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Abstract

In energy system modelling, time is typically discretised, i.e. handled in the form of time steps. While
the choice of a time grid is a model parameter, it can affect the results of a simulation or optimisation
to the same extent as physical parameters. This fact underlines the importance of design decisions by
modelling frameworks, as these decisions define the options for modellers.

In oemof.solph, a system is implemented that allows a user-defined length for each single time-step.
In the present contribution, we cover a detailed description of the status quo of the implementation, in-
cluding two additional time index features, namely time-series aggregation and pathway planning, along
with their experimental implementations. We then discuss options for harmonising the implementations,
making them both, more user-friendly and easier to maintain. We also explain the implications of possi-
ble design choices on the capability to model the specifics of energy systems and provide examples for
modelling and data-analysis with a focus on the use of time indexes.

1 Introduction

In the real world, time is continuous. In a model, however, it is convenient to discretise time. Actually, we
do not know of a single example of an optimisation model that allows continuous time [1]. While event-
based simulation that works with non-discretised time has been applied for non-optimising models, rare
publications naming ‘event-based optimisation’ in the energy sector (like [2]) still work with time steps.
Whereas the choice of a time grid is a model parameter, it can affect the results of a simulation or
optimisation to the same extent as physical parameters, e.g. the power of an electricity producer [3, 4].

Despite the fact that almost all models discretise time, terminology related to time indices varies
across the literature. This lack of consistency often complicates discussions and leads to misunder-
standings, as there is no shared conceptual framework. While constraints and equations have already
been reviewed and compared between different implementations [5], details on the discretisation of time
are often omitted. The goal of this paper is to clarify the topic, to establish a common language for both
new and experienced modellers, and to indicate advantages and disadvantages of different methods.
To achieve this, this paper is structured in the following:

In Sec. 2, we describe our understanding of the different contexts in which time indices are applied
in energy system modelling and propose an appropriate terminology. As implementation details of the
formulation of time have an impact on the way costs are considered, we include a discussion on the
definition of operational and capital-related costs. In this context, it should be noted, that also cost
specifications have a significant impact on the optimisation results [6]. We then illustrate these concepts
in Sec. 3 using examples applying different methods in oemof.solph [7]. Finally, we compare and
discuss the results in Sec. 4, which also concludes this paper.



Figure 1: Time index with discretised time steps.

2 Definitions and Conceptual Framework

2.1 Time Index

When interpreting time-discretised information, the fundamental question is: when did something ac-
tually happen? Information can be defined either for specific points in time or for time intervals. For
example, a temperature measurement timestamp typically implies that the temperature was measured
at that particular time. However, a value for precipitation would represent the amount in a time interval,
often indexed by the time at which the interval ends. This is referred to as a right-indexed interval. In
energy market data, however, the timestamp indicates when the energy price changes to a particular
value, and the new price becomes valid after the given time. This is referred to as a left-indexed interval.

The way oemof.solph requires the user to provide a time index is a list of points in time

T = [t0, t1, . . . , tN ]. (1)

This can be any list of strictly monotonous numbers, that will be interpreted as points in time given in
hours after an undefined reference time. Typically, a pandas.DatetimeIndex is used, that according to
pandas nomenclature for a non-leap year has 8761 periods: The index needs to extend from midnight on
the first day of the year to midnight on the first day of the following year. As this was not intuitive for some
users, the parameter ’infer last timeinterval’ offers the option of automatically setting the final point. In
the code [8], to avoid misunderstandings, we talk about time steps when referring to the discrete nature,
about the time increment τ when the individual length of the time step is addressed, and about the time
interval if every time step has the same length. A schematic can be seen in Fig. 1. The length of a time
increment is calculated from the time index as

τm = tn+1 − tn. (2)

Note that this definition implies that there are N points in time but only N − 1 time increments, and that
time intervals are left-indexed. To reflect this, we also introduce the counting indexes

NTP = [0, 1, . . . , N ] (3)

for the time points, and

NTS = [0, 1, . . . , N − 1] (4)

for the time steps. For the units, tn could be, e.g., ‘2026-02-12T15:00:00’, while the τm are given in
hours (e.g., ‘0.25 h’). For variables that change with time, energy-like quantities are defined at points in
time while power-like quantities are defined for time increments, i.e., the units could be [Wn] = 1 kWh,
and [Pm] = 1 kW. This choice allows for values independent of the time resolution.

