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Abstract. The transition to an intelligent electrical network that is more respect-
ful to the environment and consumers’ needs requires the adoption of renewable
energies. However, and despite the progress made in this area, renewable energies
present significant constraints, such as their intermittency. Therefore, the conver-
gence between the worlds of energy and 5G/6G network techniques offers relevant
solutions, including the use of Virtual Power Plants, SDN technology coupled with
network slicing. As a way to achieve power balancing between power generation
and demands, this study offers a unique architecture for a smart grid that makes full
use of optimization techniques to rationalize the distribution of energy resources.
Performance evaluation shows the optimization of resource consumption.

Keywords: Renewable Energy Sources - SDN - VPP - Demand Response

1 Introduction

This article focuses on the integration of 6G network technology for the management of
renewable, environmentally friendly energy sources in smart grids. Indeed, the develop-
ment of 6G networks relies heavily on energy efficiency. In order to improve resource
management, network performance, and user experience, energy optimization algorithm
is of paramount importance in this regard. Artificial Intelligence solutions have the
potential to optimize energy consumption and enhance the overall efficiency of 6G net-
works. Moreover, the architecture of 6G networks will require the integration of wireless
communication technologies that are anticipated to be a key technology.

Beyond the pollution and environmental challenges [1], the electrical system is facing
new constraints, such as the growing energy demand, particularly during peak periods,
the aging of network infrastructures and new electrical uses, i.e., electric vehicles.
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Based on these findings, players in the energy sector are now orienting their
efforts towards 1) the deployment of renewable resources and 2) the development of
technologies that make electricity demand more flexible.

Deployment of Intermittent Renewable Resources (RES): The management of
renewable resources, such as solar and wind farms, provides environmental problem
solutions by allowing greener electricity production. Nevertheless, certain drawbacks
related to these resources, such as their intermittent nature require the development of
an effective energy management mechanism.

Flexible Electricity Demand: In current electrical networks, the energy demand is
stochastic; thus, energy management is carried out at the supply level. On the other
hand, in future networks, the intermittency of renewable energies implemented on a large
scale will shift the random feature of the electrical demand from consumers to producers;
demand must therefore be flexible and controlled via specific management programs,
called Demand Response (DR) programs. These programs act on the electricity load
curve shape by shifting loads, clipping peaks or filling valleys [2].

In order to adapt consumption needs to intermittent resources, we emphasize the need
to set up innovative Next Generation Smart Grids, NGSG, that can convey information
flows between producers and consumers in order to develop an efficient energy consump-
tion control mechanism. The latter considers the constraints of intermittent sources, and
the needs/preferences of the consumer and may provide an efficient solution to optimize
the management of the electrical system.

With NGSG networks, all electrical devices should be connected and controlled to
manage and monitor power consumption. These connected objects can generate, col-
lect, save, and process massive amounts of data. The huge data opens new dimensions
to explore electrical network’s reliable and efficient design. Nevertheless, traditional
strategies are unable to process and analyze this large portfolio of data. Therefore, it
would be necessary to rethink the techniques for processing the rich data generated by
electrical devices in NGSGs which are at the convergence of electrical system technolo-
gies and information and communication technologies. Based on this understanding,
NGSGs include a set of technologies that provide real-time management of electricity
consumption: prediction, load balancing, network reliability, detection and monitoring
of faults and assistance in decision-making of adherence to DR programs.

More specifically, our paper raises four issues:

1. How to allocate energy to consumers, while taking into account the energy constraints
of intermittent renewable sources and while meeting the energy needs and preferences
of consumers?

2. How to implement an energy distribution mechanism in order to satisfy two types of
profiles: Flexible Load Profile, FLP, (e.g. Elderly Home Care and electrical vehicle)
and Strict Load Profile, SLP, (e.g. medical clinic)?

3. How to manage the energy allocation of a fleet of electric vehicles, knowing that
these vehicles can restore energy during periods of inactivity, through Vehicle to Grid
technology?

