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Abstract: The severe climate changes due to global warming pushed the world to strive to reduce carbon
emissions. This study aims to minimize the carbon emissions for a proposed smart energy hub. This paper
prioritizes the minimization of carbon emissions, taking into consideration the minimization of operation
running costs, and the maximization of profit. In this paper two optimization scenarios were studied, to
compare the results. In the first scenario, the minimization of carbon emissions was achieved, in the second
scenario, the minimization of running costs and maximization of profit from the hub assets were studied. The
proposed model was designed in MATLAB. Then the results were verified by CPLEX and validated by RTDS.
The multi-objective model was presented to obtain the optimal operation. The mitigation of data uncertainty
was achieved by applying the Kalman filter. In this work, a novel method was proposed for the estimation of
the quarter-hour resolution data from the hourly one via the Kalman filter rather than applying the classic
polynomial interpolation methods.

Keywords: smart energy hub; carbon footprin;, dynamic pricing; Kalman filter

1. Introduction

A carbon footprint indicates the greenhouse gases accumulated quantity that is emitted from
any activity considering its lifecycle and its manufacturing process. The carbon footprint is measured
in tons of CO2 [1]. Some values of fuel carbon footprints are shown in Table 1. A greenhouse gas is
defined as any gas that is able to absorb and emit infrared radiation, such as methane and CO2 [2].
To reduce the increasingly severe global warming, the energy production that depends on fossil fuel
has to be minimized [3]. Advanced technology is deployed to manage the energy needs through
energy hubs and microgrids [4]. As energy sources are the main source of CO2, countries apply
regulations for reducing CO2 emissions [5]. The deployment of renewable energy sources was raised
for economic reasons such as the increasing in fuel prices and environmental resons to decrease CO2
emissions [6]. The term All-Electric leads to the opportunity of reducing CO2 emissions [7]. Clean
energy results in reducing CO2 emissions and saving energy [8].

Table 1. CO2 emission in kilograms to generate electricity of 1 kWh [9].

Fuel Coal Petroleum oil Natural gas

CO2 emitted in Kg/kWh 0.95 to approx. 1 0.75 to approx. 0.80 0.55

In [9], a plan to design a Smart Zero Carbon City is presented to realize the no-emission goal.
Economics is the primary goal of energy production [10]. The future energy system goals are profit
maximization, cost minimization, and CO2 reduction [11]. The Energy Hub system benefits are
improving reliability, minimizing operating costs and CO2 emissions [12]. The multi-energy systems
reduce CO2 emissions and enhance energy efficiency [13]. To reduce energy consumption, CO2
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emissions, and operation costs, load dispatch optimization problem is deployed [14]. The energy hub
can be the secure energy system of the future [15].

An integrated energy system, such as an energy hub system has the capability of optimizing the
operation, enhancing energy efficiency, and reducing CO2 emissions [16]. The main form of the
integrated energy system is the energy hub [17]. Energy storage systems increase power system
stability and compensate for the intermittency of renewable energy sources [18]. The Kalman-filter is
extensively applied to provide accurate data for the applications of power systems [19]. Data that
has a lot of noise can be estimated by applying Kalman filter [20], Kalman filter depends on a
recursive algorithm to minimize the error covariance of the estimated data [21].

As power system design and operation arise for mainly economic goals [10], this paper aims to
decrease carbon emissions by setting the main optimization as the minimization of carbon emissions
for any energy asset. In this work, two scenarios were achieved for the proposed smart energy hub
to compare the results. In the first scenario, minimization of CO2 was achieved. In the second one,
minimizing the running cost of the hub component and maximizing profit were studied. The multi
objective model was studied to obtain the optimal operation of the energy hub assets. Kalman filter
was used in this work in order to mitigate the generation and demand data uncertainty [22].

In this study, a novel method is proposed for online estimation of a quarter hour resolution
dataset from an hourly one. The proposed method depends on the over sampling of input data and
applying Kalman filter instead of applying classic interpolation methods. This can help in decreasing
the aggregation system, data log sizes, duties, excitation time and costs.

2. Materials and Methods

In this work, the modeling, simulation, and data validation; are achieved using
MATLAB/SIMULINK program [23], and then the results were confirmed by CPLEX optimization
studio [24]. The SEH was simulated and validated by the RTDS system [25].

