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ARTICLE INFO ABSTRACT

Demand Response (DR) is progressively moving from a centralized, unidirectional structure to a set of advanced
decentralized mechanisms that better balance distributed supply and demand. This paper presents a decen-
tralized cooperative DR framework to manage the daily energy exchanges within a community of Smart-
Buildings, in the presence of local Renewable Energy Sources (RES). The proposed algorithm taps into the
flexibility of the participants to let them decide of a day-ahead community power profile, and subsequently
ensures the forecast tracking during the next day. In practice, the algorithm is fully decentralized by the
Blockchain technology, that enables a trusted communication medium among the participants and enforces
autonomous monitoring and billing via Smart-Contracts. With such an energy management framework, parti-
cipating Smart-Buildings can together aim at a common objective, such as carbon-free resources usage or ag-
gregated grid services, without depending on a centralized aggregator/utility. Simulations on realistic Swiss
building models demonstrate that nearly all the renewable production resources could be harnessed locally
through the presented framework, compared to selfish individual optimization. Under a quadratic cost of grid
electricity, the considered community profile could dramatically be flattened, hence avoiding costly peaks at the
grid interface. A scalability analysis shows that, considering the current public Ethereum Blockchain, the fra-
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mework could handle a community size of up to 100 Smart-Buildings.

1. Introduction

The increasing world demand in electricity is envisioned to be en-
tirely supplied by sustainable Renewable Energy Source (RES) in order
to counteract the global climate change. However, intrinsic volatility
and uncontrollably of decentralized RES production pose severe chal-
lenges to the current electrical grid, that must ensure stability at any
time. Progressively, the centralized grid sees a change in paradigms,
transitioning from a system dispatching a production portfolio fol-
lowing the electrical demand to a Smart-Grid that handles a portfolio of
controllable demand to match an uncontrollable supply [1].

To assist this transition, Smart-Buildings have recently emerged as a
solution to leverage the flexibility offered by the various entities com-
monly found in buildings. Equipped with the right hardware and
Information and Communication Technology (ICT) they can provide
active Demand Response (DR) to the electrical grid [2,3]. DR regroups a
set of mechanisms divided into incentive and price-based programs, that
specify various signals to be exchanged between the grid and the con-
sumers in order to shape the power profile of the latter. Many works
have tackled the problem at individual building level, demonstrating
their capability to adapt their power consumption to grid signals while
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ensuring occupant comfort [4-7].

Beyond individual building optimization, there is a need of handling
the problem at the community level. By doing so, local resources such
as Photovoltaic (PV) production can optimally be harnessed while re-
ducing the overall peak power demand. Many optimization frameworks
have emerged to collectively manage the energy of multiple users
[8-12]. Nevertheless, these solutions require a central agent that col-
lects user information to subsequently dispatch optimal set points to
each of them. Even though generic simplified models can be used to
represent buildings flexibility [9,12], centralized solutions still face is-
sues of privacy, single point of failure, scalability, and market entry of
small prosumers. Furthermore, the growing penetration of distributed
RES leads to the need of decentralized and distributed DR solutions that
become complex to solve centrally when considering a large commu-
nity of flexible assets.

Game-Theory (GT) [13] and Peer-to-Peer (P2P) [14] energy trading
have extensively been applied to energy scheduling in local microgrids/
communities. On the one hand, GT defines a conceptual framework in
which the individual actions of rational participants optimize a com-
munity objective [13,15-17]. Mohsenian-Rad et al. [16] decentralized
the central grid planning optimization problem, such that every

Received 8 July 2019; Received in revised form 30 August 2019; Accepted 21 October 2019

0142-0615/ © 2019 Elsevier Ltd. All rights reserved.


http://www.sciencedirect.com/science/journal/01420615
https://www.elsevier.com/locate/ijepes
https://doi.org/10.1016/j.ijepes.2019.105643
https://doi.org/10.1016/j.ijepes.2019.105643
mailto:olivier.vancutsem@epfl.ch
https://doi.org/10.1016/j.ijepes.2019.105643
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ijepes.2019.105643&domain=pdf

0. Van Cutsem, et al.

Electrical Power and Energy Systems 117 (2020) 105643

Nomenclature

Constants & parameters

ap Battery leakage coefficient ™
77b+ .M,  Battery charging and discharging efficiency

Local production electric cost ($/kWh)
Quadratic cost of grid import ($/kWh?)
Linear cost of grid import ($/kWh)
Constant cost of grid import ($)

a

ag

%

ag

fois Max. k™ battery capacity (kWh)
C

Cb a

Gyt

k Min. k™ battery capacity (kWh)

x Charge of the k™ EV upon arrival (kWh)

k Charge of the k' EV when leaving (kWh)
dl’; Water drawn from the k™ hot water tank (1/s)
dt Sampling period (s)
H Number of intervals in the planning forecast
[ Snapshot of import/export community forecast (kW)
Ny Number of Smart-Buildings in the community
Nyes Number of RES in the community
Mpy Number of PV cells
Pk Max. power of the k* thermal load (kW)
Pf Max. charging power of the k battery (kW)
PF Max. discharging power of the k” battery (kW)
f{,’v Nominal power of the PV system (kW)
755 Power profile of the k" deferrable load (kW)

tj'k Min. starting time of the k' deferrable load (h)
t§”‘ Max. ending time of the k™ deferrable load (h)
T, Outside air temperature (°C)

Tk, The set of periods in which the k™ EV is unplugged
) The leaving time of the k™ EV (h)

tHa The arriving time of the k™ EV (h)

