while retaining the temporal informa-tion contained in the covariates.

Neural Networks

NNs are convenient machine learning algorithms to implement a multi-resolutionmodel. In fact, common architectures such as Convolutional Neural Networks (CNN)and RNNs already make use of inputs from different scales. Recent work was under-taken to make tensor inputs available for multi-layer perceptrons with MatNet [295]which further shows their versatility. From scalars to tensors, the flexibility of NNs ishard for other machine learning models to compete with.
A FCNN or CNN architecture, without its output layer, can be generally written asfollows :

Hk(x,Θ) = hk(. . . h3(h2(h1(x, θ1), θ2), θ3) . . . , θk) (5.6)
where k is the number of hidden layers of the NN, hi,i∈{1...k} are the transformationsmade by the hidden layers (e.g., linear operation, activation and dropout) and Θ =
{θi},i∈{1...k} is the sequence of parameter vectors (weights andbiases). In amulti-resolutionapproach, one part of the architecture will contain low-resolution information feeding aFCNN branch and the other one will contain the reshaped high-resolution data feedinga CNN or RNN branch. In this paper, only CNNs were considered in depth for this latterbranch, with the lags of the response provided as model inputs. The CNN enables avery close replication of the tensor product construction used for GAMs, thus creatinga consistent set-up for comparing both algorithms.
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MLP
1D CONVOLUTIONAL BLOCKS

FLATTEN

CONCATENATION

DP or IP

Figure 5.1 – Multi-resolution architecture for NNs with a Multi-Layer Perceptron (MLP)taking low-resolution inputs, and a CNN with high-resolution inputs
Even though the CNN and FCNN branches do not have similarly shaped inputs andoutputs, the unit shapes can be transformed along the network to interact and bebrought together without losing consistency. This process consists in flattening the ten-sor shapes in order to bounce back on vectorial inputswithin some layer of the network.It is precisely this flexibility that can be leveraged to build amulti-resolution architecture(Figure 5.1). More precisely, the CNN branch contains one convolutional block for eachof the high-resolution time series. In this way, each tensor product of the GAM formulacan find its equivalent in the CNN branch of the network. In fact, the multi-resolutionNN architecture can be concisely written as follows :

µi = Fj(Hk(xlow,Θ), H ′
l(xhigh,Θ

′)) (5.7)
In (7), Hk is the FCNN which handles low-resolution terms while H ′

l is the CNN whichdeals with the high-resolution information. Then, in the final part of the network, bothoutputs are concatenated (after flattening the CNN branch) and enter another FCNN
Fj which can be reduced to the output layer when j = 1. Here, µi is the mean of therandom output variable considered. This multi-resolution architecture is summarisedin Figure 5.1.

5.4 Experiments
On the DP and the IP forecasting tasks, the multi-resolution approach is compa-red to two alternative modelling approaches : a high-resolution approach and a low-resolution approach (Figure 5.2). The low-resolution approach uses inputs aggregatedat the daily level (e.g., maximum daily temperature, day of the week) to forecast the
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DP and the IP separately. The high-resolution approach uses inputs at the half-hourlylevel to forecast the half-hourly demand and then it extracts the DP and the IP by takingthe maximum of the half-hourly forecasted values and the corresponding time of day.Therefore, the high-resolution approach leverages all the information available by ta-king half-hourly inputs and outputs while the low-resolution approach directly modelsthe variables of interest (DP and IP) with less parameters to be estimated. The multi-resolution approach can be seen as a compromise, aimed at integrating the advantagesof both approaches, and the following experiments are designed to assess whether itcan outperform them.

Half-hourly data

Daily data

Half-hourly data

Daily data

Low-Resolution Model 
Section 4.2

Multi-Resolution Model 
Section 4.3

High-Resolution Model 
Section 4.1

DP or IP

Half-hourly demand

INPUTS MODELS TARGETS

Figure 5.2 – The different modelling settings compared in this work
The comparison includes baseline models : a naive persistence model, which sim-ply consists of forecasting the DP and the IP based on the value taken by the targetvariable on the previous day ; a low-resolution ARIMA (on daily peaks with horizon 1) ;a high-resolution ARIMA aggregated forecast composed of 48 ARIMA models, each fit-ted on the half-hourly load of a specific time of day with horizon 1. That is, the high-resolution ARIMA produces 48 forecasts at horizon 1 instead of one forecast at horizon48. All ARIMA models are fitted using the [298] algorithm without using exogenous in-formation.The performance metrics chosen for DP models are the mean absolute percentageerror (MAPE) and the root mean squared error (RMSE). As for IP models, the RMSE isalso used but the MAPE is substituted with a relaxed accuracy (R-Accuracy) metric inthe form of a binary loss function (equal to 1 if the IP forecasted is more than 2 instantsaway from the observed IP and 0 if it is within 2 instants of the observed IP). While theR-Accuracy metric is also relevant in operational settings where it is crucial to knowthe IP within a small time window, the RMSE penalises forecasts proportionally to theirdistance from the observed IP.A rolling-origin forecasting procedure is used to replicate a realistic short-term loadforecasting set-up. Model parameters are updated on a monthly basis with consoli-dated data since, in an operational setting, threats to data validity and computational
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constraints can emerge when refitting a model too often using real-time data.The data used in the experiments is the half-hourly load consumption (total nationaldemand) between 2011-07-01 00 :00 :00 and 2016-06-30 23 :30 :00, available via the UK[268] website. Temperature data at different locations (London, Sheffield, Manchester,Leeds, Cardiff, Bristol, Birmingham, Liverpool, Crosby and Glasgow) was downloadedfrom the [299] website. The temperature data is at an hourly resolution. It is interpola-ted (natural cubic spline interpolation) to obtain half-hourly data. Furthermore, if popsis the population of the nearest city to station s, a weighted mean temperature is cal-culated as follows :
temp(t) =

1∑10
a=1 pops

10∑
s=1

popsTs,t (5.8)
where Ts,t is the temperature recorded at time t by station s and temp(t) is the weightedmean temperature which will be used in the modelling experiments. An exponentiallysmoothed version of theweightedmean temperaturewill also be included in themodelfeatures : temp95(t) = α× temp95(t− 1) + (1− α)× temp(t). It was computed using asmoothing parameter α = 0.95, based on expert knowledge.
5.4.1 High-resolution approach

Forecasting the electricity hourly or half-hourly demand is a problem that has beenextensively studied in the literature [300]. It is well known that a common driver of elec-trical load is weather and in particular temperature. In addition, calendar informationcan be used to explain the seasonal variation of the demand. Finally, lagged demand va-lues are highly informative for the subsequent values. These variables are summarisedin Table 1.
Table 5.1 – High-resolution model inputs

Type Name Unit Description
Weather temp [C°] Half-hourly temperature

temp95 [C°] Half-hourly smoothed temperature
Calendar dow Categorical Day of the week

toy None Time of year (between 0 and 1)
t Categorical Time of day (between 0 and 47)

Lag load24 [101 GW] Half-hourly load on the previous day
Output load [101 GW] Half-hourly load

The GAM chosen to implement this approach is yi(t) ∼ N(µi(t), σ
2)where themeanof the Gaussian distribution is modelled by :

µi(t) =ψ1(dowi) + ψ2(t) + f 20
1 (toyi(t)) + f 20

2 (tempi(t)) + f 24
3 (temp95i(t))

+ ti5,51 (tempi, t) + ti5,52 (temp95i(t), t) + ti5,53 (load24i(t), t) (5.9)
+ ti5,54 (toyi(t), t)
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In (9), theψ functions are parametric effects, while the f functions are univariate smootheffects and the ti functions are bivariate tensor product smooth interactions. The num-ber of basis functions used is indicated in the exponents. For instance, f 20
1 uses 20 basisfunctions and ti5,51 uses 5 basis functions for each marginal. Thin-plate spline bases areused to build all smooth effects [301]. The model structure (9) was decided on the basisof previous experience in the field and the statistical significance of each effect.There are many NN architectures which could be considered for this problem. Wewant an architecture with the minimum number of layers possible and using the samemodel inputs as the GAM. Adding too many layers would lead to a drastic difference indegrees of freedom between the NN and the GAM which is not realistic in a short-termload forecasting scenario. Furthermore, as we are not in the big data regime, addingtoo many layers may actually worsen the performance of the network.Given that the universal approximation theorem ([302] and [303]) guarantees thata two-layer FCNN can approximate any measurable function on a compact support,a FCNN carefully built can approximate any non-linear function of the input variableswith only one hidden layer. Therefore, a FCNN architecture was used to build an NNanalogue of the high-resolution GAM baseline model.In practice, there is no bound for the number of hidden units, which can lead to poorgeneralisation of the model when assessed on the test set. Therefore, a dropout layerwas added after the hidden layer to foster the network generalisation. The outcome ofthe optimisation of hyperparameters led to an architecture which contains 50 neuronsin the hidden layer and a dropout layer with a 10% dropout rate. The loss optimised isthemean squared error (MSE) with a Nesterov-accelerated Adaptive Moment (NADAM)optimiser [304]. In addition, the learning rate is 0.001, the number of epochs is 2000 andthe batch size is 1024.After obtaining the half-hourly demand forecast for the GAM and the NN, D̂Pi isestimated as the maximum daily value forecasted and ÎPi is estimated as the half-hourof the day during which D̂Pi occurred.

