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Modelling and optimising modern energy systems is inherently complex and often requires methods to
simplify the discretization of the temporal domain. However, most of them are either (i) not well suited
for systems with a high penetration of non-dispatchable renewables or (ii) too complex to be broadly
adopted. In this work, we present a novel method that fits well with high penetration of renewables and
different spatial scales. Furthermore, it is framework-independent and simple to implement. We show
that, compared to the full time discretization, the proposed method saves >90% computation time with

MILP <1% error in the objective function. Moreover, it outperforms commonly used methods of modelling
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through typical days. Its practical usefulness is demonstrated by applying it to a case study about the
optimal hydrogen production from renewable energy. The increased modelling fidelity results in a signif-
icantly cheaper design and reveals operational details otherwise hidden by typical days.
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1. Introduction

Energy system design and optimisation, from the design of
chemical plants to the planning of national infrastructures, has al-
ways been a discipline of utmost importance. The emergence of re-
newable energy technologies, widespread distributed energy gen-
eration, and the pressure to timely decarbonize the energy sec-
tor to limit global warming brought energy systems optimisation
to a new level of difficulty, and therefore put it in the spot-
light of an even wider community of researchers. In this context,
rigorous mathematical analysis allows not only to outline decar-
bonization pathways important for policy makers nowadays but
also to facilitate the understanding of how technologies interact,
need to develop, and how synergies can be exploited. While the
current work is focused on multi-energy systems, it is worth high-
lighting that the increasing volatility of energy supply is also re-
flected in other related research fields. Representative examples are
Mitra et al. (2012), who modelled and optimised transitions in the
dynamic operation of gas separation and cement plants for varying
electricity prices, Cucek et al. (2014), who optimised supply chains
for biofuels such as bioethanol, biodiesel, or Fischer-Tropsch diesel
based on multiple periods, or Peng et al. (2021), who studied dif-
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ferent thermochemical energy storage systems in concentrated so-
lar plants and developed process models for the optimisation of
their design and operation.

When dealing with multi-energy system optimisation, and de-
pending on the purpose of the analysis, four different dimensions
of complexity need to be balanced: technology detail, time, space,
and uncertainties. Despite Moore’s law still holding up, even to-
day computational resources do not allow to solve models with
high level of detail in all complexity dimensions in a reason-
able amount of time, e.g. multi-year planning considering hourly
resolution (and associated uncertainties), detailed and often non-
linear technology descriptions, and multi-node spatial resolution.
Priesmann et al. (2019) tried to assess the impact of technol-
ogy, space, and time complexity domains and suggested that a
reduction in overall complexity should start in the technical do-
main, followed by time and lastly space, in order to maintain
accuracy. Wirtz et al. (2021) analysed the impact of technology
complexity and also found that a certain extent of simplifica-
tion can be achieved without significant loss of accuracy. For un-
certainties, treated with either robust or stochastic optimisation,
tailor-made methods that aim at embedding them into the other
three levels of complexity are often used (Grossmann et al., 2015;
Pilpola and Lund, 2020; Chen et al., 2021). However, generalised
guidelines can easily lead to large errors; as also highlighted by
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Nomenclature
MILP Mixed integer linear programming
NDRES  Non-dispatchable renewable energy conversion
technologies
ECT Energy conversion technology
M-THS  Time-hierarchical solution method
M-TD Typical design days method (including networks)
M-TDNW Typical design days method (excluding networks)
M-REF Reference method
LHV Lower heating value
A constraint matrix for continuous variables
B constraint matrix for binary variables
b constant term vector of MILP
C constraint matrix for integer variables
d cost vector for continuous variables
e cost vector for binary variables
f cost vector for integer variables
X continuous variable vector
y binary variable vector
z integer variable vector
S installed capacity
pmax maximum output power
F input power or fuel
N total number of hierarchy layers
X technology installation decision
u technology operation decision
Tamb ambient air temperature
Q thermal output power
Nen number of units operating
T total number of time intervals
M total number of nodes
pin cut-in wind speed
pout cut-out wind speed
I rated wind speed
A available area
U imported energy
L end-user demand
J costs
d distance
G installed network capacity
P generated power
a annuity factor
p price of energy carrier
e emission factor of energy carrier
max maximum
min minimum
PV photovoltaic
ST solar thermal
S solar irradiance
Y wind
c costs
emissions
NW network
T technology
0] operation
o objective function
& objective function error
o performance coefficient
B cost coefficient
y fitting parameter (electrolyzer model)
§ minimum flow or input as a fraction of the in-

stalled capacity

A non-weather input data, e.g. energy demands,
prices, or resource availability
self-discharge coefficient

weather input data, e.g. solar irradiance or wind
speed

length of time instance

size coefficient

mass ratio

efficiency ratio

network losses

network flow

maintenance cost factor

hierarchy layer/stage

time

technology or running index of sum
type of fuel

node

type of network or energy carrier
segment of piecewise-linear model
Set of time instances

Set of hierarchy layers

Set of nodes

Set of technologies

Set of energy carriers

Real Numbers

Natural Numbers including zero

> >
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Priesmann et al. (2019), the model complexity needs to fit the re-
search question.

Traditionally, research used to focus on one or two di-
mensions while drastically simplifying the others. For example,
scenario analyses and long-term planning use time horizons of
several decades but limit the temporal and spatial granularity and
technology detail significantly. On the other hand, detailed process
modelling is often limited to steady state analyses or short time
horizons for specific dynamic behaviours. More recently, an over-
lap between those two extremes emerged, which aims at bringing
the complexity domains together at sufficient detail. An archetype
of such analyses is energy system design considering one year at
high temporal resolution and detailed technology models, which
are translated into linear models for use in mixed integer linear
programming (MILP) optimisations. Although the time horizon is
already limited, methods to simplify the temporal domain are still
required due to the high resolution, most often hourly, which dras-
tically increases the number of decision variables. This is especially
true if weather and demand profiles for different locations are con-
sidered to analyse spatially resolved systems including renewable
energy technologies. The methods most frequently used for tempo-
ral simplification can be assigned to one of three groups: (i) rolling
horizon, (ii) time aggregation, and (iii) multi-scale models. Each of
these approaches have benefits and drawbacks, and the decision
on which is best to use depends on the research question and case
study.

The rolling horizon method considers a limited time interval,
e.g. one week, which ‘rolls’ on until a full year (or any other de-
sired time horizon) is analysed. To ensure continuity between the
intervals, some overlap between the previous and the next inter-
val is considered. This method is mainly used for the optimisa-
tion of operation as exemplified by Marquant et al. (2015), who
report computation time savings of more than a factor 10 for op-
timising the operation of a system of multiple urban energy hubs.
Bischi et al. (2019) showed that a rolling horizon can also be com-
bined with constraints on different temporal scales by optimis-
ing the operational scheduling of co-generation systems consid-
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ering yearly periodicity constraints, cogeneration incentives, and
monthly fiscal constraints. With its focus on operation optimisa-
tion, the rolling horizon method by itself is not well suited for co-
optimisation of design and operation but can be combined with
other methods.

Time-aggregation methods aim at reducing the temporal com-
plexity by reducing the number of time instances to be anal-
ysed and therefore the number of decision variables. For exam-
ple, Bakirtzis et al. (2014) used multiple time resolutions for solv-
ing unit commitment problems. Starting with a fine time reso-
lution early in the analysed time horizon, periods of increasing
length were aggregated for time instances later on the horizon.
Vom Stein et al. (2017) also used the idea of varying lengths of ag-
gregated periods. However, they used different measures, e.g. the
volatility of input data, to assess which periods require high res-
olution. More typical for energy system design problems, cluster-
ing algorithms are used to derive representative periods of the to-
tal time horizon and simplify the design problem. Irrespective of
the method, representative periods impose a limit on the oper-
ation modes. Therefore, time aggregation methods often require
an additional operation optimisation for the full time resolution
and constant design - or even multiple iterations to obtain a fea-
sible system. The most commonly used clustering algorithms for
this application are k-means, k-medoids, and hierarchical cluster-
ing (Kotzur et al., 2018a). While the first two are frequently found
and applied in the vast majority of the studies, the latter is less
prominent. An interesting application example was provided by
Nahmmacher et al. (2016) who implemented time slices based on
hierarchical clustering in the TIMES-EU model. A hybrid method
was presented by Fazlollahi et al. (2014): they applied k-means
in a hierarchical manner, i.e. finding clusters within clusters. More
recently, Tso et al. (2020) applied agglomerative hierarchical clus-
tering to optimise renewable power systems with energy storage.
The authors highlight the method’s ability to preserve the time
chronology as crucial for modelling storage technologies.

