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Summary

In order to accelerate the integration of renewable intermittent generation, such as

wind and solar photovoltaics (PV), these assets can be combined in a Hybrid Power

Plant (HPP) with energy storage, such as batteries, as well as conversion to different

energy carriers, such as hydrogen and heat. Such an integration in an HPP can yield

highly predictable generation, resulting in higher and more stable revenues, more

flexible control that increase grid infrastructure utilization while reducing curtailment.

This work details the methodology to model such HPPs and optimize its operation

to maximize the profit margin in different energy markets. The Energy Management

systEm for combined Renewable Generation and storagE (EMERGE) model com-

bines the main technical and economic aspects of an HPP into a single package,

which allows for scheduling and planning of the HPP for the long and short term

future, followed by simulation of the realized operation. The economic aspect of the

EMERGE model uses optimization algorithms for the HPP assets to schedule their

operation for the upcoming day, in the most profitable sense. The technical package

within the EMERGE model then uses a representation of each HPP asset to simulate

the actual day operation, identifying the resulting energy surplus and deficit of the

plant. As shown at the end of this study, this combination of economical dispatch and

the resulting technical analysis positions EMERGE to aid in preparation for small-

scale testing in a lab setting and model validation, before full-scale implementation.
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1 Introduction

Renewable technologies have been gaining momentum over the last decades, promis-

ing to help curbing the amount of greenhouse gas emissions. Such developments are

incentivised by the European ambitions, with targets such as cutting carbon emissions

by at least 55% by 2030 when compared with 1990 levels and making Europe climate

neutral by 2050. Wind and solar photovoltaic (PV) power are currently two of the most

widely used renewable technologies. However, as they are dependent on available

resources (wind and irradiance), their power output will be intermittent, which is not

desirable. An emerging trend in the energy industry is to combine multiple Distributed

Energy Resources (DERs) with energy storage, such as batteries, as well as conversion

to different energy carriers such as hydrogen and heat. Such a combination of assets

is usually referred to as a Hybrid Power Plant (HPP) [1].

The tendency to combine assets in an HPP is motivated by the numerous advantages

that can realized, such as increased Annual Energy Production (AEP) and capacity

factor by storing excess energy instead of curtailing it. Furthermore, enhanced flexibility

can be realized using an HPP, by making use of electricity arbitrage opportunities,

using the batteries or hydrogen and heat conversion to access additional sources

of revenue. Finally, the introduction of an HPP can reduce the impact of a lack of

sufficient grid connection and transport capacity, as well as the power forecast error,

making use of the energy storage and conversion to smooth the deviations between

predicted and actual energy produced [2].

Different HPP configurations, EMSs, optimisation techniques and flexible control of

power have all been studied in the literature [4, 5, 6]. For this optimization, minimization

of the total levelized cost of energy during the expected lifespan of the HPP is a typical

objective.

This work provides insights in the technical and economical aspects of an HPP, includ-

ing asset utilization and energy flows, through development of the Energy Management

systEm for combined Renewable Generation and storagE (EMERGE) model. For the

economic aspects, the EMERGE model focuses on the economical dispatch of the

assets in an HPP for the day ahead market. This optimization determines a schedule

for the upcoming day that maximizes the revenue from renewable generation, stored

energy or conversion of electricity, while minimizing the marginal cost of storage and

conversion assets. For the technical aspects of an HPP, the EMERGE model uses

static models of the HPP assets to simulate the actual operation of the HPP based

on the schedule from the economical dispatch, and identifies the resulting surplus

and deficit of the plant as a whole. This combination of economical dispatch and the

resulting technical analysis enables EMERGE to be used in preparation for small-scale

testing in a lab setting, before considering full-scale implementation.

This report is structured as follows: in Chapter 2, the modelling approach is detailed,

introducing the structure of the developed EMERGE model, the assets it contains,

and the optimization and cost modelling approach. Next, Chapter 3 discusses a case

study to demonstrate the capabilities of the developed model.
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2 Methodology

This chapter details the modelling approach of different components of TNO’s Energy

Management systEm for Renewable GeneratIon and storagE (EMERGE). This model

is created to model the planning and operation of a Hybrid Power Plant (HPP) consisting

of wind and solar PV generation, as well as battery storage, hydrogen conversion and

heat production (Power2Heat). This chapter is structured in the following way: first,

an overview of the model is shown in Section 2.1, followed by a description of the

assets that are modelled in Section 2.2. Finally, an overview of the optimization and

cost modelling approach is presented in Section 2.3.

2.1 Structure of the EMERGE model

The basic structure of the EMERGE model can be split in three parts: resource

availability, optimization and simulation. A schematic overview of these three stages is

shown in Figure 1 below.

Figure 1: Schematic overview of the EMERGE process flow, with the different model steps highlighted.

First, the resource availability part of the model uses input of the atmospheric conditions

for the day ahead, necessary to estimate the hourly power production of the wind and

solar PV assets. This resource availability step, implemented in a Matlab/Simulink

environment, makes use of a constant value of the atmospheric conditions for the

complete hour, namely temperature, irradiation, wind speed and direction. These

conditions are used to construct an hourly time series of expected production, which

are then fed into the optimization stage.

The optimizer combines the time series of power prediction with the expected day-

ahead market price, and uses profit optimization to determine set points for the

generation, storage and conversion assets. These set points are normalized values

between 0 and 1, which represent no or full generation/load for the respective asset.

The exception to this is the battery system, which can accept a set point between -1 (full

charge) and 1 (full discharge). The optimization is a Python-based mixed-integer linear

programming (MILP) model, and includes simplified representations of the wind and

solar PV generation, as well as the battery (storage), hydrogen and heat (conversion)

assets. A more detailed description of the modelling approach for this optimization can

be found in Section 2.3.1.

Finally, the set points determined by the optimization are fed into the physical model

stage. This physical model uses MATLAB/Simulink to represent the operation during

the day of the generation, storage and conversion assets. This operation is based on
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a 30 second time step, and uses the set points that were determined in the optimizer

for the day ahead. The assets modelled in this stage are described in more detail in

Section 2.2.

2.2 Overview of assets modelled in the EMERGE model

This section presents an overview of the assets modelled in the EMERGE tool. First,

the wind and solar PV generation assets are detailed in Section 2.2.1 and 2.2.2,

respectively. Next, the battery storage is described in Section 2.2.3, followed by the

hydrogen conversion in Section 2.2.4. Finally, the heat conversion asset is described

in Section 2.2.5.