In this order to provide solutions to the highlighted problems, we implement an
NGSG architecture that adopts the following technologies.
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Technology 1: Implementation of a centralized SDN-based energy management
architecture with network slicing

Our proposed NGSG architecture incorporates the SDN technology. The SDN paradigm
can be extensively employed as the foundation for supporting power grid communica-
tions due to its properties of separating the control plane from the data plane. In particular,
SDN approach can be applied to manage the communication entities in the SG system
given that the power grid primarily depends on communication networks for control. As
a result, SDN will be able to offer load balancing, load displacement, dynamic routing
path adjustment in response to SG control requests [3], rapid fault detection [4], security
[5], self-healing [6], and tracking and scheduling of crucial SG traffic flows in electrical
networks.

Based on this understanding, we implement a centralized SDN-based energy man-
agement architecture with network slicing [7]. In fact, slicing the network enables to
efficiently manage resources [8—14]. Therefore, we recommend three slices for the envi-
sioned use cases: elderly home care, electrical vehicles, and medical clinic. In the second
step, we consider the implementation of a fair energy distribution mechanism at the level
of a Virtual Power Plant (VPP) located within an SDN controller. This mechanism should
optimize the energy consumption while considering the constraints of wind and solar
sources and consumers’ needs.

Technology 2: Demand Response Energy Program
DR programs aim to modulate the electricity load curve by shifting loads, clipping peaks,
or filling in valleys as explained hereafter:

e Load-shifting consists of shifting the demand for an electrical device, i.e. postponing
or advancing a demand from one-time slot of the day to another.

e The reduction in the peak of electricity demand, or peak clipping, can be done by
reducing or very occasionally cutting off electricity use. This solution essentially
makes it possible to reduce the electrical power required during peak periods and
induce a consumption drop [15].

e While the last two action strategies of Demand Response seek to flatten the load curve
by clipping demand peaks, valley filling makes it possible to increase the load during
periods when it is less important.

As a part of our architecture, we advocate peak clipping as DR program applied on
controlled thermal devices in elderly home care. In fact, EHC is considered a flexible
load that should adapt to the energy fluctuation in order to satisfy strict requirements of
home clinics.

Moreover, our architecture applies an optimization algorithm that distributes effi-
ciently energy to consumers. In fact, NGSG smart grids enable the collection of con-
sumption data that calls for ongoing observation, evaluation, and interpretation. In return,
owners of wind and solar farms gather data on the volume and energy composition of
renewable energy sources exported to the grid [16]. This will guarantee that the demand
for electricity is met by the supply. In this scenario, the application of an optimization
algorithm will significantly affect energy output and help to optimize energy utilization.

Technology 3: Energy management of a fleet of vehicles
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This technology aims to develop a bidirectional energy transition mechanism towards a
fleet of intelligent vehicles, by adopting V2G technology [17, 18]. Indeed, the large-scale
deployment of electric vehicles could have a considerable effect on the charging curve,
particularly during peak periods, in case vehicle charging is not correctly distributed
over time. Thus, V2G technologies consider the battery of an electric car as an extension
of the distribution network, i.e., an energy pool from which the electricity supplier can
draw from time to time.

Charging thus becomes bidirectional, which means that the network does not limit
itself to loading electricity to the vehicle’s battery, with Grid to Vehicle technology: it also
considers it as a source of power that can be used to meet various energy consumption
needs. Based on this understanding, we develop a flexible V2G energy management that
enables battery charging the batteries during the renewable energy production phases;
then the mechanism makes electricity available when the supply offered by solar, or wind
sources is interrupted. We concentrate our efforts on developing a 6G-based architecture
combined with an energy management algorithm specific to three use cases, driven by
the aforementioned technologies. The following is a list of our contributions:

e Based on an optimization function, we suggest a comprehensive energy distribution
algorithm that addresses various restrictions relating to suppliers and consumers.

e We shed light on V2G technology that aims at handling charging and discharging
according to the RES fluctuation energy.

e We distinguish between two different load profiles: strict profile and flexible with
induce service differentiation.

e By conducting analysis of the following performance metrics, we validate our plat-
form: availability function, power sources, load sources, battery state of charge,
temperature of thermal controlled loads.

The rest of this paper is organized as follows: Sect. 2.1 exhibits our proposed archi-
tecture of NGSG. In Sect. 2.2, we provide the loads and power sources modelling.
Section 2.3 sheds the light on the energy optimization mechanism implemented at the
VPP. In Sect. 3, we present the simulation findings that assess the effectiveness of the
suggested method. Section 4 serves as the paper’s conclusion.