5.4.2 Low-resolution approach

Table 5.2 – Low-resolution model inputs
Type Name Unit Description

Weather
tempMax [C°] Daily maximum temperature
temp95Max [C°] Daily maximum smoothed temperature
tempMin [C°] Daily minimum temperature
temp95Min [C°] Daily minimum smoothed temperature

Calendar dow Categorical Day of the week
toy None Time of year (between 0 and 1)

Lag DP24 [101 GW] Previous day peak demand
IP24 Categorical Previous day instant of peak

Output DP or IP [101 GW] or Categorical Daily demand peak or Daily instant of peak
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In the low-resolution approach, all input variables are at the daily resolution (Table2). Here several distributions could be considered for GAMs. In particular, the scaled-Tdistribution, which is particularly suited for heavy tailed data, as well as the GEV fa-mily, which encompasses several extreme value distributions (Weibull, Gumbell andFréchet), are used to model the DP. For the IP forecasting task, the ordered-logit mo-del implemented in the mgcv R package [297] is used. The low-resolution GAM can bewritten as follows :
µi =ψ1(dowi) + f 10

1 (IP24i) + f 20
2 (toyi(t)) + f 20

3 (DP24i)

+ f 20
4 (tempMaxi(t)) + f 20

5 (temp95Maxi(t)) (5.10)
+ f 20

6 (tempMini(t)) + f 20
7 (temp95Mini(t))

For the DP, µi(t) is the location parameter of the distributions estimated, the other pa-rameters are assumed to be constants. For the IP, µi(t) is also the location parameter ofa latent logistic distribution. Cut-off points are estimated in the course of model fittingand do not depend on the covariates. See [305] for details.The same FCNN architecture as for the high-resolution approach was used (50 neu-rons in the hidden layer followed by a dropout layer). The optimal set of hyperparame-ters found is also equivalent. The difference between them lies in the inputs used (Table2) and the response variable modelled which here is directly the DP or the IP. The res-ponse structure for the DP is 1 neuron with a ReLU activation while 48 neurons are usedfor the IP. Instead of the traditional softmax output used in classification problems, anordinal output structure, more suited to model the IP, is implemented as formalisedby [306]. The observed response is structured as a vector of 1 and 0. If the peak wasobserved at t ∈ {1, . . . , T} all neurons before and including the t-th one will be 1 and allneurons after will be 0. Therefore, sigmoidal activation functions are used.
5.4.3 Multi-resolution approach

The multi-resolution GAMs leverage the same level of information for model inputsas in the high-resolutionGAMs. In addition, the directly targets theDP response variableas in the low-resolution approach.
Table 5.3 – Multi-resolution model inputs

Type Name Unit Description
Weather matTem [C°] Vector of half-hourly temperatures

matTem95 [C°] Vector of half-hourly smoothed temperatures
Calendar dow Categorical Day of the week

toy None Time of year (between 0 and 1)
matInt Categorical Vector of time steps (between 0 and 47)

Lag matLag [101 GW] Vector of half-hourly load from previous day
Output DP or IP [101 GW] or Categorical Daily demand peak or Daily instant of peak
Tensor products defined in Section 3.2.1 are used to capture high-resolution infor-mation. The mat covariates presented in Table 3 are matrices of dimension (N × 48),
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N being the number of observations of the response variable DP. The multi-resolutionGAM model is :
µi =ψ1(dowi) + f 20

1 (toyi) + ti15,101 (matTemi,matInti)

+ ti5,52 (matTem95i,matInti) + ti5,53 (matLagi,matInti) (5.11)

Learning rate: 0.0001; Epochs: 300; Batch size: 16;  
Loss: MSE; Optimiser: Nadam

(MatTem, MatInt), (MatTem95),
(MatLag, MatInt) toy, dow

DENSE: 50 neurons1D CONVOLUTIONS: 3 blocks

FLATTEN

CONCATENATION

DP or IP

DROPOUT: 0.1

Figure 5.3 – Multi-resolution CNN architecture (input variable names are detailed inTable 3)
Unlike previous approaches, IP and DP lags are not directly included as they canbe captured by the model through the ti3 tensor interaction. As for the low-resolutionapproach, Gaussian, scaled-T and GEV distributions are considered for the DP and theordered categorical distribution for the IP.For the multi-resolution NN, the tensor product interactions will be replaced byconvolution layers. The mechanism looked for through these convolution layers is es-sentially the same as for tensor products : extracting high-resolution information todirectly model the DP or the IP. The high-resolution (half-hourly) data will be passed onto the convolution layers while the low-resolution (daily) data will go through the sameFCNN architecture used in the previous approaches. As shown in Figure 5.3, these twosections of the architecture are then concatenated to produce the final forecast of theDP load. The output structure for the DP and the IP are the same as detailed in Section4.3 with one neuron for the DP and 48 neurons for the IP.The convolutions used for the high-resolution information are 1D convolutions ontwo channels. Usually, only one convolution funnel is used to capture interactions bet-ween all inputs. Here, each tensor product interaction will be replicated as a unique
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convolutional block. Thus, three convolution blocks will independently extract the threehigh-resolution terms : matTem, matTem95 and matLag. The second channel of eachblock is the matrix containing the vectors of time steps matInt.

5.5 Results
The performance of the models for the DP and the IP forecasting tasks is evalua-ted using two statistical metrics. As a rolling-origin forecasting procedure was chosen,a transitional regime can be observed in the first few iterations, particularly for NNs,which usually perform better with a large amount of training data. Therefore, Table 4(DP) and Table 5 (IP) present the models’ performances on the last year of data, that is,from 2015-07-01 to 2016-06-30 included.

Table 5.4 – Performance on the last year of data for the DP (best model and associatedmetrics are in bold)
Resolution Model Metrics

MAPE [%] RMSE [MW]
NA Persistence 4.38 34.3

High
ARIMA 4.08 27.8

Gaussian GAM 2.43 15.5
FCNN 1.47 10.3

Low

ARIMA 3.85 26.7
Scat GAM 1.92 12.9
GEV GAM 2.67 16.9

Gaussian GAM 2.26 14.4
FCNN 2.11 14.4

Multi
GEV GAM 1.52 10.3
Scat GAM 1.41 9.59

Gaussian GAM 1.42 9.63
CNN 1.56 10.5

With the exception of the high-resolution FCNN, the multi-resolution models per-form better than the alternatives across all metrics (Table 4). The relative strong per-formance of the high-resolution FCNN can be explained by the large amount of high-resolution data available, which suits the needs of NNs. Further, the FCNN containsmore parameters to estimate and is thus more flexible than the high-resolution GAMs,which require the user to manually specify how the effect of each input variable shouldbe modelled. Nevertheless, the best model on all metrics is the scaled-T GAM, builtusing the multi-resolution approach. The GEV GAM performed worse than the other
126



distributions, which is surprising given that the GEV distribution is asymptotically justi-fied for BM. Interestingly, the shape parameter estimated was found to be close to 0,under which value the GEV model is simply a Gumbel distribution.