2.2.1 Wind Farm

The wind farm model used in the EMERGE tool is based on the FLORIS wind farm

model [9]. The simplicity and fast calculation speed makes this model very suitable for

use in these optimization algorithms. Finally, the wind farm has been extended here

to allow for regulation of the wind turbine output power based on the set point coming

from the optimizer.

2.2.2 Solar PV

The solar PV farm is constructed based on individual solar PV panels, which are

modelled as an equivalent circuit [10, 11, 12]. This model uses the irradiance, ambient

temperature and panel specific inputs, such as the energy band gap and open circuit

voltage, to calculate the PV panel power production. Because of the dependence

on panel specific inputs, the model can easily be configured for different PV panels.

Additionally, it is possible to configure the undersizing of the PV plant inverters, a

common trade-off between energy yield maximisation and inverter cost minimisation,

and the PV plant efficiency. This efficiency governs the conversion from a single

panel to a full-scale PV plant, accounting for losses such as cabling or shading effects.

Similar to the wind farm, regulation of the PV plant output power is available, based

on the set point from the optimizer.

2.2.3 Battery energy storage system (BESS)

The battery system is modelled as an equivalent circuit cell, as typically done in

literature [13]. This model uses battery specific data such as the battery constant

voltage, rated capacity and polarisation voltage to calculate the current capacity, based

on the instantaneous current and voltage. In addition, a battery management system

(BMS) is modelled that governs the behaviour of the battery in response to a set point,

limiting the upper and lower state-of-charge (SOC) and (dis)charging current of the

system. Additionally, the battery system model can emulate reduced charging rates

above a certain threshold, as is commonly seen in Lithium-ion chemistries, as well as

reduced discharge rates below a certain threshold, which is common due to decreasing

voltages at low SOC.

2.2.4 Hydrogen conversion asset

The electrolyser used for hydrogen conversion is modelled as a status-based static

model, using different look-up tables for the different operational states [14], [15].

Furthermore, the stack and balance of plant (BOP) power consumption, ramp rates

and operational mode switching time, e.g. from standby to full production, are

considered when following the incoming set point. The model is able to represent

several typical operational states, such as the full shutdown state, cold/hot standby and

fully operational state. The switching between these states occurs based on the (lack

of) incoming set point. When the electrolyser is in a state other than the full operational
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state, the hydrogen production (in kg/s) will be limited due to electrochemical, thermal

and pressure limitations from the electrolyser (re)starting.

2.2.5 Heat conversion asset

For the heat conversion asset, a heat pump is modelled based on typical thermo-

dynamic relations [16]. This model relates the power flowing into the heat pump to

the heat output of the asset, using the coefficient of performance (COP). This COP

depends on the ambient and desired temperature, as well as a performance indicator

of the heat pump itself. Finally, the heat pump can follow a set point between the

minimum and maximum operating (input) power.

2.3 Economic optimisation and cost modelling within the EMERGE model

2.3.1 Optimising for day ahead profit

In this section, the profit optimization mechanism is specified using the equations of

the mixed-integer linear programming (MILP) problem. The objective of this profit

optimization is to maximize the profit Cpr
t (in e) for the set of timesteps t, as specified

in Equation 2.1.

maximize:

∑
t

Cpr
t =

∑
t

[Crev
t − Cc

t ] (2.1)

In this objective function, the revenue Crev
t and cost Cc

t (in e) are calculated from

Equation 2.2 and 2.3, respectively.

Crev
t = [P exp

t · λel
t + PH2

t · λH2
t + Pheat

t · λheat
t ] ·∆T (2.2)

Cc
t = [P imp

t ·λel
t +(P bat,in

t +P bat,out
t )·Cm,bat

t +PH2
t ·Cm,H2+Pheat

t ·Cm,heat]·∆T (2.3)

where P exp
t is the exported power (in W), ∆T is the timestep (in seconds), λel

t is the

day-ahead price (in e/Wh), PH2
t is the power input to the electrolyzer (in W), λH2

t is

the hydrogen price (in e/Wh), Pheat
t is the power input to the heat pump (in W), λheat

t

is the heat price (in e/Wh), P imp
t is the imported power (in W), P bat,in

t and P bat,out
t are

the battery charging and discharging power (in W), respectively, and Cm,bat
t , Cm,H2

and Cm,heat are the battery, hydrogen and heat cost, respectively (in e/Wh).

The marginal battery cost Cm,bat
t is assumed to vary depending on the relative battery

load, as elaborated on in section 2.3.2.

The model needs to ensure the incoming power from generation, storage and import

is equal to the outgoing power to export, storage, hydrogen or heat production. This

balance is described in Equation 2.4.

Pwind
t + PPV

t + P bat,out
t + P imp

t = P exp
t + P bat,in

t + PH2
t + Pheat

t (2.4)

In this equation, the output wind power Pwind
t (in W) is determined by the wind setpoint

spwind
t , the predicted normalized wind power Pw,pred

t and rated wind power Pwind (in

W), as defined in Equation 2.5.

TNO PUBLIC



TNO PUBLIC | TNO report | TNO 2022 R10402 8 / 35

Pwind
t = spwind

t · Pw,pred
t · Pwind (2.5)

Similarly, the PV power PPV
t (in W) is determined from the PV setpoint spPV

t , predicted

normalized PV power PPV,pred
t and maximum PV power PPV (in W), as defined in

Equation 2.6.

PPV
t = spPV

t · PPV,pred
t · PPV (2.6)

Finally, the hydrogen and heat input power is determined using Equation 2.7 and 2.8,

respectively, where spH2
t and spheatt are the respective setpoints, and PH2 and Pheat

the rated power (in W).

PH2
t = spH2

t · PH2 (2.7)

Pheat
t = spheatt · Pheat (2.8)

The charging and discharging of the battery is limited by the Equation 2.9 and 2.10,

respectively. These equations ensure that the bi-directional power flow in and out of

the battery can never exceed the maximum power available, defined by P b,ch,max and

P b,dis,max (in W), multiplied by the setpoints spb,int and spb,outt and efficiency ηbat to
obtain the actual power of the battery.

P bat,in
t ≤ spb,int · ηbat · P b,ch,max (2.9)

P bat,out
t ≤ spb,outt · ηbat · P b,dis,max (2.10)

Equation 2.11 and 2.12 are binary constraints, added to ensure the battery can only

be charging or discharging at any given time, and not both. These are specified as a

Big-M constraint [17], where Mbat is a very large number, and ubat is a binary variable.

P bat,in
t ≤ Mbat · ubat (2.11)

P bat,out
t ≤ Mbat · (1− ubat) (2.12)

Similar to the battery binary constraints, Equation 2.13 and 2.14 define binary con-

straints for import and export of power, again using a Big-M constraint where Mexp is

a very large number, and uexp is a binary variable.