Variables

e Building net demand (kW)

o k™ deferrable load power (kW)

uk k™ thermal load power (kW)

u(f,‘ k™ deferrable load starting time (h)

uf Power of the k' battery (kW)

u;k Charging power of the k™ battery (kW)

u;k Discharging power of the k** battery (kW)

xf Charge state of the k* battery(kWh)

vty Community grid import/export (kW)

A/ Community power generation (kW)

Indices and notations

Vector [, ..., ]

o[h] Value at discrete time period h
o e Positive/negative power demand related value
., Minimum/Maximum value

participant in a microgrid solves locally a load scheduling problem
taking into account the prediction sent by the others. The quadratic
structure of the price of electricity incentivizes the whole community to
reduce the aggregated Peak-to-Average Ratio (PAR). On the other hand,
P2P energy trading represents the virtual exchange of electricity among
community participants, with the aim to locally match production and
consumption[14]. P2P energy generally lays on GT principles to fix the
price of energy transaction. In [18], a shared Energy Sharing Provider
(ESP) is in charge of deciding the local prices, through an iterative
process that involves all the local participants. Each consumer opti-
mizes its objective function that is modelled as a combination of energy
cost and inconvenience in load shifting.

Renowned for the cryptocurrency applications [19], the Blockchain
has rapidly proven capabilities for energy trading and optimization in
microgrids. Blockchains are distributed ledgers shared by participants
that can securely store digital transactions, without the need of a cen-
tral agent [20]. These transactions are aggregated into blocks, linked to
one another by cryptography methods to form a chain of immutable
information. The Blockchain technology traditionally relies on "miners”
to validate new blocks emitted by participants by solving a common
complex algorithm that ensures a tamper-proof system. When adding
Smart-Contracts into the Blockchain, like the Ethereum technology
[21], decentralized algorithms can practically be deployed. A Smart-
Contract is a piece of executable code shared by every node that defines
immutable rules, running directly in the Blockchain. Practically, they
are stored in specific blocks in the chain and the rules they define
trigger subsequent logic to write data in the rest of the chain. This re-
places the need of a centralized trusted entity to hold the algorithm
logic, and can therefore foster the fast deployment of innovative com-
munity DR solutions.

Many significant energy trading projects using the Blockchain
technology have been deployed worldwide, notably the Brooklyn
Microgrid projects [22] and various research demonstrators [23-25]. In
addition to the project description, Mengelkamp et al. formally present
the seven market components that any efficient microgrid energy
market framework should incorporate [22]. Authors of [26] demon-
strated that the Blockchain technology represents a reliable mechanism

for energy trading, compared to traditional centralized transactive en-
ergy schemes.

The use of Blockchain in microgrid goes beyond local energy
trading, as thoroughly reviewed in [27,20]. For instance, authors in
[28] were the first to use Smart-Contracts in distributed optimization,
relying on them to play the role of an ADMM coordinator. In [29],
authors applied Blockchain to deploy a GT algorithm that solves a DR
problem and discuss how P2P trading could be incorporated in their
work. Pop et al. [30] developed a decentralized solution to manage and
monitor DR with the use of Blockchain. Their Smart-Contracts penalize
the gap between the expected baseline and the actual consumption, and
manage in real-time the microgrid imbalance.

In the present work, we propose an innovative generic framework to
manage the energy in a community of flexible Smart-Buildings with
local RES production. Unlike P2P energy trading [22-25] that only
optimizes individual costs, the framework at hand allows participants
to collectively optimize any generic objective, such as grid services or
promoting local RES energy consumption. Practically, the framework
works in two phases. During the planning phase, the participants
iterative propose a forecast of their power profile - consumption and/or
production - until a consensus is collectively found. Compare to the
iterative algorithm in [16], the planning phase also includes RES pro-
duction and a generic bottom-up model of the buildings. Then, during
the online phase, the participants ensure that their power profiles
matches as much as possible their planning forecast.

Although sharing some similarities, our work is different from the
frameworks of Noor et al. [29] and Pop et al. [30]. In this study, we use
a generic building model that better represents end-user flexibility such
as thermal inertia, and we directly included local RES in the day-ahead
optimization problem. Unlike [30] that used past data to construct the
building baseline against which the participant is rewarded/penalized,
the presented day-ahead decentralized algorithm defines the building
baseline itself, allowing more flexibility in the decision. Moreover, we
presented a reward/penalty decision based on the community behavior,
instead of individual participant actions. The use of Blockchain, and
more particularly Ethereum Smart-Contracts, enables both the decen-
tralization of the energy management algorithms among untrustworthy
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participants and the monitoring of the community in real-time. Beyond
the interest of Blockchain for price-based P2P energy trading leveraged
in [29], we used it to enable smart-communities to collectively manage
their energy in a flexible way according to their common interests.
Finally, the simulation code is publicly available [31], and its mod-
ularity allows any developer to include additional models.

The paper is organized as follow. Section 2 presents the generic
Smart-Building model. Then, Section 3 describes the community opti-
mization framework with its generic community objectives, and the
various Smart-Contracts to decentralize the logic. Section 4 then pro-
vides results of simulations and a general discussion. The paper is
concluded in Section 5.

2. Smart-building model

In this section, a generic building model is presented. The prosumers
in the framework are assumed to be equipped with adequate sensors/
actuators, a smart-meter, and a Building Management System (BMS) to
enable their energy management. Any variable/parameter that is not
explained in the text can be found in the Nomenclature section.

