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Abstract: The networking of microgrids has received significant attention in the form of a smart grid. In this paper, a set of smart railway stations, which is assumed as microgrids, is connected together. It has been tried to manage the energy exchanged between the networked microgrids to reduce received energy from the utility grid. Also, the operational costs of stations under various conditions decrease by applying the proposed method. The smart railway stations are studied in the presence of photovoltaic (PV) units, energy storage systems (ESSs), and regenerative braking strategies. Studying regenerative braking is one of the essential contributions. Moreover, the stochastic behaviors of the ESS’s initial state of energy and the uncertainty of PV power generation are taken into account through a scenario-based method. The networked microgrid scheme of railway stations (based on coordinated operation and scheduling) and independent operation of railway stations are studied. The proposed method is applied to realistic case studies, including three stations of Line 3 of Tehran Urban and Suburban Railway Operation Company (TUSROC). The rolling stock is simulated in the MATLAB environment. Thus, the coordinated operation of networked microgrids and independent operation of railway stations are optimized in the GAMS environment utilizing mixed-integer linear programming (MILP).
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Nomenclature



	Abbreviations


 

	EES
	Energy storage system



	EM
	Energy management



	EMS
	Energy management system



	HESS
	Hybrid energy storage system



	MILP
	Mixed-integer linear programming



	PV
	Photovoltaic



	RBE
	Regenerative braking energy



	RB
	Regenerative braking



	SG
	Smart grid



	SRSEM
	Smart railway stations energy management



	SOE
	State of energy



	Indices and Sets
	



	h, k
	Index of railway station h, k = {1, 2,…, H}



	s
	Index of scenario s = {1, 2,…, S}



	t
	Index of time t = {1, 2,…, 24}



	Parameters
	



	CRBh
	Maximum charging battery rate power in station h [kW per min]



	CRCh
	Maximum charging ultracapacitor rate power in station h [kW per min]



	DRBh
	Maximum discharging battery rate power in station h [kW per min]



	DRCh
	Maximum discharging ultracapacitor rate power in station h [kW per min]



	ERBh
	Coefficient of converter loss in station h



	REBh
	Charge/discharge efficiency coefficient for battery in station h



	RECh
	Charge/discharge efficiency coefficient for ultracapacitor in station h



	DEh
	Maximum rate power of regenerative braking (RB) that injected into DC bus in station h [kW]



	Sh,k
	Maximum power rate that can be exchanged between station h and k [kW]



	Sbuy,h
	Maximum power that can be purchased from the grid [kW]



	Ssell,h
	Maximum power that can be sold to the utility grid [kW]



	qh,k
	Coefficient of transmission loss between station h and k



	Variables
	



	Ph,s,tpv
	Power generated by the photovoltaic (PV) during time interval t for scenario s in station h [kW]



	Ph,tload
	Power demand of station h during time interval t [kW]



	Ph,tRBE
	Power obtained from regenerative braking energy (RBE) during time interval t in station h [kW]



	Ph,s,tbuy
	Amount of power supplied by the utility grid during time interval t for scenario s in station h [kW]



	Ph,s,tsell
	Amount of power sold to the utility grid during time interval t for scenario s in station h [kW]



	Ph,k,s,ttrn
	Transmission power amount from station h to station k during time interval t for scenario s [kW]



	Pk,h,s,ttrn
	Transmission power amount from station k to station h during time interval t for scenario s [kW]



	Ph,s,tRB,us
	Power used from RBE to charge the battery during time interval t for scenario s in station h [kW]



	Ph,s,tRC,us
	Power used from RBE to charge ultracapacitor during time interval t for scenario s in station h [kW]



	Ph,s,tRD,us
	Power used from RBE to inject directly into DC bus during time interval t for scenario s in station h



	SOEh,s,tb
	State of energy (SOE) of the battery of station h during time interval t for scenario s [kWh]



	SOEh,s,tc
	SOE of ultracapacitor during time interval t for scenario s in station h [kWh]



	SOEhb,min
	Minimum SOE limit of the battery of station h [kWh]



	SOEhb,max
	Maximum SOE limit of the battery of station h [kWh]



	SOEhc,min
	Minimum SOE limit of ultracapacitor in station h [kWh]