3. Dataset Preparation

The data and parameters used in this work were taken from [26]. While the carbon footprint
values were taken from [27]. The mentioned data of predicted solar irradiance, wind speed, and the
several demands in the aforementioned references were in one-hour resolution. Then all datasets
were converted via Kalman filters to fifteen-minute resolution in order to increase the accuracy (as
will be illustrated in the next section), as shown in Figure 1(a & b).
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(b)

Figure 1. a) The original several demands (one-hour resolution) [26] and (b) The Kalman interpolated dataset
(quarter-hour resolution).

3.1. Data Resolution Conversion

The Kalman Filter applications are categorized into three main categories: prediction,
estimation, and smoothing [28]. In this paper, the proposed fourth application of Kalman Filter was
data interpolation. In this section, Kalman filter has been used to convert dataset resolution from
hourly to quarter-hour base resolution instead of classic polynomial interpolation. The proposed
system depends on holding the original input data over the sampling period. Then over-sampling of
the data, i.e., increase the data sampling rate to four times as the desired resolution. After that,
applying Kalman filtering after tuning the filter by the appropriate covariance input value to have a
smoothed signal. Thus, the in-between values (fifteen-minute resolution values) can be estimated as
shown in Figure 2.
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Figure 2. The proposed novel Kalman interpolation system stages.

3.2. Simulation and Results of Dataset Conversion

The produced results showed that by selecting the Kalman filter's optimal input parameters

(covariance and sampling rate), the output interpolated data error will be minimized (as shown in
Table 3, Figures 3 and 4). The repeating sequence unit in Figure 3 presents the electricity, heat, and
cooling demand data.
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Figure 3. The architecture of Kalman interpolation system by using MATLAB/SIMULINK toolbox.
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Figure 4. Kalman filter types output (variance) with respect to filter tuning value.

Table 3. A comparison among kalman types output variances for optimal output.

Kalman filter type Kalman filter KF Extended KF Unscented KF
Over Sampling 4 times the original frequency
Optimal input covariance %
4% 0.24% 2%
of average
Optimal output normalized
£0.92 % *2.68 % +1.08 %

standard deviation %

The resulted standard deviation (normalized to the dataset average) are + 2.69 %, + 1.08 % and +
0.92 % for EKF, UKF and KEF, at filter tuning (covariance) of 0.11 %, 0.94% and 1.87 % respectively, as
shown in Figure 4.
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4. Proposed Energy Hub

The proposed model of a smart energy hub (SEH) comprises communication system for
bidirectional transfer of data and control among all sources and loads. The SEH includes an EMS to
monitor, control, and optimize performance and cost, fuel consumption and CO: emissions
reduction. The SEH has three outputs (heat, electricity, and cooling) and two inputs (grid electricity
and natural gas). Besides, it contains RES such as WT, PV, and biomass, also a conventional CHP

attached to a waste heat recovery steam generator. In addition, an electrical energy storage battery
system is installed (Figure 5).
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Figure 5. The proposed smart energy hub.

5. Optimization Scenarios
5.1. Carbon Footprint Optimization (Scenario One)

The carbon footprint objective function is formulated based on the values of the SEH assets and
can be arranged to be:

96 8

MinZZ[ lord )
s=1

t=1

where Cs and Ps are the carbon footprint factors, and the output power of generating unit number as
shown in Table 4. Expanding (1) resulted in (2)

22, Criapgid 1 CTPUT 4 CPYPEY + CRIOPRIO + CSHP PEHP + CP B -+ CAYCHpAYCH
CSOTPET] (2)

Subjected to:
Power balance constraints:
§=1 etece = Delect 3)
Z§=1 Pieatt = Dheatt “4)
Z§:1 Pcsooling.t = Dcooling.t ®)
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Energy balance constraints:
9% 8 9% 3
(10)
>yr=y o
t=15=1 t=11=1
Technical limitation constraints:
Pt S P s(t=1~T) (11)
PEF < Pimax ;(t=1~T) 12)
PG”d < PeG;{gx ;(t=1~T) (13)
PY < Plax 5t=1~T) (14)
Pe{ < Plax ;(t=1~T) (15)
PO’ < Plax 5(t=1~T) (16)
Pei’ < Pipax 5(t=1~T) 17)
PAH < BAGL (= 1~T) (19)
Energy storage constraints:
(19)
i 4 Tl P < Pl (= 1~T)
(1 (P =0)
sgne = {_1 (PStOT < 0) (20)
PE < P
(t = Tt ~TEmd ;n = 1~N) (21)
S0Cminn < SoCiR" < SoChGin ;
(t = Tt ~TEnd ;n = 1~N) (22)
P + PO + PO < Pl + Plmax (23)