A Smart-Building is an entity in the community that consumes or
produces a total power e [h] (kW) at a given time period h, which can be
broken down as follow:

e[h] = P, [h] + p,[h] + w;[h] @

where p,. represents the non-controllable part of the building load
consumption (kW), Dg the behind-the-meter power generation (kW),
and u; the total flexible load (kW). The latter sums up the following
components:

Nth nd np
urlh] = 7 uflhl + Y pflh] + ) uilh]

k k k
where ny, is the number of thermal loads, n; the number of deferrable
loads, and n; the number of batteries present in the building. The rest of
this section presents the models impacting the variable e[h].

2.1. Thermal loads

The variable @, (kW) influences the temperature of air zones where
home occupants live or the temperature of the water in hydronic pipes/
tanks, used by home occupants. The corresponding loads are Heating,
Ventilation, and Air-Conditioning (HVAC) system, Heat Pumps (HP),
and Electrical Water Heaters (EWH).

The conditioned zones/hydronic system state and water tank state
evolve as follow [32]:

Zmlh + 1] = A R [h] + By fig[h] + By du[h] @

T[h] = C 2 [n] 3)

where Xy, (°C) regroups both the constrained thermal air/water tem-
peratures and intermediate model states, such as wall temperatures.
Thermal model disturbance vector 3,;, is made of outside temperature,
internal load heat gain, and solar heat gain. The matrices A, B, By
contain the building model parameters, such as Resistive-Capacitive
(RC) equivalent model parameters and thermal load efficiency. More
details about the thermal model can be found in Appendix A.

The air zone and water temperatures should ideally be kept within
min/max limits and the thermal load power is physically limited:

T"[n] < T[hl < TV 1] “
0 < @m[h] < By (5)

where T%™/T*M (°C) are the k' air zone or water tank temperature
limits, specified by the user.
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2.2. Deferrable loads

A deferrable load refers to any appliance whose discrete starting
time @y (h) can be controlled and that cannot be interrupted once
started. This category regroups mainly residential loads like washing
machines, dryers, and washers. When switched on, the deferrable load
power consumption is given by its predefined load profile:

o h] = Phh—ub] ifuf <h <uf+ 125

d 0 otherwise 6)
where I%’,‘I refers to the duration of the deferrable load profile. The
model is constrained by home occupants preferences that can specify a
minimum starting time and a maximum ending time:

t5<aq<te- |75d| @

2.3. Energy storage system

The continuous variable #, (kW) influences the State-of-Charge
(SoC) of chemical batteries used in Electrical Vehicles (EV). An in-
tegrative model describes the SoC evolution [12]:

fb[h + 1] = [ab R[] + 1 d1h] + % ﬁ,,‘[h]] dt
b

®
iy [h] = dy[h] + dyh] )

Battery charging/discharging power and capacity are physically lim-
ited. In order to ensure that u,ﬁ"* [h] and ué‘" [h] are not simultaneously
non-null, binary variables sf[h] are injected in the constraints:

=

Cr < B <Gy (10)
0 < @iflh] < $y[h] Py an
0> a@5[h] > (1 — 8[h]) Py 12)

When the battery is used in an EV, initial and final conditions apply
on SoC when unplugged, and at time of arrival and departure:

uflhl=0 Yhe sk, 13)
x5 [thal = Chas x5 [t51] = Ch (14)

2.4. Solar PV panel

Environmental conditions influence the power p, locally generated
by PV array installation. The PV output power is linearly modelled as
follow [33]:

pe[h] = fp, (GLh], Ty[R]) n P, (15)

where f,,, () is a function that modulates the PV array nominal power,
depending on outside solar irradiance and cell temperature difference
from standard condition AT [h]:

RV = %[1 + AT[h]](l +ay AT[h])

n

. . W
where G, is the nominal radiation 5 Qi and «a, are the temperature

sensitivity (%) of the PV output current and voltage, respectively.

2.5. Uncontrollable load

Building occupants and environmental conditions influence un-
controllable load behavior p,.. Their power profile is supposed to be a
given input parameter to the system.
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3. Smart-buildings community framework

The community encompasses the local energy actors, the physical
power system through which electricity flows, and the energy man-
agement mechanisms (cf Fig. 1). A common approach consists in using
a local aggregator to centrally collects flexible building parameters and
RES data to optimize a given objective, both in planning and real-time
operations [3]. Fig. 1a depicts such a situation, where the centralized
aggregator agent handles the communication with the grid operator.

The decentralized approach taken in this paper is depicted in
Fig. 1b. Without the aggregator agent, the goal of the community is to
agree on a consensus that optimizes a given shared objective function.
The aggregator is entirely replaced by the Blockchain environment and
every energy actor only interacts with the Blockchain. The latter or-
chestrates events that will trigger the appropriate Smart-Contracts
functions to enable cooperative energy management.

The role of every participant in the community is to dispatch its
flexible assets in order to meet an aggregated objective. The proposed
mechanism works in two distinct phases. In the day-ahead phase, the
community agrees upon an optimal planning of the aggregated load
profile, transferred up to grid operator. To ensure that the actual
community consumption is as close as possible to its planning, the
online phase strives to track the day-ahead aggregated profile during the
day.

3.1. Day-ahead energy planning phase

The planning profile is the result of the community cost function
minimization problem, solved in a decentralized fashion. At time in-
stant h, the community can buy local electricity y, [h] at a cost
ffO7[h]) and electricity coming from the grid y*[h] at a cost
fe+OF[RD). If it doesn’t import electricity from the grid, it might export
¥~ [h] to the grid for a gain fi-(y~[h]).