	SOEhc,max
	Minimum SOE limit of ultracapacitor in station h [kWh]



	ah,s,tb
	A binary variable of the battery of station h, which its value will be 1 if the battery is charging during the time interval t for scenario s; otherwise, its value would be 0



	ah,s,tc
	A binary variable of ultracapacitor of station h which its value will be 1 if the ultracapacitor is charging during the time interval t for scenario s; otherwise, its value would be 0




1  Introduction

The urban railway is considered to be one of the major energy consumption networks. Therefore, energy management in these networks is crucial due to the supply of energy, especially under simultaneity of peak demand of utility grid and peak traffic hours along with technical and economic issues [1]. The smart railway station concept results in the advantages of a smart grid structure, e.g., the mutual power exchange with the utility grid [2], integration of renewable energy resources [3], efficiency increase [4], and system reliability improvement [5]. In addition, the power consumption level in urban railway system during the day is significantly different that causes technical problems as well as power quality problems [6], such as current harmonics, three-phase imbalance condition, and additional reactive power demands for electricity network [7].

The development of urban railway networks requires a suitable structure for accurate energy consumption management. The smart grid structure will achieve important targets like operational cost reduction and environmental pollution [8]. Many studies on the electrical railway network have focused on regenerative braking energy (RBE), and various solutions have been reported to utilize this energy [9].

In [10], authors presented an energy management strategy to coordinate microgrid energy management and on-route train energy consumption based on the maximum economic benefit. A railway energy management architecture based on the smart grid (SG) framework has been introduced by [1] to integrate onboard and wayside energy storage system (ESS), distributed generation units, and train’s load. In [11], an energy management optimization for railway power substations has been presented to coordinate renewable energy sources and storage units. In [12], a method for optimum operation of railway electric energy systems in the presence of renewable resources, RB, and hybrid ESS (HESS), has been presented. Along with the aim of energy and economic savings, the uncertainty related to renewable energies has been considered by [12]. In [13], the integration of smart micro-grid in DC railway systems has been investigated to increase the total energy efficiency of the system. In the presence of HESS, RBE is stored and reused in non-railway consumption. An energy management/control strategy, while the RBE is stored in ESS, has been reported in [14]. The RBE can be reused for the acceleration of vehicles. Consequently, the system efficiency increases and the pantograph voltage profile is improved. In the presence of a DC microgrid, including photovoltaic (PV), ESS, and RBE, Hernandez et al. [15] presented a strategy of power management, converter control, and the influence of the ESS component to charge electric vehicles on railway station parking lots. The train mass changing during the day, which has an effect on RBE, and the uncertainty of initial SOE of ESS were not considered. Authors of [2] proposed energy management of a smart railway station in the presence of PV, RBE, and ESS, while the RBE is stored in ESS and utilized to supply station load. However, through the proposed energy management (EM) model, the whole RBE utilization potential could not be used because the ESS sometimes might be fully charged.

Considering the optimal planning problem for electrical railway systems, Tostado-Véliz et al. [16] proposed an optimal sizing model to find the best-compromised solution for a hybrid battery and super-capacitor energy storage system. Controlling energy flow in a tramway system has been studied by [17] through a techno-economic and environmental analysis. Also, novel patterns concerning existing tramways have been identified in [17]. An optimal scheduling model for a tramway system coordinating the operation of facilities, including PV energy, hydrokinetic turbines, and a biomass gasifier, has been reported by [18]. Additionally, robustness analysis of the system is conducted against future load increases. Furthermore, a comparison has been presented by [19] for two alternative systems to supply tramway traction power, including an upstream power grid and hydrogen charging stations on the depth of discharge and voltage variation.

In order to manage the energy flow in smart energy systems and microgrids, such as smart buildings, Elkholy et al. [20] have proposed an efficient home energy management system, considering energy generation and consumption units deploying a field-programmable gate array (FPGA) unit. Also, in the presence of PV, fuel cells, and wind energy systems, Elkholy et al. [21] presented a smart energy management system by implementing an FPGA unit. A various-goal energy management system based on a two-layer hierarchical control scheme was proposed by [22] to reduce the cost of electricity and obtain free charging of electric vehicles, as future transportation systems, through renewable energy sources.