The definitions in (1) and (2) are very generic. While typically constant time intervals are used (e.g.
τn = 0.25 h ∀ n ∈ NTS), you can also use non-equidistant time steps. This can be advantageous if you
want to capture the actual shape but also want to keep the number of overall variables low to reduce
calculation time [9]. A possible step towards reducing the number of time steps without compromising
accuracy is to increase the step size during periods of lower relevance. This is called segmentation, and



multiple possible approaches exist [10]: Periods of particular relevance can be identified by evaluating
the magnitude of the gradient between two consecutive time steps. To this end, a reference variable,
such as photovoltaic production, can be employed, as can a combination of several variables, such as
photovoltaic production, electricity demand, and heat demand. Another approach is to calculate local
variance using a moving window. Beyond mathematical descriptions, specific events based on know-
ledge of the system can also be utilised. Notable events could include the arrival or departure of an
electric vehicle, or an exceptionally high or low residual load. The relevant events can be defined de-
pending on the type of energy system and the research question. This creates a time index with intervals
of varying length. Consequently, the final interval must necessarily conclude with a final timestamp. An
example can be seen in Fig. 2.

(a) (b)

Figure 2: Equidistant (a) and non-equidistant (b) discretisation of continuous information. Note
that the latter increases temporal resolution but only locally.

To reduce the number of time steps in a model, also other time series aggregation (TSA) methods
than the comprehension of adjacent time steps can be used. For simplicity, consider a situation where
time steps are not interlinked. This can be the case in particular if there is no energy storage, and every
controllable device is flexibly usable independent from its previous state (esp. no startup time or slow
ramps). If this is the case, you just need to decide how many time steps you want to have in total. For
example, you might want to have six time steps to represent a whole day. Instead of splitting a day
into six 4 h long increments, you can also choose six 1 h long increments that each represent multiple
hours of the day. This is typically done by clustering similar hours into one representative hour. The
representative time increment is usually called (aggregation) period or typical period. As one can see
in Fig. 3, the peaks are still adequately represented in the aggregated version, but the chronological
sequence of the time series is lost. The fact that one time step after aggregation can represent multiple
original time steps is considered by weighting the time steps.

Figure 3: Hourly discretisation and clustering into six aggregation periods (illustrative sketch).

In the previous example, each period consists of only one time step. If the original time steps are not
independent, e.g., because a storage system must be considered that might be full or empty depending
on previous time steps, this is no longer useful. In that case, aggregated series with a limited set of
representative periods, each consisting of multiple time steps (e.g., typical days or weeks), can be used.
The periods capture recurring patterns in demand and renewable energy source availability and can
be combined with segmentation [11]. In optimisation models, each representative period is weighted
in the cost function to reflect how often it occurs in the original data. For clustering-based TSA this
weight typically equals the cluster cardinality, i.e., the number of original periods represented by the
cluster centroid [12]. For further reading, Hoffmann et al. [13] present a review of different TSA options,
including an overview of the terminology and possible synonyms.



Figure 4: Illustration of the relation between a set of investment periods and a time index for a
time series of three days. The set of investment periods consists of three periods of one day,
and each day consists of six time steps of four hours. Note that all investment periods are the
same here, but could also be different.

A fundamental drawback of standard TSA is the loss of chronological information, because the orig-
inal sequence of periods is not considered in the optimisation model, which can distort the operation
of storage, particularly the behaviour of seasonal storage and other path-dependent components [12].
Renaldi et al. [14] propose multi-resolution formulations to reduce computational runtimes in general
optimisation models while preserving seasonal behaviour. These approaches apply different temporal
granularities to different system components, using coarser time steps for long-term storage and finer
resolutions for short-term operation, with limited accuracy loss in many applications. Gabrielli et al. [15]
introduce sequence-aware TSA approaches that preserve temporal coupling by linking representative
periods through additional storage balance constraints while maintaining the remaining constraints on
the aggregated time layer. Kotzur et al. [12] combine these ideas in a two-layer storage formulation that
distinguishes intra-period states (charging/discharging within a typical period) from inter-period states
(period boundaries between typical periods). The storage state of charge is represented by a superpo-
sition of both; meanwhile, all non-storage components are modelled on the aggregated typical-period
layer as usual. This formulation is implemented in oemof.solph. It is important to note that the intra-
period storage state and the inter-period storage state are of different nature. The intra-period storage
state describes the change within a typical period. This delta can take both positive and negative values,
reflecting charging and discharging, respectively, and should not be interpreted as a persistent state. In
contrast, the inter-period storage state represents the actual storage level at the boundaries between
two typical periods, encapsulating the state of charge at the transition points. As ‘intra’ and ‘inter’ can be
hard to distinguish, especially in spoken language, there have been discussions in the oemof community
about clearer naming. For the time being, however, we will stick to the original naming convention.

