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[71]. La valeur de la silhouette s(i) est définie en mesurant la différence entre I’étroitesse a

I’intérieur du cluster et la séparation avec les autres clusters, donc :

S(ig) = 20~ al) 4.8)

= max{a(i),b(1)}
Ou:

a(i) : Correspond a la dissemblance moyenne de tous les autres vecteurs de données du

cluster k pour I’observation i appartenant au cluster &

J :les observations du cluster k # i;
A : total des observations du cluster & (4.9

Z; j - équation 4.6.

b(i) : Estla distance minimale moyenne entre |’observation i et les autres vecteurs de données

de tous les autres clusters.

Ge ) .
v Lt Zi, I : les observations du cluster c;
. X T (4.10)
b(i) = min——<— _
k C. : total des observations du cluster c.

Le processus d’estimation du nombre optimal de clusters en utilisant la méthode de la
silhouette est détaillée dans I’algorithme B.5. La méthode de la silhouette a été évaluée pour
un nombre maximum de clusters K=10. La Figure 4.7a montre les valeurs minimales de
silhouette S(7,; ) pour les 10 classes évaluées. Comme 1’indique la Figure 4.7a, la valeur de
silhouette la plus élevée se produit pour K=2 et 2 mesure que le nombre de classes augmente,
la valeur de la silhouette diminue considérablement. Cela signifie que la dissemblance entre
les classes est inférieure, tel qu’illustré dans la Figure 4.6. 1l sera donc trés difficile de classer

sans erreurs. Par conséquent, le nombre de classes sélectionnées pour cette étude est K=2.
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(c) Distance entre classes quand K=10

Figure 4.6 — Dissemblance entre classes
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Partant de ce fait, la valeur de la silhouette pour chaque classe est tracée lorsque K=2.

Ce tracé affiche une mesure moyenne de la proximité de chaque vecteur de données dans un
cluster incluant les vecteurs de données des classes voisines. Cette mesure a une portée de
[-1,1]. Comme le montre la Figure 4.7b, la plupart des vecteurs de la classe | ont une valeur de
silhouette plus élevée que 0.5, ce qui indique que I’échantillon est loin des grappes voisines
et que la probabilité d’erreur est basse. En effet, le cluster 1 a une similitude significative
entre ses observations. Par contre, lorsque K=2, seulement 5 vecteurs de la classe 2 peuven!
étre affectés par un groupe incorrect contrairement au cas K=4 (Figure 4.7¢), ou la valeu
de la silhouette pour la plupart des vecteurs est inférieure a 0.5 et ol la quantité des valeurs

négatives est plus élevée.

48 I -
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g
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ﬁ 042 |
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.: 1 |. \ —/\ 2 = =
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(c) Valeur de Silhouette lorsque K=4

Figure 4.7 — La méthode de la silhouette
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Au vu de ce qui précede, la mise en ceuvre du partitionnement de données est

réalisée en utilisant K = 2. C’est ainsi que I’on obtient une division de deux groupes de

consommateurs pour tous les clients évalués. La Figure 4.8 montre le profil moyen de

chaque classe. Il est observé que la premiere classe comprend les groupes de clients avec

une consommation basse de puissance du chauffe-eau électrique. Par contre, la deuxiéme

classe integre le groupe de clients avec une consommation haute de puissance du chauffe-eau

électrique, notamment dans la période de la nuit.

2500 4

T T T T

— Classe 1 : Consommation basse |

20004 Classe 2 : Consommation haute |

Temps

Figure 4.8 — Profil typique représentatif de chaque classe

Afin de mesurer la performance de la méthode de partitionnement de données

(K-Moyennes), il est indispensable de mener un processus de validation de la classification.

A cette fin, la matrice de confusion (Tableau 4.2) est construite. La matrice de confusion

permet d’évaluer la qualité de la classification en déterminant si la valeur prédite correspond

a la valeur réelle [72].

Tableau 4.2 — Matrice de confusion

CLASSE ESTIMEE

CLASSE REELLE

Vrai Positifs (TP)

Faux Négatifs (FN)

Faux Positifs (FP)

Vrai Négatifs (TN)

Trente profils de puissance électrique de chauffe-eau ont été classés manuellement en
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deux classes. Ensuite, en utilisant la méthode de Monte-Carlo, 600 répliques de ces profils
ont été créées, en fonction de la moyenne et de 1’écart-type (les résultats de la classification
des répliques sont montrés dans la Figure 4.9). Une nouvelle classification des 600 répliques
est alors exécutée, mais cette fois-ci en utilisant I’algorithme K-Moyennes afin de créer la
matrice de confusion. La procédure appliquée lors du calcul de la matrice de confusion est

décrite dans la Figure 4.10.

4T N { v L v T N I M 1 v I v T v I " I

900 + I

Profils de puissance électrique
1 de Chauffe-ea
750 -

N Lo

450 4
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Puissance
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0 1 v I M I v I v ] v 1 v 1 ' I v I ' 1
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(a) Profils de la classe |

Profils de puissance électrique J
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Temps

(b) Profils de la classe 2

Figure 4.9 — Résultats de la classification des 600 profils de puissance
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Figure 4.10 — La procédure appliquée lors du calcul de la matrice de confusion
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Meéthode de Monte-Carlo

Partitonnement de données
en utilisant K-Moyennes

Obtention de deux classes

(Classe 1. Classe 2)

CLASSIFICATION ESTIMEE

Selon les résultats obtenus de la matrice de confusion (Tableau 4.3), la performance

de la technique de K-Moyennes est mesurée en évaluant les parametres suivants [72] :

-Valeur prédictive positive : taux de positifs prédits — PPV = TPTJFPFP

-Valeur prédictive négative : taux de négatifs prédits - NPV = 7%
-Spécificité : taux de vrais négatifs prédits — SPC = T,VT%F?

) s _ _FP
-Fall-out : taux de faux positifs = FPR = 575

e - o _ _TIP
-Sensibilité : taux de vrais positifs — TPR = 7575

Tableau 4.3 — Matrice de confusion obtenue

CLASSE ESTIMEE

Vrai Positifs = 600 | Faux Négatifs =0

CLASSE REELLE

Faux Positifs =0 | Vrai Négatifs = 600
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Les valeurs obtenues des parameétres précédents sont montrées dans le Tableau 4.4.

En outre, I’exactitude (ACC) et le taux d’erreur (E,) ont été estimés, comme suit :

TP
ACC:T: 100% E, =1—-ACC =0% “4.11)

C

Ou : T, est le total de profils de puissance classifiés.

Tableau 4.4 — Parametres de performance évalués

PPV | NPV | SPC | FPR | TPR
Classe 1 | 100 % | 100% | 100% | 0 % | 100 %
Classe2 | 100 % | 100% | 100% | 0 % | 100 %

4.4. Stratégie de gestion

Une stratégie de gestion de la demande en utilisant le chauffe-eau électrique comme
une charge controlable pendant les périodes de pointe de consommation est proposée par
I’utilisation de la programmation dynamique (DP).

L’objectif est de produire un horaire de controle optimal pour allumer et éteindre le
chauffe-eau pendant les périodes de pointe de consommation et assurer en tout moment la
satisfaction des clients. A cet effet, un probléeme d’optimisation est formulé sur la base de

contraintes et de connaissances a priori.

4.4.1 Programmation dynamique

La programmation dynamique permet la prise de décision dans un processus €tape
par étape en considérant un probléme spécifique comme un ensemble de sous-problemes. La
solution générale du probléme est construite avec la solution des sous-problemes précédents
[73]. En général, ’ensemble des sous-problemes sont abordés un par un en utilisant les

solutions des petits sous problemes pour aider a en déterminer la solution des plus grands
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jusqu’a ce que Je probleme général soit résolu [74].

L’objectif principal est de garantir la disponibilité¢ d’eau chaude et de réduire les cofits
de consommation, en particulier dans les périodes de pointe. A cette fin, deux périodes
de contrdle ont été définies. La premiére période considere I’intervalle de 4h a 10h et la
deuxieme, I’intervalle de 15h a 21h. D’autre part, la sélection de variables du probleme a été

définie comme suit :
— Variable d’état T (température de sortie de I’eau)
— Variable de contrdle P, (état du thermostats ON-OFF)
— Variable du temps t

En outre, afin de garantir le confort du client et prévenir la croissance de la legionella,
le probleéme est soumis a la principale contrainte de conserver une température minimale a la
sortie Typnie > 45°C.

A cette effet, une fonction de cofit 2 minimiser est formulée et définie dans I’équation
4.12. Cette derniere dépend de I'état des éléments chauffants (ON/OFF) et de la prévision
de la température de sortie de I’eau T;,,. De plus, une variable du coiit de pénalité pour
I'utilisation de puissance (C,,) et une variable du colit de pénalit€ pour la température de
sortie de I’eau (C;,) ont €t€ ajoutées.

N—I
J(Py,Toor) = Y (Cp Pu) Al +Cre(Tyon (n) — Typ) A (4.12)

n=t,
Ou Ty, est la température consigne du thermostat et P, est la puissance normalisée de
I’élément chauffant qui indique I’état de 1I’élément (ON/OFF). Le choix des variables du

coit de pénalité a été effectué comme suit :
» Variable du colit de pénalité pour I'utilisation de puissance (Cp) :

En utilisant le profil moyen de consommation de puissance de chauffe-eau électrique présenté
dans la Figure A.6, la fonction de la variable du coiit C), est estimée pour les deux horizons

de contréle. Tel qu’illustré dans la Figure 4.11 la valeur de la pénalité maximale se produit
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dans les périodes de consommation maximale de puissance dans chaque intervalle du temps,

ce qui motive évidemment une réduction de la consommation pendant ces périodes.

T T T T T T T T T T
104 10 4
,_/.\. o ;\\L
I \I /
w8 Lt pénalité masimale \'\' L pénalité waximale |-
£ 6
:; ' ././‘/.
3 L
W ; i 29 ‘—'— Cout de pénalité de puissance CI,QI [
|—'— Colit de pénalité de puissance Cl"l
O T T T T T 0 T T T T T
04:00 05:00 06:00 07:00 08:00 (K):(w) 10:00 [GREL 16:00 17:00 18:() 19:00 20:00) 2100
Temps Temps

(a) Intervalle de temps de 4 a.m. a 10 a.m.

(b) Intervalle de temps de 3 p.m. a9 p.m.

Figure 4.11 — Variable du coiit de pénalité pour I’utilisation de puissance C,

» Variable du coiit de pénalité pour la température de sortie de I’eau dans le temps (7 + Ar)

(Cre) :

D’autre part, la variable du cofit de pénalité Cre dans chaque horizon de temps est estimée

sur

la base de deux facteurs :

1. le temps;

2. la contrainte de satisfaction du client, qui dispose : assurer une température de sortie

de ’eau d’un minimum de 45°C.

Afin d’assurer une température de sortie de I’eau chaude et réduire la probabilité d’allumer

un des éléments pendant les périodes de pointe, une valeur de pénalité élevée de la variable

du coiit Gy, est imposée deux heures avant les périodes de pointe. La Figure 4.12 montre la

fonction de la variable du coiit C;, pour chaque intervalle de temps. Dans le but d’établir

un ordre de priorité des critéres du probléme d’optimisation, la variable du colt de pénalité

Cte ala plus grande valeur de cofit de pénalité tout en donnant priorité & la satisfaction des

utilisateurs.
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D’apres ce qui précede, le probleme d’optimisation est formulé dans chaque intervalle

de temps, donc :

N
min(J(Py, Tsor)) = min Y J(Py, Tyor ) At

n=f|

v,e{n,...,N—1}

(4.13)

L’ algorithme 4.3 montre en détail le processus d’estimation d’horaire d’allumage/arrét

des éléments chauffants en utilisant la programmation dynamique.

La Figure 4.13 montre un exemple de I’estimation d’un profil (horaire) de

disponibilité de 1’allumage des éléments chauffants calculé en utilisant I’algorithme 4.3 pour

un client aléatoire.
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Algorithme 4.3 Estimation d’horaire d’allumage/arrét des éléments chauffants

Requiére: Profil de puissance électrique du client (Modele de chauffe-eau électrique)
I: Fonction-coiit 2 minimiser (équation 4.12)
2. Fonction : EstimationHoraireOptimal !
3: procedure ESTIMATION DES FUTURS ETATS DES ELEMENTS (H(7))

4 Tant que

5: Pour 1 <+ 1, 24 heures calculer

6: Si¢<4am. &> 10am.)alors

7 H()=EstimationHoraireOptimal(C),; ,.C¢1 1)
8: Fin Si

9: Si(t <3p.m. &t >9p.m.)alors

10: H(t)=EstimationHoraireOptimal(C},C;¢2,1)
11: Sinon

12: H(t)=1 {Toujours disponible}

13: Fin Si

14: Fin Pour

15: Jusqu’a 24 Heures Retourner : <H>

16: Fin procedure
17: H(r) : Vecteur de la disponibilité d’allumage de I’élément pour la journée.
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Figure 4.13 — Profil d’interruption estimé et appliqué a un client aléatoire

Il est observé que les éléments chauffants sont toujours disponibles en dehors
des périodes de pointe. Dans les deux horizons de contrdle, I'utilisation des éléments
chauffants est limitée et son état dépend de I'horaire de disponibilité stipulé par le probléme

d’optimisation.