Tostado-Véliz et al. [23] presented an optimal day-ahead scheduling model for a microgrid through an information gap decision theory (IGDT) framework based on a MILP model. The uncertainties regarding renewable energies, demands, and energy pricing have been considered by [23]. In the presence of green hydrogen-based storage systems, Tostado-Véliz et al. [24] proposed an optimal robust scheduling model. The impacts of different demand response programs on microgrid operation have been studied. Also, a stochastic-interval model was presented by [25] for the optimal operation of charging stations, considering optimistic and pessimistic strategies. In the presence of pumped-hydro and battery energy storage systems, Ahmadi et al. [26] presented an interval-based model coping with the uncertainties. Considering the failure of components, Tostado-Véliz et al. [27] proposed an optimal scheduling model for isolated microgrids based on a stochastic-IGDT framework, which is robust against failures. The various studies in the literature about the uncertainties and their impacts on microgrids highlight the importance of these concerns.

In this paper, a set of smart railway stations are connected together. It has been tried to manage the energy exchanged between them in order to reduce received energy from the utility grid and the operational cost of stations under various conditions. In one of the studied conditions, it is assumed that each smart railway station includes PV panels, the HESS (battery and ultracapacitor), and the load of the station. Also, the RBE can be used as station supply and storage in ESS, or it can be sold to the utility grid. The stochastic behaviors of the initial SOE of ESS and uncertainty of PV power generation are evaluated through a set of scenarios. The changes in the train mass during the day are considered, which affect the RBE and its calculations. The feasibility study is done for investment return. In addition, the networking of smart railway stations’ influence on operational cost has been evaluated through a set of case studies. Also, the smart railway stations energy management (SRSEM) is formulated based on mixed-integer linear programming (MILP).

The main contributions of this paper can be listed as follows:

•   Proposing an optimal scenario-based operation model for smart railway stations in the presence of renewable energies and energy storage;

•   Coordinating the operation of networked smart stations to reduce the cost of exchanged energy with the upstream power grid;

•   Facilitating the usage of recovered energy by trains through the coordination scheme;

•   Considering the uncertainties related to PV power generation and the initial state of energy storage;

•   Considering the changes in the number of passengers during a day, aiming to accurately forecast the energy flow of the trains, including traction consumption and regenerative profile;

•   Investigating the operation of the smart stations under two operational schemes, including independent and coordinated schemes.

The rest of this paper is organized into three sections. The mathematical modeling and the proposed energy management problem are presented in Section 2. Section 3 describes the simulation procedure and reviles the case studies. In addition, the simulation results and a brief discussion are presented in Section 3. In the last section (Section 4), a summary conclusion is provided.

2  Methodology

Generally, smart electrical railway stations consist of station load, PV generation units, and ESS. In this study, smart railway stations have been considered as networked microgrids that are able to exchange power with each other, besides the utility grid. The structure and components of smart stations and relevant connections are shown in Fig. 1.
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Figure 1: Structure of networked stations

Train power: In order to calculate RBE, the train forces need to be measured. Train power (Ptr) at each moment is calculated using (1) [28]:

Ptr=(mdvdt+Ftrain)vηtrηgηi+Pa(1)

In (1), m, v, ηi, ηg, ηtr, and Pa denote the train mass, train velocity, gearboxes efficiency, traction motor efficiency, inverter efficiency, and auxiliary loads of train, respectively.

Ftrain=Ftr−Frr−Frg−Frc(2)

In (2), Ftrain is the net force applied to the train. The net force consists of traction motors force (Ftr), running resistance force (Frr), the gradient resistance force (Frg), and curve resistance force (Frc).

In the proposed energy management model, to schedule the operation of the facilities based on a mathematical programming framework, the operation, as well as stability constraints related to each element, should be considered and formulated. Hence, the proposed optimization model, representing the optimal operation model, is described in this part.

In addition, H is considered as a set of networked stations, and indices h and k indicate any of the members of the above set. It is assumed that power transmission can be distinguished between the members. Minimizing the total daily operational costs of the stations is considered the objective function of the EM model, as shown in (3).