Table 5.5 – Performance on last year of data for the IP (best model and associatedmetrics are in bold)
Resolution Model Metrics

R-Accuracy [%] RMSE [half-hour]
NA Persistence 79.4 5.36
High Gaussian GAM 82.6 4.59

FCNN 81.8 4.39
Low Ocat GAM 79.1 4.22

FCNN 83.2 4.40
Multi Ocat GAM 79.4 4.08

CNN 83.5 3.85

IP multi-resolutionmodels have a similar or better performance than high- and low-resolution alternatives within the same model class on the RMSE metric (Table 5) andthe multi-resolution CNN is the best model under all metrics. However, the metricsare affected by high sampling variability. The reasons for this are detailed later in thissection, where we also argue that the mediocre performance of ocat GAMs for IP fore-casting is not fundamental, but attributable to the insufficient flexibility of the specificocat parametrisation adopted here.
To quantify the variability of the performance metrics considered so far, we usedblock-bootstrap resampling. As described by [231], for a test set of size N , we samplewith replacement data blocks of fixed size B = 7 (i.e., one week) to obtain an eva-luation sets of size N . Repeating this procedure K times creates K metric samples,which can be used to estimate the metric’s sampling variability. In particular, Figure5.4 shows block-bootstrapped boxplots for all metrics and models on the last year ofdata. Figures 5.4 (a-c) clearly demonstrate that the improvement obtained by adoptinga multi-resolution approach is substantial and robust within the GAMmodel class. TheHR-FCNN is competitive in terms of prediction but, as we discuss below, it is not ea-sily interpretable and does not have the computational advantages of multi-resolutionGAMs. For the IP problem, Figures 5.4 (e-d) make clear that the sampling variability issubstantial (reasons for this are discussed below).
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Figure 5.4 – Block-bootstrap boxplots of the two metrics considered for the DP models(a), (b) and IP models (c), (d) on the last year of data
Asmentioned above, the rolling-origin forecasting settingmay present a transitionalregime during the first few training iterations. Figure 5.5 and 5.6 show the evolutionof the different cumulative metrics calculated on the prediction signal updated on amonthly basis. Interestingly, the multi-resolution CNN for the DP (Figure 5.5) starts offwith a very bad prediction error on the first months. With more data, its performancerapidly improves across allmetrics. The othermodels have a less dramatic performancetrend, with the multi-resolution GAMs consistently performing better than the othermodels. The prediction error of these models oscillates during the first few months,which can be explained by the fact that the models did not have enough information toadequately estimate the yearly cycle, because they were fitted to only one year of data.
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After a year, the prediction errors has stabilised.
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Figure 5.7 – Left : observed IP as a function of the day of year (black) and correspon-ding predictions fromMR-CNN (red, shifted downward for visibility) and MR-ocat (blue,shifted upward). Right : same plot for HR-FCNN (red, downward) and HR-Gauss (blue,upward).

For the IP forecasting task, the different metrics evolve with similar patterns (Figure5.6), but the seasonal oscillations in performance persist beyond the first year. Preci-sely, the performance slightly worsens after the first few months of each year. Figure5.7 explains why predicting the IP is harder in summer (April to August) than in winter(September toMarch). While winter daily demand profiles have a reliable evening peak,summer load profiles are flatter and on some days the peak distribution becomes bi-modal. That is, the daily peakmight occur on the 25th half-hour (12.30pm) or on the 35thhalf-hour (5.30pm) with equal probability. This is shown also by the right plot in Figure5.8. Hence, it is clear that in the summer the IP point estimates might be unfairly pe-nalised under the metrics considered here. This implies that a forecasting model mightbe better off providing an IP forecast that falls between the two peaks, as MR-CNN isoccasionally doing (see Figure 5.7). Such a forecast might improve the metrics but haslittle value in an operational setting. Note also that the ocat model struggles to capturean IP distribution that is unimodal or bimodal depending on the time of year. In parti-cular, the ocat model used here is based on a standard ordered-logit parametrisation,which involves modelling the mean of a latent logistic random variable via an additivemodel. It is not possible to transform a unimodal distribution on the ordered catego-ries (here, IP) into a bimodal one, simply by controlling a location parameter. Hence, amore flexible model (e.g., [307]) would be preferable.
It is interesting to verify the performance of each model for IP forecasting via a bes-poke metric. In particular, let tmi be the observed IP on day i and let t̂mi be the corres-
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ponding forecast. We propose the following metric :

d-RMSE =

(
1

n

n∑
i=1

(ytmi − yt̂mi )

)1/2

(5.12)
which is based on the difference between the daily peak demand and the demand atthe predicted IP (the d stands for demand). This metric is more relevant to operationsthan MSE. For instance, in peak shaving applications, providing a forecast t̂mi very dif-ferent from tmi might not be a problem if ytmi and yt̂mi are similar, which is what d-RMSEquantifies. Figure 5.8 shows a bootstrapped boxplot of d-RMSE for each model. Inter-estingly, high-resolution methods are best here, by a substantial margin in the case ofHR-FCNN.
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Figure 5.8 – Left : Block-bootstrap boxplots of the d-RMSE metric for the IP problem.Right : daily demand profile curves during winter (shifted upward by 15 GW) and sum-mer. The blue curves are profiles with a small absolute difference between themorningand evening peak (< 50 MW).
The results obtained so far do not provide reliable evidence in favour or againstthe adoption of a multi-resolution approach for IP forecasting. In fact, the poor fore-casting performance of MR-ocat is arguably attributable to the particular ordered-logitparametrisation used here. MR-CNN does well using standard, statistically motivatedlosses but it is inferior to high-resolution approaches on an operationally relevant one(d-RMSE). It would be interesting to verify whether fitting the MR-CNN model by mini-mising d-RMSE directly (rather than MSE as done here) would lead to better results.We leave this, and the search for a more flexible distribution for ordered categoricalresponses, for future work.Implementing themulti-resolution approach on the DP forecasting problem ismorestraightforward, hence the results discussed so far are positive and reliable. We furtherverify their significance by performing [308] (DM) tests on the absolute and squarederror losses . The null hypothesis of the tests is : “both forecasts have the same expec-ted loss”. The results of the DM tests are available on Figure 5.9 which confirms that,
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within the GAM class, the multi-resolution forecasts are significantly different to thelow-resolution and high-resolution approaches under both metrics.

Model HR-arima HR-gauss HR-FCNN LR-arima LR-gauss LR-scat LR-gev LR-FCNN MR-gauss MR-scat MR-gev MR-CNNHR-arima 0 0 0.116 0 0 0 0 0 0 0 0HR-gauss 0 0 0.042 0 0 0.001 0 0 0 0HR-FCNN 0 0 0 0 0 0.729 0.549 0.250 0.029LR-arima 0 0 0 0 0 0 0 0LR-gauss 0 0 0.010 0 0 0 0LR-scat 0 0.122 0 0 0 0LR-gev 0 0 0 0 0LR-FCNN 0 0 0 0MR-gauss 0.063 0 0.001MR-scat 0 0MR-gev 0.143MR-CNN (a)
Model HR-arima HR-gauss HR-FCNN LR-arima LR-gauss LR-scat LR-gev LR-FCNN MR-gauss MR-scat MR-gev MR-CNNHR-arima 0 0 0.161 0 0 0 0 0 0 0 0HR-gauss 0 0 0.010 0 0.003 0.118 0 0 0 0HR-FCNN 0 0 0 0 0 0.400 0.362 0.492 0.016LR-arima 0 0 0 0 0 0 0 0LR-gauss 0 0 0.938 0 0 0 0LR-scat 0 0.026 0 0 0 0.002LR-gev 0 0 0 0 0LR-FCNN 0 0 0 0MR-gauss 0.468 0 0MR-scat 0 0MR-gev 0.015MR-CNN (b)

Figure 5.9 – P-values from the Diebold-Mariano test for DP forecasts. The test used isfrom the multDM package in R [309]. In black, the null hypothesis is rejected at the 5%threshold and both forecasts are significantly different. In red, the null hypothesis is notrejected at the 5% threshold and both forecasts cannot be significantly differentiated ;(a) absolute errors (b) squared errors.

It is interesting to quantify the complexity or parsimony of the models consideredso far. AIC can be interpreted as a parsimonymeasure, but it requires computing the ef-fective number of models parameters and we are not aware of any method that wouldallow estimating them across all the model classes considered here. Figure 5.10 showsthe AICs of low- and multi-resolution GAMs. The multi-resolution approaches consis-tently have a smaller AIC than the low-resolution approaches. Furthermore, the slopesindicate that with more data the gap continues to increase.
For NNs, parsimony is highly dependent on the chosen architecture. In our case,the low-resolution and high-resolution NNs have a very similar architecture with onlyone hidden layer and a dropout layer. Only the inputs, outputs and number of obser-vations vary. On the other hand, the multi-resolution NN (Figure 5.3) requires the useof convolutional layers which are leveraged to extract the high-resolution information.The extraction process requires multiple layers which forces the multi-resolution CNNto have a larger number of parameters than the low-resolution and high-resolutionNNs.
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Figure 5.10 – AIC for the low-resolution and multi-resolution DP GAMs
The results discussed in this section show that multi-resolution approaches are su-perior to low- and high-resolution alternatives for the DP forecasting problem. The fo-recasting performance of the high-resolution FCNN and the multi-resolution GAMs arenot significantly different but, in an operational peak demand forecasting context, themulti-resolution GAM would be preferred because it can be decomposed into additivecomponents, which can be more easily interpreted (and manually adjusted) by opera-tional staff. In addition, note that adopting a multi-resolution approach can bring sub-stantial computational advantages, which are easy to quantify within the GAM modelclass. In particular, the GAM model matrix X in the multi-resolution case has T timesless rows than in the high-resolution case, where T is the number of daily observations(i.e., T = 48 for half-hourly data). Therefore, T times less memory is used, and manycomputations frequently required during GAM model fitting (such as XTWX, where

W is a diagonal matrix) will take less time.