P imp
t ≤ Mexp · uexp (2.13)

P exp
t ≤ Mexp · (1− uexp) (2.14)

The battery state-of-charge SOCbat
t is initially defined by Equation 2.15, and calculated

for every subsequent timestep using Equation 2.16. Here, the new SOC is determined
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from the previous SOC, to which the charged energy is added and from which the

discharging energy is subtracted. Here, Eb,cap is the rated battery capacity (in Wh).

SOCbat
t = SOCb,init, t = 0 (2.15)

SOCbat
t = SOCbat

t−1 + [P bat,in
t − P bat,out

t ] ·∆T (2.16)

2.3.2 Cost modelling of assets

The marginal battery cost Cm,bat
t , as defined in Equation 2.3, is assumed to vary

depending on the battery load, as defined in Equation 2.17. This relation is based on

literature [18] and approximates the degradation of the battery due to load, as shown

graphically in Figure 2. This degradation is assumed to be at its minimum, per kWh

(dis)charged, for approximately half load or P b,rel
t ≈ 55%, with the relative battery

usage P b,rel
t defined in Equation 2.18.

Figure 2: Approximation of battery degradation, in c€/kWh, due to relative battery usage. Adapted

from [18].

Cm,bat
t =

5 · 10−4 · (P b,rel
t )2 − 5.57 · 10−2 · P b,rel

t + 2

100
(2.17)

P b,rel
t = (

P bat,in
t

P b,ch,max
+

P bat,out
t

P b,dis,max
) · 100 (2.18)

The optimization algorithm of the EMERGE tool takes into account the hydrogen

production costs and revenues in order to maximize the profit for the system. This is

done depending on the specified time horizon, defining the set-points for this horizon

assuming a perfect prediction of electricity prices and solar and wind resources.

Electricity will flow to the electrolyser either from the market, the PV plant, the wind

power plant or the battery depending on the profit maximization of the overall plant.

The costs and revenues are therefore necessary for each time step. The costs of

the produced hydrogen are expressed in €/kgH2 produced. These costs are based

on reports which indicate the potential cost for green hydrogen production from PEM

electrolysis. The cost of hydrogen coming from electricity sources (wind and solar)

would ideally be tied to their subsequent costs. Therefore, a fully renewable based

electricity market clearing price would be an indicator of the expected hydrogen cost,

but for the case here, a constant value is assumed as a simplification [19], [20].
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3 Exemplifying case study

This section details an exemplifying case study used to demonstrate the capabilities

of the EMERGE model. As an illustration of the functionalities of EMERGE, this

case study is not intended as a realistic measure of its performance. The section is

structured in the following way; first, the input data used for the case study is described

in Section 3.1. Next, the calculation of the available wind and solar generation for

the day ahead is detailed in Section 3.2. Finally, the results of the optimization and

subsequent simulations of asset models are presented in Section 3.3.

3.1 Hybrid power plant asset input data

3.1.1 Wind farm approach and inputs

The available wind power is calculated using the FLORIS wake model, described in

Section A.1. The wind resource availability is simulated using 1 minute measurements

from a meteorological mast. This mast is located in nearby the village Wieringermeer

in the Netherlands, where the terrain is flat and nearby the large IJsselmeer lake. The

data has been recorded on September 9, 2014, with a daily average wind velocity

of 8 m/s and wind direction of 250°, approximately. A turbulence intensity of 14% is

assumed in the simulations (not present in the data). For such wind directions, the

mast is located in free stream conditions with respect to surrounding wind turbines.

With a lack of additional data available, the same wind data has been used for both day

ahead prediction, and actual day simulation. Ideally, hind-cast weather forecast and

actual weather measurements would be used, if available. To avoid using completely

identical data for this case, the day-ahead prediction only uses the hourly averages of

the wind velocities and directions, as required for the day-ahead optimization. This

does result in some wind inflow variability in the simulations performed to evaluate

the outcome of the optimized management strategy as compared to the simulations

used in the optimization itself. More realistic scenarios will be considered in the future

including proper modelling of the uncertainty inherent with the prediction of the wind

conditions.

3.1.2 Solar farm approach and inputs

The available solar power is calculated using the static solar panel model based on

the analytical P-V curves, as described in section A.2. To simulate the model, 3

different inputs are needed: the irradiance, temperature and wind. The irradiance and

temperature directly dictate the shape of the P-V. The temperature is influenced by

both the irradiance, ambient temperature and wind speed, as equation A.5 in Section

A.2 specifies.

The irradiance and ambient temperature data is taken from the Measurement and

Instrumentation Data Center (MIDC) [21], from the National Renewable Energy Labo-

ratory (NREL) which provides irradiance and meteorological data from stations around

the United States of America.

These data was used as it was found to be one of the few sources available online

for high frequency time series, i.e., data at each 60 seconds time step. It is often the

case that solar irradiance data available online is at lower frequencies (5 minute or

hourly based). Given that the goal of the EMS is to simulate at each 30 seconds, it is

believed that this dataset provides a good starting point for initial simulations for the

purposes of testing.
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For the specific case which constitutes the bulk of section 3, data from Oak Ridge

National Laboratory (RSR) [21] is used. The data spans from the 1st of January 2018

to the 1st oF December 2019, enabling the user to perform sensitivity studies on the

results of different weather conditions.

3.1.3 Optimisation case study inputs

The prices used for this case study are depicted in Figure 3. The shape of the electricity

prices curve is a typical one during a weekday, with peaks in the morning and evening.

For this study, it has been assumed that the price to buy energy is the same as the

price to sell energy.

Figure 3: Day ahead electricity prices used for the optimisation.

The study is conducted over 1 day, with time steps of 1 hour each. In practical terms,

24 setpoints are defined so that the assets dispatching will occur at each hour. The

assets are chosen to have the following rated power/capacity:

• Wind Farm: 60 kW

• Solar Farm: 40 kWp

• Battery (capacity): 50 kWh

• Electrolyser: 25 kW

• Heat Pump: 10 kW

Furthermore, the HPP is restricted from importing and exporting a certain amount

of power at each time instant. For this specific study, the HPP is limited to buying

a maximum 11 kW and selling at most 11 kW, to emulate severely restricted grid

infrastructure. In addition, the battery is set to be at a SOC of 0.5 at the beginning,

with the charging and discharging power set to 0.5C, or 25 kW. The battery efficiency

is assumed to be 95% (one way). The heat pump COP is assumed to be 5 and the

total heat to be delivered is set to 3 · 105 Whe. In terms of costs and prices, the values

used are €0.1/kWh for the hydrogen revenue, and €0.05/kWh for production cost. This

translates to roughly €5/kg and €2.5/kg, depending on the assumed efficiency.
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3.2 Calculating total day ahead energy production

The first step in the EMERGE model is to make use of the weather forecast values to

simulate the expected energy production during in the day ahead. This allows to bid

a certain amount of energy on the day ahead market. The scope of this work does

not involve developing forecasting models. The literature is vast in that area and in

practical terms, it may be more logical to simply resort to other parties who are experts

in providing such forecast, such as weather forecasting companies. Therefore, the

goal here is to make use of known measurements (the data that has been described

in subsection 3.1).