Min∑hHcosth(3)

Moreover, variable (costh) as daily operational cost of station h is shown in (4), where (Ph,s,tbuy/Ph,s,tsell) is purchased/sold power from/to the grid, ∑kPh,k,s,ttrn is totally exchanged power of station h, (ρs) is the probability of scenario s, (ch,tbuy/ch,tsell) is purchasing/selling pricing signal, and (Ch,k,t) is purchasing/selling pricing signal between the stations at time interval t. Power purchased/sold from/to the grid and exchanged power between the stations depend on time and scenarios. Pricing signals are also dependent variables to time and station.

costh=1τ∑s∑t(ch,tbuyPh,s,tbuy−ch,tsellPh,s,tsell+ch,k,t∑kPh,k,s,ttrn)⋅ρs∀hϵH(4)

In this model, the time interval t is considered one minute (approximate time of train braking in the stations). In addition, (τ) is equal to the number of time intervals in one hour that can be changed depending on the operation type of the stations and the unit of price signal [1].

For a stable operation of stations, a collection of the time-dependent equation in each scenario should be met [29,30].

Power balance: Eq. (5) indicates that in each time interval and scenario, generated power by PV units, total exchanged power of station h, effective discharged power from ESS (Ph,s,tc,ef,Ph,s,tb,ef), power obtained from braking energy of train that is injected directly to DC bus of each station, and purchasing power from the grid will be applied in combined or separate form in order to supply station power demand, battery charging power, or sold power to the grid. In (5), the left side denotes generated power by the facilities, while the right side can be interpreted as consumption. In addition, through the capability of the stations to exchange power among each other as well as the upstream grid, when there is extra generated energy in a station, by PV or RBE, it can be sold back or transferred to another station.

Ph,s,tbuy+Ph,r,tpv+∑kPh,k,s,ttrn+Ph,s,tb,ef+Ph,s,tc,ef+Ph,s,tRD,ef=Ph,tload+Ph,s,tb,ch+Ph,s,tsell∀hϵH,∀sϵS,∀t(5)

Exchanged power constraints: Parameter (Sh,k) denotes maximum exchanged power between two stations h and k. Transmission power is limited through (6) [31]. Coefficient qh,k is used to model transmission loss in (7).

Ph,k,s,ttrn≤Sh,k∀h,kϵH,∀sϵS,∀t(6)

Ph,k,s,ttrn=qh,k⋅Pk,h,s,ttrn∀h,kϵH,∀sϵS,∀t(7)

The capacity of power exchange with the utility grid is determined based on (8) and (9). On the other hand, stations are able to either sell or purchase power at the same time. This limitation is applied using a binary variable (ah,s,tgrid). If the value of the discussed binary variable becomes 1, station h will purchase the power from the grid. Otherwise, 0 value means that it will not purchase the power from the upstream grid.

Ph,t,s,wbuy≤ah,s,tgrid⋅Sbuy,h∀hϵH,∀sϵS,∀t(8)

Ph,t,s,wsell≤(1−ah,s,tgrid)⋅Ssell,h∀hϵH,∀sϵS,∀t(9)

RBE modeling: The RBE in each station can be used for different utilizations, including direct injection to the DC bus and charging the ultracapacitor. The amount of effective RBE that is injected directly to the DC bus of station h (Ph,s,tRD,ef) is gained using (10) and (11). Constraint (12) will keep total RBE utilization under obtained energy from train braking.

Ph,s,tRD,us≤DEh∀hϵH,∀sϵS,∀t(10)

Ph,s,tRD,ef=Ph,s,tRD⋅ERBh∀hϵH,∀sϵS,∀t(11)

Ph,s,tRD,us+Ph,s,tRC,us≤Ph,tRBE∀hϵH,∀sϵS,∀t(12)

ESS modeling: Technical specifications of the equipment, like capacity and charge/discharge rate, may have different values in each station. Therefore, any of these specifications has index h and takes value based on the specification of each station. The effective power of the battery/ultracapacitor (Ph,s,tb,ef,Ph,s,tc,ef) is obtained after applying discharging efficiency of the battery/ultracapacitor on its discharging power (Ph,s,tb,disch,Ph,s,tc,disch) according to (13) and (14). Discharging power from battery/ultracapacitor is limited to the maximum discharging rate in (15) and (16). As ESS cannot be charged and discharged simultaneously, the binary variable is used for battery and ultracapacitor. The storage device is charged when the value of each becomes 1. Otherwise, the 0 value represents that it is not charged. Constraint (17) limits battery charging power. In addition, the ultracapacitor is charged only through power used from RBE in (18).