ZN: rid < Z pstor (24)

Non-negativity constraints

Pf=0 @)
where
T Total number of time slots = 96 (quarter hour per day)
P Output power of any source at t

pyr Wind turbine output power at t

1244 Solar energy output power at t
pgrid Grid consumed power
PeEtx PoTt Exported power to the grid
PAbER Absorption chiller output Power
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pstor Storage charging/discharging power at time t
cér@  Grid carbon footprint factor

cyr Wind turbine carbon footprint

cl Solar module carbon footprint

phio Biomass energy output power

chio Biomass carbon footprint

PFHP CHP Electrical output Power

csHp CHP carbon footprint
piP Heat Pump output Power
chr Heat pump carbon footprint
cAbCh  Absorption chiller carbon footprint

cstor Storage charging/discharge footprint

Table 4. Energy hub suggested data and parameters [26].

Parameter Name Value Unit
cér Grid carbon footprint 820 g/kW
cene CHP carbon footprint 490 g/kW
cpio Biomass carbon footprint 230 g/kW
ckv PV carbon footprint 48 g/kW
T WT carbon footprint 11 g/kW
cpe Heat pump footprint 2 g/kW
cabeh Heat pump footprint 1 g/kW
pSrid Maximum grid consumed power 2000 kW
penp Maximum CHP output power 1000 kW
PBio. Maximum Biomass output 2000 kW
PRV Maximum PV output power 1000 kW
pgas Maximum consumed gas 2000 kW
P Maximum WT output power 400 kW

preatr Maximum Heat pump output power 300  Heat kW
pfeary Maximum Cooling pump output power 300 Cooling kW
pAbso Maximum absorption chiller output power 400 kW
pstor, Storage maximum charge discharge power 400 kW
Sstor Storage Capacity 4 MWh
i Heat Pump Efficiency 0.99 -
n&ip CHP Efficiency 0.25 -
nBeLt Li-ion battery Efficiency 0.9 -
nhie . Biomass Efficiency 0.99 -
nabsor Absorption chiller efficiency 0.7 -
nwr. Wind Turbine Efficiency 0.30 -
nbio, Biomass Efficiency 0.99 -
nhie . Heat recovery boiler efficiency 0.90 -
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Parameter Name Value Unit
nky. Solar Efficiency 0.15 -
KHP Heat pump output heat coefficient 0.5 -
KHP Heat pump output cooling coefficient 0.5 -
KSHP CHP output electricity coefficient 1 -
KEHP CHP output heat coefficient 1 -
N}T WT cost 2 cent/kW
NPV PV cost 1 cent/kW
NJio Biomass cost 5 cent/kW
NSHP CHP cost 12 cent/kW
NAbCh Absorption Chiller cost 1 cent/kW
NHP Heat Pump cost 1 cent/kW
NAbCh Absorption Chiller cost 1 cent/kW
NGtoT Storage cost 1 cent/kW
Ngria Grid dynamic Price Figure 8. cent/kW

In the scenario one objective function, the output power values of the SEH assets are the decision
variables. The terms are related to the carbon footprint value of SEH assets, as shown in Table 4. The
constraints represent inequality equations for resources upper and lower technical limitations. In
addition to energy equilibrium and power balance constraints

5.2. Simulation and Results of Scenario One

The results produced by solving the problem via MATLAB® and Cplex® for carbon footprint
optimization function are presented in Figure 6. The results in Figure 6(a), show that no power
delivered from the grid because the grid carbon footprint is the maximum value (820 g/kW). The heat,
electricity and cooling loads were supplied from the RES as the least footprint source, i.e., from WT
(11 g/kW), then the next and so forth. Thus, the SEH achieves self-sufficiency. The biomass boiler
power satisfied most of the heat demand (Figure 6(c)). The CHP output power covers the peak
demand (Figure 6(d)). The SEH controller can export extra power of RES to the network, during the
off-peak (valley) demand hours of the day (Figure 6(b)). The total carbon emissions produced of the
energy hub equal to 9.36 tons CO:/day, after 413 iterations.
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Figure 6. (a) Grid consumed power, (b) Energy storage charged power, (c) Biomass output power, and (d) CHP

output power.