The inputs for the wind and solar models can be seen in detail in Figures 4 and 5,

corresponding to the Wind Farm and Solar Farm variables, respectively. In these

figures, only the data for the first day used for the simulation is shown.

Figure 4: Wind Farm input measurement used for the purposes of simulation.

Figure 5: Direct irradiance and ambient temperature measurements used for the purposes of

simulation.

Figures 6 and 7 show the scopes of the models available in EMERGE during simulation.

The Wind Farm model shows the different variables for each of the turbines available
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in the wind farm. Different lines of different values are visible, as each one corresponds

to one turbine that will register a different value. The first plot depicts wind speed

turbine measurements which differ due to wake effects within the farm. The second

represents the total produced power of the farm (by summing the power produced

at each turbine). The third and fourth plots show the control variables of each wind

turbine, specifically the blade pitch angle and the generator torque.

The PV panel overview shows the input irradiance data in the first plot. The second

plot contains the ambient temperature and the solar module temperature. The final

plot is the power output of each PV panel array. Note that the increase in internal

temperature of the PV panels is unintended behaviour caused by negative irradiance

from the input data, which will be fixed for future cases. For this simulation 4 distinct

lines are seen, that corresponds to the 4 solar arrays used for this simulation. Two of

them have a rated power of 13kW and the other 2 a rated power of 6.5Kw, giving a

total rated power of the solar farm of 40kW.

Figure 6: Wind Farm variables during simulation for computation of available power at each hour in

the day ahead.

Figure 7: Solar Farm available variables throughout simulation for computation of available power at

each hour in the day ahead.

The EMS in this work was designed with the goal of becoming a versatile and flexible

tool which could be used for different purposes. Although the wind farm model and

solar farm model have different sizes and power production with different orders of

magnitude, all this power is normalized to the rated power of each asset. This means
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that the final power production forecast for the day ahead will be normalized, becoming

a time series whose values are lower than one.

The next step is to take into account this normalised power forecast for the optimisation

step. The available power profile and day ahead market prices, which are assumed to

be known, are used in the optimization step described in Section 3.3 to optimise the

day ahead set points to dispatch the several assets, with the final aim of maximising

the cumulative profit.

3.3 Optimisation and asset model results

The second step is to optimise the day ahead hourly dispatching of assets, based on

the input data described in Section 3.1.3. For this, each asset operational set point,

a value between 0 and 1 which dictates at what percentage of the rated power the

asset should be functioning, is calculated. The set points are computed by solving an

optimisation problem where the profit is maximised. The revenue originates from the

sale of hydrogen and electricity, while the cost comes from the production of electricity

and marginal cost of the storage and conversion assets.

Given the defined values, the input/output information is evaluated. The input infor-

mation are the depicted day ahead prices, and the hourly power forecast detailed

in subsection 3.2, both of which are then normalized. The final input information is

condensed in Figure 8.

Figure 8: Optimiser inputs: normalized power production from generating sources (wind and solar)

and day ahead energy market prices

The output of the optimiser is depicted below, in Figures 9, 10 and 11. From Figure 9

some patterns of interest are already visible.

The first is during the first part of the day, where it can be seen that the availability of

resources is used to charge the battery and produce hydrogen. Additionally, some

curtailment is visible, due to all assets being dispatched (battery storing energy,

hydrogen and heat producing) and the export cable is also at its maximum capacity,

so the generating assets should reduce energy production.

The second example is towards the evening (after time sample 15). It can be seen

that the wind and solar resources are being fully dispatched with a set point equal to 1.

Nevertheless, the normalized wind and solar production is at its minimum at this time

instant.
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Figure 9: Day ahead set points for power dispatching. The first plot contains the set points for

the generating assets and the remaining plots show the set points for the flexible assets: battery,

electrolyser and heat pump.

Figure 10 shows the relation between battery usage and cost of operating the battery.

As it was previously shown, the battery cost is tied with its operation. As described in

Section 2.3.2, during periods of time when the battery is not being used the cost is the

highest and when its being fully utilised the cost is lowest.

Figure 10: Comparison between cost incurred by operating the battery and battery usage.

Finally, the model can produce an overview of the overall expected profit, as shown in

Figure 11. It should be noted that there appears to be an instant where the profit is

negative, which can be explained by simultaneous import of power and the fact that

the battery is at its highest operating cost.
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Figure 11: Total expected profit for HyPP operation in the day ahead market.

3.3.1 Simulating the Hybrid Power Plant

The final stage consists in simulating the Hybrid Power Plant based on the setpoints

computed by the optimiser. This simulation is run with a timestep of 30 seconds. The

final model to be simulated, in its full, is illustrated in Figure 12.
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Figure 12: Hybrid Power Plant static model implemented in Simulink. On the left, the set points computed by the optimiser, with a predefined time advance (for this simulation, they are

valid for 1 hour). In the middle, the different models representing the energy producing assets and the flexible assets.
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In Section 3.3.1.1, 3.3.1.2 and 3.3.1.3, the results of a day simulation are shown and

the behaviour of the models is shown.

3.3.1.1 Generating assets: wind farm and solar farm

For the wind farm plant, the control variables are shown for a timestep of 30 seconds

for all turbines in the wind farm. This is visible in the scope presented in Figure 13.

Figure 13: Wind Farm model scope. Channels presented, from first to last: wind turbine measured

wind, power, blade pitch angle and generator torque. Full simulation of 1 day advancing at each 30

seconds.

The solar PV scope for the day simulation is presented in Figure 14, with irradiance data

available for each 30 seconds. Again, note the internal temperature rising constantly

when irradiance is supposed to be zero, which will be corrected for future cases.

Figure 14: Solar Farm model scope. Channels presented, from first to last: Direct irradiance,

temperature and output power. Full simulation of 1 day advancing at each 30 seconds.