5.6 Conclusion
This paper proposes a novel modelling approach, which uses both high-resolutionand low-resolution information to forecast the daily electrical load peak magnitudeand timing. The results demonstrate that this multi-resolution approach is flexible en-ough to be applied to different model classes and that it provides a competitive pre-dictive performance. In particular, GAMs and NNs with similar input structures wereused to implement themulti-resolution approach and to compare its performance thatof low-resolution, high-resolution and persistence alternatives. On UK aggregate de-mand data, the multi-resolution models performed significantly better across all me-trics when forecasting peakmagnitude. In addition to improved predictions, adopting amulti-resolution approach enables faster computation via data compression and leadsto more parsimonious models, as demonstrated by the consistently lower AIC scoresachieved by multi-resolution models within the GAM model class.The results on the peak timing forecasting problem are mixed, but interesting. Amulti-resolution neural network doesmarginally better than the alternatives, when per-
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formance is assessed via standard statistical metrics. However, the corresponding fore-cast is occasionally inappropriate (falling between themorning and evening peaks) andinferior to high-resolution alternatives when assessed via an operationally motivatedmetric. The results suggest that the multi-resolution neural network should be fitted todata by minimising a problem specific performance metric directly. For instance, onecould consider financialmetrics on billing periods as done by [277]. Themulti-resolutionGAM does poorly on the peak timing problem, but this is attributable to the insufficientflexibility of the ordered logit parametrisation used here. Obtaining stronger evidencein favour or against the use of multi-resolution methods for the peak timing problemwould require solving the issues just mentioned, which could be the subject of furtherwork.The forecasting methods presented here could be extended in several ways. Firstly,the set of models described in this paper could be used within an aggregation of ex-perts or ensemble methods, which might lead to more accurate forecasts. Secondly,the benefits of multi-resolution methods have been demonstrated in a context wherethe covariates were available at different temporal resolutions, but the underlying ideacould be generalised to other settings, such as spatio-temporal data or individual custo-mer data (see e.g., [310] for an example application of functional quantile GAMs [311] toresidential electricity demand data). Thirdly, themulti-resolution approach could be ex-tended to RNNs and in particular LSTMs, which are known to be powerful NN architec-ture for time series modelling. Finally, this paper focused on day-ahead daily peak ma-gnitude and time forecasting, but multi-resolution methods could be applied to othershort-term windows (e.g., weekly). However, estimating monthly or yearly peaks wouldrequire a different approach, because the number of observed demand peaks wouldbe too low.
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Conclusions and Perspectives

This research set out to better understand EV charging behaviours. In particular, wefocused on forecasting EV charging load. Bymodelling EV charging behavioursmore ef-fectively, we can enable more resilience for the grid. To this end, we reviewed existingmethods and proposed innovative statisticalmodelling approaches to answer three cri-tical questions : 1. Whichmodels are state-of-the-art for EV chargingmodeling and whatdata is available? 2. How can we implement better forecasts? 3. How can daily electricalconsumption peaks be predicted to avoid blackouts and electricity price surges?.
In Chapter 2, we provide a review of state-of-the-art models spanning the last thirtyyears. An exploratory method is adopted to identify the most relevant literature anddata. A taxonomy of models is proposed ranging from stochastic processes to ma-chine learning. Overall, we covered over 860 databases and explored 8 EV chargingsession datasets. These datasets were used in the rest of the PhD to craft innovativemethods and to assess their performances on real-world scenarios. More data reposi-tories are emerging in relation to EVs and it is crucial to keep collecting them in orderto keep proposing reproducible and relevant work for the community. In Chapter 3,we compare 14 models with direct and bottom-up approaches to predict the load andoccupancy curves of EV charging points. Overall, we demonstrate that the 14 modelsprovide efficient forecasts at different times, which allows us to obtain a better modelwith an adaptive aggregation strategy. The 14 models emerged from a discussion overthe most promising methods presented in Chapter 2 and novel methods that we intro-duced throughout the PhD. One advantage of this aggregation strategy is that any newpromising method can be added to this mix andmay improve the aggregated forecast.Future work involves looking at potential benefits of using all the datasets collected in aholistic way to derive model parameters. Indeed, the models trained in this work werefitted on each dataset separately. However, it would be interesting to assess whethera model can benefit from data collected in various municipalities to learn behavioursthat are shared across different locations and thus reach better overall performances.We also see a strong potential in combining the station data collected with traffic infor-mation for more accurate models. It is common practice within the electrical load fore-casting domain to use weather data tomodel general electrical consumption. However,when it comes to EVs, weather has little correlation with load consumption relative totraffic. Facedwith the scarcity of traffic data at a fine granularity for EVs, and until accessto this data is provided, a solution could be to scrape real-time traffic data. For examplethe city of Bonn in Germany provides both real-time traffic and EVSE usage informationat a fine granularity. In Chapter 4, we studied an additive model with both wavelet andspline components for Poisson regression. Two algorithms have been proposed, OBOand BAC. We showed that BAC performs better on one of the training datasets but asignificant conclusion could be reached on the test sets for the first case study. Howe-ver, we observed that there could be some benefit in using amodel with additive splineand wavelet effects to capture peaks when looking at performances on peak load. Theproposed methodology can be extended to any timestep (as long as it is constant), as
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well as any other wavelet basis. The algorithm’s convergence speed could be accelera-ted by fitting first the linear component and then backfitting the non-parametric part.Giving splines more degrees of freedom (knots) can improve performance, but it canalso lead to overfitting. One limitation of the proposed BAC algorithm is that, despiteempirical evidence of algorithm convergence, there is no unicity of the parameter vec-tor estimated. This is due in large part to the random path chosen to fit the variouscomponents. Finally, other metrics could have been used to evaluate peak estimates,as it can be argued from an operational standpoint that obtaining a better estimateof the peak magnitude not too far from peak time is more important than obtaining aworse estimate exactly at peak time. As a result, it might be interesting to compare theforecasted daily time series with the observed one using a measure of similarity, suchas dynamic time warping. Eventually, in Chapter 5, we rely on high- and low-resolutioninformation to predict the daily peak in consumption. To use them in the same model,we defined a modelling framework called : “multi-resolution”. The results confirm thatthe proposed approach provides better performance on the cases studied. The fore-casting techniques described here could be expanded in a number of different ways.First, an aggregation of experts (such as the one proposed in Chapter 3) might be em-ployed with the set of models provided in this paper to produce predictions that maybe more accurate. Second, although the advantages of multi-resolution methods havebeen shown in a setting where the covariates were available at various temporal reso-lutions, the underlying concept could be applied to other settings, such as spatial andtemporal or individual customer data. Thirdly, since RNNs have shown a large successfor time series modelling, the multi-resolution technique might be extended to RNNsand in particular LSTMs. Finally, while this chapter focused on daily peak magnitudeand timing forecasting for the day ahead, multi-resolution methods could be appliedto other short-term windows (e.g., weekly). Estimating monthly or yearly peaks, on theother hand, would necessitate a different approach due to the insufficient number ofobserved demand peaks.Ultimately, while forecasting EV load is currently one of the most important tasks toensure that EV charging behaviours do not disrupt the balance of the grid, it has to becombined with optimisation techniques. In practice, good forecasts of tomorrow’s EVdemand can be useless if there is no plan of action implemented at charging point toaccommodate demand surges. This is the work of optimisers some of who we workedwith during this PhD at EDF R&D. They used our forecasts as an input to their optimi-sation procedure in order to assess the gains with regards to various metrics (e.g., CO2emissions, electricity cost). In particular, they used our work on forecasting individualcharging sessions which is what we call bottom-up approaches in Chapter 3. With themarket expanding, some intermediary level forecast might also be required as someof the methods might not scale as well. In fact, the EV market is still in its infancy whichindicates thatmany challenges are still to come.Wewill be highly attentive to new deve-lopments in the field andwe hope that our workwill continue to contribute to a resilientelectrical network.
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Annexe A

About Chapter 2

Exhaustive list of models presented in Section 4 with the input dataset(s) used (ifapplicable), the approach taken (Aggregated, Vehicle-centric or EVSE-centric) and theoutput variable(s) modelled. For the input datasets, the data repositories or data re-ports are provided as references when they were clearly made available by the authorsof the paper.
Study Model(s) Output variable(s) Approach Input dataset(s)

[32] Gaussian Dis-tribution Power Demand Vehicle-centric NHTS daily trips [61]