Several studies compared these three basic clustering meth-
ods with similar findings: the best choice depends on the use-
case (Kotzur et al., 2018a; Schiitz et al., 2018; Pfenninger, 2017).
However, independently of the use-case, the analysis of energy
systems with high penetration of non-dispatchable renewable en-
ergy sources, i.e solar and wind, were identified as particularly
challenging and error-prone. This is because (i) wind profiles are
hard to cluster due to their volatility, an effect that is ampli-
fied by spatially resolved systems in which different wind pro-
files need to be clustered together, and (ii) inter-period storage,
required to dispatch the renewables, cannot be considered using
the original approaches. To tackle the latter, Gabrielli et al. (2018a),
and later also Kotzur et al. (2018b), proposed a method to cou-
ple modelling through typical days, i.e. using representative pe-
riods obtained from clustering the original data to represent the
full analysis horizon, with seasonal storage. While these improve-
ments increase accuracy when modelling renewable energy sys-
tems, they also increase the computation time and a significant
error may remain, among other things due to the difficulty of clus-
tering wind profiles. Another pathway to improve the accuracy of
time-aggregation methods is the consideration of extreme events.
Zatti et al. (2019) proposed k-MILP, a k-medoids based cluster-
ing algorithm that automatically identifies a defined number of
extreme periods, e.g. 20 typical days and two extreme days. It
does so by leaving the extreme days as degrees of freedom to
the clustering algorithm. In an attempt to minimise the overall
error, these degrees of freedom are used for days that show the
least similarity with any of the clusters, i.e. extreme periods. A
method with a similar goal but different approach was proposed
by Teichgraeber et al. (2020), who added slack variables to the op-
eration optimisation and added the day with maximum slack de-
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mand to the typical days before iterating over the design optimi-
sation. While neither of those methods were originally developed
for systems with a high penetration of renewables, both are use-
ful for such. Most often, time-aggregation methods are applied in
two stages: the design is optimised using the aggregated model
while the operation is optimised using the non-aggregated pro-
files. To ensure feasibility, iteration between the two stages is usu-
ally needed. The research group around Bardow developed sophis-
ticated methods to improve the computational efficiency of this it-
erative approach (Bahl et al., 2017; Bahl et al., 2018a; Bahl et al.,
2018b; Baumgdrtner et al., 2019; Baumgdrtner et al., 2020). They
introduce features like bounded error in the objective function via
convergence criteria and effective treatment of time-coupling con-
straints, and report computation time savings up to a factor 100.
However, the analysed systems are not spatially resolved and con-
sider non-dispatchable renewables only to a limited extent. Fur-
thermore, multiple iterations between the design and operation
optimisation remain necessary, which might pose a problem for
systems for which the operation problem is hard to solve (e.g.
when high renewables penetration, multiple networks, and differ-
ent storage options come together).

An interesting and rather recent development is the area of
multi-scale models, which can be seen as an evolution of time-
aggregation methods. Similar to hierarchical clustering, multiple
time scales are defined (e.g. a year consisting of typical seasons,
which consist of typical days, which consist of typical hours). Nev-
ertheless, where hierarchical clustering is just a means to an end,
e.g. finding typical days, multi-scale models utilise all relevant
scales, e.g seasonal storage is modelled on a daily scale while re-
newables are modelled at an hourly scale. The two most signifi-
cant contributions known to the authors are by Samsatli and Sam-
satli (2018) and Zhang et al. (2019). Both studies are very sim-
ilar in their basic idea, but the former presents a more generic
framework. The latter, on the other hand, raises an issue that is
also important for the present study; it highlights the superior-
ity over models that separate design and operation when treating
cases with variable renewables.

In the course of this literature review, no study was found that
combines a time horizon of at least one year, hourly temporal res-
olution, spatial resolution, and technical detail - although some
of the aforementioned methodological improvements certainly al-
low for such analyses. This raises the question why they have
not found their way into broader application yet. Presumably, an
explanation could be the high complexity and framework speci-
ficity of those methods. Furthermore, most studies do not inves-
tigate systems with a high penetration of non-dispatchable re-
newables. In a previous study (Weimann et al, 2021) however,
we showed that this is the domain where the accuracy of classi-
cal time-aggregation methods suffers the most. Those few studies
which consider renewables iterate between design and operation
optimisation, which might increase the computation time if the
operation optimisation is hard to solve.

To fill this gap, we present a method that (i) is framework
independent and simple to implement for researchers and prac-
titioners, (ii) does not necessarily rely on clustering algorithms,
(iii) has a limited and a-priori defined number of optimisations,
i.e. does not iterate until a convergence criterion is met, (iv) does
not separate design and operation optimisation, (v) works for very
high penetration of renewables and different spatial scales, and
(vi) shows excellent accuracy and drastically reduced computation
time.

The rest of this article is structured as follows: in Section 2.1,
the general formulation of the mathematical problem and tech-
nology models are presented. The remainder of Section 2 covers
a detailed description of the proposed time-discretization method,
which is the key methodological novelty of this work. The results
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in Section 3 consist of two parts. Firstly, the method’s performance
is assessed and the tuning parameters are discussed. Secondly, we
show how the new method allows for a better analysis and pro-
duces new insights when applied to a case study of interest. Fi-
nally, Section 4 provides a summary of the paper and discusses
the limitations of the method.

2. Methodology
2.1. MILP formulation and features

Here, we present a short overview of the multi-energy sys-
tem optimisation problem. More details can be found in published
work (Gabrielli et al., 2018a; Gabrielli et al., 2018b; Gabrielli et al.,
2020; Weimann et al.,, 2021). The energy system design and opera-
tion optimisation problem was formulated as an MILP using the
energy hub approach (Geidl et al., 2007). The original approach
was adapted for spatial resolution by considering a directed graph
in which each node constitutes an energy hub with its own input
data. The general formulation of the MILP is

min  (d'x+e'y+fz)

X,y,Z
s.t.
AXx+By+Cz=b
x>0ecRMY ye{0 1}%, zeNV (1)

where d, e, and f are generic cost vectors (the prime-symbol in-
dicates the use of their transpose form) with respect to contin-
uous X, binary y, and integer variables z. A,B, and C are their
respective constraint matrices and b is the constant term of the
constraints. N represents the dimensions of X,y, and z (indicated
as subscript). The associated input data are (i) weather data, i.e.
wind speed, solar irradiance, and air temperature, (ii) energy de-
mand profiles, (iii) emission factors, prices, and import limitations
of energy carriers, and (iv) technology cost and performance pa-
rameters. Data sets (i)-(iii) are hourly resolved in the framework,
although (iii) was considered to be constant for the cases analysed
in the present study, given the limited role of fossil-based electric-
ity therein. Data sets (i) and (ii) are also spatially resolved, and in
this work we consider cases both with and without spatial resolu-
tion. In the following, the most important equations of the model
are summarised for the objective functions, the energy balances,
the networks, and the technologies. The reader is referred to the
original publications whenever appropriate. In the following equa-
tions, i € 7 indicates the technologies, m € M indicates the nodes,
and t € 7 indicates the time instance. The total number of nodes
and time instances are denoted by M and T, respectively.

Objective functions The objective functions of the optimisation
problem are the total annual cost of the system, O¢, or the total
annual CO, emissions, O¢. The former is composed of the annual
capital and maintenance cost of technologies JT, the annual capital
cost of networks, JNW, and the annual operation cost, J°

OC :]T +JNW +_]O (2)

The annual technology costs are expressed as

J'=3"2 (BSim+B) (1 + xi)a; 3)
ieZ meM

where 8 and B’ represent the variable and fixed cost coefficients, S
is the technology size/installed capacity, and x is a factor account-
ing for maintenance costs. The equivalent annual investment cost
is computed through the annuity factor a, where an interest rate
of 10% is considered. The annual operation cost is calculated based
on the amount of imported energy U during the year:

=33 " piUime (4)

jeJ meM teT

Computers and Chemical Engineering 163 (2022) 107816

where p; is the price for importing energy carrier j. The emissions
are determined solely by the imported energy carriers,

0 = Z Z Zejuj,m,t (5)

jeg meM teT

where e; is the emission factor of imported energy carrier j. For
this to hold true, three assumptions are crucial: (i) no carbon
sourcing, e.g. drilling for gas, happens inside the system bound-
aries, (ii) life-cycle emissions of technologies are neglected, and
(iii) all imported energy is consumed in the analysed time period,
i.e. no energy is stored in a multi-year fashion.

Energy balance The sum of imported and generated energy
must equal the consumed energy for all energy carriers j at all
time intervals t € T

0= Z (Wj,m’,m.t(l - Kj)dj'm,'m - Ipj,m,m’,t)

meM
m'#£m
+ Z (Pj.m,i,t - ijlt)
ieT
+Uj,m.t - Lj,m,t (6)

where P is the energy generation, F the energy stored or consumed
by storage or conversion technologies, L the end-user demand,
the flow between nodes, and d and « are the network-specific dis-
tance and loss coefficient, respectively.

In case of a copper-plate approach for the networks, i.e. all en-
ergy carriers are free to flow without restrictions, the energy bal-
ance simplifies to

0= Z Z (ijzt - F:i,m,i.t) + Uj.m,t - Lj,m.t (7)
meM ieT

Networks The network is described as a directed graph in
which the nodes are connected through potentially bi-directional
vertices. This graph is characterised by two parameters, namely the
connectivity ¢;, € {0, 1} and distance d;, ;v € R between two
nodes m and m’ for network j. In the course of this work, each
energy carrier has only one associated network, i.e. j also indicates
the energy carrier transported. The flow, ¥; , v ., from node m to
node m’ at any time instance t is constrained as

8iGimm = ¥imm.e < Gjmm (8)

min max
Cj,m,m’Gj,m,m’ < Gj_m,m’ < ijm,erj,mm, (9)

where § is the minimum flow as a fraction of the installed capac-
ity G. We distinguish two ways of implementing this model, ei-
ther sizing-and-scheduling or scheduling-only. In the sizing-and-
scheduling approach, both the network design and network opera-
tion are subject to optimisation, i.e. ¥, ¢, and G are decision vari-
ables. In the scheduling-only approach, only the operation is opti-
mised for a given network, i.e. c is given and GM" = GM3_ More-
over, a concave, piecewise linear cost-model describing the invest-
ment cost JNW was defined to account for existing free capacity

]}\IW: Z Z (Z [(Gj.m,m’,Bz,j‘i‘ﬁz/,j)wz.j.m,m’dj,m.m’]+Cj,m,m’,B]/‘/)

m m z
(10)

sz.j,m,m’ <1 (11)
z

where B, 8’, and B” are cost coefficients, and w € {0, 1} is a bi-
nary selecting segment z. The bilinearity between G and w was
resolved according to Eq. (23). Following this piecewise linear ap-
proach, Eq. (9) needs to be adjusted such that

min min
j,z:mm/ = Z Gz,]l',m,m/wl«jymvm' (12)

z
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Glmm = chﬁﬁ,m/wz,j.m,m’ (13)
z

As an alternative to the sizing-and-scheduling and scheduling-
only network designs, a copper-plate approach can be imple-
mented in which all energy carriers are free to flow between the
nodes without restrictions. In this case, Eqs. (8) and (9) become
obsolete, and JNW = 0.