3.3.1.2 Flexibility assets: battery, electrolyser and heat pump

The battery behaviour is represented in Figure 15. Note that despite the setpoints

changing for a certain desired value, the battery, requires more time to charge or

discharge due to its physical limitations. Furthermore, the limitation of the SoC between

0.1 and 0.9 is ensured by the battery management system.
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Figure 15: Battery model scope. Channels presented, from left to right, top to bottom: commanded

set point, State of Charge [SoC], measured power, measured voltage and measured current.

The electrolyser behaviour is shown in Figure 16. Note that for this case, the operational

status of the electrolyser is maintained at all times in its operation state (state 2). This

is caused by the setpoint for hydrogen production being maintained at 1 for the majority

of the time, so the electrolyser never enters standby (state 1).

Figure 16: Electrolyser model scope, showing the operational state (top), hydrogen production

(middle) and set point (bottom).

The heat pump power production (normalized) is shown in Figure 17. Note that the air

temperature is taken as a varying argument and the internal desired temperature is 32

degrees Celsius.

3.3.1.3 Electrical network

The configuration of the assumed local (3-phase 50Hz. AC) electrical network for this

case study is described in Table 1. In this case, Node 1 is connected to the public grid,

which is configured as a slack node with a voltage set to 400V. As example of how to

read this table, the maximum power supplied to node 7, supplied by WT6 and PV4, is

equal to 16.5kW. Furthermore, the power supplied to node 10 can vary between 50kW
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Figure 17: Heat pump model scope, showing the normalized heat production.

(with the battery discharging at 50kW) and -74kW (with the battery charging and the

electrolyzer in full production)

Table 1: Electrical network configuration

Asset Node Rated power

WT_1 [V] 2 10kW

WT_2 [V] 3 10kW

WT_3 [V] 4 10kW

WT_4 [V] 5 10kW

WT_5 [V] 6 10kW

WT_6 [V] 7 10kW (2x6kVA inverter)

PV1 [V] 8 13kWp (2x6kVA inverter)

PV2 [V] 9 13kWp (2x6kVA inverter)

PV3 [V] 6 6.5kWp (6kVA inverter)

PV4 [V] 7 6.5kWp (6kVA inverter)

Battery [V] 10 50kW

Electrolyzer [V] 10 24kW

An example output of the electrical network behavior is depicted in Figure 18.

Figure 18

The left side (from top to bottom) shows:

1. The magnitude of the voltages at all nodes of the local network. Node 1, which

is the connection to the public grid, is a slack bus with the voltage set to 400V.

The other bus voltages rise with the power supplied to the grid bus.

2. The phase angle differences of the node voltages, relative to the zero-angle of

node 1, are practically zero as the network is very small with a mainly resistive

impedance.
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3. The total power losses in the local network.

The right side (from top to bottom) shows:

1. The limits set to the power flow per node. In case of an oversupply, such that a

line in the network would be overloaded, the model sets limits to the supply or

demand of one or more nodes in order to resolve the overloading.

2. The supplied (+) or consumed (-) active power per node

3. The supplied (+) or consumed (-) reactive power per node. Note that the reactive

power settings of the individual assets are for the moment implemented as fixed,

user-set, reactive power levels or power factors.

The final results of the case study can be summarised in just one dashboard, which

shows a comparison between optimized and realized operation, as well as energy

flows. In particular, for each asset an overview is shown of the set point, energy,

and difference in optimized and realized energy (delta), with the battery asset also

showing the expected and realized state-of-charge (SOC). In addition, the market

prices with the relevant profit margins for the flexibility assets are shown, as a total

realized revenue of the whole hybrid power plant. An example of this dashboard is

presented in Figure 19.
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4 Conclusion & recommendations

This work detailed the methodology behind the creation of TNO’s Energy Management

systEm for Renewable GeneratIon and storagE (EMERGE) model. This model was

created in order to help answer technical and economic question around Hybrid

Power Plants (HPPs). These HPPs are combined renewable generation, storage and

conversion assets, operating as a single plant. In the EMERGE model, wind and solar

photovoltaic (PV) generation can be simulated, combined with battery storage and

hydrogen and heat conversion. In addition, an exemplifying case study was presented,

to show the functionality of the EMERGE model.

Further recommendations for future work on the model include improvements to the

individual assets, not only with more functionality but also fixing unresolved issues,

such as the solar PV temperature increase from negative irradiance. Furthermore, ex-

pansion with revenue stacking options for HPP developers and subsequent connection

to different electricity markets should be part of the future EMERGE functionality. The

uncertainties that are related to these multiple market connections and the predictions

that are required to bid on and participate in them, should also be part of this expansion.

Finally, in order to consider using EMERGE for full-scale application, it should be

experimentally validated first.
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A Detailed modelling approach

A.1 Wind Farm model

The wake simulation model used in this work is based on the FLORIS wind farm

model [9]. The model is widely used by the wind farm control community due to its

simplicity and fast calculation speed, making is very suitable for use in optimization

algorithms such as the EMS considered here. The Matlab implementation of the

FLORIS code has been used here, which is freely available through the TU-Delft

GitHub repository https://github.com/TUDelft-DataDrivenControl/FLORISSE_M.
The FLORIS model settings used in this study are listed in Table 2, while the model

parameters have been left unchanged. As the HyPP model has been developed in

Simulink, and the original Matlab implementation of FLORIS was not runnable directly

from Simulink, large part of the model has been modified to enable usage in Simulink.

No functional modifications have been done, though, and the modified code has been

verified against the original version to produce equivalent results. Even though the

model is stationary, it is considered suitable enough for performing quasi-dynamic

simulations for the purpose of design and analysis of the EMS with the main focus on

participation in the day-ahead or intra-day energy markets, which operate at hourly to

quarter of an hourly basis. Nevertheless, the HyPP simulation model allows also faster

simulations, e.g. at 30 seconds to 1 minute sample times, to simulate the actual power

production with reasonable variations in the actual power production. This enables

evaluation of the power imbalance, and makes it possible to include uncertainty into

the modelling for future studies.

Table 2: FLORIS model settings and parameters used in the study

FLORIS parameter Value

Atmospheric inflow Uniform

Wake deficit model Porté-Agel

Wake deflection model Porté-Agel

Wake mixing model Katic

Turbine-induced turbulence model Porté-Agel

The wind farm model used in this study is the Norcowe reference wind farm, in its

regular baseline case as described in [7]. The wind farm consists of 80 wind turbines of

the DTU 10 MW reference wind turbine [8]. In FLORIS, the wind turbines are modelled

through their aerodynamic power and thrust coefficients, expressed as function of the

pitch angle and the wind velocity. The turbine model has been extended here with a

simple wind turbine control logic that regulates the wind turbine’s power production to

track the power production set-point coming from the EMS.More specifically, the turbine

controller implements delta power control by accepting a relative power production set-

point, treated as percentage of the available power (e.g. 80% of available power), and

modifies the pitch angle to ensure that the power production is curtailed in accordance

with the set-point. The turbine controller also provides an estimate of the available

power production to the EMS. The FLORIS model is driven by ambient wind conditions

(wind direction, wind speed and turbulence intensity), which are uniform over the whole

farm but vary in time.
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A.2 The solar PV model

The solar farm model is based on the modelling of the individual solar panels. Each

solar panel is modelled by using its electrical circuit equivalent representation. Such

representation can have a lower or higher level of accuracy, depending on the param-

eters that are taken into consideration.