2 Energy Based Management Architecture

2.1 Architecture Modules

We propose an innovative architecture for NGSG energy optimization architecture that
consists of three modules (Fig. 1):

Module 1: Implementation of a centralized SDN-based energy management
architecture with network slicing

This module consists of defining the architecture of NGSG networks coupled with the
functional entities of 5G networks relying on a SDN controller and SDN switches. We
recommend three slices for the three use cases: medical clinic, elderly home care and
electrical vehicle. In a second step, we consider the implementation of an equitable
energy distribution mechanism at the level of a VPP located within the SDN controller.
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This mechanism should optimize energy consumption while considering restrictions of
wind and solar sources as well as the needs of consumers having two energy profiles
consumers.

Module 2: Loads service differentiation and peak clipping

This module consists of an energy distribution algorithm deployed at the VPP, that is
endorsed with fair energy dispatching. In fact, it adopts an optimization algorithm that
manipulates weather information, such as wind speed and solar radiation parameters for
WT and PV systems, load demand profile of EHC and medical clinic and EV state of
charge. More specifically, we perform energy balancing to two energy profiles: flexible
and strict. Since flexible energy profile loads are more adaptive to energy fluctuation,
we devise to apply peak clipping during peak hours. It is noteworthy that VPP presents
high computational capacities that enable it to handle massive data volumes within
tight timeframes. Moreover, the SDN technology, due to the decoupling control planes,
provides low latencies.

Module 3: Energy management of a fleet of vehicles
This module aims to develop a two-way energy transition mechanism towards a fleet of
intelligent vehicles, by adopting vehicle-to-grid technology. This mechanism will also
be able to efficiently manage the Grid-to-vehicle technology, which considers the vehicle
as a consumer.

Indeed, the large-scale deployment of electric vehicles could considerably affect the
charging curve, particularly during peak periods, if vehicle charging is not correctly
distributed over time. Thus, V2G technologies consider an electric car’s battery as an
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extension of the distribution network, a reservoir from which the electricity supplier
can draw from time to time. Charging thus becomes bidirectional, which means that
the network does not limit itself to routing electricity to the vehicle’s battery: it also
considers it as a source of power that can be used to meet various energy consumption
needs. This module therefore consists in setting up a flexible V2G energy management
mechanism, which will make it possible to recharge the batteries during the renewable
energy production phases; then the mechanism will make electricity available when the
supply offered by solar or wind sources has been interrupted.

2.2 Loads Sizing and Renewable Energy Sources Modeling
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Fig. 2. Medical Load Sizing [19]
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Fig. 3. Elderly home care sizing [19]

1) Loads Sizing

Accurate load sizing, required for authentic operations, is one of the substantial
obstacles presented by energy optimization. Therefore, load modeling should accurately
replicate real-world dynamics and reflect load’s behavior as much as possible.
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Loads fall into two categories: strict load and flexible load. Strict loads must be
supplied regardless of energy conditions and their load cannot be shifted. Flexible loads
imply that their operation can be shifted, and their power consumption can be adapted
according to the smart grid conditions. The medical clinic is considered as a strict
while the Elderly home care (EHC) and the electrical vehicle (EV) charging process are
considered as flexible loads. Consequently, we consider that strict loads have priority
over flexible loads.

Medical clinic sizing

Figure 2 [19] depicts the load demand profile for the medical clinic. The busiest times
of the day are from 9 am to 1 pm and from 7 pm to 10 pm. According to this profile, the
peak load and average daily energy demand are calculated to be 3.39 kW and 23.784
kWh, respectively.

Elderly home care sizing

Figure 3 [19] depicts the load demand profile for elderly home care. The busiest period
of day is from 9 am to 5 pm. This profile indicates that the peak load and average daily
energy demand are roughly 372.061 kWh and 29.992 kW, respectively.

Electric vehicle sizing
The electricity in the EV battery at instant t after charging is derived as follows [19]:

Nomgy (j) X SOCgy (¢, ))

PEL(t, ) x dt

= Nomi, () x SOCgy (t — 1,j) + — eqxPdisch(r, jyxdt

€c

where

e Nomgy (j) (resp. Nomgl"/(j))is the nominal (resp. initial) capacity of electric vehicle
battery j [kWh].

e SOCpy(t,j)is the; state of charge of electric vehicle battery j at time t [%].