The responsibility to optimize the flexible assets falls into the Smart-
Buildings themselves, instead of a central aggregator. Each participant
in the community hence computes a local optimum for their planning,
given an intermediate forecast of other nodes, to then shares their up-
dated decision with the rest of the community. Iteratively, the Smart-
Buildings will therefore adapt their power forecast, based on forecast
actions taken by the others, in order to optimize an aggregated cost
function. The resulting algorithm can be seen as a GT problem [13], in
which the players are incentivized to change their power consumption,
given grid utility electricity prices or a common community goal.

The local optimal planning of the i Smart-Building is given by the
input sequence i solving:

i H-1
QHEIQ{fmq+ﬁGfW)+ﬁ{qu
h=0

(16)

— : Power line

—— : Power flow

SB Prosumers
29
—o-
o

s -

-
y .
\ Aggr/Utility )
~ T ’

(a) Centralized aggregator approach
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s.t. Eq. (2)and (8) init. state at h =0
Vh=0.H-1:

e'[h] + L2 [h] + L7[h] = y*[h] + y~[h] ()
"~ [h] + L[] =y [h] (18)
0 < y*[h] < M sy[n] (19)
0>y [h] 2 -M (1 - s,[h]) (20)

Eq. (1) — (15) at time h

where IY; and I, represent the demand and production forecast of the
community minus the i Smart-Building, respectively, and e"~ is the net
power export of the i building. The vector @i! = [ii},, @i}, @if] regroups
the control input variables for all the flexible entities of the i building.
Eq. (17) models the power balance at the grid entry point of the com-
munity, while Eq. (18) defines the total local production.

Binary variables s, [h] along with constant M (~ 10°) are used in Egs.
(19) and (20) to ensure that variable representing grid importing and
exporting don’t take simultaneously a non-null value at time period h,
via the big-M method [34]. It’s worth noticing that slack variables are
used on the air/water temperature constraints in order to ensure fea-
sibility of the problem but removed from Eq. (16) for the sake of clarity.

Practically, the decentralized algorithm sequences and information
broadcasting are enabled by Smart-Contract 1. The functions called
through the keyword ”emit” are located at the building premise, while
the Smart-Contracts run in the Blockchain. A periodic event (every
24 h) is used to trigger the day-ahead planning phase, by calling the
corresponding function startPlanningPhase in the contract. To orches-
trate the iterations of the algorithm, the function updatePlanning of the
contract is in charge of periodically reading whether a new planning-
related transaction has been written in the Blockchain. In that case, the
Smart-Buildings update their community planning knowledge and then,
if allowed to do so, run their own optimization, by solving Problem
(16). Eventually, the decentralized planning phase will naturally be
over when all the participants write on the Blockchain the message "no
planning change”. The resulting community planning is then the ag-
gregation of the last transactions containing individual planning fore-
cast data:

S = V0] = y[0], ey [H — 1] = y~[H = 1]] @1

Smart-Contract 1. Day-Ahead planning logic

function startPlanningPhase (participant i) :
L emit runPlanningAndBroadcast(i)

function updatePlanning (participant i) :
if new forecast ( lj,l; ) then
emit updateCommunityForecast(i, l;-L, )
if allowedToRunPlanning then

RES

@ : Smart-Contract

— : Power line

—> : Power flow

SB Prosumers
A

(b) Autonomous decentralized approach

Fig. 1. Smart-Buildings community with local RES: structure, communication, and power flows.
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Algorithm 1. Planning update of building i

let (variable) l* _i» l_; =10,...,0]
let (variable) e; = [0,...,0]

function updateCommunityForecast (power IT, [7):
L PR L P
function runPlanningAndBroadcast ():
e; < solve dec. planning Eq.(16) given (1] ,,1. )
if e; changes or significant objective change then
| broadcast new forecast e; on the Blockchain

else
| broadcast "no planning change" on the Blockchain

This decentralized planning algorithm represents an autonomous
DR scheme in the sense that all the participants tap into their flexibility
to shape their power profile. Traditional DR programs generally refer to
a baseline against which building are compared to check whether they
appropriately responded. Unlike traditional methods that look at the
last days power consumption to create this baseline, this iterative al-
gorithm naturally leads to the declaration of such a baseline by each
building, a day in advance. Then, the second part of this autonomous
DR scheme consists in rewarding/penalizing participant with respect to
that baseline.

3.2. Online phase: tracking and monitoring

The community is incentivized to ensure that the actual community
grid power imports and exports follow the planning decided a day in
advance.

3.2.1. Community billing

Smart-Contracts (2) and (3) are deployed to monitor the real-time
buildings power profiles and to individually bill the participants, re-
spectively.

In Smart-Contract (2), an event is periodically emitted to collect
individual participant power consumption/production. The monitoring
is carried out by pMonitoring (), which gathers the whole community
state before calling communityMonitoring (). The latter compares the
power profile of the entire community to the one that was announced
through the cooperative planning. If the difference exceeds a given
threshold, the participants must individually be penalized, for their
aggregated behavior deviates too much from the planning they all
agreed to follow. However, the actual billing is not yet carried out:
instead, tracking errors are stored in the vector gap and the billing is
deferred until the end of the day. The function trackingErrorEvent ()
notifies the participants that the community failed to track their plan-
ning at time instant h.