In Figures 20,21 and 22 the three most common equivalent citcuit models used to

simulate the behaviour of a solar panel are represented. From left to right, they are

order by their level of complexity.

Figure 20: Simplified

equivalent circuit of an

ideal PV solar cell using

the single diode model.

Figure 21: Equivalent

circuit of a real model

for a PV panel using the

single diode model.

Figure 22: Equivalent

circuit model of a real

PV cell using the dou-

ble diode model.

For the purposes of this work, the model in Figure 21 is chosen, as it is a good balance

between accuracy and complexity. The underlying equations are used to build the I-V

and P-V curves of the solar panel [10, 11, 12]. The final equation is transcendental

in nature, i.e., it is not possible to solve the current-voltage relationship explicitly for

one of the variables. To overcome this, the Lambert-W function solution is used, i.e,

an exact closed-form solution based on the latter function is employed to express

the current as an explicit analytical function of the terminal voltage [22, 23]. With

this formulation, the existence of a Maximum Power Point Tracking (MPPT) controller

is assumed, i.e, at each time instant k, given the existing atmospheric conditions

(temperature, irradiance), the power production of the solar panel is assumed to be

maximum by manually selecting the maximum point in the P-V curve.

The output current of the solar cell can be written by making use of Kirchoff’s first law,

as described in equation A.1.

I = Iph − Id − Ip (A.1)

where Iph is the current generated by the incident light (hence directly proportional to
the sun irradiation), Id is the internal diode current given by the Schockley diode current
equation and Ip is the shunt current across the p-n junction. The series resistance
Rs and parallel resistance Rp in Figure 21 model the efficiency of the solar cell. Rs

incorporates the losses by Joule effect, primarily due to metal grids, semiconductor

materials, collecting bus and its connections [11]. Rp is associated with seepage

effects of current [11, 10]. The values for the resistances have to be estimated based

on experimental data of the solar cell. The effects of the resistances can be neglected

by setting Rs to very low values and Rp to high values, winch boils down to using the

model in Figure 20.

The terms in equation A.1 can be written more explicitly, as shown in equation A.2.

I = [Isc +Ki(To − Tr)]
G

Gref

Iph

− Io

[
exp

(
V + IRs

nVth

)
− 1

]
Id

− V + IRs

Rp

Ip

(A.2)

The generated photo current Iph depends linearly on the solar irradiation G [W/m2].

Gref is the irradiance at nominal conditions, 1000 W/m2. To is the temperature at
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nominal conditions (25◦C) and Tr the actual temperature, both in Kelvin degrees. Isc
[A] is the short-circuit current, i.e., the maximum current available at the terminals of

the device and Ki [%/◦C] is the cell short circuit current temperature coefficient.

The diode current Id is known from the theory of semiconductors [11]. The diode ideality

factor is represented by n (unitless). The termed Vth is termed the thermal voltage (V)

of the module, which is determined from the cell temperature Tr, Boltzmann’s constant

k [J/K] and the elementary charge [Couloumb] and the number of identical cells in
series, NS , Vth = NskTc/q [23]. Io is the saturation current of the diode, and its full
computation is seen in equation A.3.

The term Irs refers to the reverse saturation current, which is computed using equation
A.4. Eg [eV] is the energy band gap, dependent on the solar cell module, and Voc

corresponds to the open circuit voltage.

Io = Irs

[
To

Tr

]3
exp

[(
qEg

nK

)(
1

Tr
− 1

To

)]
(A.3)

Irs =
Isc

exp
(

qVoc

NsKnTo

)
− 1

(A.4)

To simulate the power production of the solar cell it is necessary to know the tem-

perature of the photovoltaic module. This can be modelled as a function of ambient

temperature, wind speed and total irradiance [24], as stated in equation A.5.

Tr(
◦C) = 0.943Ta + 0.028G− 1.528v + 4.3 (A.5)

where Ta is the ambient temperature in
◦C and v the wind speed [m/s].

The transcendental nature of the I-V equation is clear from equation A.2, where the

output current I on the left side of the equation depends on the exponential of its value
on the right side. To overcome this, the current is expressed as a function of voltage

I = I(V ), by using the transcendental Lambert’s W function. The later function is

the solution of the equation x = W exp[W(x)], as fully detailed in [22, 23]. Using this
function, the solution is written in equation A.6.

I =
Rp

Rp +Rs
(Iph + Io)−

V

Rp +Rs

− nVth

Rs
W

(
RpIo
nVth

Rp

Rp +Rs
exp

(
Rp

Rp +Rs

Rp(Iph + Io) + V

nVth

)) (A.6)

By combining equations A.1, A.2, A.3, A.4, A.5 and the explicit solution in A.6, for the

given atmospheric conditions (irradiance and atmospheric temperature) the I-V and

P-V curves can be computed and the power output of the solar cell is known.

The values used for the solar panel are based on the model KC200GT specified in

[10]. All the values are listed in Table 3.
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Table 3: Parameters of the KC200GT Solar Array

Type Variable Description Unit Value

Eletrical and physical constants

q Electron charge coloumb 1.6021*10−19

K Boltzmann constant J/K 1.3806*10−23

Eg Band gap energy of semiconductor eV 1.12

Manufacturer specified

Isc Short circuit current A 8.21

Voc Open circuit voltage V 32.9

ki
Cell short circuit current temperature

coefficient of Isc
A/K 0.0032

A Diode ideality factor - 1.3

Configuration
Ns Total series cells # 54

Np Total parallel cells # 1

Reference values
T0 Reference temperature ◦C 25

Gref Refernce irradiance W/m2 1000

Estimated
Rs Series resistance Ohm 0.221

Rp Parallel resistance Ohm 415.405

The aforementioned equations were implemented in a MATLAB block function in

Simulink, where the output, at each time instant k, is the P-V curve for the given

ambient conditions. The maximum value of this array is then chosen and the output of

the solar panel is normalized with relation to is maximum power production, 200 W. The

inverter connected to the grid is undersized to approximately 90%, i.e., the minimum

value between the undersizing ratio and normalized production is the effective output of

the single solar panel. This is a common procedure since the high-in plane irradiance

does not occur often and the temperature effects make it difficult of achieving rated

power, and hence a trade-off between energy yield maximisation and invert cost

minimisation should be made [25].