1. Les fonctions sont détaillées dans I’annexe C
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4.5. Evaluation de la mise en ceuvre de la stratégie de gestion

Afin d’évaluer la performance de la stratégie de gestion optimale proposée, quatre

différents cas d’étude et un scénario de référence ont été considérés dans la presente étude :
» SCENARIO DE REFERENCE : les éléments chauffants sont toujours disponibles.

» CAS | ; ’estimation du profil de disponibilité d’allumage des éléments chauffants est
appliquée a tous les consommateurs individuellement et sans appliquer de processus de

classification.

Estimation horaire

N Clients | —> EWH'’s |

de controle (DP) N Profils d’interruption

ESTIMATION PUISSANCE.

ENERGIE. CONFORT

Figure 4.14 — Cas d’étude 1

» CAS 2 : tout d’abord, tous les clients passent par un processus de classification. Les
clients qui appartiennent a la classe 2 (clients avec une consommation élevée) seront
soumis individuellement & I’estimation d’un profil de disponibilité d’allumage des

éléments chauffants. 11 n’existe pas de contrble pour la classe 1.

Classe | (T e
— stpomb.xllte lOO%j

Partitionnement B
de données Classe 2 [ERUSRESHITFOCNIPIINN (lasse 2

Classe |

Estimation horaire

N Profils d’interruption

ESTIMATION PUISSANCE,

ENERGIE. CONFORT

Figure 4.15 — Cas d’étude 2

» CAS 3 : de laméme maniere que dans le cas 2, tous les clients passent par un processus
de classification. Un seul profil de disponibilité d’allumage des éléments chauffants est

estimé pour tous les clients de la classe 2. Le profil est estimé en utilisant le profil de
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référence qui représente les utilisateurs de la deuxiéme classe (Figure 4.8). De plus, il

n’existe pas de contrdle pour la classe |.

N Clients Cl | Classe |
(¥ Clients ] == »( Disponibilité 100% }— |
Partitionnement Profil typique | Estimation horaire

de données Classe 2 classe | de controle (DP)  NelFtE®)

| Profil d’interruption ESTIMATION PUISSANCE.

ENERGIE. CONFORT

Figure 4.16 — Cas d’étude 3

» CAS 4 : la méme méthode de controle du troisieme scénario est appliquée. Cependant,
un controle individuel local dans les éléments chauffants du chauffe-eau des clients
qui appartiennent a la classe 2 est ajouté. Lorsque la température de 1’eau a la sortie
descend en dessous de 58 °C, le controle local omet le controle de disponibilité des
éléments chauffantes fourni par la programmation dynamique en raison du risque de

compromettre 1a disponibilité d’eau chaude au prochain pas.

N Clients

Classe | \Classe |

»| Disponibilité 100%
Profil typique
classe

J

Estimation horaire

Y

Local
contrdle | C

lasse 2

Partitionnement
de données

e
Classe 2

de controle (DP)

1 Profil d’interruption

ESTIMATION PUISSANCE.

EXNERGIE. CONFORT

Figure 4.17 — Cas d’étude 4

4.5.]1 Résultats

Conformément & ce qui précede, les facteurs suivants ont été€ évalués pour chaque cas

d’étude mentionné :
— les impacts dans le profil de puissance diversifié ;

— la quantité d’energie accumulée diversifiée ;
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— le pourcentage de clients qui pourraient avoir une température de sortie de |’eau

inférieure a 45°C.

La Figure 4.18 montre le profil diversifié de la demande de puissance du chauffe-eau
électrique quand le cas d’étude 1 est appliqué. Comme I’indique la courbe en vert, la
consommation de puissance électrique est considérablement réduite dans les périodes de
pointe. Cependant, un nouveau et plus grand pic apparait lorsque les contrdles des €léments
chauffants prennent fin. Il est possible de limiter I’apparition de la reprise en limitant
I’allumage de certains chauffe-eau apres les périodes de pointe [54].

La Figure 4.19 montre le profil diversifié de la demande de puissance du chauffe-eau
électrique quand le cas d’étude 2 est appliqué. En utilisant la méthode de classification des
clients et en appliquant la stratégie de contréle uniquement pour la classe 2 définie comme
les clients avec une consommation élevée, la consommation de puissance électrique pendant
les périodes de pointe est réduite (courbe en rouge). Néanmoins, la réduction du pic de
consommation est moins intense que dans le premier cas, étant donné que seulement un
groupe de clients est controlé. D’ailleurs, il n’existe pas de création d’un nouveau pic de
consommation au moment de la reprise, sinon le déplacement de presque la méme quantité

de consommation que la pointe originale.

2400_ ) _I 1 1 T M T 1 L 1 1 1 1

i Cas 1
L === Scénario de référence

0 T T v T v T v T T T T T d T v T T T T T T T
00:00 02:00 04:00 06:00 08:00 10:00 12:00 14:00 16:00 18:00 20:00 22:00 00:00
Temps

[ IRéduction de la consommation
|Déplacement dc la consommation

Figure 4.18 — Profil diversifié de la demande de puissance du chauffe-eau €lectrique Cas 1
Vs. Scénario de référence
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Figure 4.19 — Profil diversifié de la demande de puissance du chauffe-eau électrique Cas 2
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Comme montré a la Figure 4.20a, il est possible de réduire la consommation pendant
les périodes de pointe quand le méme profil de controle des éléments chauffants pour les
clients de la classe 2 est appliqué (courbe bleu). Méme si la réduction de la puissance dans
la période de pointe du matin est supérieure a celle du cas d’étude 2, la réduction de la
puissance dans la période de pointe en soirée est moins significative que dans le cas d’étude
2. Cependant, I’utilisation du méme profil de controle des éléments chauffants pour tous
les clients d’une classe affectera négativement la satisfaction des utilisateurs. En effet, il est
suppos€ que les clients qui appartiennent a chaque classe ont un profil de consommation
de puissance du chauffe-eau similaire, néanmoins dans la réalité, ce n’est pas le cas.
Comme I’indique la Figure 4.20b, I’application du cas d’étude 3 affecte considérablement la
satisfaction des clients (Bleu). En effet, 4 % des utilisateurs pourraient avoir une température
d’eau de sortie inférieure a 45°C pendant les périodes de contrdle.

En ajoutant un contrdle local aux clients de la classe 2, tel qu’indique le cas d’étude
4, la satisfaction de clients est alors améliorée comme le montre la Figure 4.20b (magenta).
De méme, la consommation de puissance pendant les périodes de pointe est réduite (Figure
4.21). Cependant, certains clients vont allumer le chauffe-eau pendant la pointe, afin d’éviter

une température de sortie de I’eau de moins 45°C.
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En résumé, la Figure 4.22 montre la comparaison des résultats d’énergie accumulée
et de confort dans les quatre cas d’étude simulés. Comme prévu, dans les quatre scénarios
étudiés, I’énergie finale accumulée est d’environ 13kWh/jour. Ce qui atteste la méme
consommation totale d’énergie dans le chauffe-eau électrique pendant la journée, la
différence se trouve dans la quantité d’énergie consommée pendant une heure spécifique
(Figure 4.22a).

En outre, la Figure 4.22b montre le pourcentage d’occurrences dans chaque cas
d’étude ou la température de sortie de 1’eau est de moins de 45 °C. Dans le premier et le
deuxieme scénario ou la DP est appliquée afin de créer un profil de contréle individuel pour
chaque client, I'effet sur le confort des clients est inférieur a 2% d’utilisateurs. Par contre,
en utilisant un profil de contréle groupal, c’est-a-dire, le méme contréle pour un groupe des
clients (Cas 3 et Cas 4), le confort est gravement affecté et il faut ajouter un contrdle local
pour atténuer |’impact (Cas 4).

L’ application de la programmation dynamique exige un effort de calcul élevé méme
si seule la variable d’état Pw est discrétisée dans deux états (ON/OFF) et le temps de contrdle
est divisé en intervalles de temps. Les résultats sont présentés dans le Tableau 4.5. En effet,
lorsque la DP est appliquée pour créer des profils individuels pour chaque client, le temps de

réponse, est tres long.

Tableau 4.5 — Temps de calcul de la simulation

Scénario

Référence | Cas 1 Cas2 | Cas3 | Cas4

Temps de calcul par 24h de simulation (s)
Pas de temps 30 min 3.27 2293.56 | 585.99 | 41.21 | 39.32
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Figure 4.22 — Comparaison de scénarios

Le Tableau 4.6 montre 1’énergie économisée dans chaque scénario du contrble et la

demande d’énergie supplémentaire 3 heures apres I’intervalle de contrdle.

Tableau 4.6 — Réduction de la demande d’énergie dans chaque scénario

First | Second | Third | Fourth
Demande d’énergie réduite de 11497 | 04943 | 06097 | 0.4735
4 am to 10 am (kWh) ' ' ' '
Demande d’énergie supplémentaire
3 heures aprés de 10 am (KWh) 1.1091 | 0.4762 | 0.5255 | 0.4383
Demande d’énergie réduite de
3 pm to 9 pm (KWh) 0.9707 | 0.3753 | 0.2584 | 0.2592
Demande d’énergie supplémentaire )
3 heures aprés de 9 pm (kWh) 0.8238 | 0.2748 | 0.1542 | 0.1767
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4.6. Résumé

IT est possible de déplacer les pointes de consommation électrique du chauffe-eau sans
affecter la satisfaction des clients en utilisant un contréle d’allumage optimal aux éléments
chauffants.

Une stratégie de gestion du chauffe-eau électrique pour réduire la consommation
d’énergie pendant les périodes de pointe est présentée. Cette stratégie est fondée sur trois
processus : le pré-traitement des profils en utilisant un lissage Gaussien, le partitionnement de
données avec la méthode de K-Moyennes et I’utilisation d’un algorithme de programmation
dynamique pour créer les horaires d’allumage et arrét des éléments chauffants du chauffe-eau
électrique.

La stratégie proposée permet de déplacer le pic de consommation de chauffe-eau
électrique pendant la pointe, sans créer un nouveau pic d’une plus grande amplitude, tout
en maintenant la satisfaction du client et en dépensant moins de temps de calcul dans le

processus.



Chapitre 5- Conclusions générales

Le présent travail de recherche comprend I’étude d’une stratégie de gestion de la
demande pour réduire la consommation d’énergie pendant les périodes de pointe en utilisant
le chauffe-eau électrique comme charge a contrdler.

On mene initialement une étude sur la modélisation du chauffe-eau électrique
résidentiel ainsi que I’estimation des principaux paramétres qui composent certains modeles
physiques. La modélisation du chauffe-eau constitue une étape indispensable dans le
développement de la stratégie de gestion de la demande. L’analyse effectuée a permis
d’étudier les principaux modeles physiques du chauffe-eau électrique, tout en analysant ses
avantages et inconvénients dans la mise en ceuvre d’une telle gestion.

D’ailleurs, la performance de la capacité d’estimation des parametres dans deux
modeles physiques de systemes de chauffe-eau a été évaluée. Les résultats montrent qu’en
appliquant le filtre de Kalman étendu, il est possible d’obtenir les parametres physiques des
modeles stratifiés et en méme temps, une tout aussi bonne estimation de la température de
I’eau. Cependant, les données expérimentales sont absolument nécessaires afin d’appliquer
la méthode avec succes.

Par ailleurs, il a été€ prouvé qu’un modele stratifié du chauffe-eau électrique présente
des performances améliorées en ce qui concerne I’estimation de la température, en particulier
dans la zone supérieure du réservoir. Il convient de souligner qu’une représentation plus
précise de la dynamique de la température peut permettre de mieux mesurer le niveau du
confort du client. La performance d’un modele de chauffe-eau pourrait donc étre améliorée
en fournissant des informations sur les variations de température ambiante et la température
de I’eau d’entrée.