Smart-Contract 2. Online monitoring (periodic, every dt)

let (constant) €ipyresl]
let (previously computed) Gppl]
let (variable) power[:][:], gap[:][:] < O

function pMonitor (participant i, time h, power p) :
powerli][h] < p
validate participant i
if all participants validated then
| call communityMonitoring (h)

function communityMonitoring (time h):
€track < (Z] Power[j][h] - gpp[h])
if €1rack exceeds €ipres|h] then
emit trackingErrorEvent(h, €;qck)
for each participant i do
| gap[i][h] < power[i][h] - €, i[h]

Electrical Power and Energy Systems 117 (2020) 105643

The Smart-Contract (3) ensures that each participant is properly
billed individually at the end of the day as follows:

) H-1 H-1 H-1
B} = cj; 2 ¢ hl = ) e [hl = 3 ff[ei[hl]
— h=0 h=0

(22)

Z fﬁ,[yc h]]+f1 [y, [h]]
+ h=0

N

z

j=1h=0
H-1
Dl
h=0
CO=N H-1

2 Xl

j=1 h=0

H-1

where ¢}, and ¢, represent the average daily community prices ($/kWh)
of buying or selling energy from/to the grid, respectively. The function
electricityBilling () in Smart-Contract (3) implements such a volumetric
billing.

Smart-Contract 3. Accounting (periodic, every day)

let (constant) required Amount[]
let (previously computed) gap[][], power[][]
let (variable) balance[:] < 0

function electricityBilling():
for each building i do
L bill < compute B, as Eq.(22) given power
emit billEvent(i, bill)

function pool (participant i, amount a) payable
require a >= required Amount[i]

balance[i] += a

add i to whitelist

if whitelist complete then
| authorize incentiveBilling ()

function incentiveBilling():

for each building i do
p~, 7t < PRComputation (i, gap[i])
balance[i] += (r™ — p™)
balance[grid_id] -= (r* —p™)

In addition to the daily volumetric bill, the participants in the
community are also individually rewarded or penalized depending on
the online planning tracking quality. The Smart Contract (3) rewards/
penalizes the individual buildings as a result of the community beha-
vior, through the functions pool() and incentiveBilling(). The event
pool() is called by the community participants, with a certain amount of
Blockchain currency to enable the transaction, as specified by the
keyword ”payable”. As all the community actors have filled up their
balances, the actual tracking reward/penalty mechanisms can be exe-
cuted by incentiveBilling(). Variables p~ and r* represent the corre-
sponding penalty and reward applied to the balance of the i partici-
pant. The index grid_id stands for the grid operator to which the
community provides tracking services.

3.2.2. Forecast tracking
as for the implementation on the online tracking of the forecast, this
could be done by solving a decentralized Model Predictive Control
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Web Ul Simu-coordinator

Prosumers

Fig. 2. Blockchain-based decentralized simulation setup.

(MPC) to reduce the error between the community profile and the

forecast planning, iteratively executed by each flexible asset:
Hp—1 2 2
min (y* [R] = ¥y, [h]) + (y‘ [h] = ¥, [h])

@l = (23)

s. t. Community model and constraints as in Eq. (16)
Updated environmental data forecast

where H, is the receding horizon. However, the large latency inherent
to Blockchain won’t allow such a decentralized MPC to be deployed at a
large scale. Instead, each energy actor can opt to track their individual
day-ahead forecast e,,; through a local MPC:

Ho—1

ming! (ei[h] — epp,i[R])?
hgo PP (24)

s.t. Eq. (1) — (15) at time h =0,..,H, — 1
Updated environmental data forecast

The Smart-Contract (2) and (3) pave the way to incentivize the
decentralized tracking of the day-ahead planning. However, the specific
implementation, such as the details of PRComputation() methods and
the online phase practical implementation, goes beyond the scope of this
paper. An entire framework, involving tailored penalties/reward func-
tions, would be needed for an effective cooperative online tracking.
Instead, this study focuses merely on the planning phase mechanisms
and the Blockchain deployment.

3.3. Community objective

The objective function shared by all participants in Eq. (16) influ-
ences the behavior of the entire community, with respect to grid ser-
vices and local resources use. The framework at hand allows partici-
pants to join any program, according to his/her own personal interest.
This paper analyzed two different community programs, presented
below.

3.3.1. Price-based DR and Grid-services

In this program, community participants try to minimize their daily
own bill according to Eq. (22). Pricing represents a traditional means
for the grid operator to influence the whole community planning phase.
The cost of importing electricity from the grid is given by:

fer(x, ) = al[h] x* + al[h] x + af, (x> 0)

where the coefficients af, aé vary over time. This generic form allows to
take into account multiple influencing factors. Firstly, the constant term
ag” ($) encompasses infrastructure cost. Secondly, the linear term aé
("$"/kWh) can either be a constant energy price, a static Time-of-Use
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(TOU) retail price, or could follow the wholesale market prices. Lastly,
the quadratic coefficient ag ("$"/(kWh)?) accounts for second order ef-
fects [28], such as quadratic dependency of some power plants with
respect to their generated power, or the losses in the lines due to long
distance energy transport. Such a quadratic dependency will have the
effect to flatten the overall grid demand.

The cost of buying electricity from local RES is supposed to be time-
invariant:

F®)=-ax, (x<0)

The gain (negative cost) of exporting electricity to the grid assumes
that the locally generated energy is sold to the grid at a lower price than
the price to buy it locally:

fe-@) =asax, (x<0,0<a,<1)

3.3.2. Green community

This program solely aims to increase the use of local resources, re-
gardless of their cost. The cost of buying electricity from local RES is
therefore set to zero:

ff=0

By joining this program, participants will foster the integration of
RES into the grid, such as residential PV and windmills, and ensure that
their production matches as much as possible the participants con-
sumption.