° Pg"} @) (resp.Pg"i"h (t, j)) is the power charge (resp. discharge) by electric vehicle j
at time t [kKW].

e ¢, (resp. ey) is the charging (resp. discharging) coefficient factor [%].

2) Power sources sizing

This section elaborates the power sources sizing of the following renewable energy
sources: wind turbine, photovoltaic system as well as electric vehicles.

Wind turbine (WT) sizing:

The wind speed at the hub height determines the availability of wind resources and the
amount of electricity produced by WT in a given area. Based on the features of the WT’s
usual power curve, the output power, P,,, is described as follows in terms of wind speed:

0 u{uc or u)uy

W —u?
Py=1{Pr—>—5u<u=<u
uz—u?

P, ur < u =< uy
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P, is the rated power of wind system [kW]

u is the forecasted wind speed [m/s]

u, is the rated speed of the wind turbine [m/s]
u. is the cut-in speed of the wind turbine [m/s]
uy is the cut-off speed of the wind turbine [m/s]

Photovoltaic (PV) system sizing:

The area of the PV system and surface solar radiation both affect how much electricity
is produced by the system. The following equation is used to calculate the output power
of the PV system at time t:

Ppy (1) = SI(t) x Apy X p

e p is the efficiency of photovoltaic system [%]
e A, is the area of photovoltaic system [m?]
e SI(¢) is the solar irradiation at time ¢ [kW/m?2]

Electric vehicle discharging mode:
The Electricity stored in the EV battery at time t after discharging is as follows [20]

Nomgy (j) X SOCgy (¢, )

= Nomi™, (j) — (gd x PRisch(r jy x dt)
° ng”’ (¢, ) is the power discharge of electric vehicle battery j at time t[kW]

2.3 Energy Distribution Methodology at the Virtual Power Plant

The VPP is entitled to distribute energy to the various loads. To this purpose, we adopted
the methodology illustrated in Fig. 4. In a first stage, we adopt an optimization algorithm
that manipulates weather data, e.g. wind speed, solar radiation specifications of WT and
PV energy sources, load demand profile of EHC and medical clinic and EV state of
charge (refer to next subsection). In a second stage, we perform NGSG smart grid load
balancing as expressed in the following sub-section.

At a third stage, the VPP will take the decision of electrical vehicles charging or
discharging. More specifically, it computes the power output of WT and PV system.
Then, it investigates the load demand profiles while comparing the power produced by
renewable energy sources with the power needed to provide the load.

Consequently, the surplus power generated from the RES is either used to charge
EVs or is stored. More specifically,

e Whenever the power generated from renewable energy sources cannot supply the
various loads, we discharge the electrical vehicles.

e In case the power discharged from the electrical vehicles cannot fill the power
deficiency in RES we use the power stored.
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1) Smart grid load balance

Every time interval t, the equilibrium between consumption and production sys-
tems should be ensured. More specifically, the electricity demand is the sum of the
EHC loads consumption, the medical clinic loads consumption, the charging power
of the EV batteries and the unused power, PStore(t). This demand is supplied from
RES sources, discharging power from EV batteries and the stored power, PStore(t). It
is noteworthy that Puse(t) and PStore(t) are two VPP variables that are not physically
modeled in the smart grid. Therefore, load balancing is formulated as follows:

Ngv
Ppu(t) + Py (D) + D PRI, ) + Buse X Puse (1)
J
Nev
= Pejinic(t) + ZP]C;{/(L]) + P%;}Vc(t) + Bsrore X Pspore (1)
J

The following equations highlight the conditions at which there is storage of
excess power or usage of stored power.

Ngv
Bstrore(t) = {1 if PTes(t) > Plaad (t) + z Pﬂ/l(t‘])}
J

0 else
Nev
B0 =11 If Bras(©) + )" PREM(6.)) < Prgaa(®)
use () -
J
0

else

2) Energy Optimization formulation
This section is dedicated to the mathematical modelling of the energy manage-
ment problem. The resolution of the optimization problem is based on a technique
that generates a local optimal solution every time slot (i.e. one hour).

Elderly Home Care Electrical Vehicle

Data Processing

Smart Grid Load
Balancing

EV Discharging/

Charging

Energy
optimization
with PV,WT and
EV constraints

Fig. 4. Energy distribution methodology at VPP
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Our algorithm objective consists of reducing the power consumed by the flexible
EHC load in order to supply the medical clinic.