Dans la partie centrale de cette étude, nous avons proposé un algorithme de contrdle
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optimal basé sur trois processus principaux :

1. Le pré-traitement des profils de puissance du chauffe-eau électrique en appliquant un

lissage Gaussien;

2. La classification des profils lissés en utilisant la méthode de K-Moyennes en précisant

un nombre de classes obtenu a I’aide de la méthode de la silhouette ;

3. Finalement, un algorithme de programmation dynamique pour générer le profil de

contrdle d’interruption des éléments chauffants.

La stratégie proposée permet de déplacer le pic de la demande de puissance des chauffe-eau
sans créer un nouveau pic a la reprise (apres interruption), tout en maintenant la satisfaction
du client et en dépensant moins de temps de calcul dans le processus.

La validation par des simulations numériques, en utilisant des données de
consommation d’eau chaude mesurée, a démontré que le temps de calcul est trop long
lorsque le processus d’optimisation est appliqué a chaque consommateur individuellement.
Par contre, I’application d’un partitionnement de données a permis de réduire le temps
de calcul di au fait que le contrdle s’applique seulement aux consommateurs ayant une
consommation €levée dans les horaires de pointe. Par ailleurs, quand le méme profil de
controle d’interruption est appliqué a un groupe de clients ayant un comportement de
consommation de puissance de chauffe-eau similaire, le confort de certains utilisateurs peut
étre momentanément affecté étant donné que la température de sortie de I’eau pourrait étre
inférieure a 45°C. Cependant, les résultats montrent également que 1’ajout d’un contrdle local
aide a atténuer I'impact sur la satisfaction des utilisateurs en réduisant a moins de 2% les
utilisateurs qui pourraient &tre momentanément affectés.

Pour conclure, ce travail de recherche a permis de réaliser plusieurs communications

(voir 'annexe D) :

Article de conference : Parameter Estimation of Electric Water Heater Using Extended
Kalman Filter. Maria Zupiga, Kodjo Agbossou, Alben Cardenas, Loic Boulon.

TECON2017-Beijing (China)



Article de revue : Demand Response Strategy on Residential Electric Water Heaters Using
Dynamic Programming and K-Means Clustering. Maria Zuiiga, Kodjo Agbossou,
Francgois Laurencelle, Alben Cardenas, Sousso Kelouwani, Michael Fournier,Loic

Boulon. (Premiere version a soumettre)

Affiche scientifique : Le chauffe-eau électrique : une alternative viable pour la gestion de
la demande locale. Maria Alejandra Zuiiga. Concours d’affiches scientifiques 2017,
UQTR. (Prix de la meilleure affiche du département de génie électrique et génie

informatique et Prix AGE)

Affiche scientifique : Enabling Peak Shaving Strategies by Electric Water Heaters Control.
Maria Alejandra Zuiiiga, Kodjo Agbossou, Francois Laurencelle, Alben Cardenas,
Sousso Kelouwani, Michael Fournier. Symposium 3i (infrastructure informationnelle

interactive) pour le réseau intelligent.
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Annexe A- Développement des modeles de chauffe-eau
électrique

A.1l. Modéle stratifié : estimation des parametres physiques
A.1.1 Calcul de la matrice Jacobienne

La matrice Jacobienne de I’équation 3.21 est définie comme (Equation 3.22) :
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A.1.2 Estimation de la température

La Figure A.l montre la température estimée en utilisant le EKF a trois zones
spécifiques du chauffe-eau électrique : zone de chaleur, zone de mélange et zone froide,

quand la consommation d’eau chaude est nulle (W, = 0).
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Figure A.1 — Température estimée en utilisant le EKF avec une consommation d’eau chaude
nulle (W, = 0).

A.1.3  Analyse de la température d’entrée d’eau

En utilisant les données mesurées d’entrée de 1’eau, une analyse des variations de
la température d’entrée de I’eau a été effectuée. Due aux fortes variations de température
au Québec au cours de 1’année, la température de 1’eau provenant de 1’aqueduc municipal
présente aussi des variations importantes selon les mois de I’année. La Figure A.2 montre la
variation de température pendant la période printemps - été, tandis qu’a la fin du printemps
la température de I’eau mesurée a ’entrée du chauffe-eau ne dépasse pas de 20°C, en été
elle arrive jusqu’a une valeur de 28°C. Par conséquent, la température de 1’eau a I’entrée du
chauffe-eau est directement liée aux changements de la température ambiante a chaque saison
de ’année. Cependant, la variation au cours de chaque mois est petite, donc celle-ci peut étre
considérée comme une constante entre 5°C a 20°C dépendant de la période de I’année.

D’un autre c6té, I’effet de la température d’entrée produite par la chaleur diffusée par
le chauffe-eau électrique (quand un des éléments est allumé a été analysé). Partant de deux

scénarios :
I. avec un consommation d’eau chaude nulle (W, = 0).

2. avec un consommation d’eau chaude constante (W, = cte).
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Figure A.2 — Température de I’eau a I’entrée mesurée sur quatre mois de I’année (W, = 0).

Dans le premier scénario, il est observé que la température de 1’eau a I’entrée arrive a avoir

10°C de plus que la moyenne, telle que le montre la Figure A.3.
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Figure A.3 — Variation de la température de I’eau a ’entrée mesurée (W, = 0).

D’un autre cbté, quand il y a une consommation d’eau chaude, la température de I’eau
a I’entrée descend rapidement de plus de 15°C, cependant, au moment d’allumer un élément
chauffant, la température de 1’eau a I’entrée revient a la température initiale, comme le montre

la Figure A 4.
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Figure A.4 — Variation de la température de ’eau a I’entrée mesurée (W, = cte) dans le mois
d’avril.

A.1.4 Analyse de consommation d’eau chaude

La Figure A.S présente un profil typique de consommation d’eau chaude d’un
consommateur aléatoire. Essentiellement, le calcul de la consommation d’eau chaude
domestique dépend des facteurs suivants : les appareils ménagers (lave-vaisselle et
lave-linge), ’'usage personnel (douches, salles de bains, les robinets) et la composition des

ménages.
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Figure A.5 — Profil typique de la consommation d’eau chaude

La Figure A.6 montre la quantit¢ de consommation moyenne d’eau chaude chaque
heure pour les 73 utilisateurs concernant leur consommation quotidienne totale (< 225,225 —

330, > 330 L/jour) et, en méme temps, le profil moyen de la consommation de puissance du



chauffe-eau électrique. Chaque profil de consommation d’eau chaude comprend les 7 jours de
la semaine. Par exemple, un client avec un consommation moyenne supérieure a 330 L/jour
(barre jaune) a une consommation d’eau chaude d’environ 27 L de plus qu’un client avec une

consommation moyenne d’eau chaude inférieure a 225 L (barre verte) a 7 :00 a.m
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Figure A.6 — Profils de consommation d’eau chaude vs. le profil moyen de la consommation
de puissance du chauffe-eau électrique

A.1.5 Simulation et validation expérimentale

En utilisant les données mesurées du banc d’essai développé décrit dans I’annexe C,
la performance d’estimation de chaque modele a été comparée en évaluant deux scénarios :

Dans le premier cas, la variation de la température de ’eau apres le processus de
charge a été comparée avec une consommation d’eau chaude nulle. Dans le deuxiéme cas, le
processus de chauffage initial du chauffe-eau a été enregistré. La température de la zone de
chaleur mesurée est utilisée comme température de I’eau initiale dans le modele d’une masse.
En outre, les températures mesurées dans les zones de chaleur, de mélange et froide, sont

utilisées comme les températures initiales de I’eau dans les modeles stratifiés, respectivement.
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A.2. Modeles développées sous MATLAB-Simulinkg)
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Algorithme A.4 Modele stratifié

Données de consommation
d’eau chaude W,

1—0

Temps de simulation nk

Pas de temps

Conditions de la simulation
Placement des élements'®

Type de chauffe-eau P,
S, Tuml)v TinyT\'(O)yTyel(b)yS’(c)

pucp:Ks:Cp,Gs

Confliguration

Nombre des clients nc initiale du EWH

si

no
W, (c,1)
!
(Etat des thermostats)
T“_j. B> T,,.,,_,” 5 .S'.'_‘I,. — 0
103x5 < Tseppps Stsp — |

Température de

sortie & la fin du e+l Echanges thermiques (équation 3.8)
pas de temps t

(Chauffage électrigue)

Calcul du chauffage électrique séquentiel'®

Mise a jour des
températures (équation 3.8)

Caleul de : Puissance, Energie.

Température de sortie par client ¢.7

no

Caleul de puissance et

['energie accumulée

Note : (). Element Supérieur : 0.3xS / Element inférieur :0.9x S
(b). TmON//T.;g,OFF Température de consigne des thermostats (On/Off)
(©). Styp//Stin Etat de I’élément supérieur/ inférieur
(d). Lénergie de 1’élément est calculée pour le temps que prendre la derniére couche a avoir la




Annexe B- Développement de la stratégie de gestion

B.1. Caractérisation d’un consommateur

En considérant un consommateur aléatoire parmi les 73 disponibles dans la base de
données, la Figure B.l montre sa consommation moyenne d’eau chaude pendant un jour de
la semaine. Le consommateur sélectionné présente une grande consommation en la matinée,
ce que prévoit la formation d’un pic de consommation pendant la périodes de matin chaque

jour de la semaine.

150
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Figure B.1 — Profil de consommation moyenne d’eau chaude pendant un jour de la semaine
A partir des données de consommation d’eau chaude du client sélectionné, il a été
calculé le profil de puissance électrique accumulé pour chaque jour de la semaine, tel que le

montrent les Figures B.2 et B.3.
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Temps

Figure B.2 — Profil de puissance électrique du chaufte-eau électrique par chaque jour de la
semaine



La Figure B.3 montre les profils de puissance électrique du chauffe-eau électrique
pour chaque jour de la semaine apres d’avoir été soumis pour une €tape de lissage (section
4.3.1). D’une part, il est observé la similitude du comportement entre les jours de lundi a
vendredi, de méme pendant les fins de semaine. Ceux-ci expliquent les résultats de corrélation

obtenus (Section 4.2).
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Figure B.3 — Profil de puissance électrique du chauffe-eau €lectrique par chaque jour de la
semaine avec lissage

D’une autre part, afin d’évaluer la corrélation existante entre la consommation
d’énergie finale par jour de la semaine, les profils d’energie accumulée chaque jour de
la semaine ont été calculés. De méme que la puissance électrique, ou les jours de lundi
a vendredi ont un niveau de consommation trés semblable. Par ailleurs, comme prévu,
par rapport aux consommations de puissance électrique, la consommation d’énergie finale

pendant la fin de semaine est nettement inférieure a celle de lundi a vendredi.
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Figure B.4 — Profil d’énergie du chauffe-eau électrique chaque jour de la semaine



B.2. Mise en ceuvre de la méthode de K-Moyennes

B.2.1 Méthode de la Silhouette

Ensuite, le processus d’estimation du nombre optimal de clusters en utilisant la

méthode de la silhouette est détaillé :

Algorithme B.5 Méthode de la Silhouette

i—>0

, . INITIALISATION
Evaluer jusqu’au : K

Exécuter

K-Moyennes

Estimation de
Silhouette S;(i)

Sélection du nombre optimal
de clusters k a partir des
valeurs de Silhouette S(iy )

S(i»k> =

b(i)—a(i)

RETOURNER k Tracer Silhouette




B.2.2  Programmation dynamique : Suite de I’algorithme 4.3

18: Fonction ESTIMATIONHORAIREOPTIMAL((Cp,Cie,t))

19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:
38:
39:
40:
41:
42:

43
44
45
46

| - Mémoization : Mémoriser les valeurs minimales retournées de sous-problemes
Pour P, + 1 calculer {Sien 1y I’état de 1’élément est ON}
Tant que
Pour i « ¢+ 1,m calculer
[Etat(i, 1),FCs(i, 1)]=EstimationFonctionCout(C),,Cie, 1) ;
Fin Pour
Jusqu’a m = 24 Heures
Estimer valeur totale de fonction de colit si B, < 1 (/)
Fin Pour
Pour P, < O calculer {Si en g I’état de 1I’élément est OFF}
Tant que
Pour / < ¢ + 1,m calculer
[Etat(i,2),FCs(i,2)]=EstimationFonctionCout(Cp,Ce, i) ;
Fin Pour
Jusqu’a m = 24 Heures
Estimer valeur totale de fonction de cofit si P, + 0 (J»)
Fin Pour
2 - Récurrence : Minimiser la fonction de coiit
Estimer min(J) 2) { Valeur minimale dans la fonction de cofit}
Si (J) < J) alors

H = Etat(:,1)
Sinon
H = Etat(:,2)

Fin Si; Retourner : <H>

: Fin Fonction

: Etaty 9y Etat de I’élément en i quand I’état initial de ’élément est 1-ON, 2- OFF;

: FCs; () 2y : Colit de sous-probleme en i quand I"état initial de I’élément est 1-ON, 2- OFF;
: Fonction ESTIMATIONFONCTIONCOUT((Cp,Cie.1))

47:
48:
49:
50:
S1:
52:
53:
54:
55:
56:

Estimer Ty, enCas 1 : Py 1
Estimer Fonction-coiit sous-probleme (Fyou 1) ;
Estimer T, en Cas 2 : P, + 0;
Estimer Fonction-coiit sous-probleme (Feou 2);
Estimer min(Feou .1 2)
Si (qu!,l < Fcoul,Z) alors
Etat(i, :)=1; FCs(1, )= Feour.i
Sinon
Etat(i, :)=0; FCs(i, )= Frou 2
Fin Si; Retourner : <Etat>

57: Fin Fonction




Annexe C- Banc d’essai expérimental

Un banc d’essai expérimental a été congu afin de valider les modeles de chauffe-eau
électrique et étudier le comportement de la consommation d’énergie électrique du
chauffe-eau, et le comportement de la température de ’eau a trois régions spécifiques du

réservoir. La structure du banc d’essai est présentée dans la Figure C.1.
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T T . |
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Figure C.1 — Schéma en blocs du banc d’essai expérimental du chauffe-eau électrique.