[31] Weibull andLognormalDistributions

Charge Duration,Daily Charge Fre-quency, EnergyDemand, Time tonext charge
Vehicle-centric

Charging sessionsfrom the Victorian EVTrial [312]

[42] Beta Mixture Number of plugged-in and plugged-outEVs, Charge Duration
Aggregatedandvehicle-centric

Charging sessionsfrom ElaadNL [87]

[151] Gaussian Mix-ture Clusters of EV userprofiles -
Charging sessionsprovided by the G4cities of the Nether-lands

[141] Gaussian Mix-ture
Arrival Time, ChargeDuration, Energy De-mand

Vehicle-centric
Charging sessionsfrom the ACN data[103]

[152]
Poisson Dis-tribution andGaussianMixture

Arrival Time, ChargeDuration, Energy De-mand
Vehicle-centric Charging sessionsfrom ElaadNL [87]

[153] GKDE Daily Trip Distanceand end time of lasttrip
Vehicle-centric NHTS daily trips [61]
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[154] GKDE Arrival Time, ChargeDuration, Charge Ca-pacity
Vehicle-centric

Charging sessionsfrom an EV chargingservice companyplatform in Nanjing
[155] GKDE andDKDE Charge Duration andEnergy Demand Vehicle-centric Charging sessionsfrom UCLA campus

[156] GKDE andDKDE Charge Duration,Energy Demand Vehicle-centric
Charging sessionsfrom UCLA campusand from My ElectricAvenue Project trial[313]

[157] HKDE Charge Duration andEnergy Demand Vehicle-centric
Charging sessionsfrom UCLA campusand from My ElectricAvenue Project trial[313]

[33]
Temporalstochasticprocess withscenarios

Power Demand Vehicle-centric
EV charging load forlead-acid and lithium-ion batteries and UKNational Travel Sur-vey [314]

[158]
3-state tem-poral MarkovChain Energy Demand Vehicle-centric -

[55]
ARIMA andrule-basedprobabilisticmodel

Power Demand (viathe SoC after charge) Vehicle-centric

PJM historical loaddata [315], EV driverssimulated data fromthe Power SystemsEngineering ResearchCenter [316]

[159]
ARIMA andrule-basedprobabilisticmodel

Power Demand (viathe SoC after charge) Vehicle-centric PJM historical loaddata [315]

[62]
Monte-CarloSimulationwith copulasand scenarios

Energy Demand (viainitial SoC) Vehicle-centric
Transportation datafrom theDutchMinis-try of Transportation[317]
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[27]
Monte-CarloSimulationwith origindestinationanalysis

Power Demand Vehicle-centric EU merge EV data-base 1

[36]

Spatiotemporalstochasticprocess withuniform andpoisson dis-tributionson differentschedulesand statetransitions

Power Demand
Vehicle-centricand ag-gregated

BMW Mini E (PHEV)battery characteris-tics from the smartgrid integration pro-ject (Shanghai expogarden)

[50]
Spatiotemporalmonte-carlosimulationbased on EVtrial data

Power Demand Vehicle-centric
Charging sessionsand EV journeys fromthe Switch EV trial

[47] M/M/nmaxqueue Power Demand
Vehicle-centricand EVSE-centric

Tesla Roadster EVcharacteristics [318]

[56] M/M/nmaxqueue Power Demand
Vehicle-centricand EVSE-centric

EV drivers simulateddata from the PowerSystems EngineeringResearch Center [316]

[160] M/M/nmaxqueue Power Demand
Vehicle-centricand EVSE-centric

Traffic fluid model[319]

[34] Mt/GIt/∞queue Power Demand
Vehicle-centricand EVSE-centric

NHTS [61], chargingsessions from the UCDavis PH&EV center[320]

[57] BCMP net-work Power Demand
Vehicle-centricand EVSE-centric

NHTS [61], New YorkState TransportationFederation TrafficData Viewer [321] andOntario Electricityprices 2
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[49]
Decisiontrees/tables,SVM, ANN Power Demand Aggregated

Residential chargingsessions providedby ECOtatility [164],public EVSE data pilotEV project in France
[165] MPSF, kNN,SVM and RF Energy Demand EVSE-centric

Charging sessionsfrom UCLA campusdata

[166]
Mean esti-mation andLinear Regres-sion

Energy Demand(Charging Profile) Vehicle-centric
Charging sessionsfrom UCLA campusdata

[167]
Linear Regres-sion, GradientBoosting, ANN Departure time Vehicle-centric EV charging recordsfrom SAP Walldorf

[168] Linear Regres-sion Power Demand(Charging Speed) Aggregated
Charging sessionsfrom EVNET andNUON energy provi-ders in Amsterdam

[51] MPSF, SVMand RF Energy Demand(Charging Profile)
Vehicle-centricand EVSE-centric

Charging sessionsfrom UCLA campusdata

[26] SVM andMonte-Carlo Power Demand Vehicle-centric
Beijing OlympicGames EV chargingstation

[30] RF Power Demand
Vehicle-centricand EVSE-centric

Charging sessionsfrom Pecan Street[195]
[169] RF, SVM andDecition tree Energy Demand(Charging capacity) EVSE-centric Charging sessions inShenzhen
[59] Quantile re-gression, MLPand KDE

Trip Distance andParking Duration Vehicle-centric
Parking events deri-ved from trip datafrom MiD2008 [322]

[67]
Lion algorithmwith Niche Im-munity for aCNN

Power Demand Aggregated Charging sessions inone charging stationin Beijing
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[46]
ANN, RNN,LSTM and Ga-ted RecurrentUnits (GRU)

Energy Demand Aggregated Charging sessions inShenzhen

[170]
ANN, RNN,GRU, Stackedauto-encodersand LSTM

Power Demand Aggregated Charging sessions inShenzhen
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Annexe B

About Chapter 3

B.1 Data Quality
This section was firstly published in [200]
A data quality check was run on these datasets to evaluate their reliability :
1. Charge and park duration have to be positive and less than 24 hours
2. Energy consumption needs to be positive and less than 100 kWh
The first criterion discards obvious timestamp errors. In addition, as a passengerEV is fully charged in a few hours maximum, charging sessions lasting for more thana day were discarded. Negative records for the energy consumption were discardedas no EV leaves with a battery less charged than when it arrived. The 100 kWh upperboundwas chosen as it is the battery capacity of the Tesla Model S, the largest amongsttop selling EVs at the time of writing this paper. All datasets retained more than 85% oftransactions after discarding irrelevant observations (Table B.1). For instance, only 63transactions were discarded from the Palo Alto dataset which coversmore than 9 yearsof data.

Table B.1 – Transactions retained after data preprocessing
Dataset Timespan Retained Discarded

Bou 01-2018/03-2021 21,569 (89.57%) 2,512 (10.43%)
Pal 07-2011/12-2020 259,352 (99.98%) 63 (0.02%)
Dun 01-2017/12-2018 47,051 (89.19%) 5,701 (10.81%)
Per 01-2016/12-2019 63,936 (95.91%) 2,728 (4.09%)
Par 04-2017/05-2017 5,780 (85.72%) 963 (14.28%)
Cha 01-2017/12-2017 2,956,198 (93.06%) 220,605 (6.94%)
Cal 04-2018/04-2021 56,976 (94.44%) 3,357 (5.56%)
Sap 06-2017/01-2021 26,434 (98.55%) 389 (1.45%)

B.2 Mixture Models and Regression
From the literature and our own exploration of real data, we were led to believe thatunimodal distributions were not enough to capture the variety of profiles of EV users.
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Therefore, one way to characterise the multivariate distribution of the target vectorthereafter noted (A,D,E) which is used for the load curve reconstruction is to use aGaussian Mixture Model (GMM).
B.2.1 Gaussian Mixtures

The finite mixture model of probability distributions consists in assuming that thedata comes froma source containing several homogeneous subpopulations called com-ponents. The total population is amixture of these subpopulations. The resultingmodelis a finite mixture model (which is Gaussian when all subpopulations follow a Gaussiandistribution). Let X = (X1, . . . , Xn) be a sample of independent and identically distri-buted (iid) random variables of finite mixture law with K components, of density f ofwhich the general form is :
f(x) =