Technology cost and performance constraints Two different
families of technologies are considered in this work, namely energy
conversion technologies (ECTs) and storage technologies. For each
technology i, the installed capacity S; must fall between a mini-
mum and a maximum value, Slmi“ and S, respectively

Sminy; < S; < SMaxy; (14)

where the binary variable x; determines if a technology is installed.
S{"i“ and S are decided depending on the case study; however,
the interval is typically set very broad intentionally to avoid ex-
cluding optimal solutions.

Technology-specific constraints are implemented per family of
technology:

Energy conversion technologies. All energy conversion technolo-
gies follow the same fundamental logic: the actual power output
P, 1.+ of technology i at node m and time instance t is constrained

by a maximum value P35

P, ~ pmax (15)

mt = timt

This maximum value is determined by the input, which is either
a decision variable for dispatchable ECTs or imposed, e.g. by the
weather profile, for non-dispatchable ECTs.

o Photovoltaic (PV) and solar thermal (ST) panels: the maxi-
mum electric power output of PV panels is described as a

function of solar irradiance 65 and ambient air temperature
Tamb

P = Y (05,0 T™) 05, (16)

where 5PV is the efficiency calculated as proposed by
De Soto et al. (2006). For ST panels, the maximum thermal
output power is described as

P = 03, S5 (17)

where the efficiency 1% is a function of the output tem-
perature and considered constant at 0.65 in this work
(Gabrielli et al.,, 2018a). In addition to Eq. (14), PV and ST
panels compete for the same available area A

S +Sm < Am (18)

Wind turbines (WT): the maximum power output is calcu-
lated as a function of the wind speed W and the turbine’s
performance parameters, namely the cut-in wind speed vi",
the rated wind speed 1", the cut-out wind speed 1°“, and
the rated power P’ as proposed in Jerez et al. (2015)

0 if Qn\y[ < pin
PON =) i gw r
PmaX(en\g\{I) — (vr)3—(vin)3 if v’ < Qm,t <V (19)
pr if o7 < oW, < pout
0 if 6, > pout

The costs for onshore turbines are solely defined by the tur-
bine price and a constant share of installation cost. For off-
shore turbines, the costs are a function of turbine price, dis-
tance to shore, and water depth. For details about this cost
model, the reader is referred to Weimann et al. (2021).
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e Polymeric electrolyte membrane electrolysers (PEMECs) and
fuel cells (PEMFCs): PEMECs produce hydrogen and oxygen,
the latter being neglected in this work, while consuming
electricity. Although PEMFCs can produce electricity from
natural gas (NG) or hydrogen, we only consider hydrogen as
fuel in this work, which has to be produced within the sys-
tem. The maximum output is described using a piecewise
affine approximation as discussed by Gabrielli et al. (2018b)

Pot = dtzFn + 0 Smm,¢ (20)

OSmum,t < Fnt < SmUmy¢ (21)

where «; and o} are the coefficients of the zth approxima-
tion line segment. For the PEMFC, Py and Fy; are the elec-
tric power outlet and the lower heating value (LHV) based
hydrogen power inlet, respectively, while for the PEMEC they
refer to the LHV-based hydrogen power output and the elec-
tricity power input, respectively. The binary up is an hourly
ON/OFF decision, and § is the minimum input as a fraction
of the installed capacity. The PEMFC is also capable of co-
producing heat Qn ¢

Qui =Pnt (p—-1) (22)
where p is the ratio of first-principle efficiency to electrical
efficiency. Further details about the model and its parame-
ters can be found in Gabrielli et al. (2018a).The bilinearity

between S and u in Eqs. (20) and (21) is resolved by replac-
ing Su with an auxiliary variable S which is constrained as

Sminy e < S < ™y, (23)
Sm — S™*(1 — um¢) < S < Sm (24)
This approach is used to tackle all bilinearities relevant in
this work.

Electrically driven heat pumps (edHP): the maximum ther-
mal power generated is described as

PP — Fp ¢ f(TA™0) + oSyt + & U g (25)

Un¢(6Sm+ V) < Fnt < um.t(a/sm + V/) (26)

where the parameters o, «’,«”,8,8’,y,y’ are determined
by fitting manufacturer data. Further details about the model
and its parameters can be found in Gabrielli et al. (2018a).

e Gas turbines (GT): In this work, the gas turbine model pre-
sented in Weimann et al. (2019) was used. The maximum
power output is

PR = (ot ¢Fime + N, ) £(T2™) (27)
Nene < Sm (28)

where k indicates the fuel used, i.e. hydrogen or natural gas,
and N°" is the number of turbines operating. The choice of
fuel is a design decision, i.e. fuel switching during operation
is not possible.

The heat output Q¥ is determined indirectly by deducting
the losses in the stack

F
errrll,%x — Fk,mt _ Pﬁ,ﬁ‘?x _ (bk LI;-Irr‘l/; Cgue 8BS AT (29)

where ¢ is the mass ratio between fuel and flue gas and
LHV, is the lower heating value of fuel k.

Energy storage technologies. The energy content E; ., of storage
technology i at node m and time ¢t can be described as

Eime = Eumet (1= 2) — MSin + p"Pin  — _L_pout (30)

imt ~ out’ imt
n
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Transferred Information

1. Lower limit on installed capacity of
conversion and storage technologies

Sn 2 5n-1

2. Lower limit on installed capacity of
networks

Gm,m’,n 2 Gm,m’,n-1

3. Lower limit on energy content of
storage technologies

En,ton.q 2 En-1t

Fig. 1. Graphic representation of the proposed solution method.

where A and A’ are self-discharge coefficients, and 1 and 7°Ut are
the charging and discharging efficiency, respectively. Furthermore,
size and periodicity constraints have to be fulfilled

0 < Ei,m,t < Si,m VYt eT

(31)

Eo =Er (32)

where T is the last time instance of the analysed period. Finally,
the maximum charging rate P and discharging rate P°Ut are lim-
ited as

. S

Fine < 7 (33)
1

pout, < Sim (34)

imt — ‘L'iOUt

where tin/out js the time required to completely charge (in) or dis-
charge (out) the storage medium.

2.2. Time-hierarchical solution method

The method we propose in the current work has its foundations
in a common observation in energy system design: the cost of a
system designed for average values, e.g. average annual demand,
is lower than for a system designed for highly fluctuating values,
e.g. hourly demand. The reason for this lies in the volatility of the
time series used and can be illustrated by a simple example: an
arbitrary energy production unit that follows a sinusoidal opera-
tion profile with a maximum of 2 MW, a minimum of 0 MW, and
a period length of 0.5 h requires an installed capacity of 2 MW
to produce an average of 1 MW. When using an hourly average
of the same profile, the technology will be sized at a capacity of
just 1 MW, therefore reducing the cost. The same consideration,
i.e. averaging temporal profiles reduces the magnitude of peaks
and hence the installed capacity, holds for non-dispatchable re-
newable energy technologies. Additionally, the balancing demands,
and therefore storage costs, also reduce for a coarser time dis-
cretization. Therefore, the fundamental assumption of our method
is that a coarser time-discretization leads to smaller installed ca-
pacities of all units, and therefore cheaper system designs, due to a
reduction in overall volatility. This feature is used to create a time-
hierarchical solution approach where the time-resolution increases
with every hierarchy layer, also called stage in the present work, as
illustrated in Fig. 1. Progressing through the tree, layer n — 1 pro-
vides lower bound constraints for layer n as explained in the fol-
lowing. Note that all constraints presented are resolved by type of
technology and location - the respective indices were omitted to
improve readability.

Reducing the time resolution of input data. When reducing
the time resolution of input data, the method differentiates be-
tween profiles that are directly used in the optimisation and pro-
files which are precursors for data that is used in the optimisation.
Energy demands, energy prices, resource availability, and emission

factors of imported energy carriers belong to the former category.
Weather data input to non-dispatchable technologies belongs in-
stead to the latter category, as they are used in a pre-processing
step outside the MILP solution to calculate the maximum power
potential of wind and solar power plants at different time in-
stances. This maximum power profile is then directly used in the
optimisation itself. In the methodological framework presented in
this work, weather profiles are the only example of this category,
and in the following we simply differentiate between non-weather
input data A and weather input data 6.

All time-resolved input data except for weather data are arith-
metically averaged to reduce the time resolution according to

i A
On
V theTh
neN, N=[1,N]
ie[(th—1)on+1,thon]

Ang,

(35)

where n indicates the hierarchy layer, and A is the set of hierarchy
layers with the total number of layers, N. The interval length, oy,
is the number of subsequent Nth-layer time instances, ty, used to
form one time instance in layer n, t, (compare with Fig. 1). In the
current work, the interval length is constant since a preliminary
analysis showed no significant advantage in using variable interval
lengths. However, varying the interval length might be beneficial
for specific cases, e.g for regions with a significant imbalance be-
tween daytime and nighttime. In case of constant interval length,
the total number of time instances in the optimisation is given as

Iv

T,
n o

= (36)
Furthermore, the interval lengths of subsequent layers must fulfil
the following condition

On—1

eN (37)

n

Opposed to the other time-resolved profiles, weather profiles,
6, are not averaged but carried over between hierarchy layers with
their full Nth-layer resolution.

en—l = en = 9N (38)

The resulting dependent profiles, i.e. the maximum power of re-
newable energy technologies, are averaged according to the rel-
evant time discretization, as explained in detail in the following
paragraphs.