Ph,s,tb,ef=Ph,s,tb,disch⋅REBh∀hϵH,∀sϵS,∀t(13)

Ph,s,tc,ef=Ph,s,tc,disch⋅RECh∀hϵH,∀sϵS,∀t(14)

Ph,s,tb,disch≤DRBh(1−ah,s,tb)∀hϵH,∀sϵS,∀t(15)

Ph,s,tc,disch≤DRCh(1−ah,s,tc)∀hϵH,∀sϵS,∀t(16)

Ph,s,tb,ch≤CRBh⋅ah,s,tb∀hϵH,∀sϵS,∀t(17)

Ph,s,tRC,us≤CRCh⋅ah,s,tc∀hϵH,∀sϵS,∀t(18)

As seen, (SOEh,s,tb) and (SOEh,s,tc) are dependent variables to the earlier t−1 and present t time intervals, stations, and scenarios. This connection is expressed by (19) and (20). The initial value of SOE of ESS in each scenario is defined using (21) and (22), and the SOE of ESS will remain between the minimum and maximum allowable limit by (23) to (26).

SOEh,s,tb=SOEh,s,w,t−1b(−Ph,s,tb,disch+REBh⋅Ph,s,tb,ch)⋅Δt∀hϵH,∀sϵS,∀t>1(19)

SOEh,s,tc=SOEh,s,w,t−1c(−Ph,s,tc,disch+RECh⋅Ph,s,tRC,us)⋅Δt∀hϵH,∀sϵS,∀t>1(20)

SOEh,s,1b=SOEsb,initial∀hϵH,∀sϵS(21)

SOEh,s,1c=SOEsc,initial∀hϵH,∀sϵS(22)

SOEh,s,tb≤SOEb,max∀hϵH,∀sϵS,∀t(23)

SOEb,min≤SOEh,s,tb∀hϵH,∀sϵS,∀t(24)

SOEh,s,tc≤SOEc,max∀hϵH,∀sϵS,∀t(25)

SOEc,min≤SOEh,s,tc∀hϵH,∀sϵS,∀t(26)

3  Simulation Results and Discussions

3.1 Case Study and Test Results

The MILP model has run in GAMS software v.24.1.2 with Intel Xeon 2.80 GHz processor and Windows server 2008 operating system, and simulation results are gained by CPLEX v.12 solver.

To calculate the RBE, the train movement must be simulated dynamically. For this purpose, route profile, route plan, route headway, and train specifications are required. It is necessary to mention that train movement has been simulated with Intel core i7, 2.20 GHz processor, and Windows 8.1 operating system in MATLAB environment. The proposed MILP model can be applied to any number of stations. In this study, the model has been operated on three stations of line 3 of Tehran Urban and Suburban Railway Operation Company (TUSROC), namely M3, N3, and O3. Line 3 of the TUSROC is 37 km long with 26 stations. Figs. 2 and 3 show train loading percentage during the day and RB power profile of station O3, respectively.
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Figure 2: Train loading percentage during the day
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Figure 3: RB power profile during a day of station O3

In this study, station load demand is investigated, and those issues related to traction energy demand are not considered. Also, power exchange between M3 and O3 stations is transmitted through the N3 station. Fig. 4. shows the stations’ load profile. Station load consists of consumptions like lighting, escalator, elevator, and ventilation. The time of use (TOU) pricing scheme is applied. The energy price during off-peak hours (23:00 to 07:00), mid-peak hours (07:00 to 11:00 and 17:00 to 19:00) and on-peak hours (11:00 to 17:00 and 19:00 to 23:00) is considered to be 0.02, 0.04, and 0.09 $/kWh, respectively.

[image: images]

Figure 4: Daily stations load profiles

It should be noted that purchasing and selling energy prices are assumed to be equal. As all the three stations have one operator, power transmission among the stations will have no charges.

The initial SOE of ESS is considered an uncertain parameter. For this purpose, W set is defined, including the scenarios of the initial value of energy storage devices. The initial value in the first scenario is equal to the maximum allowable SOE, and the same in the second scenario is the minimum allowable SOE of the storage devices. The probability of any of the members is assumed to be equal. Using these two scenarios, the influence of the best and worst cases on daily operational costs will be taken into consideration.