A.3 Battery Energy Storage model

Different approaches exist in order to model the behaviour of a Battery Energy

Storage System (BESS), depending on the model’s application. This may range

from eletrochemical models which are focused on the reactions occuring in each cell,

attempting to precisely model the nature of the battery, to equivalent circuit models.

The former feature extreme high computational accuracy, accompanied by a large

effort. The latter, on the other hand, offers a better compromise between accuracy

and computational time [26].

For the purposes of this work, an equivalent circuit model is employed, in order to

reduce the required computational effort with acceptable accuracy. In this case, a

typical battery circuit model was adapted from literature [13], representing the battery

cell as a controlled voltage source and a constant series internal resistance, as shown

graphically in Figure 23.

Rint

 E

+

-

Vbat

Ibatt

Figure 23: Equivalent circuit model of a simplified battery cell using a controlled voltage source and

constant series internal resistance. Adapted from [13].

The calculation of the no-load voltage E of the battery is again adapted from literature

[27, 28], and defined in Equation A.7.
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E = E0 −K
Q0

Q
+A · e−B(Q0−Q) (A.7)

Here, E0 is the battery constant voltage, K is the polarisation voltage, Q0 is the rated

battery capacity [Ah], Q is the current battery capacity [Ah], A is the exponential

zone amplitude [V] and B is the exponential zone time constant inverse [Ah−1]. The

current battery capacity Q and battery voltage Vbat are unchanged from literature,

and calculated as shown in Equation A.8 and Equation A.9.The parameters used for

the battery, which is assumed to be a lithium-ion cell, are shown in Table 4. These

parameters are again based on literature, chosen in such a way that the charging and

discharging curves are in line with empirical results from physical cells [27, 28].

Table 4: Parameters of the lithium-ion cell used in the model [27]

Parameters Lithium-ion cell (1 Ah)

E0 [V] 3.7348

Rint [Ω] 0.09

K [V] 0.00876

A [V] 0.468

B [Ah−1] 3.5294

Q = Qstart +

∫ t

0

−Ibatt dt (A.8)

Vbat = E − Ibatt ·Rint (A.9)

The controller or battery management system (BMS) of the battery is used to limit the

state-of-charge and ingoing and outgoing current of the battery. This is handled by first

calculating the required current and then voltage based on the requested setpoint, as

shown in Equation A.10 and A.11. Here, Isp is the current setpoint, SP is the requested

setpoint (between -1 and 1), Imax is the maximum charging/discharging current, Vsp

is the voltage setpoint and Vint is the internal voltage of the battery. Finally, the new

state of charge (SOC) is calculated in A.12.

Isp = SP · Imax (A.10)

Vsp = Vint − Isp ·Rint (A.11)

SOC =
Q

Q0
(A.12)

These equations are implemented as a MATLAB block function in Simulink, the new

state of charge (SOC) is then calculated by determining E using equation A.7, which

in turn is used to calculate Ibatt using equation A.9. Following this, the new battery

capacity Q is calculated using equation A.8. Finally, the battery SOC is determined

using equation A.12.

In addition to determining the SOC, the BMS is also tasked with protecting against over-

and undercharging of the battery. In practice, this means the BMS is implemented
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to ensure that SOCmin ≤ SOC ≤ SOCmax. Furthermore, a typical way of charging

Li-ion batteries is using constant current, constant voltage (CC-CV), which leads to

slower charging in the high SOC regions of the battery. On top of this behaviour, the

BMS can limit power in low SOC regions, due to strongly decreasing voltage [29]. To

emulate these behaviours, the maximum current is calculated to be linearly decreasing

below and above a SOC threshold SOClow and SOChigh, respectively.

A.4 Electrolyser

Several electrolyser models exist in literature which reflect the electrochemical opera-

tion happening at the stack. Most models consider mainly the stack rather than the

whole system in which other physical parameters and domains govern the dynamics

(e.g. heat dissipation constraints, controller functions). One of the most detailed

modelling approach is the generic multi-physics dynamical model using Bond Graph

approach as used in [30]. This approach takes into account all physical domains and

links them with a Bond Graph technique. This model is suitable for modelling, control,

sizing and diagnosis analysis of PEM electrolysis systems. It might however be too

detailed for the purpose of the Energy Management System (EMS). Another modelling

technique is to use mathematical models to represent the energy flows, auxiliaries,

electricity and heat occurring in all subsystems as presented in [31].

All these modelling techniques are quite detailed in terms of physical modelling but

lack the realistic representation of states that an electrolyser would operate. Therefore,

in the current article, the electrolyser system (stack + Balance Of Plant (BOP)) is

modelled with an operational status-based static model with efficiency look-up tables

taking into account electrolyser stack and BOP power consumption and ramp rates.

The electrolyser stack and BOP power consumptions come from specific literature and

characteristic curves, while the ramp rates are based on what is available currently

in theoretical and experimental literature ranging from kilowatt (kW) applications

up to megawatt (MW) applications. In terms of a practical implementation, this

straightforward and rather concise approach is configured inside a Simulink block.

The electrolyser receives normalized power consumption loading set-points ([0,1]) from

the optimization algorithm that schedules the entire HyPP. Therefore, the electrolyser

will aim to reach this set-point but always respecting the technical limitations and

restrictions expressed in ramp rates or timer functions. The output of the electrol-

yser model is the realized hydrogen production rate [kg/s] within the specified time

integration or sampling time of the simulation. Figure 24 below indicates the system

power consumption curves for the hydrogen production and are adapted from a 250kW

electrolyser study in [32] and power consumption information in [14] corrected by

adding the lower heating value (LHV) of hydrogen to all system inefficiencies. The

left plot in Figure 24 shows the electrical consumption per kgH2 produced for each

normalized set-point, while the right one shows the total hydrogen production per hour

for a 24kW electrolyser system example.