Energy conversion technologies. All energy conversion tech-
nologies are constrained in size by the previous layer in the form
of a lower bound

Sn>Sn1 (39)

where S is the installed capacity of any energy conversion technol-
ogy. Depending on the technology, S can be continuous or integer.
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Constraint (39) is the mathematical implementation of the afore-
mentioned fundamental assumption that an increase in volatility
of the time series will always lead to greater, or equal, installed ca-
pacities. This constraint also tightens constraint (14) on the lower
end, hence imposing a positive investment decision for the tech-
nology in stage n if S;,_; > 0.

For the time aggregation in the different stages, conventional
dispatchable energy conversion technologies and non-dispatchable
renewable energy conversion technologies (NDRES) are treated dif-
ferently.

As mentioned earlier, the input data for NDRES, i.e. weather
profiles, remain at their maximum resolution, no matter the stage.
This is an important feature of the proposed method, which
leads to a significant improvement compared to methods where
a coarser time resolution is adopted irrespective of the technology.
In fact, the non-linear input-output correlation for NDRES causes
the maximum power calculated from an averaged weather profile
to deviate significantly from the value obtained when averaging
the maximum power calculated from the original weather profile.
Hence, we calculate the maximum power output for one unit in
layer n at time instance t, as
P{:‘“:%@V”), ie[(ty —Don+1,thoq] (40)

n
where f is the technology specific input-output function, and 6y ;
is the weather profile of layer N, i.e. at original time resolution.
Note that this is only possible because the maximum power output
is calculated in a pre-processing step outside the MILP solution.

As opposed to NDRES, dispatchable energy conversion technolo-
gies do not need modifications when applying this method. As
both input power and output power are decision variables, albeit
mutually dependent, the models can be applied directly to a prob-
lem with reduced time resolution.

Storage technologies. Storage technologies are the only tech-
nologies for which the previous stage also imposes constraints on
the operation variables, and therefore take a special position in
this method. In particular, the energy content or storage level, E,
is bound by previous hierarchy layers according to

V oteTn (41)

Furthermore, differentiating between power and energy becomes
crucial for time resolutions other than hourly. Therefore, the en-
ergy balance described for hourly resolution in Eq. (30) needs to
be generalised as

Ento, , = En_1¢

on—1
nlmpgut _x/s) S (- (42)

i=0

E, =y (1= 2%+ (0P -

Finally, the installed capacity, S, is also bound by Eq. (39).

Networks. As for energy conversion and storage technologies,
the installed capacity of networks has a lower bound imposed by
the previous stage

Gm,m’,n = Gm,m’.n—] (43)

where G, ,, is the installed capacity for a certain type of net-
work (e.g. pipeline, trucks, electricity grid - index omitted) be-
tween nodes m and m’. Similar to storage technologies, networks
contribute significantly to the complexity of both the design and
the operation problem. This suggests that bounding the operation
similar to storage technologies, e.g. applying lower limits on flows,
would be beneficial. However, no constraints which improve the
performance while ensuring feasibility and accuracy could be for-
mulated. This is a result of the network operation varying signifi-
cantly between the hierarchy layers.

Objective functions. In a single-objective optimisation, apply-
ing bounds on the objective functions throughout hierarchy layers
showed only limited effect since the bounds for design variables
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already imply indirect bounds for the objective functions. However,
for multi-objective optimisation (or Pareto optimisations) using the
e-constraint or similar methods, i.e. optimising objective 1 while
constraining objective 2, it is imperative to constrain objective 2 at
each hierarchy layer

Oz < OF < OFF (44)

O =0 <= n=N (45)

Relaxing inequality (44), e.g. by using Oy'%* to bound O, (if n #
N), can be detrimental for the computation time. Most often how-
ever, this cannot be avoided if only (92‘2," is known. The accuracy
is not affected by relaxing inequality (44), as shown in Section 3.3.
On the other hand, over-constraining the problem as Oy, < Og‘g’i 1
will lead to infeasibility in most cases.

2.3. Method benchmarking

To test the proposed methods under different boundary con-
ditions, three substantially different real-world applications were
considered. These feature (i) different energy carriers, (ii) differ-
ent number of nodes, i.e. different spatial resolution, (iii) different
technologies, and (iv) different demand characteristics. All appli-
cations were optimised for minimum cost at minimum emissions,
i.e. minimising emissions first and applying the found optimum as
upper bound in the subsequent cost optimisation.

The first case is an energy system design for a dis-
trict of the city of Zurich (Switzerland) as analysed in
Gabrielli et al. (2018a) (tag ‘LZH’ for Local Zurich). The second
case is an energy system design for the campus of Utrecht Univer-
sity (tag ‘LC’ for Local Campus). Both LZH and LC feature electricity
and heat demand profiles, as is typical for urban energy system
designs. However, the demand profiles vary in magnitude and
periodicity. Furthermore, the available space for renewable energy
conversion technologies is different. The third case is an energy
system design for the Netherlands on a national scale, focused
on fulfilling electricity and hydrogen demands (tags N1,N3, and
N8 for national). Cases LZH, LC, and N1 are not spatially resolved,
while cases N3 and N8 are spatially resolved over three nodes
and eight nodes, respectively. The networks of N3 and N8 were
analysed with different levels of detail: (i) a copper-plate as-
sumption (N3C/N8C), (ii) a scheduling-only network in which the
operation is optimised for a fixed capacity (N3S/N8S), and (iii)
a network which is optimised for both operation and capacity
(N3NW/N8NW). In either case, networks are only considered for
electricity and hydrogen. The mathematical formulation of the
different networks is described in Section 2.1. Finally, the com-
plexity of each case was further varied by varying the technology
portfolio, starting with a simple case (electricity as the only energy
carrier, wind turbines and photovoltaics as the only conversion
technologies, no storage) and gradually increasing the number
of conversion and storage technologies and energy carriers. This
results in a total of 38 test cases. To ensure feasibility of the sys-
tems, import of electricity entering the system boundaries with an
emission factor of 371gCO2/kWhe and costs of 0.034 EUR/kWhe
was allowed for, but minimised in the course of the emissions
minimisation. An overview of the different cases can be found
in Table A.l in the appendix while Table A.2 summarises the
problem size of the different test cases. All case abbreviations
used henceforth refer to these tables, unless stated otherwise.

For benchmarking, the proposed method and two other com-
mon methods for time discretization were compared against a ref-
erence, resulting in four different methods: (i) full hourly reso-
lution as optimal reference (M-REF), (ii) a method using 20 typ-
ical design days to model binary-intensive technologies (mostly
dispatchable ECTs) and the networks (method M2 presented in
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Table 1
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Summary of average performance parameters for different methods, relative to the reference method’s performance. Note that the reported computation
times always include the time for compiling the MILP problem, hence giving the time-hierarchical method an intrinsic disadvantage for very low computa-
tion times where the compilation time makes up a significant share of the total computation time.

Ref. comp.  Emission increase [-] Cost increase [-] Relative comp. time [-] Infeasible problems
time [h] M-THS M-TD M-TDNW M-THS M-TD M-TDNW M-THS M-TD M-TDNW M-THS M-TD M-TDNW
0.01-0.1 <0.001 0.385 <0.001 0.015 0.011 <0.001 0.850 0.880 1.030 1 0 0
0.1-1 <0.001 0.663 0.006 0.012 0.766 0.303 0.195 0.893 0.821 0 2 0
1-10 <0.001 0.540 <0.001 0.008 1.870 0.669 0.073 0.769 0.641 0] 0 0
10-100 <0.001 0.253 <0.001 0.007 2.021 0.670 0.082 0.258 0.512 0 0 0
Problem size Continuous variables Integer variables (of which binary) Constraints
0.01-0.1 median 220,325 8 (0) 341,001
min/max 64,801/548,660 3/8,643 (0/8,640) 102,873/910,871
0.1-1 median 450,022 149 (128) 811,886
min/max 144,791/1,454,229 21/21,621 (0/21,600) 257,263/2,562,131
1-10 median 788,414 28,462 (21,856) 1,445,326
min/max 233,357/2,015,253 71/129,922 (63/43,200) 440,878/3,684,947
10-100 median 1,512,160 87,621 (43,240) 2,887,909
min/max 466,637/3,066,160 469/259,266 (448/87,856) 880,954/5,856,202

Gabrielli et al. (2018a), in the present work referred to as M-TD),
(iii) the same as method (ii) but with networks modelled using the
full time resolution instead of design days (M-TDNW), and (iv) the
time-hierarchical solution method proposed in the present work
using two stages, i.e. N =2 (M-THS). The results were compared
for computation time and the optimal value of both objective func-
tions. To avoid confusion by the wide range of values found for the
different test cases, results are reported relative to the respective
M-REF value. We distinguish between relative values, O™, and er-
rors, £

OM-X

1

o = (OM-REF (46)
(OM-REF

Here, M-X refers to any of M-TD, M-TDNW, or M-THS, and O also
includes the computation time in addition to the objective func-
tions. The definition of £ shown in Eq. (47) was chosen to avoid
dividing by zero in case of zero-emission reference designs. Since
OM-REF — ©OM-X 3lways holds for emissions and costs, £ was defined
to be zero for cases where OMX = 0. As a result, £ always falls be-
tween zero and one, reaching a value of one only if OMREF — 0 and
oOMX - 0.

Furthermore, a multi-objective optimisation was conducted for
case N3S-3 using the e-constraint method to show the perfor-
mance of M-THS applied to constrained objective functions. In to-
tal, four Pareto-optimal points, evenly spaced and spanning the full
range from minimum emissions to maximum emissions (i.e. mini-
mum cost) were calculated with M-THS and M-REF.