Since the PV generation is uncertain, set R is defined, consisting of 12 solar irradiation and temperature scenarios. This set is used for producing PV generation profiles.

It should be noted that solar irradiation depends on different factors, mainly environmental and seasonal conditions [32].

RERs, such as PV units, are probabilistic power generators. As a result, their uncertainties need to be considered. Also, simulation methods based on stochastic processes, such as MCS, are becoming more popular and useful. The MCS-based approaches are capable of accurately analyzing uncertainties, but their computation time poses a major challenge. It is crucial to understand the computation time of MCS-based approaches, especially if you are trying to solve an optimization problem or make a decision in real-time. As a result, new fast methods for assessing energy system uncertainty have gained much attention, particularly analytical or scenario-based methods. This paper aims to mitigate the challenges of MCS-based, while obtained results are adequately precise from the viewpoint of uncertainty modeling.

In order to model the problem stochastically, a scenario set S is defined, consisting initial SOE of ESS and PV power generation scenarios with 24 members (2 * 12). Also, ρs, as the probability of scenario s (s ϵ S), equals the multiplication of ρr, i.e., probability of PV power generation scenario r> (r ϵ R) by ρw, i.e., probability of initial SOE of ESSs scenario w (w ϵ W), (ρs = ρr * ρw).

MATLAB software has been used to produce PV generation scenarios based on the MCS approach, and the following steps are done:

1- By means of Tehran irradiation and temperature data taken from [33], a total of 250 solar irradiation scenarios have been produced for a complete day in each season by the Monte Carlo simulation (MCS) [34].

2- The probability of each scenario is assumed to be 0.001 by putting 1000 solar irradiation scenarios together in one year (250 * 4).

3- To reduce the scenarios, the backward reduction technique is applied, and finally, 12 scenarios with a new probability are selected [35].

4- The profile of PV generation power has been determined after converting irradiation and temperature scenarios based on PV panel specifications by the manufacturers [36].

Fig. 5 shows the profile of PV generation power in station N3 for different scenarios. Seasonal influence on maximum PV generation is evident.
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Figure 5: PV generated power profile of station N3 for different scenarios during the day

Indeed, using equipment like PV panels, ESS, or RB, power utilization in each station depends on the existing capacities and relevant infrastructures. For instance, PV panels require suitable space for installation. As the subway stations are located inside cities, the capacity of installed PV in each station depends on its accessible space. In addition, the required space for ESSs in each station is limited. There are also important remarks on RBE. Table 1 shows the technical specifications of the understudy test system’s elements.
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To investigate the proposed energy management model, daily operational costs in each station, exchanged power between the stations, SOE of batteries, and received energy from the grid during on-peak hours, are analyzed. Eight different case studies have been considered based on the absence/ presence of elements like PV, ESS, and RBE, as shown in Table 2. For each case study, two operational modes are defined, including stations’ independent operational mode and interconnected operational mode, and all of these modes are evaluated with the scenario set S.

[image: images]

Table 3 indicates the daily operational costs of stations. The operational cost of one station under the stations’ interconnection may increase more than the stations’ independent operational mode, but the total operational cost of stations will decrease. For example, in case 6, the operational cost of two stations N3 and O3 has decreased by 3.10% and 18.71%, respectively, and the same has increased by 17.5% for station M3. However, the total operational cost of these stations has decreased by 2.49%.

[image: images]

The decrease in operational cost depends on accessible generated power in the stations’ interconnection operational mode. In other words, an increase in energy generation elements in the stations will increase the possibility of power interchange between stations. As using of RBE is not limited to storage, it will be possible to use this energy all the time since the storage device may be fully charged and RBE cannot be used at some moments. In addition, the possibility of power transmission between stations results in maximum utilization of all the energy generation and storage resources. Hence, as it can be seen, in cases one to four, there is no significant difference between the operation costs in the two operational modes.