T
Minimize Z (PEZLC (t) — Pesired (t))z
t=1
where Py (1) and Pgegireq (¢) are the required and the desired power.
It is noteworthy that the power of the EHC is equal to the sum of the uncontrollable
electric loads power and the thermal controllable loads (TCL) power (refrigerator, water
heater and air conditioner AC) such that:

Pric(t) = Per(t) + P (1)

Nac * Pac () if Bee(t) =1
Peer(t) = Nyyn * Py () if Byn(t) =1
Nreg * Prog(t) else

Whenever the AC is on, the AC power should be degraded. Moreover, in case the
heater is on, its power should be reduced. Otherwise, the refrigerator temperature should
be decreased.

Our goal consists to reduce EHC required power by lowering the power consumed
by the thermal controllable loads used in EHC. More specifically, the TCL power can
be reduced by peak clipping. It is noteworthy that the EHC is a FLP so that the electrical
appliances can be controlled. Conversely, the medical clinic is a SLP with no control
over its electrical load.

The optimization problem should be solved while fulfilling the following constraints.

a) Photovoltaic system Constraints
The limit of the produced power from the PV system, Pp, (¢), must be less then
P the maximum allowed PV power.

0<Pp() <P"
b) Wind system Constraints
0 < Py(n) = P™

The wind turbine power system produced power, Pw(¢), must be less then PJj**,
the maximum allowed WT power.
¢) Electric vehicles Constraints
The permitted charging (resp. discharging) power is bounded by a maximum
power. Moreover, the charging (resp. discharging) are prohibited when the vehicle is
not available (i.e. time exceeds stay time 7 yqy):

PSR (2, j) < PS™™(j) x W (t, j)¥1 € Tsiay
PER(t, ) =0 V1 ¢ Tsay

PRI (t,j) < PRIG) x X (£.j)V t € Tsiay
PR, j) = 0V 1 & Tsiay
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The battery is disallowed from simultaneously charging and discharging. This is
guaranteed by the following equation since W(t, j) and X(t, j) are binary values:

W j)+X@)) =<1

The electric battery state of charge is limited between the minimum SOC of the
EV battery and the maximum value 1, to preserve the battery life, as expressed in the
following equation:

SOCTin(j) < SOCEy (1)) < 1

The following equations aim at reducing the number of charge cycles (resp. discharge
cycles) by restricting the charging (resp. discharging) process to EVs that have a state
of charge lower (resp. higher) than the required SOC [20]. By limiting charging and
discharging cycles the battery life is maintained [21].

SOCE (tehargerj) < SOCEL™ (jy

SOCEY (tieave» j) = SOCEL™ (j)

The maximum EV battery charge limit should be lower than the EV battery’s nominal
capacity such that:

PSR (1, j) x dt

€c

+ Nomg, (j) x SOCgy (t — 1, j)) < Nomg,(j)

3 Evaluation of Architecture Performance

This section tackles the performance of our architecture.

We conducted simulation batches to evaluate the performance parameters. The smart
grid includes 7 EVs considered as power sources and loads. The EHC and medical clinic
load-demand profiles are provided in Sect. 2.

Power sources parameters are given in Table 1 [20, 23, 24].

Performance is assessed by computing the following parameters: availability func-
tion, power sources, load sources, battery state of charge, temperature of thermal
controlled loads and availability function as detailed in the following paragraph.

3.1 Availability function

The availability function reflects the state when the demand is not satisfied. In fact, we
rely on the function computation in order to detect if the optimization problem solution
respect the load balancing. The availability function is computed as follows [22].

AD
Av=1-—"
D
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Table 1. Power source parameters

Parameters Values Unit

Photovoltaic system

PIQ’{,‘” 15 Kw
p 19 %
Apy 73 m?
Wind turbine system

pnax 21 Kw
P, 15 Kw
Ue 3 m/s
Uy 10 m/s
us 50 m/s
Electric vehicles

pCimax 33 Kw
pPmax 33 Kw
Nompg, 24 KWh
ec 95 %
eq 95 %

AD = 37 (Bp®) + Pu®) + Puse®) + 3" PRI (0. = PLt) = Psire(0)

where Av, D, AD, PL(t) represent respectively the availability index, the early power
demand, the demand not met and the total demand in time t. The availability function
will be equal to 1 if the power provided exceeds or is equal to the demand. In contrast,
the function will be larger than one if the demand power is not met.