To test how multi-year analyses can benefit from the proposed
method, test cases N8S-3 and N8S-4 (the systems are identical ex-
cept for the hydrogen demand which is only applied in N8S-4)
were extended to two years. For that, weather and demand pro-
files of the first year were distorted by random noise and applied
to the second year. In particular, 5% noise was applied to the de-
mand profiles, 10% noise was applied to the solar irradiance pro-
files, and 50% noise was applied to the wind speed profiles. Each
scenario was optimised for minimum cost at minimum emissions
using two and three hierarchy stages. A comparison with M-REF is
not possible as it exceeded the computation time limit, but a com-
parison to the single-year application of M-THS is provided.

All problems were formulated in MATLAB 2018a (The Math-
Works Inc., 2018) using the YALMIP-toolbox (Lofberg, 2004), and
solved with Gurobi v9.1 (Gurobi Optimization LLC, 2000) on an
Intel Xeon Silver 4110 machine (2.10 GHz, 2 sockets, 16 cores, 32

logical processors, 64 GB RAM) assigning 4 logical processors per
problem. A time limit of 60 h was applied for each optimisation
step (emission and cost optimisation). Cases for which M-REF was
infeasible or reached the time limit were neglected in the compar-
ison.

3. Results
3.1. Benchmarking

Figure 2a and b show the error in the emission and cost ob-
jective, respectively, for the three compared methods relative to
the reference method. In general, time discretization methods in-
troduce an error in both emission and cost objective, albeit more
pronounced for the cost objective. The extent of the error intro-
duced also varies widely and ranges from negligibly small errors
well below 1% to more than four-fold increases in emissions and
eight-fold increases in costs. Contrary to this general observation,
M-THS shows excellent accuracy regarding the costs (<1.5% error)
and emissions (<0.001% error) over the whole range of test cases.
On the other hand, 18 cases with a significant increase in emis-
sions can be observed for M-TD. Eleven of these cases show emis-
sions while the reference had no emissions. However, these errors
are solely due to the limitation of operation modes of the networks
and vanish using M-TDNW. For the cost objective, M-TD shows up
to 8.3-fold increases. Again, some of those errors can be reduced
by M-TDNW, but significant increases of up to 2.6-fold remain.

The computation time for the three methods relative to the
reference method are shown in Fig. 2c. For reference computa-
tion times shorter than 0.1 h, no substantial time savings for ei-
ther algorithm can be found due to the high share of compila-
tion time. For higher reference computation times, i.e. where really
needed, a general trend of decreasing relative computation times
can be observed. Nevertheless, a significant amount of test cases
shows hardly any decrease in computation time and some even
suffer from increased computation time upon application of time
discretization methods. Again, M-THS defies this observation and
clearly outperforms M-TD and M-TDNW with savings of up to 99%
and absence of significant outliers. This is shown more explicitly
in Table 1, which reports average values of the data visualised in
Fig. 2a-c.

In conclusion, the benchmarking showed the proposed
method’s superiority, especially for problems featuring com-
putation times longer than 1 h. Here, the method is by a factor
5-10 faster while also keeping the objective function error at
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Fig. 2. Comparison of the three evaluated methods against the reference for (a)
total emissions, (b) total system costs, and (c) computation time. The definitions of
the values shown on the y-axis are reported in Section 2.3. The raw data can be
found in Table A.2.

a negligible value (< 1%). It has to be noted at this point that
one of the 68 test cases was infeasible using M-THS. This case,
together with other limitations of the method, will be discussed
in Section 4.1.

3.2. Parameter tuning

The influence of the key parameters of this method, i.e. the
number of hierarchy stages N and the interval length oy, were in-
vestigated first using cases N3S-4 and the more complex N8S-4. To
analyse the effect of the interval length, the test cases were opti-
mised for minimum cost at minimum emissions over one year us-

Computers and Chemical Engineering 163 (2022) 107816

ing two hierarchy stages and interval lengths of 12, 8, 6, 4, 3, and
2 h in the first stage. In a second analysis, the effect of the number
of stages was investigated by analysing both cases with 1, 2, 3, and
4 stages. Increasing the number of stages automatically introduces
different interval lengths. To isolate the two effects, the first-stage
interval length was varied as well as shown in Table 2.

Figure 3a and b show the effect of the interval length on the
computation time and the objective functions, respectively. For
N3S-4, the error in minimum emissions is less than 0.4% for all
interval lengths and shows low sensitivity towards this parame-
ter. The minimum cost at minimum emissions are more sensitive
to the interval length; however, the maximum error at an inter-
val length of 12 h is still only 1.2%. For interval lengths of 6 h and
shorter, the error drops well below 0.5%. The computation time de-
creases with increasing interval length. This effect is mostly due to
savings in the first stage, while the computation time in the sec-
ond stage is almost constant except for very short interval lengths.
In particular, increasing the interval length from 2 h to 6 h, the
computation time drops by 50%, while increasing it further to 12 h
reduces computation time by only ~9% additionally. Similar qual-
itative trends are found for the more complex N8S-4 case (Fig. 3¢
and d). The error in the cost objective is larger but stays below 5%
over the full range, whereas there is no error in emissions (the ob-
jective value in the reference case is zero, the relative values were
set to 1 for visualisation purposes). The computation time is again
dominated by the first stage for short interval lengths and by the
second stage for long interval lengths. The effect of increasing the
interval length on the computation time is more pronounced than
for the simpler N3S-4 case; increasing it from 2 h to 6 h reduces
the computation time by 89%, while reducing it further to 12 h
reduces the computation time by another 15%. Overall, an inter-
val length of 6 h was identified as a reasonable trade-off between
computation time and accuracy. This is despite the sharp increase
in the cost objective at 6 h interval length for N8S-4, which is con-
sidered a peculiarity of this specific test case.

The effect of the number of stages is shown in Table 2. For both
test cases, the interval length in the first stage dominates the er-
ror in the objective functions, while the number of stages has only
minor effects. This makes sense, since the strongest simplification,
which is the first stage by definition, determines the error which
is propagated through the stages as a result of the method design.
For the computation time, the effect of the number of stages is
more complex and can have two outcomes:

i. Adding stages speeds up the problem, as it enables to tighten
the bounds step-wise.

ii. For cases where the bounds provided by the first stage are tight
already and therefore allow the subsequent stages to solve very
fast, the aforementioned benefit is outweighed by the time the
additional stages take to solve.

The combination of both effects can be seen for case N3S-4.
Starting from two stages with interval lengths of 24 h and 1 h,
adding a 6 h stage reduces the computation time by 28%. How-
ever, adding another stage with 12 h interval length increases the
computation time again by 27%.

Which of the two effects dominates varies and the appropriate
number of stages needs to be decided on a case-by-case basis in
practice.

3.3. Application examples

Application to Pareto optimisation. The Pareto front shown in
Fig. 4 clearly shows the high accuracy of M-THS with respect to M-
REF along the whole Pareto front. It is however noteworthy, that
the minimum emissions found with M-REF are 0.5% lower than
with M-THS. This leads to higher costs at minimum emissions for
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Table 2
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Effects of the number of stages and interval length on the performance of M-THS for the examples of test
cases N3S-4 and N8S-4. All values are relative to the reference reported in the first row.

#Stages  Interval Length  N3S-4 N8S-4
Emission  Cost Comp. time  Emission  Cost Comp. time

1 1 1 1 1 1 1 1

2 6-1 1.001 1.003  0.161 1.000 1.037  0.024

2 12-1 1.003 1.012  0.133 1.000 1.041  0.020

2 24-1 1.004 1.015  0.197 1.000 1.303  0.017

3 12-6-1 1.003 1.012  0.184 1.000 1.042  0.019

3 24-6-1 1.004 1.015  0.142 1.000 1304 0.021

4 24-12-6-1 1.004 1.016  0.181 1.000 1.306  0.021
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Fig. 3. Effect of interval length on computation time (first row, (a) and (c)) and objective functions (second row, (b) and (d)), for test cases N3S-4 (first column, (a) and (b))
and N8S-4 (second column (c) and (d)). The objective function value is shown relative to the reference case.
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Fig. 4. Comparison of Pareto fronts for case N3S-3 generated using M-THS and M-
REFE.

M-REF. To identify if the costs for the minimum emissions found
by M-THS are accurate, an additional optimisation was conducted
with M-REF. In this optimisation, the costs were minimised while
having the minimum emissions identified with M-THS as an up-

10

Table 3
Summary of the results of a 2-years analysis of test cases N8S-3 and N8S-4, opti-
mised for minimum cost at minimum emissions.

Horizon Int. length Comp. time Cost Emission
[yl [h] [h] [1010EUR/y] [tCO2/y]
N8S- 1 6-1 1.71 3.963 0
3 1 24-6-1 1.43 4.014 0
2 6-1 7.36 4.164 0
2 24-6-1 4.79 4.164 0
N8S- 1 6-1 1.88 7.19 0
4 1 24-6-1 1.15 9.04 0
2 6-1 3.09 7.95 0
2 24-6-1 4.03 10.53 0

per limit. Despite the high accuracy, the computation time for the
original four Pareto points is reduced by 82%.

Application to long time periods using multiple stages. The
results in Table 3 show that the proposed method allows for co-
optimisation of design and operation of systems featuring consid-
erable size and complexity (around 6 million constraints and 3
million variables, of which ~88k integers, for one year) on a 2-
year horizon with a computation time of only a few hours. How-
ever, since no simplification in the form of typical design periods
is used, the problem remains memory intensive for high hierarchy
stages. This can lead to intractability on low-memory machines,
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Fig. 5. Results of re-analysing the case presented by Weimann et al. (2021) with M-THS for different H, demand scenarios. (a) Utilisation of uncurtailed primary electricity
over the power spectrum. (b) Relative cumulative electricity input to batteries and electrolysers (as a proxy for power-to-H,) over the power spectrum.

and therefore constitutes a potential limitation of this method.
Adding additional hierarchy stages can have significant benefits for
multi-year analyses, as showcased by the 35% saving in compu-
tation time for N8S-3 over two years. However, a prerequisite for
this is that the error of the objective function is acceptable, which
can already be established on a shorter time horizon; this can be
observed by comparing N8S-3 and N8S-4, where the latter shows
significant error already for one year. The 2-year analysis of N8S-4
shows that adding stages can also increase the computation time.
This effect was discussed in detail in Section 3.2.