K∑
k=1

πkfk(x) (B.1)
with πk the respective proportions of the subpopulations such that 0 < πk ≤ 11and ∑K

k=1 πk = 1, and fk the pdf of the the kth component. The mixture model is amodel with missing data. If we sampled in a population formed of K subpopulations,we should have the pairs (Xi, Zi) whereXi represents the measurement made on theith individual and Zi = k indicates the subpopulation to which this individual belongs.However Zi is not observed. To estimate this kind of model, we require an algorithmcalled Expected-Maximisation (EM). The EMalgorithm is an iterative algorithmoriginallyproposed in [323]. It is a parametric estimation method falling within the general fra-mework of maximum likelihood. When there is missing (or latent variables) and/or theexpression of the likelihood is analytically impossible to maximize, the EM algorithmcan be a solution. The EM algorithm takes its name from the fact that at each iterationit operates two distinct steps :
1. the “Expectation” step, often referred to as the “E-step”, performs the estimationof unknown data, knowing the observed data and the value of the parametersdetermined at the previous iteration
2. the “Maximization” step, or “M-step”, maximises the likelihood, which is now pos-sible thanks to the estimation of the unknown data in the E-step. It updates thevalue of the parameter(s) for the next iteration
In short, the EM algorithm proceeds according to an extremely natural mechanism :if there is an obstacle to apply the maximum likelihood method, we simply jump thisobstacle then we actually use this method. To formalise this procedure let us detail thesteps of the algorithm at iterationm ∈ N :
1. LetX = (X1, . . . , Xn) be a sample of iid variables of likelihood P (X|θ), with θ theparameter vector of the mixture model
2. Maximising P (X|θ) cannot be directly achieved
3. We consider hidden data Z = (Z1, . . . , Zn) whose knowledge would make it pos-sible to maximise the “completed likelihood” : P (X,Z|θ)
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4. AsZ is unknown, we estimate the completed likelihood by taking into account allknown information : the natural estimator is EZ|X,θm [P (X,Z|θ)] (E-step)
5. Finally, we maximise this estimated likelihood to determine the new value of theparameter (M-step).
Thus, the transition from iterationm to iterationm+1 of the EM algorithm consistsin determining :

θm+1 = arg max
θ

{
EZ|X,θm [P (X,Z|θ)]

} (B.2)

B.2.2 Mixture Regression
Assuming that we will have access to the intensity function of the arrival process, wewill need the Conditional Gaussian Mixture Model (CGMM) characterising the distribu-tion of : (D,E)|A. Essentially, a two-step approach will be used to calculated the CGMM.Firstly, the GMMwill be fitted using the Expected-Maximisation (EM) algorithm in sci-kitlearn. Then, using the gmr package from Alexander Fabisch (Journal of Open SourceSoftware, 2021), we will be retrieving the CGMM from the joint distribution estimated.This is called a gaussian mixture regression which gave the name to the package gmr.From the GMM estimated, each component k ∈ {1 . . . K} can be written :

Nk (A,D,E | µk,Σk) (B.3)
with :

µk =

 µA
k

µD
k

µE
k

 , Σk =

 σAA
k σAD

k σAE
k

σDA
k σDD

k σDE
k

σEA
k σED

k σEE
k

 (B.4)
Therefore, the conditional distribution of each component can be defined as fol-lows :

Nk

(
D,E | A = a,µDE

k ,ΣDE
k

) (B.5)
with :

µDE
k =

(
µD
k

µE
k

)
+

1

σAA
k

(a− µA
k )

(
σDA
k

σEA
k

)
ΣDE
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σDD
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σDA
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) (B.6)

With all the individual components having an explicit expression, the CGMM priorscan be calculated as follows :
πDE
k (a) =

πkNk

(
A = a | µA

k , σ
A
k

)∑K
l=1 πlNl (A = a | µA

k , σ
A
k )

(B.7)
and we eventually get an expression for the CGMM density and the GMR model :
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p(D,E | A = a) =
K∑
k=1

πDE
k (a)Nk

(
D,E | A = a,µDE

k ,ΣDE
k

) (B.8)

B.3 Grid Search

The following tables present the predictors and hyperparameters found with thegrid search procedure detailed in Section 3.4.2. The abbreviations of the predictors thatwere retained for at least one model in the grid search procedure are detailed in TableB.2. Table B.3 covers NHPP-GAM and GAM models, Table B.4 covers NHPP-RF and RFmodels and Table B.5 covers the GRU models for all datasets in scope. Modelling thenumber of daily sessions does not leave space for many covariates to use for the GRU.Therefore, we made the choice that all GRUmodels would have access to the followingpredictors : dow and LAG1 to LAG5.

Table B.2 – Abbreviations of the predictors
Abbreviation Meaning Range

mod Minute of the day 1 . . . 1440hour Hour 1 . . . 24tod32 45-minute period 1 . . . 32winter October to March 0 or 1dow Day of week 1 . . . 5trend Trend N

r_lags Rolling sum of lagged arrivals R+

a_lags Aggregated lagged arrivals NLAGi Daily number of sessions for day−i N
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Table B.3 – Optimal hyperparameters and predictors for the NHPP-GAM and GAMmo-dels
Model Dataset Predictors

NHPP-GAM

Boulder mod, tod32
Caltech mod, tod32

Domestics UK mod, tod32
Dundee mod, tod32
Palo Alto mod, tod32, winter
Paris mod
Perth mod, tod32
SAP mod, tod32

GAM (Occupancy)

Boulder mod, dow
Caltech mod, dow

Domestics UK mod, dow, hour, trend, winter
Dundee mod, dow, hour, trend, winter
Palo Alto mod, dow
Paris mod, dow
Perth mod, dow, hour, trend, winter
SAP mod, dow, hour, trend

GAM (Load)

Boulder mod, dow, hourtrend, winter
Caltech mod, dow
Palo Alto mod, dow, trend, winter
SAP mod, dow, hour, trend, winter
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Table B.4 – Optimal hyperparameters and predictors for the NHPP-RF and RF models
Model Dataset Predictors Hyperparameters

NHPP-RF

Boulder mod, tod32, dow,winter, trend, r_lags num.trees : 500mtry : 1
Caltech mod, tod32,dow, winter num.trees : 100mtry : 2

DomesticsUK mod, tod32 dow,winter, trend, a_lags num.trees : 500mtry : 2
Dundee mod, tod32, dow,winter, trend, r_lags num.trees : 100mtry : 1
Palo Alto mod, tod32,dow num.trees : 100mtry : 2
Paris mod, tod32 num.trees : 200mtry : 1
Perth mod, tod32,dow, winter num.trees : 200mtry : 2
SAP mod, tod32,dow, winter num.trees : 500mtry : 2

RF (Occupancy)

Boulder mod, hour, dow, winter num.trees : 700, mtry : 2
Caltech mod, hour, dow, winter num.trees : 1000, mtry : 3

DomesticsUK mod, hour, dow, winter num.trees : 100,mtry : 3
Dundee mod, hour, dow, winter num.trees : 500, mtry : 2
Palo Alto mod, hour, dow, winter num.trees : 500, mtry : 2
Paris mod, hour, dow, winter num.trees : 1000, mtry : 2
Perth mod, hour, dow, winter num.trees : 500, mtry : 2
SAP mod, hour, dow, winter num.trees : 500, mtry : 2

RF (Load)
Boulder mod, hour, dow, winter num.trees : 1000, mtry : 2
Caltech mod, hour, dow, winter num.trees : 700, mtry : 2
Palo Alto mod, hour, dow, winter num.trees : 100, mtry : 2
SAP mod, hour, dow, winter num.trees : 100, mtry : 3
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Table B.5 – Optimal hyperparameters and predictors for the GRU models
Dataset Hyperparameters

Boulder
batch_size : 10hidden_dim : 32layer_dim : 2learning_rate : 0.001n_epochs : 4

Caltech
batch_size : 10hidden_dim : 64layer_dim : 6learning_rate : 0.001n_epochs : 975

Domestics UK
batch_size : 10hidden_dim : 16layer_dim : 4learning_rate : 0.01n_epochs : 25

Dundee
batch_size : 10hidden_dim : 32layer_dim : 6learning_rate : 0.01n_epochs : 698

Palo Alto
batch_size : 5hidden_dim : 16layer_dim : 2learning_rate : 0.001n_epochs : 297

Paris
batch_size : 2hidden_dim : 64layer_dim : 6learning_rate : 0.01n_epochs : 566

Perth
batch_size : 30hidden_dim : 16layer_dim : 2learning_rate : 0.01n_epochs : 2

SAP
batch_size : 5hidden_dim : 16layer_dim : 4learning_rate : 0.01n_epochs : 877
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B.4 Statistical Testing

In this section, the results of the model validation procedure detailed in Section3.4.3 are given. In particular, Table B.6 presents the 95% confidence interval [binf , bsup]for the sample mean Ĝ. If the sample mean falls within the bounds, we cannot rejectthe null hypothesis and therefore the model is considered to be valid. Similarly, TableB.7 gathers the p-values of the Ljung-Box test led for SARIMA models. If the p-value isabove the 5% threshold, we cannot reject the null hypothesis and themodel is thereforeconsidered valid.