It is to be noted that the fluctuation of the meteorological data may be the major
cause of RES’s inability to produce enough electricity. As a result, we use more EVs to
supply the entire load.

3.2 Performance Results

Figure 5 illustrates the power of EHC consumer. One can notice that the power consumed
by the EHC is reduced to the desired power between 1 am and 9 am. Nevertheless,
restrictions prevent the power consumed by the EHC is prevented to reach the desired
power between 18 and 23 pm. This is since the peak clipping is adopted in order to
prioritize the clinic loads.
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Elderly home care required power after optimization
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Fig. 5. EHC Power

Figure 6 illustrates the fluctuation of the power produced by the RES sources (WT and
PV) system and the power consumed by the total load of the smart grid. The mentioned
chart is of paramount importance since it sheds the light on the surplus (resp. lack)
of produced power and on the balance between production and consumption; this will
induce electrical vehicle charging/discharging.

Figure 7 exhibits the electrical vehicle charging. In case of power surplus, vehicles
start to charge. The EV batteries stored power is the difference between the produced
power and the loads powers. One can see that between 22 and 24 pm, vehicles are not
charged due to the fact that the state of charge has reached the required SOCs, therefore
there is no need to charge EVs.

Figure 7 depicts the vehicle discharging. In case RES sources lack of power, vehicles
batteries are discharged. It can be noticed that the charging and discharging processes
do not take place simultaneously; this result corroborates the optimization limitations.

Figure 8 illustrates the variation of SOC of 4 EVs batteries. One can see that the
SOC of batteries increases when the charging process begins and decreases when there
is discharge. We may also notice that the EV battery starts charging when the state of
charge of EV battery is lower than the required SOC.

Figure 9 exhibits the temperature fluctuation of the TCLs.

We observe that the water temperature rises when the heater is on and remains
between the lowest and higher boundaries. At the instant the AC is on, the inside tem-
perature drops and stabilizes between the lower and higher bound when the AC is on. The
refrigerator temperature is constantly on. In fact, we managed to maintain its temperature
between the lower and upper bounds.
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After solving the optimization problem, we compute the availability function to
assess the load balancing between the consumption and production. We obtain the avail-
ability function equal to 1. This confirms that our objective is reached; that is the power
produced by energy sources compensates to the energy consumed by loads.

To conclude:

e Applying peak clipping to flexible low profile loads enables to restore energy to strict
low profile loads.

e The energy service differentiation between strict load profile and flexible load profile
helps proving strict energy requirements of medical loads.

e The main benefit of vehicle to grid is to provide collaboration with energy producers
and consider vehicles battery as an extension to the smart grid. We devote a special
concern to batteries life time.

e The virtual power plant VPP plays an important role dedicated to energy distribution.
Since the VPP has a global view of the smart grid, it manipulates meteorological
data, loads demand profile and EV state of charge: these data are essential for energy
balancing to two energy profiles: flexible and strict.

Elecric vehicles charging power
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Fig. 6. Source, loads and vehicle charging power
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SOC variation of EVs batteries
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4 Conclusion

In the framework of a smart grid powered by SDN, the present research presents a
contribution to the design of a feasible energy management architecture dedicated to
different load profiles.

Our study provides important insights in the energy optimization and presents poten-
tial impact on the field, especially in the context of 6G’s transformative role in energy
management.

More specifically, we implemented an energy optimization algorithm at the level
VPP. This algorithm performs energy differentiation among two loads profile: strict and
flexible, while considering the energy constraints of intermittent RES and while meeting
the loads energy demands. Moreover, we handled a fleet of vehicles that restore energy
during inactivity periods. By solving energy optimization, we provided load balancing
between power source and different types of loads.

Performance analysis show the result of the objective function, the charging-
discharging processes of EVs, the variation of SOC of EVs batteries after charging
or discharging and the variation of the temperature of TCLs after changing their con-
sumed power. It is noteworthy that our approach lacks to predict energy consumption.
Therefore, in our perspectives, we aim at implementing a machine learning algorithm that
permits to predict power consumption and recommend flexible load profile consumer the
most appropriate demand response program. Moreover, we envision to perform a thor-
ough study on the data transmission energy consumption analysis and the computational
expenses.
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