Un chauffe-eau électrique résidentiel typique, fabriqué par Giant Factories a été
sélectionné (Voir fiche technique annexée C.1.4); Il comprend deux éléments chauffants
d’une puissance nominale de 3 kW chacun et d’une capacité totale de 30 gal (Imp) ou 135L.

La Figure C.2 montre une vue réelle du banc d’essai expérimental développé.



Figure C.2 ~ Vue réelle du banc d’essai expérimental construit dans le cadre du projet.



C.1. Description du banc d’essai

Afin de mesurer la variation de la température a I’intérieur du chauffe-eau, le réservoir
a été divisé en trois zones d’égal volume et un capteur de température a €t€ installé dans
chaque région. De plus, un capteur de température a été ajouté a I’entrée d’eau froide. La
mesure de la quantité d’eau soutirée (consommée) est faite en utilisant deux débitmetres,
lesquels ont été positionnés dans les conduits d’entrée et de sortie, respectivement. Deux
capteurs de courant et un de tension ont ét€ installés afin de mesurer I’énergie consommeée
pour le chauffe-eau et la tension d’alimentation du réseau.Finalement, afin de simuler une

consommation d’eau chaude, trois €lectrovannes ont été ajoutées.

C.1.1 Capteurs de température

Dans la présente étude un thermocouple de type K a été€ connecté a la zone supérieure
du réservoir, précisément au centre de I’anode. De plus, trois détecteurs de température
a résistance (RTDs-PT100), alimentés par une source de courant externe de ImA ont été
installés. Le conditionnement effectué pour les RTD est montré en détail dans la Figure C.3

[75].
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Figure C.3 — Conditionnement des capteurs RTD.



C.1.2 Capteurs de courant et tension et capteurs de débit de I'eau

Afin de mesurer 1’énergie consommée par le chauffe-eau, deux capteurs de courant
LEM (TT 50-SD) ont été installés. Le premier capteur est directement connecté a 1’élément
supérieur, et le second capteur est connecté aux deux éléments en série. La mesure de tension
est faite a partir d’un transformateur de tension.

La mesure de la quantité d’eau qui sort (et qui entre) du systeme est faite en utilisant

deux débitmetres avec sortie d’impulsion (FTB4600).

C.1.3 Electrovannes et contrble

En vue de simuler une consommation d’eau chaude, trois électrovannes (SV220)
ont été installées. Le controle de chaque électrovanne est stipulé en utilisant un circuit
de commutation a ligne directe, tel que montre la Figure C.4. Le module d’acquisition
de données (DAQ) envoie un signal de commande numérique pour ouvrir/fermer les

électrovannes.
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Figure C.4 — Contrdle des électrovannes a I’aide de la commutation a ligne directe.

C.1.4 Acquisition de données et Interface graphique

Une seule carte d’acquisition PCI-6024E est utilisée comme systeme d’acquisitions
données. La carte est connectée a un bloc de connexion d’E/S blindé SCB-68. La Figure
C.5 montre, une vue réelle du bloc SCB-68 et la Figure C.6 montre le schéma en détail de

connections.
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Figure C.5 — Vue réelle du bloc de connexion d’E/S blindé SCB-68.
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Figure C.6 — Le schéma en détail de connections du bloc SCB-68.

Afin de faciliter I’interaction avec I’utilisateur, une interface graphique (GUI) a été

développée a I’aide du logiciel LabVIEW. L’application permet le chargement d’un profil de




soutirage d’eau pour étre reproduit par les électrovannes. D’autre part, comme on le voit dans
la Figure C.7 I’interface graphique fournit a I’ utilisateur les données de mesure en temps-réel
des températures, puissance et consommation de I’eau. De méme, elle offre la possibilité de

définir le taux d’échantillonnage pour le stockage de données.
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Figure C.7 — L’interface graphique.
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Abstract—Electric water heaters have been regarded as a load
to be exploited in r tial energy applications due
to their potential energy storage capacity. Nevertheless, the Imple-
mentation of control strategies for water heater systems requires
high-performance models which must be capable of reproducing
a water heater’s internal operation dynamics. especially their
inner water temperature variations. Therefore, appropriate water
heater model selection and design is a challenge. This paper
presents physical parameter estunation methods for two typical
water heater models based on experimental data. The first method
is based on the evaluation of the on-off times of the beating
elements when there is no water consuinption; the second method
uses an extended Kalman filter to estimate the model’s states and
physical parameters. Additionally, by leveraging these estimated
parameters, a comparative study of the temperature estimation
and electric power consumption in both water heater models has
been produced and is included. Experimental results show that a
precise estimation of the physical parameters in the model allows
the water thermal process to accurately identify and predict
future power and energy consumption values.

Keywords—Water heater system modeling; layer stratification;
thermal zones; energy storage; extended Kalman filtering; param-
eler estimation;

l. INTRODUCTION

Water heating is, after space heating, the second largest
houschold energy system used in Canada. 1t represents around
15 to 21 percent of the average houschold cnergy bill’s sum
total | 1). It is also notablc that 90% of residential customers
in Quebec, Canada, use electric water heaters |2]. therefore,
water heating systems represent a significant portion of the
country's aggregated power dcmand peaks. As such, water
heater systems have been the main focus in demand-sidc
management studies due to their energy storage cuapacity. For
instance, many studies have developed different water heater
control strategies based on the load shifting approach [3]-
[7]. However, load management strategies require rigorous
water heater models to provide accurate information about the
thermodynamic effects on water when the heating clements arc
in changing states.

In the literature, several works have presented different
types of water heater models, mostly grey box and physics-
based models [8], [9]. since they afford a detailed knowledge
of the system’s inner behavior. Physical modcls, for the most
part, are based on standard thermodynamic principles such
as energy balance analysis. under few or no assumptions.
Grey box models use the mathematical structure of physical
models and perform the parumeter estimation using physical
measurement systems |8]. Overall, physical models tend to

be more accurate than the grey box models and are most
commonly used in control applications, depending on the
complexity of the studied model. Difterent physical water
heater modcls have been developed, some of which represent
the water heater as a onc-mass system using a single heating
element [10]-[13]. Those are based on an energy flow analysis
and two principal asswmptions: first, water is perfectly mixed
into the tank and second. the water heater has only a single
hcating element precisely situated at the center of the tank.
On the other hand, some physical models formulate a flow
analysis based on thermal stratification, whether considering
three principal thermal zones (i.e. top, mixing and bottom)
[14], [15] or ditferem numbers of layers |16]-]19].

In order to give an accurate representation of the dynamics
of the inner water temperature directly related to system
conirol, these models require the knowledge of several water
physical coefficients and also the water heater's physical
parameters. Therc are many specialized techniques used for pa-
rameter estimation. most of which use experimental measured
data. Shad et al. [13]. [20] present an estitnation methodology
of the physical parameters of a water heating system using the
prediction error minimization method which also allows the
estimation of the on/off time intervals of its heating clements.
Nevertheless, the process is applied 1o a onc-mass walter
heater model. Several works demonstrate the performance of
the Extended Kalman Filtering (EKF) method for parameter
estimation in non-linear systems [21]. The aim of this work is
to analyze a physical parameter estimation process through
an EKF method applied to a thermal zone-stratified water
heater model. In addition, an experimental study is proposed
in order to compare the accuracy of various physical water
heater models in representing water temperature’s variations.

The paper is organized as follows. The formulation of
the water heater models under analysis is detailed in Section
11. Section 111 exposes the experimental study and the model
development in MATLAB-Simulink. Section 1V dcscribes the
parameter estimation process. Simulation and experimental re-
sults are presented in Section V. Finally. Section VI concludes
the study and provides recommendations for future works.

1. WATER HEATER MODEL

In order to simulate the thermal dynamics and the stored
encrgy of an clectrical water heater system, an energy balance
analysis must be considered. Likewise, three main phenomena
have to be cxamined in the mathematical formulation of
the modecl: natural water cooling. water heating inside the



tank due to the heating elements’ activation and hot water
consumption. As previously mentioned, several studies have
developed different water heater modeling approaches. In this
study, two physical modcls of water heater are analyzed:
mathematical formulation and analytical descriptions for each
model are detailed below.

A. One-mass model

This modeling approach is based on the representation of
the water heater as a perfectly mixed one-mass system. There-
fore, the internal fluid’s convective heat transfer is considered
negligible. Moreover, though the water heater has two heating
elements, its internal configuration (master/slave) allows for
just onc element in operation. Thus, one of the most important
assumptions considered in this model is the representation of
the heating elements by only one element located at the center
of the tank, as shown in Fig. la. The water temperature is
determined by solving the internal energy balance equation in
the tank, calculated as follows [9]-{13]:

dT
Cpszjlmu"'Qlau +QH nH

where Cy, is the heat capacity (J/°C). T is the water temper-
ature (°C), the exchanged heat of the system in each hot and
cold water extraction/injection is given by Q fiou. Qiogs 15 the
heat losses by natural cooling and the energy produced by the
heating element is represented by Qg this latter is constant
and depends on the power of the element. Equation (1) can be
developed more precisely as below [12]:

c,,‘:i_f = Wyco(Ton = T) + C(Tams - T) + Qu ()
where p is the mass density of water (kg/m%). ¢, is the
specified heat of water equivalent to 4190 (J/kEC), W, is
the water flow rate by the hot water withdrawal (i/s) and G
corresponds to the loss coefficient between the water tank and
the environment (W/°C), strictly dependent on the thermal
resistance and isolation of the tank. Finally, T;, and T, are
the inlet water and room temperature respectively (°C).

B. Thermal zone-stratified model

The thermal zone-stratified model considers the water
heater as a water storage tank stratified in three zones, as
shown in Fig. Ib. This procedure allows the identification of
three principal thermal regions in the tank (high-temperature
zone, mixed zone, low-temperature zone) [14]. {15].

The high-temperature zone corresponds to the region of
the hot-water outlet, where the heating element has priority
in operation, which always ensures a high outlet water tem-
perature. The low-temperature zone is related to the region
where the inlet cold water is located and the water temperature
is colder due to direct contact with the cold water (ambient
temperature) inlet from the agqueduct. The mixed region is set
to be between the low and high-temperature zones. where the
water is continually mixing between hot and cold temperatures.
Inside this region, the water temperature is expected to be
warmer than the low-temperature zone, but obviously colder
than the high-temperature zone. Some of the main assumptions
of the model are:

- The water in each zone is mixed perfectly;

- The heating elements are positioned such as there is one

in the middle of the high-temperature zone and the other

one in the middle of the low-temperature zone, always
prioritizing the upper element in the control loop:
- Heating losses are defined for each zone, thus allowing
the possibility of including the cffects of irregularities in
the tank’s construction [15].