Furthermore, the average interchanged power by the stations in scenarios 5 and 1 is shown in Table 4. Scenario 5 has the lowest, and scenario 1 has the most PV power generation among the R set. It is evident that PV power generation is more in scenario 1, which leads to an increase in power transmission between stations.
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Fig. 6 shows the SOE of batteries in case 7 for scenario 19. Obviously, the SOE of batteries will increase more quickly after RBE becomes accessible at 05:00. In addition, their charge/discharge procedure can be observed depending on energy price alterations. It is worth mentioning that battery behavior in two stations, M3 and O3, for all the scenarios under stations’ interconnected and independent operational modes, is similar since both stations are able to buy/sell power from/to the utility grid. An interesting situation takes place in the battery behavior of station N3 under the independent operational mode, which is different in comparison with other stations, and the whole charging capacity was not used before the first price increase since the second station cannot sell power to the utility grid (Fig. 6, scenario 19). Under the station’s interconnected operational mode, all the batteries have almost similar behaviors, and the level of accessible saved energy in the stations is more than in the independent operational mode.
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Figure 6: Variations of battery SOE and energy price in each station in case 7 for scenario 19 during a day. M1: Stations interconnected operational mode, M2: Stations independent operational mode

As mentioned before, the supply of required power for urban railways during on-peak hours is considered to be one of the challenges for the utility grid. Table 5 indicates received energy from the grid during on-peak hours (19:00 to 23:00) for scenario 1.
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The power purchased from the utility grid by stations in case 7 (for a short time interval and under stations’ interconnected operational mode) is shown in Fig. 7. It is worthy to note that for scenario 1 sold power is stable compared to scenario 5.
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Figure 7: Power purchased from the utility grid by stations in selected scenarios

3.2 Discussions

As revealed by test results and defining different cases, it has been tried to study and distinguish the impacts of deploying each facility in smart railway stations. It is evident that the total daily operational cost in the presence of PV, RB, and ESS has decreased more than the base case in which the load of the station is supplied just by the utility grid. However, from a planning and expansion perspective, different costs and factors should be taken into account, including investment, maintenance, and replacement costs, which are considered in future works. The biggest total cost reduction is evident under the stations’ interconnection operational mode of case 7, where cost reduction is 48.60% in comparison with the base case and 3.67% in comparison with case 7 under the stations’ independent operational mode. Hence, based on the results, it can be concluded that the coordination scheme brings more economic benefits for the SRS since the stations can share their facilities, including storage. Also, as the RBE has a high power density, through coordination mode, more RBE can be used since more loads are available to provide and more capacity to store energy exists.

Another aspect of this study that claims attention is the execution time of calculations and optimization by the proposed method. A reasonable computational time is one of the advantages of the proposed method compared to MCS-based ones. Indeed, the proposed method for optimal operation of smart railway systems would be adequately fast and precise. Thus, the scalability of the proposed method is satisfying, and the proposed method can be applied to large test systems.

4  Conclusion

This paper presented an energy management model for smart railway stations based on MILP, which is formulated stochastically. Considering energy storage systems, PV generation units, and RBE utilization, two different operational modes (interconnected and independent operational modes of the smart stations), have been introduced to study their impacts on the system’s operation. Also, a set of scenarios to evaluate the effects of solar irradiation and initial SOE of ESS uncertain behavior have been utilized. In addition, in order to calculate the amount of available RBE, trains’ motion and related power flow calculation have been simulated considering the changes in the number of passengers during a day. Simulation results in the presence of all elements, including PV, ESSs, and RBE, indicated a cost reduction of 48.6% for the whole stations in interconnected operational mode. In addition, daily operation costs in interconnected operational mode indicate a cost reduction of 3.67% in comparison with independent operation of stations. Another challenge caused by the urban electrical railway system is the coincidence of consumption peak and passenger flow peak. The amount of received energy from the utility grid during the energy consumption peak hours by means of the proposed model would decrease by 24% in the presence of all elements under the station’s interconnected operation mode. Developing the model from an optimal planning perspective as well as proposing a fairly cost allocation mechanism for the entities are considered for future works.
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Table 1: Technical specifications of applied equipment in each station

Parameter Station

M; N; O,
Battery capacity [k Wh] 70 50 50
CRB,, DRB, [kW per min] 50 30 30
REB,, REC, [%] 50 0.97 0.95
SOE™* [kWh] 70 50 50
SOE;"™" [kWh] 14 10 10
Ultracapacitor capacity [k Wh] 0 5 3.33
CRC,, DRC, [kW per min] - 80 60
SOE;™ [kWh] — 5 3.33
SOE;™" [kWh] — 0 0
PV size [kW] 97 158 146
DE, [kW per min] 80 150 100
ERB, [%] 0.93 0.95 0.97
Souyn [KW] 250 250 250