The model is based on 3 states of operation for which different ramp rates are assigned

in order to approximate the time to reach a set-point. If the theoretical ramp rate needed

to reach a set-point is simply to fast then the system will respect its technical constraints

of the ramp-rates relevant at each state. The system is assumed to reach operational

state whenever a set-point is reached. Each state has a timer variable which accounts

for changing from a specific state to another:

1. The first state is the off-state: is when the electrolyser is turned-off. The

electrolyser can come to an off-state from the cold-standby state (explained in

the second). If a set-point is given for the electrolyser to produce a certain

amount of hydrogen or consume a certain amount of power, then a particular
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Figure 24: Input-output variables of electrolyser model. Adapted from 250kW electrolyser study [32]

and power consumption information in [14]. On the left plot the electrical consumption per kgH2 and

on the right plot the total hourly production for a 24kW electrolyser system example.

ramp-rate is respected from the off-state up to production which takes about 840

seconds, a duration assumed from a kW-scale electrolyser reference in [33].

This duration includes all necessary processes (e.g. purging, heating up,

increase of pressure) in order to reach a fully functional operational state (third

and last stage explained in the third point). Therefore the ramp rate to be

operational is 1/840=0.0011
pu

second
.

2. The second state is the cold standby: is a state when the electrolyser enters if it

has not received a production set-point for 180 seconds, measured with a timer

function in the model. Therefore, a cold standby comes only from an operational

state, explained later. If the electrolyser when in cold-standby receives a set

point then the ramp rates differ from the ones in the operational state as the

balance-of-plant needs to readjust some electrochemical, thermal (water and

stack temperature) and fluid parameters (pressures). Therefore, there are some

slower dynamics until the system returns to operational state again. The ramp

rates are 0.011 pu/second (both ramp-up and ramp-down), values assumed

from the following kw and MW scale electrolyser research projects in [14], [15].

If the electrolyser, during cold-standby, stays for longer than 300 seconds then it

enters the Off-State, explained above.

3. The third state is the operational state: is when the electrolyser is producing

hydrogen or is in hot-standby (having not received any setpoint larger than 0%

for a maximum duration of 300 seconds after a hydrogen producing state). The

ramp rates valid for this state are 0.1 pu/s (ramp-up) and 0.2 pu/s (ramp-down),

which are based on the following kW and MW scale electrolyser demonstrations

in [14], [15]. A timer function that brings the electrolyser to cold standby is set to

300 seconds, as explained as well above.

A.5 Heat Pump

For the power to heat asset, a heat pump is modelled based on known equations

from thermodynamics which govern its behaviour, based on the overview of different

modelling approaches in [16]. For a heat pump, an accurate relation between the

heat output Q̇ and the power input Php needs to be defined to accurately capture the

behaviour of the heat pump. Such relation is accomplished with the Coeficient of

Performance (COP), which relates the useful heating provided to energy required.

In the modelling approach taken, a varying COP is used, as in reality the latter ratio

depends on the temperature levels of the energy source Tsource and sink Tsink, as

expressed by the Carnot-COP COPcarnot [16].
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COPCarnot =
Tsink

Tsink − Tsource
(A.13)

For the purposes of this work, Tsource corresponds to the temperature of the envi-

ronmental air used to provide heat to greenhouses and Tsink is then the desired

temperature the greenhouse should be maitained. A quality grade φ to account for

technical progress is introduced, i.e., the ratio between achieveable COP and the

theoretically achievable one for the given temperature conditions [16].

φ =
COPreal

COPcarnot
(A.14)

The equation relating the heat output provided by the heat pump and the eletrical input

power follows in A.15:

Php =
Q̇

COPreal
=

Q̇

φ Tsink

Tsink−Tsource

(A.15)

This formualtion representes only an approximation, as in reality Tsink is affected by

the output Q̇. However modelling the later dependence would yield a non linearity and
increase computational effort, which is not desirable. [16]

A.6 Electrical Network

The simulation model of the electrical parts of the hybrid power plant used in this work

consists of:

a. Grid coupling through power-electronic converters

Each of the power generation, conversion and storage systems is coupled to

the internal low-voltage (Alternating Current) AC-grid through a power-electronic

converter. Each converter can either supply power to or withdraw power from the

grid, which is determined by its setpoint, operational conditions and limitations.

The model is highly simplified1, i.e. stationary and lossless, in order not to

slow down the simulation. Like all other electrical models in this simulation the

converters assume only symmetrical and fundamental (i.e. 50Hz.) voltages and

currents.

• Each converter receives an active power P [W] and reactive power Q [VAr]

setpoint, which is normalised to the rated power Srated [VA] of the respective

subsystem (e.g. the individual PV-array or wind turbine), so between -1.0

and 1.0 [-]. Depending on the reactive power mode parameter (as defined

in the initial electrical system configuration), the reactive power output can

also be set to zero or to a constant Power Factor (PF):

PF =
P√

P 2 +Q2
. (A.16)

• The output power of each converter is instantly limited in case its maximum

output current is reached. The voltage at each converter AC-terminal is

used as input in order to respond to grid voltage dips, i.e. by limiting the

1[note: KIP2020 simulation models also included converter averaged, positive-sequence dynamics]
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output power. The power limitation method is a proportional reduction

of both the active and reactive power (i.e. with equal priority to active

and reactive power). If needed, prioritization of reactive power provision

(instead of proportional power limitation) during to voltage dips can easily

be implemented in future versions.

• The converter outputs power levels are given in per-unit values [p.u.], with

100kW as the per-unit base power, as being the approximate maximum

power production of the modelled power plant) in order to generalize the

network calculations. For example, Ppu= 0.8 [p.u.], Qpu = 0.05 [p.u] equals

P = 80kW, Q = 5kVAr.

• Finally, the grid coupling model includes the network topology, as defined

in the initial electrical system configuration, to link the converters to the

respective systems (e.g. PV arrays, wind turbines) and network nodes.

b. Load flow calculation of the local low-voltage electric grid

The electrical grid model includes lumped impedance models of all cable con-

nections in the local AC-grid. The single connection to the utility grid is simply

modelled as an infinite slack bus at a fixed voltage of 1.0 [p.u.]. All voltages,

currents are represented as complex numbers in the per-unit system, based on

Sbase = 100kVA and Vbase = 400V.

Three calculations are performed for this network: (1) The load flow is

calculated through an iterative approximation; (2) the resulting network losses

are calculated; (3) any overload of cables is determined (only assuming excess

power input to the network) and reduced power setpoints for the next iteration

are calculated. The overload algorithm first sorts the cables, starting with the

most heavily (relative) overloaded cable. For any overloaded cable, say

between node a and b, with the power flowing from a to b, the required reduction
of power at node a is approximated.

c. Grid overload limitation by setpoint adaptation

As a next step, the required power generation reduction or load increase per

network node is dispatched between the different assets. This is done according

to the following priorities: 1) increase electrolyzer production setpoint, 2) increase

charging or decrease discharging setpoint of battery, 3) curtail PV array, 4) curtail

wind turbines. The update frequency of these network calculations is set to 1

second.
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