Lastly, there is another time scale to consider in energy system modelling. It is needed if you also
want to optimise the point in time an investment is made, taking into account the transformation of
an energy system and evolving system conditions. This is called dynamic investment [16, 17], path-
way planning[18], multi-year planning [19], multi-stage investment [20], or multi-period investment plan-
ning [21]. To implement this, a new set of time increments must be introduced that are linked to the
times for which each investment is available. For example, a 20-year time horizon can be divided into
four 5-year increments. The capacities of the units can then differ for each 5-year time increment. In
oemof.solph, this set is historically called ‘periods’, but it will be renamed ’investment periods’ or ’ca-
pacity periods’ to avoid confusion with the aggregation periods discussed previously. One argument for
investment periods is that PyPSA also uses this term [18]. The latter name simply communicates the
fact that capacities are defined within these periods. In this way, capacity periods might more clearly
indicate that capacities can also change without investment optimisation, for example if the fadeout of a
technology is modelled. For the time being, we will use the terms as synonyms.

Each investment period can, in turn, consist of the time index variations discussed above. In our
example, the 20 years could be divided into four 5-year investment periods. Each 5-year investment
period could be represented by a typical year (using time series aggregation) in an equidistant hourly
resolution. You can also imagine dividing each 5-year investment period into a monthly equidistant
resolution, resulting in 12 × 5 = 60 time increments in each investment period and 4 × 60 = 240 time
increments in total.



Figure 5: Illustration of the specification of investment times on a continuous time axis. If the
multiple time indexes in Fig. 4 are aligned, both formulations are equivalent.

There are multiple ways in which capacity periods can be defined. In particular, they can be seen
as isolated time horizons, possibly without continuity between them. In that case, a list of multiple time
indexes, as defined in (1), can be given to define a new multi-period index, as illustrated in Fig 4

TMP = [[t0,0, t0,1, . . . , t0,N ], . . . [tP,0, tP,1, . . . , tP,N ]] (5)

with P being the last element in the set of the investment period indexes

Ninvest = [0, 1, . . . , P ]. (6)

This is the way PyPSA handles multiple periods [18] and the manner in which the original implementation
draft in solph 0.5 defined periods.

In solph 0.5, it was possible to use the argument time increment directly define the time incre-
ments τm. To have full time stamps in the results, additionally the time index as defined in (1), has to
be given as a concatenation of all defined indexes from (1)

TMP,solph 0.5 = [t0,0, t0,1, . . . , t0,N−1, t1,0, . . . ].

Note that according to (2) for example the time index [. . ., 2025/12/31 23:00, 2026/01/01 00:00, 2030/01/
01 00:00, . . .] would produce a time step of four years and one hour, while it is meant to represent a
time step of one hour plus a gap of four years. Thus, using time increment was crucial to overwrite
the calculated values. This argument, however, was removed with solph 0.6 to guarantee consistency
between the time indexes. A current way to implement gaps will be shown in Section 3.3.

A different way to provide the capacity periods assumes continuous time, as defined in (1). Then,
a set of ‘investment time points’ tinvest,i can be established to define points in time when the capacity
might change. This is illustrated in Fig 5. So, if two time steps lie in the same capacity period, a capacity
C is the same for both time steps, or mathematically, when without loss of generality tm < tn,

∄ tinvest,i with tm < tinvest,i ≤ tn ⇒ C(tm) = C(tn) (7)

To allow defining costs per investment period as an annuity, also the end of the period needs to be given,
so

Tinvest = [tinvest,0, . . . , tinvest,P+1], (8)

which has one more entry compared to Ninvest. Note that this definition allows investment times to be
freely chosen, i.e. they do not have to be part of the time index T. In particular, this definition allows
to give an investment annuity while only optimising operation for shorter times, e.g. a single week. To

allow upfront invest without explicitly defining investment times, a default could be [tinvest,0, tinvest,1]
upfront
=

[t0, tN ], where t0 is the first and tN is the last time point of the time index T defined in (1). Also note
that TMP as defined in (5) contains all information defining the time. Thus, it can replace the original
time index T. In contrast, Tinvest just adds the information when capacities might change and is used in
combination with T.