An energy flow analysis is used for determining the tem-
perature in each zone and is defined as follows:

- High-temperature zone

dT, )
Cy, d_tH = pWocp(Tas =T )+ Gey (Tamy — T )+ Qg +Qh,
) ) 3
Qp, = Koy Tag — Ko\ T
- Mixed zone
dT Py
Cpy = PWeep (T —Tar) + Gacy (Tamp —Tag) +Qy, (4)
Qr, = Ko, To + Ko T — K,y2Th
- Low-temperature zone
a7, P
Cp:) T = P“’ rc-p(Tin - TL) +Gaca (Tnmb - TL) + Q]a + th

(5
Q]a = KI]TM - K:;TL

where Ty is the upper zone temperature. Ths is the mixed
zone temperature and T corresponds to the lower zone
temperature. G, is the loss coefficient between each zone
and the environment, Qg is the heat exchanged between the
zones of water due to conduction reliant on the water mass
flow between zones for the conductivity coefficient in each
2one K,, and N is the corresponding zone.

w (Un W i)
TaTC)

(a) One-mass mode| (b) Thermal zone-siratified model

Fig. |.  Heat transter representation

I1l. EXPERIMENTAL STUDY

Knowledge of the water temperature change and electric
consumption of water heaters allows a better understanding of
the water heater's dynamics. Therefore, an experimental test
bench was designed to study the electric power consumption
of the water heater, its hot water consumption and the water
temperature behavior in three specific regions of the tank. The
test bench's structure is shown in Fig. 2.

A. Water Heater System

A typical residential clectric water heater, manufactured by
Giant Factories. has been selected for this study; it includes
two heating elements with a nominal power of 3 kW each and
a total capacity of 30 gal (Lmp) or 135L for the water tank
itself.
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B. Sensors

In order to measure temperature variations, the water tank
has been divided into three zones of equal volume and a
temperature sensor has been installed in each region, as shown
in Fig. 2. Additionally, another temperature sensor is set in the
cold water inlet. Moreover, the flow rates of the inlet and outlet
water have been measured by deploying two flow meters in
both pipelines. Two current sensors were installed, the first one
being directly connected to the high element, and the second
one linked to both elements in series. In order to calculate the
power consumption of each heating element, the input voltage
of the power grid has also been measured. Finally, the water
withdrawal was controlled by threc electro-valves.

The temperature sensors used in this study include one
type K thermocouple connected to the high zone of the
tank, precisely in the center of the anode rod and three
platinum resistance temperature detectors (RTDs-PT 100}, cach
energized by an external current source of 1mA. Fig. 3 shows
the conditioning performed for the RTDs [22]. The flow valve’s
control is stipulated by using a hot-line switching circuit, as
shown in Fig. 4. The data acquisition module (DAQ) sends a
digital control signal for opening/closing the valves.
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Fig. 4. Valves control by using hot-line switching

C. Data Acquisition and GUI

A single PCI-6024E data acquisition board is used as a data
logging system. The board is connected to a shielded connector
block SCB-68 using eight analog inputs connected to different
sensors as well as one analog output and four digital outputs
for sending control signals. In order to facilitate the interaction
of the user with the test bench, a graphical user interface (GUT)
has been developed using LabVIEW software. The application
allows the loading of a water withdrawal profile that can
be experimentally reproduced by the flow valves. A manual
activation of the flow valves is also possible. On the other
hand, as is seen in Fig. 5, the graphical intertace provides the
user with real-time measurement data and offers the possibility
of setting the sampling rate for the data storage.
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Fig. 5. Graphical user interface

Fig. 6. Experimemal setup

D. Model Development in MATLAB-Simulinkg)

In both cases, the water temperature is controlled by a
thermostat (with hysteresis) with a set point fixed at 60°C.
The thermostats only switch when the temperature rises above
of the set point and falls below of the dead band. However,
by considering that in the one-mass model, the thermostat is
hypothetically located in the middle of the tank, the corre-
sponding thermostat dead band is selected as 5°C. as shown
in equation 6. Otherwise, in the thermal zone-stratified model,
the dead band for the upper and lower element has been fixed
at 5°C and 10°C respectively, given by equation 7. Fig. 7
shows the one-mass model in Simulink().

Qu={Qu T <T, -5C otherwise 0 (6

Qn1 T <T, -5°C

Qns Qnz = {Qm B S TP



Fig. 7.

One-Mass model in Simulinkg)

IV.  PARAMETER LSTIMATION PROCESS

Some of the physical parameters are considered constant,
e.g. the physical properties of water so their variations are
negligible for the physical conditions of the present study.
Nevertheless. this simplification means that there is no precise
knowledge of the thermal parameters, for example, the loss
coefficient value, heat capacity of the tank or, in the case of
the thermal zone-stratified model, the conductivity coefficient
in cach region. Therefore. a parameter estimation process for
each model is performed using the measured data from the
experimental study.

A. Parameter estimation using power consumption meusure-
ments (One-mass mocdel

A possible solution of the differentinl equation (2) is
presented in [12], [13]. [20] by equation (8).
T(1) = T(tg)e (017 4 A(1 — (=101 (g)
he
w~ re Cp

GTams + pepWoTin + Qn
CRPTIL S =
G+ pe, W,

G+ pe, W,

This identification process is based on the estimation of the
off-time maximum duration of heating elements and the on-
time minimum of heating elements when there is no hot water
consumption [13]. Therefore, if the hot water consumption is
zero (1V,. = 0). the equation (8) is equivalent to equation (9)
[20].

A

—(t=1py)C ( —{t=tq)C
T() = T~ T 4 (T + T = 755 )

The set point temperature and the dead band of the thermostat
provide the on/off thermostat control. Therefore, the heating
element starts 1o operate at 55°C (T¢y, ). and the temperature of
shutdown of the heating element (7,5 ) is 60°C. Furthermore.
while the heating element is on Qp, = P, otherwise @, = 0.
Accordingly. equation (9) can represent the temperature drops
from (Tos7) to (Toa), and the temperature increase from (To.)
to (T,ysy). respectively. as follows [13]. [20].

Ton =

s

or g€ C1% 4 Tymp(1 = ™57 9C) 1)

im0 Py _imin e
Tuf,f = Tn-n"'”" GrC F(Tarnpt EJ(I_(' fon ('/(r) (rm

where (7% and 5" are the off-time maximum duration
of the heating element and the on-time minimum of the
heating clement, respectively. G and (', can be estimated from

equations (10) and {11} using {13], [20].
Pu(A-1)

G = =
A(Turs = Tumt) — (Ton

(12)

— Tams)

maz
’l)

=0 13
! (IOg(Tau — Tarnt,) — log(Tom — .m.b)) a
where

min g mas

A= (r«.u - Tn,nn>'°" Hors
Ty — Tams

The off-time maximum duration and the on-time minimum
duration of the heating element can be calculated from the
experimental study's data. The temperature behavior and the
electrical power of the heating clements have been registered
for 24h. for a null hot water consumption value. by starting
from the maximum temperature reached after the water heater
charge process. Measured data allows the estimation of the off-
time maximum and on-time minimum values of the heating
elements. Consequently, the off-time maximum duration and
the on-time minimum duration have been calculated by using
the cxperimental data from six different days and the values
of & and ), have been estimated by applying the equations
(12) and (13). Table | shows these estimated values.

TABLE 1. ESTIMATED VALUES

104
110786
110797

_L 110953
s
1A

:1 Of-time_maxd [¢ Cp

[ Average | 129167

B. Parameter estimation using an Extended Kalman Filter
(Thermal zone-stratified model)

Considering that experimental temperature has been mea-
surcd in three points and that the thermal zone model has been
implemented for three zones, the parameter estimation of the
thermal zone-stratified model has been realized by using the
Extended Kalman Filtering (EKF) method due to the nonlin-
earity of the system. However, some studics, such as {21].
recommend using Unscented Kalman filtering (UKF) in order
to avoid the derivation of the Jacobian in high-order systems,
e.g. considering more than three thermal zones. Additionally,
for this model the heat capacity (. loss coefficient for the
zone G .., and the conductivity coefficient for each zone K, ,
must also be estimated.

1) Augmented State Model: Equation (3), (4) and (5) can
be written by a state-space model given by

T(t) = Ag(B)T(1) + Ba(B() (1) (14)
where
(=6, — )8 53 0
Ad { 020 (=B — 20;)6¢ Osbe
0 0560, (—6- — 858
93 0 9]93 — T, T r
By=|0 0 H,HQ} T _'I” Tat LI.T
0 8o B:6y Ug = (1 Q2 Tanul

O=[0, 6 0 6, By 8 B B bo]
(Gror Kt 1/Cpy Grreg Koy 1/C Gy Ky 1/ )
(15)
The state-space model given by equation (14) can be written
in the general discrete nonlinear state-space form:
T(k) = fro1(Ti—1, Vg, we—1)
¥ = he(Te.vi)

(16)



where fi._; is the discrete state function, Ty_ | is the discrete
state vector, Ug, _, is the input vector, y, is the output vector
and hy represents the discrete output function. wi_; and
vi. correspond to the process noise vector and measurement
noise vector, respectively. Both arc assumed to be Gaussian,
white and zero-mean, with covariance Q. and Ry. respectively.
By adding the parameters vector 8 (equation (15)) as ncw
states to the above state-space model, an augmented space
model r,,, given by ecquation (17), is created. This approach
allows the parameter estimation and state calculation to occur
simultaneously.
o= | Te| o [ femr (Tamr, Ugy s W)

ok Oy Oy + Wiy (un

e = (g, vp)

where H = [l;]_r:;
matrix.

03.p]. I is a identity matrix and 0 is a null

2) Extended Kalman Filter: An EKF is created to estimate
each states’ nonlinear discrete-time processes by applying a
linearization process around the current state estimates [23). To
accomplish the lincarization process, the Jacobian matrix for
the non-linear functions is required |24|. Therefore, a Jacobian
malrix for equation (17) is defined as follows.

(A (O )ew+DB4q(0,)0),
= Ad(sk) ftd(Ph) A‘,g‘g' —'( )—i} 2
Talt)

0‘.'!1'2# l‘)_l it}

F(t) = 20

Br.

(18)
The sununarized EKF algorithm [24], [25] can be written as
in algorithm .

Algorithm 1 EKF
- Initialization &(0). #(0).P(0)

1

2. Input observations yx = [y(1), y(2)...y(k)]

3 repeat

4: for i « 1,k do

s State estimate propagation

6: Foo= g0 _)Fy + By(Oo Wy,

7 F(k)

§: Error covariance propagation

9 Po= Frao P Fp + Qe

10: Kalman gain matrix

n: Gy = PLHT|H. P H] + Ry |~}

12: Error covariance update Py = (I — G H )P,
13: State estimation update

14: op = yp — He(d7, 0k)

15: Fp= i: F Ly - Qg O = 6, 4 Niyp - O
16: end for

17. until Number of iterations
T NTTE

where: G = [LT NT]
Iy, : Prediction of the state vector;
i B . Estimation of the state and parameter vector.

3) Estimation Results: The initial estimated values of pa-
rameters G,., and (), are set as onc-third of the onc mass
model’s estimated values. For K, a random value is chosen
between 0 — 0.9 and for the initial states T(0) = y(0). The
initial value of covariance matrix of the estimation error is

given by:
| Tazs Ouen
P(O0) = [Om:: Blarg (19
where 3 = 10'. Table II shows the results of the estimated

parameters after 100 iterations.

TABLE Il PARAMETER ESTIMATION RESULTS

Farameter High-Zone | Mized-Zone | Low-Zone |
Loss Cocfficient [Gae W/ C 0.5265 0.556% 08368 |
Conductiviry Coefficient [Ky ] 041N 03106 (AT23
Heat Capaciny (FC) [C J‘.E O IZIER TEIER z =
V. RESULTS

The aim of this study is to compare the performance
and accuracy of the models previously described. through
experimental the parameter estimation. For this purpose, each
water heater’s power consumption, accumulated cnergy and
water temperature variations arc compared with experimentat
data in two scenarios. In the first scenario, the initial heating
process of the water heater has been recorded. The measured
high-zone temperature is used as the initial water temperature
in the one-mass model. Moreover, the measured temperature
in the high-zonc, mixed zonc, and low-zone are used as the
initial water temperatures in the thermal zone-stratified model
for each zone, respectively. Fig. 8 shows the comparison of
the experimental data with the estimated temperature by using
both models and also the estimated temperature by applying
EKF.
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Fig. &  Comparison of experimental data with the simulated lemperature

The estimation of the siored energy in the water heater
in cach model, after the initial heating process has been
calculated. are shown in Table I11.

TABLE 111 COMPARISON OF THE ESTIMATED STORED ENERGY

_ | One-mass model | Thermal zone
[ Stwwed coergy (kWH_| 1234 1

tified model |

In the second case, the measured temperature variation
has been compared to the simulation from both models after
the charging process. Fig. 9 shows the experimental data of



the temperature readings in the high-zone and its associated
simulated temperature.
T

—— Ty (Faperimeatal Data)

2

----- Ty {One massm merdel)

Temperature (°C )
7

Ty (Thermal mes-stratified moded)
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Time
Fip. 9. Coniparison of experinkental data with the estimated temperuture
V1. CONCLUSION

In this work, a performance assessment of the parameter
estimation capabilities of two physical models of residential
electric water heater systems has been conducted. By using
experimental data, a comparative study of the estimated water
temperature has been realized. Based on the results presented,
the following conclusions can be drawn:

- By applying an EKF method it is possible to obtain the
physical parameters of the model and a good estimation
of its temperature.