The sensitivity analysis of the running cost of the energy sources in the energy hub is shown in
Figure 7.
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5.3. Economic Optimization (Scenario Two)

The economic problem is formulated under a mixed objective function. In the first objective
function, a cost minimization for the proposed SEH is arranged. While in the second objective
function a profit maximization for exporting power to the grid is formulated. The SEH will consume
RES, then CHP and benefit the grid dynamic tariff via energy exchanging with the grid. The energy
exchange is achieved by storing surplus power in the energy storage unit. Then exporting the stored
energy to the grid during the highest price hours.

28 37 46 55 64 73 82

91

12
10
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N

10 19

o
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Time quarter-hour (15-minute)/day
Figure 8. Import/export hourly grid tariff in Cent/kWh throughout the day [26].

The coefficients of the decision variable of the objective function are the costs in cents per
kilowatt. The costs of each source in the SEH are shown in Table 4 and Figure 8. The objective function
is formulated for minimizing cost parameters and maximizing exporting power to the grid, and
rearranged to be:
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Min 528, S84 NSoPSe] — Max £284[ NG R"] (26)

The constraints are the same as in scenario number one. The objective function is subjected to
power balance constraints (3)-(9), energy balance constraints (10), technical limitation constraints
(11)-(19), energy storage constraints (20)-(24), and non-negativity constraints (25).

5.4. Simulation and Results of Scenario Two

Solving the economic objective function via MATLAB® and Cplex® to obtain the results for cost
minimization indicated that, the energy hub consumes power from the grid, during the lowest grid
tariff, and the RES cannot meet the demand as shown in Figure 9(a). The biomass boiler power
satisfied most of the heat demand (Figure 9(b)).
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Figure 9. Shows (a) The grid consumed power, (b) The biomass output power and (c) CHP output power.
The RESs were totally consumed. The CHP is lightly loaded as it has the highest running cost. It
runs to feed the unmet peak load, as shown in Figure 9(c). The result showed that the energy storage

unit is charged during surplus WT and PV power periods. The energy storage unit is discharged
during the peak-hour period at highest price (10 cent/hr) for exporting energy, as shown in Figure 8.
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Figure 10. Shows (a) Storage charged/discharge power, and (b) Grid import/export power.
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An optimal solution was found after 534 iterations, with a total cost of $2186.90 per day. The
exported power to the grid gained $62.40, in the peak hour from the energy storage. There is no
similar energy hub model in other papers to compare this result. The sensitivity analysis for running
costs is shown in Figure 11. The sensitivity analysis shows how the total cost of the SEH changes
with changing of the hourly cost of each generating unit.
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Figure 11. Sensitivity of running cost of the power sources.

5.5. Multi-Objective Function Model

In this work, the Weighted Sum Method was used to form the multi-objective function (carbon
emissions and economic scenarios), due to its usability and simplicity in convex objective functions
[10]. The multi-objective function can be arranged to be:

9% 8
ObjFn,, = & * Minz Z[ CSPET] + (1 — @) *
=1S=1

96 8 96
[Min >IN —MaxZ[Nf”dP;t’z""’”]]
t=15=1 t=1

(27)
where @ determines the relative importance or the weight of the objective functions. It can be chosen
from 0 to 1, in order to weight more or less the multi-objective functions. The Pareto’s front of the
multi-objective function is as shown in Table 5 and Figure 13.

Table 5. Multi-objective function results.

Multi-objective function

Pareto’s front points Weight Carbon emissions
Cost USD per day
tons COz/day
Point 1 (scenario one) 1.0 2366.20 9.36
Point 2 0.8 2330.28 10.55
Point 3 0.6 2294.46 11.74

Point 4 (50%-50%)) 05 227651 12.33
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Point 5 0.4 2258.57 12.93
Point 6 0.2 222274 14.12
Point 7 (scenario two) 0.0 2186.90 15.31
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Figure 12. Pareto’s front of the multi-objective function.