3.4. Relevance of time discretization for system design and
understanding

Not resorting to design days or other temporal approximations
in the final stage of the proposed method not only increases the
level of temporal detail of the results but can also lead to dif-
ferent qualitative findings. To demonstrate this, the scenario dis-
cussed in Weimann et al. (2021), originally solved using M-TD with
20 typical days to provide a tractable problem, was re-analysed
using M-THS. Note that the same scenario was also used as test
case N8C in the present study. The savings in computation time
were spent on increased spatial resolution (8 nodes in the original
study, 15 nodes in the present study) and more detailed network
modelling (copper plate in the original study, scheduling-only and
sizing-and-scheduling network modelling in the present study, see
Section 2.1 for details about the network models)

In the original work, it was shown that the design and op-
eration of power-to-H, systems critically depends on the flexibil-
ity of these technologies. This was done by varying the number
of typical days for a reduced time horizon. While Figure 11b in
Weimann et al. (2021) shows that the utilisation of renewable en-
ergy increases with increasing operational flexibility (i.e. a higher
number of typical days), it was uncertain whether this trend also
holds for a longer time horizon, i.e. when seasonal effects come
into play. The application of M-THS in the present study shows that
the utilisation is indeed significantly higher if no time-aggregation
method is used, therefore confirming the finding of the original
study. Figure 5a shows how the whole power spectrum is per-
fectly utilised except for extreme power peaks. Still, even for the
latter, the utilisation hardly drops below 99%. Moreover, the orig-
inal study found that batteries and power-to-H, systems take up
complementary roles if given the necessary operational flexibility.
This finding could also be confirmed on a one year time horizon

1

Table 4
Key results from applying M-THS to a previous study (Weimann et al., 2021).

Present study using M-THS Original study

System cost [MEUR/y] 1.9.10* 3.01-104
electrolyser capacity [GW] 23.5 18.4
Fuel cell capacity [GW] 25.0 5.2

H, storage capacity [GWh] 4,682 5,681
Battery capacity [GWh] 48.2 576

using M-THS (compare Figure 12 from Weimann et al., 2021 with
Fig. 5b in the present work).

The advantages of a higher temporal resolution are not limited
to operational aspects but can also be found in the designs. Table 4
compares the system costs, battery capacity, and power-to-H,-to-
power capacity found in the original study and the present study.
The cost decrease of around 37% clearly shows that the increased
flexibility leads to better system designs. In particular, the installed
battery capacity decreases by almost 92% while the installed ca-
pacities of electrolyser and salt cavern increase only slightly. It
should be noted that the original study modelled the battery with
full flexibility due to which it compensated for the missing flexibil-
ity in the power-to-H, technologies. Hence, the strong decrease in
installed capacity was to be expected when allowing for more op-
erating modes of the electrolyser. Another significant difference be-
tween the two designs is the installed capacity of fuel cells, which
increased by a factor 8.7. The small fuel cell capacity in the origi-
nal study is a result of the decreasing role of H, as an electricity
storage medium for increasing H, commodity demands (see Fig-
ure 10 in Weimann et al., 2021). Opposed to this, the analysis using
M-THS shows no such decreasing trend but rather a proportional
up-scaling of power-to-H, capacity with increasing H, commodity
demand (see Fig. 6). The role of H, as electricity storage medium
is highlighted in Fig. 6d, which shows that the absolute amount
of H, used for electricity storage, i.e. the excess production com-
pared to the commodity demand, is rather constant. Conversely,
this also implies that the relative amount of H, used for electricity
storage, compared to the total H, produced, is decreasing. While
in reality findings like this are influenced by technical constraints,
e.g. how electrolysers and fuel cells can be operated, a properly
time-resolved modelling framework can help to identify desirable
technology features.

Due to the copper-plate approach in the original study, the spa-
tial resolution only affected the system via varying weather pro-



L. Weimann and M. Gazzani

(@)
£ 7000 ‘ ‘ ‘ ‘ ‘ ‘
o
= 6000 | JUPEEL A
2 ) ) N
G 5000 - integrated design =" 1
& Z_o-
Q o---"""
S 4000 - ,
o
.£ 3000 4
%‘ .-
2000 - _o---"" 1
s standalone design - ---~" a
S1000f o go----"77 ]
[ =
>
8 0 L L L L L L
5 10 15 20 25 30 35 40
o ()
2 35 ‘ ‘ ‘ ‘ ; ‘
o -0
2% _ - i
o integrated design , _ _ - -~ "~
® 25f 2o il
-
O 20 ¢ B
s
2 45| -0 ]
=
= _ -
g 10r standalone de5|gn_ a---"" b
> -
[ o-- ]
g ‘ ‘ ‘ ‘ ‘ ‘
w 5 10 15 20 25 30 35 40

Hydrogen Demand / TWhly

Computers and Chemical Engineering 163 (2022) 107816

(b)

z

5 35 T T T T T T
=
O 30 1
2 250 |_nt_egritfd_d_es_|gon_ - |
§ O=------- ¢

s 20 - 1
o
8 15+ 1
o
£ 10 1
S st 1
3, ‘ ‘ ‘ ‘ ‘ ‘
w 5 10 15 20 25 30 35 40

(d)

>70 . . . . , ,

=

=60l electrolyzer output T
£ 60 -

= (integrated design) _ _ fm=e=i™

s o |
‘g 40+ s storage loss

° and surplus

2 30f

o

§’20 r ]
° 1o production = demand ]
°

) , , , ,

15 20 25 30
Hydrogen Demand / TWhly

5 10 35 40

Fig. 6. Sizes of power-to-H, technologies as a function of the H, demand (re-analysing the case presented in Weimann et al., 2021 with M-THS). (a) Salt cavern (H, storage)
working capacity (b) Fuel cell input capacity (c) electrolyser input capacity (d) H, production.

Output power | MW,,,,

Output power | MW,,,,

b)
15 It 1F
1.0 s
0.5 s
0 + + t

O R U\/\/é
| R ERAY)

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 1 2
Month

Week (January)

3 4 1 2 3 4 5 6 7
Day (first week)

Fig. 7. Production profiles of the electrolysers at the storage site (top) and demand site (bottom). (a) full one year time horizon (b) close-up of the first four weeks of the
year (c) close-up of the first week of the year. The light-blue profile is at hourly resolution, the dark blue profile is a moving average of seven days, one day, and one hour
for (a), (b), and (c), respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

files. The significantly decreased computation time using M-THS al-
lowed to increase the spatial resolution and model the networks
in detail. While the electrolysers were randomly distributed in
the original study, they are now limited to two locations. At the
storage site, the electrolyser operates in a highly flexible man-
ner following the renewable electricity production since the pro-
duced hydrogen can be directly stored (see Figs. 7 and 8). Con-
trary, at the site where the flat commodity demand is located, the
electrolyser preferably operates in steady-state with some distur-
bances over the year. The electrolyser capacity at the demand site
is only 45% of the capacity at the storage site. Considering that
some of the H, produced at the storage site is also used to sup-
ply the commodity demand, the ratio of installed electrolyser ca-
pacity agrees with the ratio between storage and commodity de-
mand highlighted earlier (Fig. 6d). It is furthermore noteworthy
that the batteries are also installed only at those two sites but
with opposing trends in capacity: at the demand site, the smaller
electrolyser is combined with the larger battery, while the larger
electrolyser at the storage site is combined with the smaller bat-
tery. This clearly shows that the steady-state operation periods
of the electrolyser at the demand site are facilitated by the bat-
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tery - an operational feature that is not necessary at the storage
site.

Both comparison cases show how the proposed method can
contribute to gaining crucial insights otherwise hidden by time
aggregation methods. This is especially true for systems with a
very high renewable energy penetration, where time aggrega-
tion methods can lead to significant deviations from true opti-
mality. An example thereof is the decreasing role of H, as elec-
tricity storage medium with increasing demand as identified by
Weimann et al. (2021), which was shown to be a result of the typ-
ical days applied to the model. While the finding in itself is not
incorrect, the reason for it - being the reduced operational flexibil-
ity of the fuel cell - needs to be acknowledged.

4. Discussion and conclusions
4.1. Method limitations
The method proposed in the current work has been developed

with the aim of providing a general and framework-independent
method for the solution of complex design and operation optimisa-
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tion problems. While this has been mostly achieved, two potential
limitations need to be discussed.

Infeasibility for competing technologies. Competing technolo-
gies, e.g. two types of wind turbines competing for the same land,
can lead to infeasibility in high hierarchy stages. This can happen
if the smaller type, i.e. the type with lower power output, is in-
stalled to a high extent in an early stage. The increasing tempo-
ral resolution of subsequent stages might reveal demand peaks or
production valleys which require larger types. However, due to the
lower bound imposed by the earlier stage on the small type, the
larger type cannot be installed at sufficient quantity. This applies
to all technologies which compete for the same land or some other
shared resource. The problem can be resolved by applying a lower
bound on the amount of shared resource used instead of the size
of each single technology. The computation time penalty caused by
this looser bound was not quantified in the course of this work.

Intractability for memory intensive problems. The presented
method is less suited if the necessity for simplification stems from
memory requirements rather than, or in addition to, computation
time. An example for this are multi-year analyses. Since the prob-
lem is always solved with the maximum time resolution in the last
stage of the method, the ultimate memory requirement is not re-
duced. A potential, yet untested, approach to overcome this limita-
tion is a hybrid of the proposed method and a rolling horizon. The
method’s parameters should be chosen such that the second-last
stage remains tractable. After applying the method’s constraints,
the last stage can be solved with a rolling horizon.