Table B.6 – Bounds of the 95% confidence interval and sample mean Ĝ of the Student’stest for validating NHPP models
Dataset Model binf bsup Ĝ

Boulder NHPP-GAM -0.17 0.17 -0.07NHPP-RF -0.17 0.17 -0.05
Caltech NHPP-GAM -0.71 0.71 -0.16NHPP-RF -0.7 0.7 -0.16

Domestics UK NHPP-GAM -4.48 4.48 -2.9NHPP-RF -4.47 4.47 -2.5
Dundee NHPP-GAM -0.69 0.69 -0.57NHPP-RF -0.75 0.75 -0.33
Palo Alto NHPP-GAM -0.8 0.8 -0.1NHPP-RF -0.8 0.8 -0.1
Paris NHPP-GAM -0.45 0.45 0.04NHPP-RF -0.44 0.44 0.02
Perth NHPP-GAM -0.37 0.37 -0.21NHPP-RF -0.36 0.36 -0.20
SAP NHPP-GAM -0.41 0.41 -0.1NHPP-RF -0.42 0.42 -0.05
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Table B.7 – P-values for the 5% confidence threshold of the Ljung-Box test for validatingSARIMA models
Dataset p-value
Boulder 0.54Caltech 0.17Domestics UK 0.78Dundee 0.88Palo Alto 0.12Paris 0.68Perth 0.02SAP 0.1

B.5 Additional Metrics
With online aggregation, a transitional regime inevitably occurs in the first testingweeks. To determinewhether it is responsible for GAM-err beingmore performant thanAGG on Table 3.2(a) we have decided to calculate the block-bootstrap metrics only onthe last testing period for all datasets. This should give enough time for AGG to learnoptimal weights. In fact, on Table B.8 we can see that we were correct and AGG is betteron block-bootstrap average than GAM-err for both load and occupancy forecasting.

Table B.8 – Average block-bootstrapmodel performances for the PIP on the last testingperiod
(a) Load (b) Occupancy

Model MAE [%]

AGG 45.7GAM-err 43.5RF-err 42.9RF 38.1GAM 37.5SARIMA-MM-err 34.4GRU-MM-err 29.8NHPP-GAM-MR-err 25.3SARIMA-MM 22.0GRU-MM 19.7NHPP-RF-MR-err 16.3NHPP-GAM-MR 7.9NHPP-RF-MR 5.9persistence 0

Model MAE [%]

AGG 116GAM-err 109GAM 107RF-err 80.0SARIMA-MM-err 76.0SARIMA-MM 70.0RF 57.4GRU-MM-err 55.4NHPP-GAM-MR-err 34.4GRU-MM 31.4NHPP-RF-MR-err 23.8persistence 0NHPP-GAM-MR -0.7NHPP-RF-MR -7.3
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Annexe C

About Chapter 4

In the following sections, we introduce the algorithms which are used in Chapter 4as stepping stones for our proposed estimation procedure. In particular, we recall theIteratively Reweighted Least Squares (IRLS) for Generalised LinearModels (GLM) and itspenalised version (PIRLS) for Generalised Additive Models (GAM). In addition, we alsorecall some general wavelet properties before explaining how the wavelet basis arebuilt for the BAC and OBO estimation procedures.

C.1 Iteratively reweighted least squares
The basic GLM structure is the following :

g(µ) = Xβ (C.1)
with µ = E(Y) while g is the ’link’ function. The only hypothesis made on this func-tion is that it needs to be smooth and monotonic. So far, the extension seems rathernarrow. But the second and most important point is that we assume thatY can followany distribution from the exponential family. The weighted log-likelihood of a GLM canbe written in the following fashion :

l(β) =
n∑
i

ωili(β) (C.2)
with li(β), i ∈ {1 . . . n} the log-likelihood of the model with only one observation.The goal is to maximize this log-likelihood which we can do by using Newton’s method.Skipping the heavy calculations, we move directly to the expression of the Newton up-date :

βk+1 = (XWX)−1X⊺Wz (C.3)
with zi = g′(µi)

yi−µi

α(µi)
+Xiβ, α(µi) = 1 + (yi − µi)(

V ′(µi)
V (µi)

+ g′′(µi)
g′(µi)

), V is a function of
µi andW = diag(wi), wi =

α(µi)
g′(µi)2V (µi)

.
The trick here is to understand that the right term of equation C.3 exactly coincideswith the least square estimatewhich is the outcomeof theminimisation of the followingleast square objective :

∥z−Xβ∥2W =
n∑

i=1

wi(zi −Xiβ)
2 (C.4)
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As a result, we can estimate GLMs by the Iteratively Re-Weighted Least Square(IRLS) algorithm :
1. Initialize : µ̂i = yi+ δi andXiβ̂ = g(µ̂i) with δi a number close to 0 which ensuresthatXiβ̂ is well defined
2. Compute : zi := g′(µ̂i)

yi−µ̂i

α(µ̂i)
+Xiβ̂ and wi =

α(µ̂i)
g′(µ̂i)2V (µ̂i)

3. Minimize : the quantity C.4 referred to as the weighted least square objective inorder to get the new estimate β̂ (which is equivalent to a step of Newton’smethod)
4. Update : µ̂i = g−1(η̂i)

5. Iterate : from step 2 until convergence
And with that algorithm we can obtain our parameter vector estimate β̂ which canthen be used to make predictions with the model and assess its performance.

C.2 Penalised iteratively reweighted least squares
Generalized Additive Models (GAMs) are an extension of the GLM presented pre-viously. Firstly introduced by Hastie and Tibshirani [207], the main particularity of aGAMwith regards to its formulation lies in the smoothing terms presented in the linearpredictor. Essentially we can write a GAM as follows :

g(µi) = Aiγ +
∑
j

fj(xji), yi ∼ EF (µi, ϕ) (C.5)
Thus, we can distinguish two parts within this equation when thinking of estima-tion. A parametric part Aiγ, Ai being a design matrix while γ the parameter vector. Anon-parametric part∑j fj(xji) which is essentially a sum of smooth functions of somepredictor variables. As for the response variable, it follows typically an exponential fa-mily distribution just as in the GLM case. However, this scope of distribution can alsobe extended with the use of GAM for location scale and shape formalised by Rigby andStasinopoulos [324].
There are two main questions that are fundamental with GAMs : how to determinethe scheme of smooth functions and how to control their smoothness. For the formerpoint, the answer is relatively concise : GAMs use basis expansion in order to representthe different f of the model. Thus, a general formulation for the smooth functions isthe following one :

f(x) =
k∑

l=1

bl(x)βl (C.6)
In the GAM vernacular, these basis functions bl are called splines. Themost commonones are cubic splines or cyclic splines. We can notice that by inputting equation (C.6)in the general GAM formulation (C.5) we bounce back on a linear formulation in theparameters of the model. Then, we have to estimate the unknown parameters βl For
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instance, k being fixed, the cubic basis being chosen, it is a special case of generalizedpolynomial regression which is linear in the parameters.
The second point which requires our attention is the smoothness or wiggliness ofthese functions. In other words how to choose k, the number of basis functions in therepresentation (knots), in order to ensure that we do not use too simple or too complexfunctions to represent the data. With GAMs, the knots of the splines are evenly spaced.It means that different choices of k lead to a variety of grids of the predictor space andas such, cannot be considered as different nested configurations. Thus, backward orforward selection is not an option for choosing k.
In effect, one solution to this problem is not to attempt to select k, but to introducea measure of wiggliness of our functions for a given k. Essentially, the principle lies intoa reformulation of the least square objective. Instead of trying to minimise :

∥y −Xβ∥2

we introduce λ to control wiggliness with the newly formed objective function tominimise :

∥y −Xβ∥2 + λ
k−1∑
l=2

f(x∗j−1)− 2f(x∗j) + f(x∗j+1)

with x∗j , j ∈ {1 . . . k} one of the evenly spaced k knots. That way, providing that
k is large enough to ensure enough flexibility, searching for a good λ is now the onlything to do to optimise wiggliness. Indeed, the choice of k and the fact that the knots
x∗j are evenly spaced has little impact on the final model fit in comparison to λ [208]. λis called the smoothing parameter. In a nutshell, we need to find a way to find bothan estimate for the unknown parameters bl and the "best" possible λ according to adefined methodology . Hence, GAMs can be considered as GLMs with a smoothing pe-nalty. The general formulation of GAMs (C.5) introduces a pitfall in terms of identifiabi-lity for the non-parametric side of the formula. Indeed, each function can compensatethe constant part of another function. Thus, it is essential to add some identifiabilityconstraints such as∑j fj(xji) = 0. Now that we have sortedmodel identifiability requi-rements we can now define the model matrix. It is made of several sub-matrices fromthe parametric and the semi-parametric part of the model. A is the sub-matrix fromthe parametric part as defined in (C.5) and we now introduce X[j] as the sub-matricesfor each smooth predictor term fj . Hence, by gathering these sub-matrices we get theglobal model matrix as such : X = (A,X[1],X[2], . . .). The model parameter vector βwhich is linked to this model matrix contains the parameter vector γ and the bjl of the
fj stacked together. Furthermore, we can also define penalisation matrices S[j] asso-ciated to each fj in such a way to allow that the term : λjβ⊺S[j]β is exactly the penaltyfor fj . With this new formalism, the model defined in (C.5) can now be rewritten in theform of a GLM under additional constraints :

g(µi) = Xiβ, yi ∼ EF (µi, ϕ) (C.7)
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with the following objective function to maximise :
l(β)− 1