4. Case study and discussion

This section presents a realistic test case and discusses the results of
the decentralized planning algorithm described in Section 3. The code
developed for this project is in open access at the repository [31] and
has been run on a single Intel Core i7-4710HQ CPU (2.50 GHz X 8) with
8 GB of DDR4 RAM.

The simulation setup architecture decouples the simulation co-
ordination from the models described in Section 2, each of them run-
ning as an independent process. Fig. 2 depicts the main components of
the simulation environment.

A NodeJS server is at the heart of the system, redirecting the si-
mulation messages via ZeroMQ, connecting the community to the
Ethereum Blockchain via Web3JS API [35], and binding a web interface
with the simulation for display and control. The ganache-cli private
Blockchain, using EthereumJS [36], simulates a full client behavior for
the purpose of these simulations. Both RES and Smart-Building simu-
lated entities share the same Python class, in order to implement the
same decentralized logic flow. However, while RES simply reads fore-
cast files, a Smart-Building process is more advanced. The package
CVXPY [37] models the equations presented in Section 2, and the
linked Gurobi solver [38] is used to compute the solution of the local
planning problem given by Eq. (16).

The test case consists in a community of Ny, Smart-Buildings and N
RES. The parameters of the buildings are derived from the Swiss stan-
dard Minergie [39], that specifies a set of constraints on the maximum
electrical power use, thermal insulation requirements, air renewal, and
other useful data facilitating the model parameters extraction task. The
EV parameters are derived from Tesla Model S, and the vehicles are
supposed to be plugged-in during the day. The behind-the-meter PV
system takes parameters from Solar’s DIAMOND CS6X-310 manu-
facturer datasheet. Probability distributions on the parameters (e.g.,
temperature preferences, room size, U-values, arrival/leaving time of
EV, PV size) allow to generate a fleet of similar, yet different buildings.
The external temperature and irradiance are shown in Fig. 3, retrieved
from MeteoSwiss.
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Fig. 3. Outside temperature and irradiance used for simulation.

4.1. Algorithm scalability analysis

The decentralized planning algorithm converges once all the actors
don’t observe any change in their forecast planning or in their own
objective function. This section explores the convergence rate for an
increasing community size. Due to the decentralization logic, the order
in which entities take the hand (referred to as sequence) can randomly
vary depending on the computational time of each node and other
factors. Therefore, for each community size Ny, the planning algorithm
has been launched multiple times with a random sequence, leading to
statistical distribution of the convergence rate. Fig. 4a (top) shows the
number of iterations needed to complete the decentralized day-ahead
algorithm Eq. (16) as a function of the community size Ny, with the
convex price-based objective. The trend clearly indicates a linear de-
pendency between the number of iterations, and hence the number of
transactions in the Blockchain, with respect to the community size. In
the public Ethereum Blockchain, a new block takes on average 15 s to
be written and the system waits for 3 blocks to actually validate the
transaction. On the tested machine, an iteration needs on average 15 s
to complete the updated forecast. A community of 30 buildings could
therefore take up to 2h to carry out the planning phase via the
Ethereum Blockchain. Practically, the planning phase should execute
during the afternoon, in order to get reliable forecast, and finish before
the end of the day for the grid to be able to use it. Considering that
window of 6 h, the proposed framework is therefore limited to a max-
imum of roughly 100 buildings. However, one must bear in mind that
this statement is valid for the considered community cost function, the
building models, and the chosen public Blockchain.

Since the sequence influences to some extend the convergence rate,
it’s interesting to analyze how does the order impact the steady-state
result. One defines the steady-state cost function disparity D,(n) as the
gap between the optimal solution of a sequence of Ny, buildings and the
most optimal solution, after convergence:

D(n) = lim f1'(k) ~ min ( lim £ (k)]

where f" (k) is the community objective function at iteration k, Sy is the
set of all possible permutations of {1...N;,} and n is a specific sequence in
Sn. Fig. 4a (bottom) plots this metric as a function of Ny,. One observes
that the steady-state cost function disparity is less than 0.3% regardless
the size of the community. The sequence therefore does not impact the
planning cost function of the community, meaning that any participant
can take the lead on the decentralized algorithm without impacting the
aggregated cost.

4.2. Minergie building community test case

The rest of this section considers a community of 8 Minergie Smart-
Buildings and 1 local RES. The previous subsection concluded that the
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algorithm is not impacted by any particular sequence, and this is
highlighted on Fig. 4 for the small community at hand. In this specific
case, the algorithm actually converges after 3 rounds (24 iterations).
This section highlights how the algorithm is impacted by the pre-
sence of local RES, the building assets, and the type of optimization
objective. Two scenarios have been considered for the community:

® Green community with Market price. The community consumes local
resources in priority, and the cost of importing electricity from the
grid is proportional to the Swiss Day-Ahead Auction Market prices
[40] (af = 0).

o Grid-services with Quadratic price. The community is subject to both a
linear price of energy proportional to the Day-Ahead Market prices
and a quadratic price of energy. The quadratic coefficient a{ is set to
0.03125 ($/kWh?) throughout the day, such that the quadratic term
prevails on the linear one when the community exceeds a certain
demand threshold.

For each of the aforementioned scenarios, three community con-
figurations are simulated: (1) the presence of a wind-powered RES, (2)
50% of the buildings are equipped with PV panels, and (3) 50% of the
buildings are equipped with PV panels and EV (not necessarily the same
buildings). Community-level metrics can then be derived from the si-
mulation results:

e RES consumption: the ratio between the daily use of energy gen-
erated locally and the daily energy generated locally.