4.2. Conclusion

In this work, we presented a novel approach to solve intricate
MILP energy system design and operation problems for yearly or
multi-year time horizons. The method relies on a multi-stage strat-
egy in which the temporal resolution is increased at every stage.
The last stage features the maximum resolution provided by the
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input data, i.e. hourly in the present study. This tackles a com-
monly known problem of time aggregation methods; they are not
reliable for highly volatile systems, e.g. in the case of high re-
newable energy penetration. Using a vast set of different energy
system design and operation optimisation problems, the method
was evaluated against optimisations with full time resolution (ref-
erence) and benchmarked against a commonly used method rely-
ing on typical days. It proved to be both time-efficient (>90% com-
putation time saving compared to the reference) and highly accu-
rate (<1% error in the objective function compared to the refer-
ence) and clearly outperformed the typical days method in both
domains.

It has to be acknowledged that open literature provides plenty
of highly sophisticated time aggregation methods which have not
been included in the benchmarking. Therefore, it cannot be ruled
out that some of these methods outperform the method proposed
in the present work. However, an advantage worth highlighting is
the method’s simplicity. It does not require clustering algorithms
or advanced iterative routines but rather relies on simple averaging
of profiles and a set of constraints to transfer information between
subsequent stages. Hence, the proposed method is independent of
the modelling framework and can be easily applied, therefore hav-
ing a potentially high impact also outside of academia.

Besides the model formulation, validation, and benchmarking,
its practical added value was demonstrated by re-analysing a sys-
tem for the production of hydrogen from non-dispatchable renew-
able energy sources the authors discussed in a previous work. The
added temporal information provided new insights on the technol-
ogy operation and system design, and allowed to find a better opti-
mum. Furthermore, it was shown that the increased time efficiency
can be used to increase the spatial resolution and the model detail,
which results in a better physical representation of the system. Fi-
nally, successfully applying the method to a hydrogen production
case indicates that it can be used for studying the production of
dense chemical energy carriers as well.
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Table A1

Summary of test cases.
Tag ID Energy carriers End-user demands #Nodes Network Technologies
LZH 1 electricity electricity 1 - WT, PV
LZH 2 electricity electricity 1 - WT, PV, battery
LZH 3 electricity, H2 electricity 1 - WT, PV, battery, PEMEC, PEMFC, H2-storage
LZH 4 electricity, heat electricity, heat 1 - WT, PV, ST, battery, edHP, HWTS
LC 1 electricity electricity 1 - WT, PV
LC 2 electricity electricity 1 - WT, PV, battery
LC 3 electricity, H2 electricity 1 - WT, PV, battery, PEMEC, PEMFC, H2-storage
LC 4 electricity, H2, heat electricity, heat 1 - WT, PV, ST, battery, PEMEC, PEMFC, H2-storage, edHP, HWTS
N1 1 electricity electricity 1 - WT, PV
N1 2 electricity electricity 1 - WT, PV, battery
N1 3 electricity, H2 electricity 1 - WT, PV, battery, PEMEC, PEMFC, H2-storage
N1 4 electricity, H2 electricity, H2 1 - WT, PV, battery, PEMEC, PEMFC, H2-storage
N1 5 electricity, H2, gas electricity, H2 1 - WT, PV, battery, PEMEC, PEMFC, H2-storage, GT
N3C 1 electricity electricity 3 copper-plate WT, PV
N3C 2 electricity electricity 3 copper-plate WT, PV, battery
N3C 3 electricity, H2 electricity 3 copper-plate WT, PV, battery, PEMEC, PEMFC, H2-storage
N3C 4 electricity, H2 electricity, H2 3 copper-plate WT, PV, battery, PEMEC, PEMFC, H2-storage
N3C 5 electricity, H2, gas electricity, H2 3 copper-plate WT, PV, battery, PEMEC, PEMFC, H2-storage, GT
N3S 1 electricity electricity 3 capacity limit, no sizing WT, PV
N3S 2 electricity electricity 3 capacity limit, no sizing WT, PV, battery
N3S 3 electricity, H2 electricity 3 capacity limit, no sizing WT, PV, battery, PEMEC, PEMFC, H2-storage
N3S 4 electricity, H2 electricity, H2 3 capacity limit, no sizing WT, PV, battery, PEMEC, PEMFC, H2-storage
N3S 5 electricity, H2, gas electricity, H2 3 capacity limit, no sizing WT, PV, battery, PEMEC, PEMFC, H2-storage, GT
N3NW 1 electricity electricity 3 full network design WT, PV
N3NW 2 electricity electricity 3 full network design WT, PV, battery
N3NW 3 electricity, H2 electricity 3 full network design WT, PV, battery, PEMEC, PEMFC, H2-storage
N3NW 4 electricity, H2 electricity, H2 3 full network design WT, PV, battery, PEMEC, PEMFC, H2-storage
N3NW 5 electricity, H2, gas electricity, H2 3 full network design WT, PV, battery, PEMEC, PEMFC, H2-storage, GT
N8C 1 electricity electricity 8 copper-plate WT, PV
N8C 2 electricity electricity 8 copper-plate WT, PV, battery
N8C 3 electricity, H2 electricity 8 copper-plate WT, PV, battery, PEMEC, PEMFC, H2-storage
N8C 4 electricity, H2 electricity, H2 8 copper-plate WT, PV, battery, PEMEC, PEMFC, H2-storage
N8C 5 electricity, H2, gas electricity, H2 8 copper-plate WT, PV, battery, PEMEC, PEMFC, H2-storage, GT
N8S 1 electricity electricity 8 capacity limit, no sizing WT, PV
N8S 2 electricity electricity 8 capacity limit, no sizing WT, PV, battery
N8S 3 electricity, H2 electricity 8 capacity limit, no sizing WT, PV, battery, PEMEC, PEMFC, H2-storage
N8S 4 electricity, H2 electricity, H2 8 capacity limit, no sizing WT, PV, battery, PEMEC, PEMFC, H2-storage
N8S 5 electricity, H2, gas electricity, H2 8 capacity limit, no sizing WT, PV, battery, PEMEC, PEMFC, H2-storage, GT
NSNW 1 electricity electricity 8 full network design WT, PV
N8NW 2 electricity electricity 8 full network design WT, PV, battery
N8NW 3 electricity, H2 electricity 8 full network design WT, PV, battery, PEMEC, PEMFC, H2-storage
NSNW 4 electricity, H2 electricity, H2 8 full network design WT, PV, battery, PEMEC, PEMFC, H2-storage
N8NW 5 electricity, H2, gas electricity, H2 8 full network design WT, PV, battery, PEMEC, PEMFC, H2-storage, GT
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Table A.2

Problem size and benchmark results for all successfully evaluated test cases.

Case Horizon [d]  Problem size (reference) Computation time [h] Emissions [tCO,/y] Costs [EUR/y|
Cont. variable  Int. variables  Bin. variables  Constraints =~ M-REF M-THS M-TD M-TDNW  M-REF M-THS  M-TD M-TDNW  M-REF M-THS M-TD M-TDNW