- The estimated physical parameters using EKF allow the
calibration and the configuration of the thermal zone-
stratified model. However, experimental data is absolutely
necessary in order to successfully apply the method.

- It has been proven that a thennal zone-stratified model
exhibits improved performance in regards to temperature
behavior estimation especially, in the upper-zone of the
tank. which can be leveraged to the design of an efficient
heating control strategy.

Moreover, it should be noted that a more accurate repre-
sentation of temperature dynamics would allow for better
measurements of the customer’s comfort level regarding the
temperature of the hot water supply. In the future. the perfor-
mance of a water heater model could be improved by providing
information of the room temperature variations. Furthermore,
a fraction of the heat required for heating the mixed zonc and
the different conductivity coefficients for each zone in upward
and downward transfcrs should be considered in the model.
Additionally, the inlet water temperature cannot be considered
constant, because it does experience considerable variations

due 1o the escaping heat from the water heater.
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Abstract—Previous studies have shown that an electric water
heater system has a strong p tial in d d-side gement
applications, more precisely, in its implementation such as a
shift foad. This study proposes an electric water heater control
stralegy, based on dynamic programming and using a power
consumption profile classification of the water heaters.

To illustrate the results, an energy management strategy using
a users classification according to their power consumption was
tested in different control scenarios. The analysis and simulation
indicate thal an appropriate control on the group of users conld
be implemented to reduce peak demand and (o meel the hot
water demand. A K-means clustering algorithm has been used
for cluster analysis. A silhouette method has been applied to
estimate the appropriate number of clusters.

Keywords—Dynamiic programming; Demand-side management;
Load shifting; Water heater; Clustering; K-means; Silhouette;

1. INTRODUCTION

The grid power demand follows the daily routine of the cus-
tomers and exhibits weather dependency. When temperature
exiremes occur during times of high activity, exceptionally
high power demands can result. On typical weckdays and
for heating dominated utilities, such peak demand periods
occur during the coldest winter days between 6 1o 9 am and
from 4 to 8 pm |1]. During these peak periods. sustained
high demand, caused by electric heating, impacts the cost of
the electricity supply [2], |13]. Equivalent situation occurs for
cooling dominated utilities, with time periods reflecting the
use of air conditioning. Demand response strategies can be
implemented to mitigate pcak demand and optimize the power
trades during such pcak times. The aim is to develop tools to
manage specific loads power demand profiles in an efficient
way, taking into account both the peak shaving objectives of
the power grid and the quality of scrvice, or comfort level,
expected by the customer. Water heating, accounting for about
20% |4] of the residential energy consumplion, is one of
the largest household end-uses. Hence, 1t has a significant
contribution in the generation of the electrical demand peaks.
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On the other hand. water heater systems have the capability
of storing energy. Therefore, they are ideal candidates for
demand-side management applications. The thermal energy
storage is viewed as a viable alternative that can be exploited
in the residential consumption management applications. Well-
planned deployment of the elcctric water heater as a controlled
shift load constitutes one of the cost-effective solutions to
reduce peak demand. Nevertheless. one of the challenges with
this solution is to minimize the direct impact on user comfort,
due 1o the variation of hot water availability when the system
is under curtailment.

The electric water heater system has been studied as a
controlled load to reduce the demand, by shifting a part of
the power from peak periods to off-pcak periods [5]. The
implementation of a categorization scheme. for user consump-
tion profile, allows easy identification of peak periods. In
various studies, user consumption profile classification was
implemented, nevertheless, the clustering has been developed
relative to water withdrawal profiles [6]. Some others studies
make the classification regarding the number of members of
the household |7]. |8]. By classifying the consumers using a
cluster analysis of the water heater power consumption profile,
it is possible to recognize more readily the clients who con-
tribute to the highest power consumption. Likewise, one can
group the consumers with similar power consumption profile.
That enables a better proposition of management strategy.

Differcnt water heater control strategies have been devel-
oped and implemented in demand-side management applica-
tions. These have been focused on an individual or group
control that couid be applied in relation to the dynamic pricing.
For example, Atwa and Nehrir [5], [9], studicd a demand-
side management strategy based on Elman neural network
and Fuzzy logic. respectively. by controlling the power con-
sumption of electric water heaters in a distribution area. More
precisely. they divided the water heaters, connected 1o the same
distribution feeder. in different groups in order to control them
by shifting their power consumption. The results demonstrate
the effectiveness to use water heaters as a controlled shift load
for leveling the power demand profile in relation to demand
response. However, in those studies. the user satisfaction,
regarding the hot water supply, was not taken into account.

Moreau [10] presented a control algorithm to minimize
the peak demand periods by tumning on and off the water
heater heating clements, between peak and off-peak periods,



always ensuring, the hot water supply. His results show that
an inadequate control in the change of heating elements state
could create a new highest peak and that user satisfaction
can be affected. Faille and Pedersen [11], [12] illustrated the
simplicity of implementing dynamic programming in real-time
energy management applications, for example, by optimizing
water heating schedules in peak demand periods. Some other
studies have been focusing on the development of control
strategies considering a dynamic pricing. In fact, Goh et
al. [13] studied the implementation of an upper and lower
limits control of water heater thermostat where the limits are
controlled directly in response to the price of electricity. In
addition, the study demonstrates that the use of price-sensitive
techniques in the residential sector requires fewer infrastructure
changes, besides motivating the users to acquire them [13].
Nonetheless, its implementation requires the existence of dy-
namic pricing.

This article presents a proposition of a demand-side man-
agement strategy incorporating the use of the water heater as
a shift load. In this study, by considering the water heater
power consumption profile, a classification process will be
applied to group the users with similar consumption profiles
and recognize the clients who contribute to the highest power
consumption in the peak periods. In this way, a particular
operation schedule will be applied, which is generated by
dynamic programming depending on consumption class. In
particular, this study uses an unsupervised learning technique.
Moreover, in an attempt lo forge the correct classification, a
multivariate statistical technique, a cluster analysis, has been
applied. An assessment stage has been introduced to evaluate
the clustering performance. The main focus is to create a
control technique based on allowing or not, the supply of
power to the heating elements in an optimized schedule, which
is defined by applying dynamic programming. considering the
user satisfaction and the peak periods.

The remainder of this paper is organized as follows. The
water heater individual model implementation is detailed in
section II. In section III, the theory of clustering algorithms
and cluster analysis method applied are explained. Section IV
presents the proposed control strategy based on dynamic pro-
gramming and the cases studied. The proposition of demand
side management strategy is then applied. and the simulation
results are present in section V. Finally, section VI concludes
the study and provides recommendations for future work.

11.  ELECTRIC WATER HEATER MODEL

A water heater model is used for representing the evolu-
tion of the inner tank temperature and the heating elements
behavior when there is hot water consumption, by considering
heat loss through insulation. Several modeling approaches have
been introduced in literature. Physical models are used for the
purpose of explaining in detail the internal structure of the
system [14], [15], and usually these studies are bascd on energy
conservation analysis. Some of these suggest an exploration of
water storage thermal behavior in a stratified tank. Thus, the
reservoir is divided, either in thermal zones [16}-[18] or in a
defined number of layers [19]-[23]. The use of stratification
techniques gives a berter understanding of the water heater

"~

inner behavior in considering the influences of thermal con-
vection in the water. Furthermore, the stratification techniques
allow knowing the inner water temperature variation when
maneuvering the heating elements. The electric water heater
model used in this work is based on an energy balance process.
Essentially, four principal phenomena cause thermal changes
in the internal temperature:

1) Water heating by the heating elements (Qx);
2) Heat losses to the environment (Quny);

3) Hot water consumption (Q y1ow);

4) Internal convective heat transfer (Qeone ).

In order to model the thennal performance and the stored
energy of a water-filled storage tank, the system is subject to
a thermal stratification. The water heater has been regarded
as a set of (S) layers of fully mixed equal volume segments.
In this study, the number of layers is 10, since it allows a
good representation of the system [24], thus giving a degree of
stratification, as shown in Fig. la. This stratification provides
results that are more closely adapted to reality, modeling the
heat transfer. When the walter is heated, the hotter water from
the bottom of the tank is less dense, and therefore rises to the
top. At the same time, the colder water in the tank is denser
and will sink to the botom where it is subsequently heated
[25]. Therefore, the upper layers of the water heater will have
a temperature higher than that of the lower layers. especially
during hot water consumption,

Upper
Fastng
Esarment

Lower
Fastng
Eiamact.

(a) Stratification (b) Energy flow by layer

Fig. 1. Water heater model

Two major hypotheses have been used to develop the model:

o The water in each layer is perfectly mixed at all times
into each layer. As a result, each segment can be char-
acterized dynamically by a single temperature variable
[26]).

e The heating elements, under normal operating condi-
tions, have a master/slave control system, where the
upper element has the priority. Consequently, the two
heating elements are not allowed to be active simulta-
neously.

The temperature of each layer 7, is determined by the
energy stored in each segment at time !, considering the
conditions above-mentioned. By solving the energy balance
equation (1) for S layers simultancously [22], the thermal
dynamics of all layers is estimated. Fig. 1b shows energy flow
diagram by layer.

dT, .
m'('\‘lm’d—’A = Qenvs + Qronvs + Qllmu.a + Qh,a (n



where m, is the mass of water in the s layer and ¢y, is the
specific heat of water. The Q). is the heat addition by the
heating elements when they are active, its value is directly
proportional to the nominal power of the heating element
P,.. The heat exchange between the layers of water due to
conduction Qcon ..« depends on the layer position, as described
below :

R.(T,11 - T,) if s =1
Qs = § KTy = T0) ifs=S5 (@
K (Tup1 + Tooy — 2T.)  otherwise

where K, is the conductivily coefficient between layers. The
rest of the heat transfers (heat exchunge between the ambient
Qenv,» and the heat transfer due 1o water extraction Q fiaw ).
that composes equation (1) has been calculated as follows |22].

spectively : ,

respecivel Qenvis = Ug(Tenn = T..) 3)
Malpe(Tine = T.)  its=§

o =4 : 4

Qstors. {77l-f';r:.-(Ta—1 —T.) otherwise @)

where U, is the product of loss coefticient between the layer
and its environment, 1, is the water flow rate. The model
was developed in MATLAB\Y. A widespread water heater
for residennial use is selected, the main characteristics of the
electric water heater, the rclevant parameters of the model arc
presented in Table 1.

TABLE L ELECTRIC WATER HEATER CHARACTERISTICS AND MODEL
PARAMETERS
Purameter Value
Volume | 180 L (47.6 US ga |
Thermestan Set Point (T,,) [Tl
Dend band S7CN0°C
Power of Heating Elements (P,) 3800 W
Room Temperature (7,v .0 ) 18°C
[ iniet Temperuure (11n) | e
Position of Upper/Lower Element 0.34570.9x5
Specific heat of water (7.} A190 J/kg"C
Conductivity coellicient [ K, ) AW
[ TLosscoe ] o w/Te |

A. Hot water withdrawal profiles

In this study, we adopted real hot water withdrawal profiles,
which were measured on 73 residential users of the Province
of Quebec in Canada. These profiles were melered every 5
minutes during 3 winter from November to April. The studied
residences have different number of occupants per household.
hence the withdrawal profiles are more diverse. Fig. 2 shows
the amount of avcrage hot water consumption each hour for the
73 users regarding their total daily consumption (< 225, 225 —
330, > 330 L/day) and, at the same time, the average water
heater power consumption profile. This daily profile includes
all seven days of the week. For example. a consumer with
an average consumption higher than 330 L/day (yellow bar)
has a hot water consumption of approximately 27 L/hour more
than a client with a mean hot water consumption less than 225
L/day (green bar) at 7:00 a.m.
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Fig. 2. Domestic hot waler daily consumption vs. diversified water heater
power demund
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HI. CLUSTER ANALYSIS

In order to create users groups with similar consumption
profiles, a calegorization process has been implemented. This
classification improves understanding the water heater con-
sumption patterns and makes possible to associate users with
similar water heater power consumption profiles. Considering
that there is no a priori knowledge conceming class types,
unsupervised clustering analysis has been used. Data clustering
techniques consist grouping similar data into a cluster in
order to allow a substantial generalization (27]. Different data
clustering techniques can be found in the literature, some
investigated for the application in the power profile clustering
128]. [29]. However, in most works, e.g. in [27] and [28], the
clustering has been applied directly to hot water withdrawal
profile and not to water heater power profile. In this work
the K-means clustering technique is used, the data clustering
is applied to water heater power profile. The Fig. 3 shows
the preprocessing and clustering methodology applied for user
walter heater power profile classification.
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Fig. 3.