2ϕ

∑
j

λjβ
⊺S[j]β (C.8)

having the same l(β) as in (2.7) for the GLM. Finally the optimisation problem canbe written as :

argmax
{β,λ1,λ2,...}

{l(β)− 1

2ϕ

∑
j

λjβ
⊺S[j]β}

we have just multiplied the penalisation part by a constant term 1
2ϕ

for normalisa-tion. This objective is identical to the GLM case (2.9) to which we add a penalisationterm. Consequently, this optimisation problem can be solved with the Penalised Ite-
ratively Reweighted Least Square algorithm (PIRLS) which is very similar to the IRLSone defined for the GLM case at the end of section 2.2.3.

Assuming a given λ the PIRLS algorithm is identical to the IRLS version except forstep 3. which will be looking at minimising the following quantity :

∥z−Xβ∥2W +
∑
j

λjβ
⊺S[j]β

This is a traditional quadratic optimisation problem under constraint which can besolved efficiently with various methods.We are now able to estimatemodel parameters for a givenλ. But how dowe choosea valid λ ? We will not dive into too much details on that matter. Let us just note thatthere are two main scenarios depending on whether the scale parameter is known. Ifit is known, one way to address the choice of λ is the Un-Biased Risk Estimator (UBRE)defined by Craven and Wahba [249]. It is an adapted version of the Akaike InformationCriterion [325]. If it is unknown, then two methods can be considered. The first one re-lies on cross validation. By watching prediction error, we can perform Ordinary CrossValidation (OCV) and compare different values for λ on a certain grid. For computationalefficiency, the mgcv package created by Simon Wood [180] in R implements a differenttype of cross validation called General Cross Validation (GCV) which is more computa-tionally efficient than OCV. The second one relies on Bayesian considerations. From aprobabilistic perspective it is possible to consider a Bayesian view of smoothing. In thatcase, the smoothing parameter λ will be associated with a Gaussian prior on modelcoefficients. Thus, we define the log of the Bayesian Marginal likelihood as follows :
ML(λ) = log

∫
f(y|β)f(β)dβ (C.9)

In other words, it is the log of the joint density of the response vector and modelcoefficients β. Then we maximise this quantity with regards to λ in order to get theoptimal value for the smoothing parameter.
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C.3 Penalised wavelet additive model
In this section, we recall some general wavelet properties before explaining the pro-cedure we have retained for wavelet basis construction in the case of the model pro-posed in chapter 4.

C.3.1 Wavelet Properties
A wavelet is an oscillating function ψ localised in time and frequency which verifiesthe following condition :∫

R+

|ψ̂(ω)|2

|ω|
dω =

∫
R−

|ψ̂(ω)|2

|ω|
dω < +∞ (C.10)

with ψ̂ the Fourier transform of ψ. In particular, ψ has zero mean and it is usual tohave additional conditions on moments of higher-order to be also null to add smooth-ness to the wavelet. It is frequent for these functions to be defined with a finite supportwhich helps with the localised properties of wavelets. However not all wavelets benefitfrom a finite support (e.g., Meyer wavelets [254]). In addition, numerous wavelets donot have an analytical formulation and need to be calculated recursively or throughalgorithms in practice. Several examples of wavelet functions are shown in Figure C.1.

Figure C.1 – Illustration of different wavelet functions [326]
From a unique wavelet function, we can generate a family of functions by transla-tion and dilation called atoms (also referred to as wavelets for conciseness) which aredefined as follows :

ψa,b(t) =
1√
a
ψ

(
t− b
a

)
, a ∈ R+, b ∈ R (C.11)

we can then define the wavelet transform of any function f with finite energy (f ∈
L2(R)) as follows :
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Cf (a, b) =

∫
R
f(t)ψa,b(t)dt (C.12)

The wavelet coefficients Cf essentially measure the fluctuation of the function f onthe scale a. Precisely, the value of the wavelet coefficientCf (a, b) depends on the valuesof f in a neighbourhood of b of size proportional to a. It is common to define a and bbased on (j, k) ∈ Z2as follows :
∀(j, k) ∈ Z2, a = 2j, b = ka (C.13)

When a family of wavelets is orthogonal, a scale function usually noted ϕ is oftenassociated toψ. In this case,ϕ is also called the fatherwavelet andψ themotherwavelet.A family of wavelets can also be generated from the father wavelet ϕ in the sameway aspresented in equation (C.11). In this special case, the wavelet coefficients of a function
f are given by the following :

αj,k =

∫
R
f(t)ψj,k(t)dt (C.14)

with ψj,k(t) = 2−
j
2ψ (2−jt− k) , ∀(j, k) ∈ Z2, which is equation C.11 where a and

b have been replaced with their definition in equation C.13. From an algebric point ofview, the scale family {ϕj,k} generates a vector space Vj called an approximation spacewhile the family {ψj,k} generates a vector spaceWj called a detail space. Two generalproperties are particularly useful with regards to these vectorial spaces. The first onelinking both spaces is that Vj−1 = Vj ⊕ Wj, ∀j ∈ Z. We say that an element of theaprroximation space of level j − 1 can be decomposed in an approximation of level j(which is more rough) and the detail of level j. The second property is that L2(R) =
⊕
j∈Z
Wj . Therefore, any signal of L2(R) can be written as the sum of all its details. That is,

the family {ψj,k}(j,k)∈Z2 is an orthonormal wavelet basis of L2(R).A famous example of this class of functions is the Haar father andmother wavelets.These functions have the rare property amongst wavelets to have an explicit analyticalform and also benefiting from a compact support. The Haar mother wavelet is definedas follows :

ψ(x) =


−1 if 0 ≤ x < 1

2

1 if 1
2
≤ x < 1

0 otherwise. (C.15)
and the the Haar father wavelet is defined as follows :

ϕ(x) =

{
1 if 0 ≤ x < 1
0 otherwise. (C.16)

This wavelet originated fromAlfredHaar in 1909, who first proposed the “Haar trans-form”. However, it is only in 1987 that Ingrid Daubechies demonstrated that wavelettransforms, of which the Haar transform is a particular case, were highly relevant inthe field of signal processing (and beyond). The Haar wavelet has the particularity tobe piecewise constant, a property which will be useful for the applications led in thismanuscript. A thorough classification of wavelets accompanied with many examples isavailable in [327].
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C.3.2 Wavelet Basis Construction
The way we construct our wavelet basis before estimating our model parameters isgreatly inspired from the work produced in [248]. Essentially, the classical constructionof wavelets on a grid of 2J , J ∈ N∗ equidistant points on [0, 1] can be summarised asfollows. Let us denote the 2J − 1 wavelets (details) {zk(u), k ∈ {1, . . . , 2J − 1}}, definedon [0, 1), to which we add the constant scale function equal to β0 on [0, 1] (thus V0 is thespace of constant functions on [0,1]). Therefore the usual approximation used for anyfunction f is given by

f(x) = β0 +
K∑
k=1

ukzk(x) (C.17)
For the sake of this example we write β0 as part of the basis but in OBO and BAC the

β0 is considered to be part of the intercept of the model which was already estimatedbefore entering the main BAC or OBO routine.
Let us then noteW = 2−

J
2

(
zk(

i−1
2J

)
)
k∈{1,...,2J−1}, i∈{1,...,2J} whereW is the orthonormal

matrix of size 2J × 2J known in the literature as the orthonormal basis of wavelets. Ify is the 2J dimensional vector composed of the values of f on the dyadic grid of the 2Jpoints of [0, 1] then it is represented by y = Wθ̂ where, by orthogonality ofW ,
θ̂ = (W TW )−1W Ty = W Ty (C.18)

A fast O(R) algorithm, known as the discrete wavelet transform, exists for the de-termination of θ̂. This is implemented in the wavethresh package in R and the waveletbasis construction as we described above is available trough the WavD function in the
gamwave package [248].
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