® PAR: the ratio between the maximum grid power demand and the
mean grid power demand.

e Community cost: the community cost corresponding to the day-
ahead planning consensus.

Tables 1 and 2 regroup the simulation results considering the pre-
sented community configurations, for both scenarios Green community
(Market prices) and Grid-services (Quadratic price), respectively. The
label ”Individual” stands for the non-coordinated simulation, i.e. the
Smart-Buildings optimize their consumption regardless the behavior of
the other; the label ”Cooperative” regroups the results of the co-
operative planning algorithm. Fig. 5 helps understanding the commu-
nity load profiles for both individual and cooperative logic. It’s worth
noticing that the simulation doesn’t account for uncontrollable load,
which would change the PAR as an uncontrollable baseline would ap-
pear. The simulations therefore represent a best case scenario, in which
all the loads are perfectly controllable. The presented results thus set
the highest limits of the community metrics, for a more realistic model/
experiment would worsen the results.

The results of the Green community program (Table 1) indicate that

1.00 4
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0.90 -
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0.80 A
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Relative cost function

0.70 A
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Iterations

Fig. 4. Planning phase convergence for a community of 8 buildings. Individual
curves refer to a given day-ahead algorithm sequence.
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Table 1
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Cooperative algorithm applied to Minergie community - Scenario Greeen community with Market-price.

Scenarios

(1) Local RES, no PV, no EV

(2) No RES, 50% PV, no EV (3) No RES, 50% PV, 50% EV

Metrics Individual Cooperative Individual Cooperative Individual Cooperative
RES consumption (%) 56.29 94.25 0.008 100 14.65 100
Community cost ($) 29.07 24.16 20.35 19.74 39.05 36.1
PAR 8.61 8.79 9.15 9.6 7.16 8.1

the community could optimally consume the local resources, compare
to a selfish algorithm. In the presence of 1 independent RES and no PV
(Scenario 1), roughly half of the local resource were sold back to the
grid. The decentralized cooperative algorithm allowed a local con-
sumption of nearly 95%. When half of the community has PV installed
(Scenario 2), the surplus that could not be self-consumed was almost
entirely sold to the grid (RES consumption < 1%). The cooperative al-
gorithm manages to tap into the flexibility of the Smart-Buildings to
entirely balance local generation with local consumption. When adding
EV (Scenario 3), their profiles naturally match a bit more the local
production, but most of the latter is still sold to the grid. Once again, the
decentralized planning phase managed to harness all the local re-
sources. Overall, since the price of RES (including PV) is lower than the
market price, the cooperation results in a lower community cost.
However, as the considered buildings are entirely made of flexible
components, they all consume when the price of energy is lower,
leading to a high PAR. The addition of a quadratic component solves
this issue.

Adding a quadratic component to the linear pricing allows to really
harness the full potential of the decentralized planning algorithm (Grid-
services program. As each Smart-Building is concerned by the decision
of the others, both for local resources use and grid consumption peak,
the overall community profile is flattened (cf. Fig. 5, second and third
column). In Table 2, the PARs are therefore tremendously reduced,
closer to unity. In the individual selfish scheme, the costs are now much
higher due to lack of communication among the community actors, and
such a tariff structure would therefore be unrealistic in a non-colla-
borative community.

4.3. Discussion

Price structure and fairness. The community framework can
provide a service to the grid manager, that can locally tune the prices to
shape the entire aggregated profile. To do so, the grid operator can
decide on either the linear or the quadratic coefficient. The linear
coefficient influences the flexible energy distribution over the day,
while the quadratic coefficient dictates the PAR of the system. To a
larger extend, the grid manager could handle multiple of these smart-
communities and balance the demand and supply via the price of
electricity across the set of communities. The billing scheme proposed
in Eq. (22) fosters the buildings to cooperatively take part in the de-
centralized day-ahead consensus, because the community aggregated

Table 2

data are taken into account rather than individual actions. This means
that it does not reward nor penalize who consumes/produces how
much and at what time, but rather spread the actions of everyone on the
resulting community cost.

Prediction uncertainty. The presented test case assumes perfect
forecast knowledge and exact models for prediction, as well as ignored
non-controllable loads, which is unrealistic especially at residential
level subject to many uncertainties. The threshold discussed in Smart-
Contract (2) could be a solution to this problem. By joining an un-
certainty to its forecast planning, the Smart-Building could tell the
community and hence the grid about the reliability of its prediction.
The Smart-Contract (2) could then integrate directly this uncertainty as
the threshold to reward/penalize the Smart-Building.

Decentralized algorithm robustness. Concerning the robustness,
the presented Smart-Contracts would need to include more mechanisms
to prevent non-responding nodes from jeopardizing the entire planning
operation. Malicious participants could therefore deliberately block the
algorithm. Such an issue could be addressed by a smarter way to pick
the next building forecast, for example through bids, or simply by
privatizing the Blockchain.

Reproducibility and privacy. The framework enables the partici-
pation of heterogeneous decentralized actors, possibly gathering var-
ious building types and control techniques (e.g., MPC in commercial
buildings, load scheduling in homes). This important feature circum-
vents the need of a central controller that must know the details of
every entities it supervises. The privacy of data is therefore ensured,
and it also reduces the engineering time to reproduce the framework in
a different environment.