Preprocessing and clustering methodology

A. Data selection and preprocessing

Strong linear dependence relation between the power pro-
files in the weekdays was found. The opposile is the case for
the weekdays and weekends water heating consumption. Fig. 4
shows the comelation coeflicient of the power profiles for each
day of the week. Sunday and Saturday have a high correlation
with each other, but a very low one with the others days of
the week. Mondays to Thursdays arc highly correlated with
cach other. However. this is not the case for Fridays, which
has an atypical behavior regarding the rest of days. Using
this correlation, the weekdays and the weckends have been
processed independently.
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The data selection is made according to the water heater
power profile. However, the waler heater power profile is a
pulse shaping signal with an amplitude equal to the rated power
of the heating element. In view of the treatment difficulty of
this type of pattern, a smoothing technigue has been applied,
the aim being to create a function that attempts to capture im-
portant data of the power profile, especially the peak periods.
This is achieved by leaving out the noise or other fine-scale
structure. In this work, a kernel-smoothing technique is used
for this purpose. as follows: for N daily power consumption
profiles P, n(x), each daily record contains n observations.
The kemel smoother defines a set of weights {115(r)}7 ;| for
each » and is defined as follows |30]:

Fay =y W)y (5)

In order to give less weight to the neighbors fanther away. the
Gaussian kernel smoother has been used, which is defined in
equation (6). The Gaussian smoothing uses two dimensions:
one for the power value, and the other for the ime (seen as
an angle). The length scale parameter b for the input space
is selected in relation to the standard deviation +/ — 3a: this
ensures a high smoothing, by covering 999 of the area [31].
The Gaussiun kernel smoother for any z is given by eguation
. X7 —x?
: MX*X) = Smrt ©)

n

e L WL
g =i =y
T

# ()}
i=1
where X, and A; correspond to the ith observed point, X'*
and #° comrespond to the estimated point, 7 is the length scale
parameter for the time input space, and Y; is the obscrvation
at point X;. Fig. 5 shows thc smoothing process applied to
one specific water heater power protile. This clearly shows the
peaks periods in relation to the time when the water heater is
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Gaussian kernel smoother applied to one specific water heater power

B. Clustering method (K-means)

The aim of cluster analysis is to classify the observations
into sub-assemblies based on the similarity of response pat-
terns. With cluster analysis it is expected to obtain clusters
with less variance within the observations and more variance
between clusters, avoiding the overlapping between the groups.

There are many types of clustering algorithms: hicrarchical,
partitioning, density based, model-based, and grid-based. In
this work the partitioning cluster algorithm, K-means, has
been used, and the corresponding measured distance is based

on the Euclidean metric [28]. [32]. The K-means algorithm
was introduced by J.B. MacQueen [33]. and it is the most
widely used clustering method. The K-means groups a set of
N unlabeled data vectors into & clusters, minimizing the sum
of the square error over all & clusters |34, as per equation (8)
135} kN

nin Z Z [1X: = /tk||2 (8)
K

k=1 oy e Che

where X, is the ith observed point belonging to the cluster A,
and . is the centroid 4. K-means is an iterative algorithm: it
starts with an initial k center cluster selected randomly C =
|C1, Cy. ... ], then for each data point. the nearest centroid
conceming the minimum distance is assigned. Subsequently,
the ncw center clusters are recalculated, regarding the current
representative points. Eventually, each representative point is
reassigned, and the cycle is repeated until a local minimum
solution is found [32]. |34]. Detailed pseudo-code is presented
in [36}.

1) Parameters of K-means: K-means algorithm requires a
specific number of clusters. Thus, the first step before applying
the clustering algorithm is the identification of the correct
number of classes &. Several approaches have been proposed
to determine this paramecter. Some methods and techniques
are studied it [37] (e.g. elbow method. by rule of thumb,
cross-validation, information criterion approach and theoretic
approach). However, in some cases thesc methods have lim-
itations, by making ambiguous the correct choice of 4. The
silthouette analysis method [38] has been used in this study, this
approach is based on the measure of the clusters compactness.
The silhouette s(7) is estimated as the difference between the
within—clusicr tightness and the separation regarding the others
clusters. and is calculated for each cluster as follows |38]:

b(i) — u(z)_
max {a(i), b(7}}

where a(:) corresponds to the average dissimilarity to all the
other objects of cluster & for the observation 7 belonging to
the cluster &, and b(i) is the minimum of the average distances
between the observation ¢ and all the objects in every other
cluster. In this study. the silhouette analysis has been computed
for a maximum number of clusters of 10 and the silhouette
criterion values for each number of cluster tested is presented
in Fig. 6a. Due to the samples profiles used in this study,
the results show that the highest silhouette value is obtaincd
for two clusters. As is shown in Fig. 6a. when the number
of clusters is greater than two, the silhouette value decreases
indicating that the dissimilarity between the clusters is less, and
hence it will be challenging to make the classitication without
errors. Therefore the initial number of clusters selected for
this study is & = 2, and two classes will be formed in order
to show an example of the proposed control method according
to different scenarios. Fig. 6b presents the silhouette value for
each cluster when & = 2. A significant similarity between the
observations in the cluster | is apparent. In this analysis, it
is observed that the first cluster includes the user that have a
low consumption, by contrast, the second cluster integrates the
users with a high consumption in the peak periods.

slig) = )



b o shomrs

{a) Silhouette value for each clusier  (b) Silhouette unalysis with & = 2

tested

Fig. 6. Silhouelte analysis for k-Means clustering

2) Clustering evaluation: To evaluate the performance of
the classification, a confusion matrix (or matching matrix) is
developed [39]. This matrix permits the calculation of the
misclassification and the accuracy of the used technique. 30
power profiles have been manually classified regarding the
level consumption. Using the Monte Carlo method 300 replicas
are generated, based on the mean and standard deviation of the
data. A new classification is then executed, but this time using
the K-means algorithm.

From the matching matrix, several performance common
metrics can be estimated. Some of them are defined in |39] and
they have been computed for the classification made. Table 11
presents the results of the classification evaluation, and also
the equations of the metrics used. It is noticeable that the
technique K-means is capable of recognizing and separate
the users with high consumption and with low consumption
without errors. Where TP (true positive) corresponds to the
observations correctly classified as belonging to the class, FN
(false negative) presents the instances belonging to the class
classified in another class, FP (false positive) shows a number
of observations misclassified as belonging to the class, and TN
(true negative) corresponds to the instances correctly classified
as not belonging to the class. Moreover, the accuracy (ACC)
and the error (E,) rate is 100% and 0% respectively. they are
defined by equation (10).

TP

(e
AC T

E. =1-ACC (10)

where T is the total of users classified.

TABLE 11 PERFORMANCE METRICS ESTIMATED
“Fall-out Senslilvity | Spedificdly | Precision
FP TP TN Tr
3 TELFR TRLFP
| Claxs 1 % 100% 1% 100
I_ Class 2 [ 100% 10% 100%

3) Application: The purpose of grouping the users is to
identify the typical load patterns of water heater for the
residential consumers, and thereby to create a specify control
strategy for each group. In this way, the major control of
power consumption will bc applied to the users with high
consumption during peak periods. Therefore two typical power
patterns will be identified in this process. Fig. 7 presents the
power profiles patterns recognized and the percentage of users
belonging to each class. As expected, the low power patterns
don’t have high peaks compared 1o the high power profiles.

T T T T T T T - T

Low power comsumption (Class 1) 69% ,‘.I',_ ]
High powss consumption (Clum 2) 31%] \ ]
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Fig. 7. Power profiles patterns

[V. PROPOSED MANAGEMENT STRATEGY

A demand-side management strategy using the water heater
as a shift load is implemented, whereby the tuming on and off
periods of water heating is optimized by employing dynamic
programming {DP). Additionally, the users’ satisfaction should
be guaranteed at all times. The term “Dynamic programming”™
was adopted by Richard Bellman and is defined in reference
[40]. By considering a finite discrete time horizon t, with a
discrete step time n of 30 minutes:

At =1t(n)—tn—-1) [Q1D]

The aim is to guarantee the delivery of hot water minimizing
the consumption costs, particularly in the peak periods. For this
purpose, two discrete finite-time control horizons have been
defined, each one of 6 hours. The first horizon considers the
first-time interval of 4 am to 10 am and the second, the interval
from 3 pmto 9 pm. A general cost function to be minimized is
formulated. which depends on the power element state and the
prediction of the output temperature water T,,r. Additionally,
a power penalty cost Cy, and a temperature penalty cost Cj,
have been added. The cost function to be minimized in each
interval is defined as follows:

N-—1
=Y (Cp+ Pu)AL+ Co (Tuom(n) = Top)2At

n=t,

(P Tyort)

(12)
where T, is the thermostat set-point defined in Table I. P,
is the normalized control variable dependent on the heating
power element. Using the average water heating power con-
sumption in Fig. 2, the power penalty cost C), for each interval
of control is estimated. Fig. 82 and Fig. 8b show the power
penalty cost for both time intervals. It is observed that in
both cases the maximum penaslty values occur in the peak
consumption periods, this obviously motivates a reduction of
consumption during these periods. On the other hand, the
temperature penalty cost is estimated by the user satisfaction
constraint and the time interval. The goal is to ensure a water
outlet temperature of a minimum of 45°C". To ensure a hot
temperature in the output water in the peak periods. and also
to reduce the likelihood of turn-on the power element during
the peak periods, a high temperature two hours before to the
peak is aimed and ensured by imposing a high penalty during
the two-hours period preceding the peak. Fig. 8¢ and Fig. 8d
present the temperature penalty cost functions for both time
intervals. The temperature penalty has the greatest penalty cost
value, with the purpose of prioritizing user satisfaction.



(a) Time interval of 4 am o 10 am  (b) Time interval of 3 pm 10 9 pm

{¢) Time interval of 4 am 10 10 am  (d) Time interval of 3 pm 10 9 pm

Fig. 8. Power penaly cost Cp and lemperature penalty cost (',
Based on the preceding, the opumization problem can be
formulated as equation 13.

min{ Y (Cp Pu)Al+ Co(Toon(n) = Top)* A1)

n=t,

(13)

Ve {n,...N — 1}

Fig. 9 shows an example of pattem of the heating elements’
activation availability applied to a random user. As noted.
the heating elements are always available out of the control
time intervals. In the control intervals, the use of the heating
clements is limited. and its state depends on the schedule
stipulated by the DP. Also, it is observed that the schedule
pattern guarantces an outlet water temperature superior to
45°C.
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Fig. 9. Interruption patiern applied to a random user

V. RESULTS AND DISCUSSION

In order to compare the impacts of power consumption,
energy, and hot water temperature supply when the optimal
management strategy is applied, four scenarios of manage-
ment have been considered. Three scenarios consider a user
classification by applying the K-means technique, the last one
employs a local control in addition to the user classification.

-Reference scenario: The heating clements are always avail-
able.

-First scenario: Individual schedule for the heating elements
of each profile under study is defined by means of DP in each
interval, without applying a classification process.

i ‘:

-Second scenario: Firstly. it applies a user classification pro-
cess 1o the studied profiles. Subsequently, the first class,
defined as the low consumption consumers, is used with no
control, and the second group of users, identified as the high
consumption consumers, is used with a control schedule for
the heating elements of each water heater. 1t should be noted
that the control schedule is determined by DP in each interval.
By controlling only the group with a high consumption,
it's possible to identify its level of influence in the peaks
generation in the diversitied power demand.

-Third scenario: Similar to the second scenario, a user classi-
fication process to the studied profiles is applied. No control is
applied to the first class. However, a group control schedule for
the heating elements of the second class is defined by DP in
cach interval. The group control schedule is determined using
a reference profile that represents the users of the second class.

-Fourth scenario: The same control methodology as the third
scenario is applied. However, an individual local control in the
water heater heating elements is added to the heating elements.
This controller omits the initial control stipulation provided by
DP when the output temperature drops below to 58°C due to
the risk of compromising the comfort in the next step time.

The first and second scenarios are visualized for an indi-
vidual control of the watcr heater adjusted to the hot water
consumption of each customer. Third and fourth scenarios
are focused on a group control by a common control signal
broadcast for each group. Considering a time step of 5 min.
the simulations for each above-named case were performed tor
a full day (workday). The following factors are evaluated and
compared for each result:

e Final accumulated energy consumption;
e Diversified profile of water heater power demand;
e Consumer satisfaction and computation time.