Seeirn [KW] 250 0 250
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Table 3: Comparison between different case studies and operational modes*

Case studies Station Total operational cost of
stations
M3 N3 O3
OP [$] CR [%] OP [§] CR [%] OP [$] CR [%] OP [$] CR [%]
CBC CIM CBC CIM CBC CIM CBC CIM
Base case Ml 216.04 - - 222.66 - - 270.96 - - 709.66 - -
M2 216.04 0.00 0.00 222.66 0 0.00 270.96 0 0.00 709.66 0.00 0.00
Case | Ml 179.69 16.83 - 129.37 41.90 - 204.99 24.35 - 514.06 27.56 -
M2 229.15 —6.07 —27.5 116.06 47.88 10.29 168.83 37.69 17.64 514.05 27.56 0.00
Case 2 Ml 209.66 2.95 - 186.78 16.11 - 244.07 9.92 - 640.51 9.74 -
M2 265.93 —23.09 —26.8 170.46 23.44 8.74 204.12 24.67 16.37 640.52 9.74 0.00
Case 3 Ml 179.68 16.83 - 160.39 27.97 - 227.22 16.14 - 567.3 20.06 -
M2 248.47 —15.01 —38.2 135.18 39.29 15.72 183.64 32.23 19.18 567.3 20.06 0.00
Case 4 Ml 173.64 19.63 - 158.56 28.79 - 211.73 21.86 - 543.94 2335 -
M2 175.45 18.79 —1.04 153.72 30.96 3.05 214.76 20.74 —1.43 543.94  23.35 0.00
Case 5 Ml 173.66 19.62 - 128.29 42.38 - 189.73 29.98 - 491.69 30.71 -
M2 182.79 15.39 —5.26 139.79 37.22 —8.96 168.66 37.75 11.11 491.24 30.78 0.09
Case 6 Ml 143.67 33.50 - 112.15 49.63 - 172.88 36.20 - 428.71 39.59 -
M2 168.82 21.86 —17.5 108.67 51.19 3.10 140.53 48.14 18.71 418.02  41.10 2.49
Case 7 Ml 143.68 33.49 - 84.33 62.13 - 150.65 44.40 - 378.67  46.64 -
M2 134.01 37.97 6.73 99.88 55.14 —18.44 130.87 51.70 13.13 364.77  48.60 3.67

Note: *Table description: OP, Operational cost; CR, Cost reduction; CBC, Compared to the base case; CIM, Compared to stations independent operational mode; M 1, stations
independent operational mode; M 2, Stations interconnected operational mode.
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Table 4: Comparison of average interchanged power between three stations in scenarios 5 and 1 during
the day

Scenario M; [kW] N; [kW] O; [kW]

5 —1.4 0.5 0.9
1 11.0 —20.5 9.4
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Table 2: Descriptions of case studies

Case No. Description and sub-systems

Base case Grid.

Case 1 Grid and RBE.

Case 2 Grid, ESS, and RBE for charging the ultracapacitor.

Case 3 Grid, battery, and RBE, which is only utilized directly.
Case 4 Grid, battery, and PV.

Case 5 Grid, PV, battery, and RBE for charging the ultracapacitor.
Case 6 Grid, PV, battery, and RBE which is only utilized directly.

Case 7 Grid, ESS, PV, and RBE.
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Table 5: Comparison of received energy from utility grid between case 7 and base case for scenario 1*

Station
Case study M3 N3 03 Total
RE[MWh] A [%] RE[MWh] A [%] RE[MWh] A [%] RE[MWh] A [%]
Base case 0.715 _ 0.731 _ 0.861 _ 2.309 _
Case 7 M1  0.603 —15 0.470 -35 0.667 -22 1.754 -24
M2 0.664 —7 0.393 —46 0.695 —19 1.741 —24

Note: *Table description: RE: Received energy from grid; A: Alteration; M1: Stations interconnected operational mode; M2: Stations
independent operational mode.
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