Blockchain. The type of Blockchain (private, semi-private, or
public) depends on the objective of the community. In the case of the
sole optimization of local resources use, a public Blockchain is suitable
as it allows any participant to join. When providing services to the grid,
the aggregator/utility is likely to deploy a semi-private Blockchain to
regulate the participants. Although the current consensus system for
public Blockchain (Proof-of-Work) is debatable when applied to energy
efficiency [27], Blockchain has a great potential for accelerating the
decentralization of a large and complex system such as power system.
The decentralized capability of Blockchain allows to implement
bottom-up solutions, without depending on grid operators or waiting
for changes in policies. Equipped with the right technology and moti-
vated to better consume energy, communities of people could fasten the
pace of renewable integration and DR.

Cooperative algorithm applied to Minergie community - Scenario Grid-services with quadratic price.

Scenarios

(1) Local RES, no PV, no EV

(2) No RES, 50% PV, no EV (3) No RES, 50% PV, 50% EV

Metrics Individual Cooperative Individual Cooperative Individual Cooperative
RES consumption (%) 56.29 96.96 0.008 100 14.65 100
Community cost ($) 96.08 27.97 88.67 37.73 254.14 90.45
PAR 8.61 1.61 9.15 1.37 7.16 1.22
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(h) Quadratic prices, with RES (dashed green)

16 20 12 24

(i) Quadratic prices, with behind-the-meter PV

Fig. 5. Load profiles resulting from the Cooperative Planning Phase in the community of 8 Minergie buildings: (top row) non-cooperative load profiles (middle row)
cooperative load profiles (bottom row) aggregated profiles. In the (top row) and (middle row) graphs, each colored dashed-line corresponds to a community
participant power profile, either a RES or a smart-building profile, and their aggregation leads to the (bottom row) graphs.

Deployment cost. In addition to their BMS, Smart-Buildings require
an energy management application to effectively shape their power
profile. Optimization of individual building profile runs into this local
application, generally by leveraging prices of energy emitted by the
energy provider to provide local grid support [41]. In comparison to the
individual optimization, the proposed cooperative framework replaces
the price signal and the individual objective function by a community
cost function and an exchange of power forecast information. It also
replaces the utility monitoring/billing function by automated Smart-
Contracts. The added cost therefore solely depends on the underlying
network, in this case the Blockchain itself. Practically, running a Smart-
Contracts implies fees to the participants, that vary with the state of the
Blockchain system at the running time, as well as the type of Blockchain
itself as discussed in the previous paragraph. In the first incarnations of
the proposed framework, such a cost might be high due to the intense
energy need of the promising Blockchain technology, but we envision
this cost to significantly decrease as it gains popularity and maturity.

5. Conclusion

This paper presented a decentralized framework to manage the
electrical consumption in a community of Smart-Buildings and local
RES. Smart-Contracts allowed the participants to collaboratively decide
on a planning profile that minimizes the overall aggregated cost,
through a succession of local optimization processes. This planning can
greatly benefit the grid operator in its day-ahead dispatch, and the
online tracking reduces the need of additional capacity reserve.
Moreover, the simulation results showed that the algorithm fostered the

local use of energy and, under special tariff structure, the peak grid
demand could be reduced. Finally, the scalability analysis highlighted
that it can be applied to a community of up to 100 Smart-Buildings,
given the current state of Ethereum.

The proposed framework, and technology like Blockchain in gen-
eral, changes the paradigms in DR tailored to energy arbitrage. It pro-
vides a group of heterogeneous Smart-Buildings and RES with the
capability to consume energy in a smarter way, without the need of a
central entity that must know the details of every entity it supervises. As
the future calls for an intense electrification of buildings and trans-
portation, these decentralized assets must be efficiently incorporated in
the global grid by taking into account their aggregated behavior.
Beyond the grid services presented in this paper, this Blockchain-based
solution allows the participants themselves to cooperatively work to-
wards an overall decarbonized electrical grid.
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Appendix A. Smart-building model
A.1. Thermal zones and hydronic system

The home considered in this study is made of two main air zones and a hydronic system to provide heat through a set of water pipes. The model of
the temperature evolution of one zone and the connected water circuits is the result of the discretization of the following model [42] and is detailed
in Eq. (25). In that equation, the state vector Xz (t) = [T;(t), Tf(t), T, Tus]” contains the zone node temperature T;, the floor node temperature Ty, the
return water temperature T,,,, and the supply water temperature T,,;. The disturbance vector d (t) = [Pyr (1), PL(t), T,(t)] regroups the sun heat gain
P,,, the internal load heat gain P, and the outside temperature T,. The RC parameters are identified from the building construction and the hydronic
design.

1 1 1 1
1 _ifr, 1 1 0 0 11 1
d%, (1) Ry G\ Ry " Rew GrRaw 0 g G GRal
2 = M+ o [@m@®+|0 0 0 |d()
CwrRzw Cwr | Rzw Rw CwrRu Cuws 0 0 0
0 0 1 -t
CwsRw Cus (Rw (2 5)

Minergie equivalent RC model of the floor-heated system.
A.2. Water tank model

The Hot Water Tank is modelled as a volume of water with a homogeneous temperature, across the whole tank. The discretized equation can
therefore be expressed as:

d
Tonlh + 1]=¢"FaC Tou[h] + (1 - e‘vtc) Ry ttown [1]

|

where C is the water tank thermal capacity, R, = (U + dﬂ)_1 is the equivalent water-to-exterior resistance that takes into account the thermal losses
U and water withdrawal d/" at time instant h. T, and T, stand for the ambient air temperature and the inlet cold water, respectively. The efficiency of
the electrical system is assumed to be 1.

T[h]

_dt h
1—e ®RC|R, [U dw] T[]
C
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