Fig. 10a shows the water heater power diversified profiles
for all the scenarios simulated. In the first scenario (green),
as expected, the power consumption is greatly reduced in
the peak periods. However, a new peak appears when the
heating elements become available again without control. it is
possible to reduce this new peak, by limiting the power heating
elements after peak periods, as is presented in [10). In the
second scenario (red), by irnplementing user classification, and
by applying the control strategy only for the class identified
as the high consumption consumers. the new peak created in
the first scenario is reduced, since only a group of customers
is controlled. Nevcrtheless, in the second scenario, the power
consumption reduced in the peak periods is less intense than
in the first case. This is because only the users belonging to
the class 2 are being controlled. In the third scenario (blue).
the dynamic programming is applicd only once, to create
the schedule reference profile in both time intervals for the
second class. In this case, the reference peak reduction in
the time interval of 3 pm to 9 pm is less significant than
in the second case, as shown in Table lIl. Also, using the
same schedule reference profile for all the users in a class will
potentially affect user satisfaction negatively (it is assumed
that the users belonging to each class have a similar, though
not identical, water consumption behavior between them). As



can be seen from Fig. 10c. the third scenario affects the user
satisfaction considerably; indeed, 4% of the users could have
an outlet water temperature below 45°C within the control
periods (customers with water hcater of 180 L). By adding a
local control to the third scenario, the user satisfaction is then
improved, as show the fourth scenario (gray). As shown in
Fig. 11, to improve the user satisfaction, some water heaters
should activate their heating elements in the peak periods (see
the pink area in Fig. 11). Moreover, in the first and second
scenario where DP is applied to each user independently, the
effect on the percentage of users that could have an outlet water
temperature below 45°C" is less than 2% users. On the other
hand, if a uniformity criterion is added in the classification
process, the number of classes might increase, and the number
of customers affected in the third scenario will go down, and
that would be less necessary the addition of local control as

in the fourth scenario.
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Fig. 10.  Comparison of scenarios

Dynamic programming demands a high computational ef-
fort, even when only the state variable P, is discretized in
two states (ON/OFF) and the control time is divided into
time intervals. Table IV shows the computational time in each
scenanio studied. In all the cases the users will have almost the
same final consumption of energy, as was to be expected (see
Fig. 10b). In fact, in the first scenario, when dynamic program-
ming is applied to each user without classification process or
a control schedule reference profile, the response time is very
lengthy. When a classification is applied without considering
a conirol schedule reference profile, the computational time
remains very high. Notwithstanding. it is lesser than in the
first case.
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Fig. 11.  Reference scenario vs third scenario vs fourth scenario
TABLE 1li. REDUCTION OF THE ENERGY DEMAND IN EACH CONTROL
SCENARIO
[ Fimi [ Second | Thinl | Fourth |
Encrgy demand reduced from | oo T 60003 | 0.6007 | 04735

4 am to 10 am (kWh)

Additional energy demand 1 . | |
T hours afer 10 am (kW) | 1091 | 04762 | 05255 | oasa
" Encrgy demand reduced from = |
. L3753 25 2592
3 pm 10 9 pm (kWh) 0.9707 0.375 0.2584 0.259;
Additional energy demand " |
.8238 .27- 171
3 hours after 9 pm (kWh) 2520 el i | 0.4767

TABLE IV. SIMULATION COMPUTATIONAL TIME®
Reference First Second Third Fourth
[ Compuiational ime (1] AT | TRTEG | SR80 | 4131 | W

* Tanad tme spemi (n e decision pracedure for sl the cotom (DF) in 280 usilaem
V1. CONCLUSIONS

This paper introduces an electric water heater management
strategy for the reduction of power consumption during peak
periods. This strategy is based on three process: the preprocess-
ing of power profiles by means of Gaussian kernel smoother;
the classification of the smoothed profiles by using K-means
for a number of clusters determined using the silhouette
criterion. and the use of dynamic programming algorithm
to genecrate a schedule control. Results show that dynamic
programming has presented a good performance in the control
of water heaters, by adjusting to the needs of each customer
despite to the computing time.

The fourth scenario permits to displace the peak of water
heaters power demand. while maintaining the satisfaction of
almost all users with respect to hot water availability; and
spending less computational time in the process than applying
the dynamic programming to individual loads.

Vatidation by numerical simulations using real data of water
withdrawal demonstrates that if the same schedule control
profile is applied for a group of clients with similar con-
sumption behavior, the comfort of some users with a water
heater of 180L, less than 10%. can be momentarily affected
as the hot water temperature could be below 45 °C. The
results also show that adding a local control helps to mitigate
the user satisfaction impact when a common control strategy
is assigned to a large class of customers after doing the
clustering. by reducing 1o less than 2% the users which could
be momentarily affected.
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Des études antérieures ont montré le potentiel du chau e-eau
Slectrique dans les applications de la gestion de la demande et
spéci quement pour la réduction de la pointe de consommmation.
Dans ce contexte de gestion. le chan e-ean est vin comme une
charge contrélable par délestage. A cet e et. ce projet de
recherche  vise & proposer une stratégie de  controle du
chau e-eau électrique. basée sur la programmation dynamique et
sur l'utilisation d'une classi eation de consommatenrs par
rapport & leurs pro ls de consommation électrique.

Pendant les pointes quotidiennes normalemente de 6h & 9h of
16h & 20h. le réscan ¢clectrique est fortemnent sollicite [1]. Ces
périodes de forte consommation électrique produisent des e ets
directs sur le cont d'approvisionnement, notamment.. en hiver
quand la demande d'électricité angmente en raison des hesoins
de chau age.

A u de limiter les coits d'ap-

%m provisionnement, il [wut ré-

| duire  on  mieux gérer la

=
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_— e wm e e me wmte gestion de la demande

aident & plani T et A contréler la production d'électricité.
L'utilisation du chau e-enu comme systéme de chau age
répresente environ 19% 2] de la consommation énergétique
résidentielle: il s'agit done d'ime des plus grandes charges
électriques dans les fovers québécois. Ainsi, les chau e-ean

clectrigues ont une contribution majeure dans la génération des
pointes de consommation. Cependant, les systémes de chau age
d'ean permettent de stocker 'énergie ot sont done des candidats
idéanx pour les applications de gestion de la demaunde
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% A n d'améliorer la performance de la classi cation, il est proposé d'ajouter un prétraitement de données
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EnaBiingﬁE"ea’k Shaving Strategies by Electric Water Heaters Control

Maria Alejandra Zufiiga*, Kodjo Agbossou*, Frangois Laurencelle**, Alben Cardenas?*, Sousso Kelouwani*, Michael Fournier**

* Unlversité du Québec a Trols-Riviéres
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Electric Water Heaters caunt by near twenty percent of energy consumptian of househalds
in Nordic countries. Their Infrinsic capacity ta store energy make them good candidates to
Implement peak shaving strategles helping ta manage the power demand better. This work
leads on the one hand to the modeling and the parameters estimation of domestic electric
water heaters (EWH}. and, an the other hand. the proposltion ond compartson of energy
management strategies based on the implementation ol Intemuption pattems and
clustering of EWHs according to thelr pawer demand. These strategies seek the optimlzation
ol a cost during critical periads while keeping 1he hot water availability to ditferent classes
ol househalds. Experiments using domestic water heater test bench and numercat

—

The objective is to propose and compare intenuption or curtailment sirategies based on
he clustering of electric water heaters in order fo optimize cost and peak shaving while

ensuring hot water avaliabilify. . . s
» Model Identification:
Selection, adjustment and simuiatian of restdential water heater madel.
Physical parameter esttmation of EWH model using Extended Kalman Filter
[Thermal zone~strattfied modeil).
Simutation and experimental validation ol EWH madel.
» Proposed Management Strategy:

{Data selection and preprocessing. —E,aum'on xemel smoother
l Ciassify the abservations inta
‘ Clustering method (K-means}

wb-assemblies based on the
simiarity of response pattems.

Demand-side management strategy

Dynamic programming {DP)

Cantral technique based on aliowing or not. the supply of
power to the heating elements at optimal times.
“Guaraniee ihe delivery of hot waler minimizing

the consumption cosfs, particviarly in the peak periods™

» Development and validation of the algorithm:
Management sitategy integrafion: Estimaltion of interruption pattem.

——| CASE STUDY '7
Reference scenario: The heating etements are atways available.
N 5] N S || ChmloRg | |%;-
::l" 9 F o 7
Indvicual schedule for the heating + Gz 1 Used with no infenrupfion patiem. | }
elements of each profiie (N Clents) urder « Clas 2: Used with @ conirol schedute for
study s definad by means of the heating eiements of each water hadter. | |
(DP) In each intervol 1t shoukd be nated that The control scheciuie: |
kv determined by BF I sach iiervol |
+Ihkd scenario *Eourth scenario

N Clenfs || Chslering process | |CmCu;' N Chents | Cluslesing process | m&m;_
o =l e }‘

|« Gl 1; e with no interruption patterm. ;; s the third scenario is
iy e @ the frird soenario b appéed
clements s detned by DPineach | 1| Mocrinple iy b atphibnd

heating
interval. The group confrol scheduls b
determined wsing a reterence profiie that

[ Th corroller ol th ifemupton

pattem provided by DP when the output
wnwumaopubdowmse'c_.

* Ciaws 1 dafined as the low consumption comumers. ™ Class 2 identified as the high consumpiion consumers.

dT,
Mapu=g = Qenva + Qeonvis + Qriow.s + Qs (1)

where:
*Heat exchange between the ambient
Qenvv, = Us(Tene ~ T)

*Heat Iamter due to water extraction

W.(Tin-T.) ifs=§
RSN Q. = {w,(T._, —T,) otherwise
Q'nv *Heat exchange betwaen the layers af waler due Yo conduchon
Ku(Tosr ~T) ifr=1
Qeomes = § Ky(Tamy = T0) ifs=§

K,(Tos1+Tuoy - 2T,)  otherwise
*Heal addition by the haating element when they ore active Qn.,

m, : mass of waler in the s layer
Cpuwi: specific heat of water.

Symposium 3i (Infrastructure Informationnelle Interactive) pour le réseau intelligent

Lood curve chustedng and
velection of lypical load
pattem for each ciass

Daza to Preprocessing Clossification
[ami“ *|_(Data cleaning] H {K-Meons)
Gaussian kemel smoother appled to one specific water

hegter power profie [3}
I(x)-)::‘“':#';‘fv‘gy.

Powwe comcmption (%)
[ARARA]

Intemuption pattem opplied to a random user
~

== - I

N-1 1
3 (G Po)AL + Cu(Tumiim) - T..)’Aj i

The cost hmcﬁoﬂL'o be minimized

J(Pu, Taeet)

Oaman reguCed am
e 11497 | 04943 | 06097 | 04735

Acgionel demard )
o e 16 aen vy | 11091 | 04762 | 05255 | 0.4983
O v e ™ | 05707 | 03753 | 02984 | 02872

Adanons eneegy Gemond §
a Faoums Shhae # pm (kK] 0EM | 02748 | 01842 | 01767

> The power consumplion k greatty reduced In the peak perdods in the fint scenario. however. o new peak
appears when the heating elements become avaiable agoin.

> A closification process oiows dsplacing the peak houn of water heaters power demand without
crealing a new peak af high intensity.

»If the same scheduie confrol profile s applied o o group of clients with simiior behavior. the Impact of
client satsfoction will be altected. By adding a local control to the wates heater. Ihe user salistaction is
then Improved.

i a unitormily criterion & added in the clasification process, the numbser of classes might
increase, and the number of customers atfected in the third scenario wik go down. and that
would be less necessary the oddition of local confrol planted in the fourth scenario.

Firet sowmits | Bosssed wemarks Fourth sswanie | Thisd soemario

Prarmrcage %]

E

» An elechic water heater management sirategy for Ihe reduction of power consumption during peak
periods k Inlroduced.
» The proposed strategy s based on thiee maln processes:
1.The preprocessing of power profias by meons of Gauislan kemet smoother.
2.The clawification of the smoathed profies by using K-means tor a number of clusters determined wsing
the sthouette criterion.
3.The use of dynamke progremming alkgorithm to generate a schadule conkot,

» The dynamic programming has presentad a good performance in the contral of water heaters. by
adjusting Yo Ihe needs of each customer despite to the computing time.

»The proposed shotegy pemnits lo displace the peak of water heaten power demand whie
malntaining the satistaclion of aimaost all users with respect to hot water avaliability.

» Validalion by numercat simulatiors using real data of water withdrowal demomsirates that it the same
schedule conlrol profie ks appéed lor o group of chents with similar comumption behavior. the camfort
of some usen. less thon 10%. can be momentoriy affected a3 the hot water temperature could be below
45°C
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