LC-1 365 131,404 3 0 205,678 0.017 0.035 0.017  0.017 2848.6 2848.6  2848.6 2848.6 8E+08 8E+08 8E+08 8E+08
LC-2 365 175,204 3 0 293,283 0.022 0.026 0.021  0.021 0 0 0 0 4E+07 4E+07 4E+407 4E+07
LC-3 365 367,928 17,523 17,520 687,493 0.486 0.079 0.137 0.137 0 0 0 0 2E+07 2E+07 3E+07 3E+07
LC-4 365 569,419 35,051 35,048 1,143,052 4.295 0.216 0.222  0.222 0 0 0 0 4E+07 4E+07 1E+08 1E+08
LZH-1 180 64,801 3 0 102,873 0.028 0.020 0.016 0.016 61.644 61.645 61.644 61.644 290,952 290,945 290,952 290,952
LZH-2 180 86,404 3 0 146,078 0.028 0.023 0.023  0.023 41.923 41973 41.923 41.923 985,031 991,276 985,031 985,031
LZH-3 180 181,448 8643 8640 340,488 0.046 0.046 0.041 0.041 41.923 41.924 41.923 41.923 985,182 988,322 985,182 985,182
LZH-4 180 185,775 8651 8648 366,775 0.574 0.033 0.027  0.027 128.99 129.05 143.7 143.7 694,323 719,687 1E+06 1E+06
LZH-1 365 131,404 3 0 208,693 0.025 0.021 0.019 0.019 128.2 128.2 128.2 128.2 316,818 316,815 316,818 316,818
LZH-2 365 175,204 3 0 296,298 0.020 0.028 0.026  0.026 91.311 91.564 91.311 91.311 1E+06 1E+06 1E+06 1E+06
N1-1 365 183,961 5 0 280,341 0.013 0.012 0.016 0.016 6E+06 6E+06 6E+06 6E+06 8E+10 8E+10 8E+10 8E+10
N1-2 365 227,764 5 0 367,946 0.019 0.013 0.019 0.019 0 0 0 0 7E+10 7E+10 7E+10 7E+10
N1-3 365 420,488 17,525 17,520 762,156 0.211 0.040 0.115 0.115 0 0 0 0 4E+10 4E+10 5E+10 5E+10
N1-4 365 420,488 17,525 17,520 762,156 0.347 0.053 0.154 0.154 0 0 0 0 4E+10 4E+10 6E+10 6E+10
N1-5 365 586,937 105,134 17,528 1,243,991 9.818 0.264 0.285 0.285 0 0 0 0 2E+10 2E+10 6E+10 6E+10
N3C-1 365 341,642 8 0 533,278 0.024 0.016 0.023  0.023 6E+06 6E+06 6E+06 6E+06 5E+10 5E+10 5E+10 5E+10
N3C-2 365 429,248 8 0 708,488 0.042 0.030 0.042  0.042 0 0 0 0 6E+10 6E+10 6E+10 6E+10
N3C-3 365 788,414 35,048 35,040 1,435,583 5.414 0.161 0.533 0.533 0 0 0 0 2E+10 2E+10 4E+10 4E+10
N3C-4 365 788,414 35,048 35,040 1,435,583 4986 0.189 0.672  0.672 0 0 0 0 3E+10 3E+10 5E+10 5E+10
N3C-5 365 1,147,592 210,266 35,056 2,443,053 18.580 0.925 1.119 1.119 0 0 0 0 3E+10 3E+10 5E+10 5E+10
N3NW-1 180 246,305 71 63 427,329 0.127 0.023 0.022  0.140 3E+06 3E+06 9E+06 3E+06 5E+10 5E+10 5E+10 5E+10
N3NW-2 180 289,511 71 63 513,739 0.695 0.056 0374 0.973 0 0 250212 0 6E+10 6E-+10 2E+11 6E+10
N3NW-3 180 466,637 17,351 17,343 880,954 45.690 0.258 1.246  24.897 0 0 87,817 0 2E+10 2E+10 2E+11 5E+10
N3NW-4 180 466,637 17,351 17,343 880,954 12.492 2.389 1.083  36.187 0 0 2E+06 0 3E+10 3E+10 2E+11 6E+10
N3NW-1 365 499,385 71 63 866,410 0.274 0.053 0.026  0.301 6E+06 6E+06 2E+07 6E+06 5E+10 5E+10 6E+10 5E+10
N3NW-2 365 586,991 71 63 1,041,620 1.930 0.138 8.793 8.541 0 0 3E+06 0 6E+10 6E+10 2E+11 6E+10
N3NW-1 90 123,185 71 63 214,053 0.030 0.013 0.017 0.044 2E+06 2E+06 5E+06 2E+06 5E+10 5E+10 5E+10 5E+10
N3NW-2 90 144,791 71 63 257,263 0.270 0.020 0.064 0.329 0 0 520,693 O 6E+10 6E+10 2E+11 6E+10
N3NW-3 90 233,357 8711 8703 440,878 3.491 0.126 0.117 0.708 0 0 520,695 O 2E+10 2E+10 2E+11 5E+10
N3NW-4 90 233,357 8711 8703 440,878 8.576 0.105 0.199 1.330 0 0 3E+06 0 3E+10 3E+10 1E+11 7E+10
N3S-1 365 420,491 26 18 708,514 0.037 0.018 0.023  0.048 2E+07 2E+07 2E+07 2E+07 6E+10 6E+10 6E+10 6E+10

(continued on next page)
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Table A.2 (continued)

Case Horizon [d]  Problem size (reference) Computation time [h] Emissions [tCO,/y] Costs [EUR/y]
Cont. variable  Int. variables  Bin. variables  Constraints ~M-REF ~ M-THS  M-TD M-TDNW  M-REF  M-THS  M-TD M-TDNW  M-REF  M-THS M-TD M-TDNW

N3S-2 365 420,491 26 18 708,514 0.174 0.049 0.219 0.174 6E+06 GE+06 6E+06 6E+06 1E+11 1E+11 1E+11 1E+11
N3S-3 365 946,112 35,084 35,076 1,786,055 2.610 0.239 1.237 1.462 5E+06  5E+06  5E+06 5E+06 1E+11 1E+11 2E+11 1E+11
N3S-4 365 946,112 35,084 35,076 1,786,055 1.745 0.283 1.291 0.755 1E+07 1E+07  1E+07 1E+07 9E+10 9E+10  2E+11 1E+11
N3S-5 365 1,305,290 210,302 35,092 2,793,525 20.169  0.851 3.114 2.278 1E+07 1E+07  1E+07 1E+07 9E+10 9E+10  2E+11 1E+11
N8C-1 180 440,645 21 0 679,824 0.040 0.029 0.043 0.043 1E+06 O 1E+06 1E+06 5E+10 O 5E+10 5E+10
N8C-2 180 548,660 21 0 895,849 0.077 0.047 0.082 0.082 0 0 0 0 4E+10 4E+10 4E+10 4E+10
N8C-3 180 959,072 43,221 43,200 1,720,999 4.809 0.451 1.217 1.217 0 0 0 0 2E+10 2E+10 4E+10 4E+10
N8C-4 180 959,072 43,221 43,200 1,720,999 5.462 0.473 1.378 1.378 0 0 0 0 2E+10 2E+10 4E+10 4E+10
N8C-5 180 1,408,397 259,266 43,240 2,969,654 55.269 0.974 0.892 0.892 0 0 0 0 2E+10 2E+10 4E+10 4E+10
N8C-1 365 893,525 21 0 1,379,277 0.217 0.033 0.208 0.208 3E+06  3E4+06  3E+06 3E+06 5E+10 5E+10 5E+10 5E+10
N8C-2 365 1,112,540 21 0 1,817,302 0.333 0.098 0.338 0.338 0 0 0] 0 4E+10 4E+10 4E+10 4E+10
N8C-3 365 1,944,752 87,621 87,600 3,490,492 14.458  3.587 6.881 6.881 0 0 0 0 2E+10 2E+10 3E+10 3E+10
N8C-4 365 1,944,752 87,621 87,600 3,490,492 17.822 2315 5.380 5.380 0 0 0 0 2E+10 2E+10 4E+10 4E+10
N8C-1 90 220,325 21 0 341,001 0.028 0.019 0.028 0.028 1E+06 1E+06  1E+06 1E+06 5E+10 5E+10 5E4+10 5E+10
N8C-2 90 274,340 21 0 449,026 0.030 0.026 0.030 0.030 0 0 0 0 4E+10 4E+10 4E+10 4E+10
N8C-3 90 479,552 21,621 21,600 861,616 0.846 0.116 0.056 0.056 0 0 0 0 2E+10 2E+10 4E+10 4E+10
N8C-4 90 479,552 21,621 21,600 861,616 0.857 0.157 0.077 0.077 0 0 0 0 2E+10 2E+10 5E+10 5E+10
N8C-5 90 704,237 129,666 21,640 1,486,031 10.295 0.345 0.129 0.129 0 0 0 0 2E+10 2E+10 5E+10 5E+10
NSNW-1 180 994,053 469 448 1,817,774 0.222 0.098 0.072 0.267 1E4+06  1E+06  7E+06 1E+06 5E+10 5E+10 5E4+10 5E+10
NSNW-2 180 1,102,068 469 448 2,033,799 3.006 0.220 6.214 3.283 0 0 0 0 4E+10 4E+10 1E+11  4E+10
NSNW-1 365 2,015,253 469 448 3,684,947 2.118 0.322 0.314 1.860 3E+06 3E+06  2E+07 3E+06 5E+10 5E+10 6E4+10 5E+10
NSNW-2 365 2,234,268 469 448 4,122,972 33.752  0.941 67.028  20.080 0 0 0 0 4E+10 4E+10 O 4E+10
NENW-1 90 497,253 469 448 910,871 0.061 0.041 0.023 0.084 1E+06  1E+06  4E+06 1E+06 5E+10 5E+10 5E4+10 5E+10
NSNW-2 90 551,268 469 448 1,018,896 3.685 0.104 1.011 4.235 0 0 0 0 4E+10 4E+10 1E+11 4E+10
N8S-1 180 717,189 149 128 1,263,278 0.127 0.048 0.096 0.117 2E+06 2E+06 O 2E+06 5E+10 5E+10 O 5E+10
N8S-2 180 825,204 149 128 1,479,303 0.794 0.125 5.361 0.766 0 0 0 0 6E+10 6E+10  1E+11 6E+10
N8S-3 180 1,512,160 43,477 43,456 2,887,909 10.736  1.400 4214 2.628 0 0 0 0 4E+10 4E+10 8E+10 5E+10
N8S-4 180 1,512,160 43,477 43,456 2,887,909 19.899  0.628 7.537 4.128 0 0 345373 0 6E+10 6E+10  2E+11 7E+10
N8S-1 365 1,454,229 149 128 2,562,131 0.725 0.129 0.359 0.871 5E+06 5E+06 O 5E+06 5E+10 5E+10 O 5E+10
N8S-2 365 1,673,244 149 128 3,000,156 2.926 0.361 11.243  3.244 0 0 0 0 6E+10 6E+10 6E+10 6E+10
N8S-3 365 3,066,160 87,877 87,856 5,856,202 14.431 1.709 14.001 14.001 0 0 0 0 4E+10 4E+10 5E+10 5E+10
N8S-4 365 3,066,160 87,877 87,856 5,856,202 55.124  1.883 12.013 12.013 0 0 0 0 7E+10 7E+10 8E+10 8E+10
N8S-1 90 358,629 149 128 632,855 0.062 0.029 0.033 0.049 2E+06  2E+06  4E+06 2E+06 5E+10 5E+10 5E4+10 5E+10
N8S-2 90 412,644 149 128 740,880 0.268 0.055 0.394 0.330 0 0 0] 0 6E+10 6E+10  1E+11 6E+10
N8S-3 90 756,160 21,877 21,856 1,445,326 2.051 0.181 0.748 0.577 0 0 0 0 4E+10 4E+10  1E+11 5E+10
N8S-4 90 756,160 21,877 21,856 1,445,326 2.923 0.292 0.930 0.843 0 0 603,913 0 6E+10 6E+10  2E+11 8E+10
N8S-5 90 980,845 129,922 21,896 2,069,741 7.912 0.454 1.451 1.191 0 0 603,913 0 6E+10 6E+10  2E+11 8E+10
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