5.6. Result Comparison

The produced carbon emissions in the first scenario was 9.36 tons COz/day, while it was 15.31
tons COz/day in the second scenario. That means an increase in CO2 emissions by 63.57% in the
second scenario compared with the first one. While the cost in the first scenario is $2366.20 more than
the cost in the second scenario by $179.3, that means an increase of 8.20% in costs in the first scenario
(as shown in Table 5). Generally, the data in Table 5 indicates that, any decrease in carbon emissions
leads to an increase in the cost and vice versa. Based on the aforementioned results, the final optimal
solution can be chosen as point 4 (the mid-point 50% of the minimum carbon emissions and 50% of
the minimum cost) from Figure 13. Also, the final optimal solution is affected by the admissible limits
of carbon emissions and carbon tax according to the country regulations and economic issues such
as payback period.

5.7. The Energy Hub Simulation and Validation

The proposed SEH was built, simulated, and tested by the RTDS [25] to determine the design
problems and to help in solving technical issues, besides testing the operation modes of the designed
models as shown in Figure 12. All SEH components’ details have been fed into the simulator to
confirm compatibility between components. The optimization algorithm was written in a “C”
programming language. And the results showed that; the energy hub can be built and operated as a
practical application. The optimized operation results are as shown in Figures 14 and 15. The results
are the same in MATLAB and CPLEX, as described in Figure 6,7,9 & 10.
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Figure 13. RTDS simulation for the SEH.
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Figure 14. RTDS results for carbon footprint optimization.
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Figure 15. RTDS results for economic optimization.

6. Uncertainty Mitigation by Kalman Filter

For studying Kalman filter's mitigation on uncertainty of the datasets, a simulation is achieved
by combining a noise generator with the original data in a MATLAB program. Then solving the
optimization problem with the noisy dataset, and after that solving the problem with the output data
of the Kalman filter. Finally compare the results with the pure data. The results showed that KF
improved the optimization results up to a noise level of 21.36% of the data average, after that, it began
to diverge, as shown in Figure 16. and Table 5.

g 106 . .
= =-a=-Noisy data — — -Filtered data
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£ — Pure data e
55 -
‘QU[\)] 8 l A - =& -
é \\ N e = - A A
[} .
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Figure 16. Optimization results for original dataset, Kalman filter output, and noisy dataset.
Table 4. Improvement in optimization result by using kalman filter.
. Optimization result of
Percentage noise to : . Improvement
Kalman filtered Original
data average (%) Noisy dataset percentage %
dataset dataset
0 1 1 1 -
1.87 0.945 0.981 1 3.5
5.92 0.950 0.986 1 3.6
18.73 0.969 1.020 1 1.6
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20.52 0.972 1.020 1 0.6
21.36 0.974 1.024 1 0.0
22.17 0.976 1.020 1 -0.4
23.70 0.979 1.030 1 -1.4

7. Conclusions

In this work, a smart energy hub is proposed with two optimization scenarios. The results based
on the quarter-hour converted dataset showed that carbon footprint optimization has minimized
carbon emissions by 38.86% of the proposed energy hub. While increasing the cost by 8.20%. The cost
optimization has minimized the cost by 7.58%, while it increased the carbon emissions by 63.57%. It's
concluded that carbon footprint optimization achieved minimum carbon emissions with a lower
increase in cost rather than cost optimization for the proposed model. For this reason, carbon
footprint optimization is expected to be the base optimization for all energy assets, as it can fulfill the
requirements of several demands and lead to significant minimization of carbon emissions. The
uncertainty mitigation by Kalman filter showed that Kalman filter improved the optimization results
up to the noise level of 21.36% of the data average, after that, it became divergent due to dataset
deformation by noise.

Also, the obtained results indicated that using quarter-hour resolution data improved the
accuracy of the results by 0.64 and 0.40 % for scenarios one and two respectively, compared with
using one-hour resolution.

This study proposed a novel approximate interpolation method for estimating the quarter-hour
resolution dataset from the hourly one by deploying Kalman filters instead of old polynomial
interpolation techniques. The linear Kalman filter has shown the most accurate result over the other
types. This method can help in decreasing aggregation system and data log sizes, duties, calculation
time, and costs compared with old methods of interpolation.

The expected future work is to apply other types of Kalman filters such as ensemble and
constrained Kalman filters to achieve interpolation.
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