Taking into account the discussed implementation details and the ambiguity of the term ‘period’, we
prefer the term ‘pathway planning’ to the term ‘multi-period investment’, which was originally used in



solph since before time-series aggregation was implemented. Finally, it should be noted that capacities
exist over periods of time. Thus, the corresponding counting index Ninvest follows the definition of (6)
regardless of whether the definition (5) or (8) is used for the capacity periods.

2.2 Costs

In economic terms, costs are usually categorised as either capital-related costs (CAPEX) or operational
costs (OPEX). For solph, they are typically defined using the parameter variable costs of a Flow

and/or by giving an Investment object and its associated costs as the nominal capacity of any class
(e.g. GenericStorage or Flow). Other types, such as storage costs for the costs of using a storage or
activity costs for binary costs of using a flow, will not be discussed here.

OPEX are composed of contributions that are

• variable (e.g. energy costs in e/kWh),
• capacity related per time (e.g. maintenance in e/kW/a for Flows or in e/kWh/a for storage units),

or
• fixed per time (e.g. chimney sweeper in e/a).

CAPEX are expressed using

• capacity related contributions (e.g. component costs in e/kW for Flows or in e/kWh for storage
units), and

• an offset (e.g. cost to start construction in e).

When CAPEX are given per time, e.g. in order to reflect the time scale of the model rather than the
lifetime of the units, distinguishing them from the OPEX is not a strict mathematical necessary.

The variable costs in solph correspond to the variable OPEX. They are implemented generically
and the software takes care of the proper handling of the time index. The total variable costs cvar,tot are
calculated by summing over the products of all variable costs cvar multiplied by the corresponding time
increments τ and the values P of the corresponding Flows

cvar,tot =
∑

(i,o)∈F

∑
t∈NTS

τt × Pi,o,t × cvar,i,o,t, (9)

where F is the set of Flows, indexed by the input and the output Node it connects.
Investment optimisation is implemented by providing an Investment object for the nominal capacity

attribute of any solph class. In contrast to the case of variable costs, there are multiple implementation
options for investment optimisation. This is due to the fact that the time horizon of the optimisation is
typically smaller than the lifetime of the units the model can invest in. If just upfront invest is considered
(i.e. investing at the beginning of the optimisation time horizon for the complete horizon), typically
(cf. [18]), the optimised capacities C are multiplied with the corresponding capacity related costs cinvest
(called ep costs for equivalent periodical costs), already scaled to the time horizon of the optimisation

cinvest,upfront =
∑

(i,o)∈F

Ci,o × cinvest,i,o. (10a)

If the time horizon is a year, an annuity is given as ep cost, where the units of cinvest,i,o could be for
example e/kW/a. This is how upfront invest optimisation is implemented in solph. As noted above, the
annualised offset of an investment and the fixed OPEX typically have the same units (e/kW/a). Thus,
in upfront investment models using solph both are currently given using the parameter offset of the
Investment.

A way to handle investments more directly instead, is lifetime tracking of the units invested into. This
way, total absolute costs and the remaining value are used. The method was implemented for multi-
period investment in solph v0.5, but is also used e.g. in the optimisation framework REMIX [22]. An
advantage is that the absolute value of the costs (e.g. in e/kW and e for an offset) can be used without
calculating annuities, making the model more intuitive. The costs are then attributed to the point in time
the investment is made

cinvest,tot =
∑

(i,o)∈F

∑
p∈Ninvest

Ci,o,p × cinvest,i,o,p, (10b)



where the costs cinvest,i,o,p are discounted depending on the investment period. The capacity is tracked
using

Cp = Cp−1 + Cinvest(p)− Cdecommission(p) ∀ p ∈ Ninvest. (11)

At the end of the time horizon, a remaining value can be subtracted from the original costs. So only the
share of investment costs incurred within the time horizon is added to the objective value.

For multi-period investment, also fixed OPEX are considered. This is done using the keyword
fixed costs, which accepts one value per period. Capacity related OPEX, however, have to be scaled
to the lifetime of the investment to treat them as if they were part of the investment itself as part of the
ep costs.

With version 0.5.1, omeof.solph introduced internal handling of a global discount rate and a local
interest rate that could be set per component, both aligned with VDI 2067 [23]. This way, the capacity
related costs could be given in absolute values and were automatically adjusted for future years. How-
ever, the implementation was based on narrowing assumptions – e.g. time horizons would be multiples
of full years and discount rates and interest rates would not change over time. Also, literature values
for future energy prices are sometimes already discounted, requiring the user to undo it as there is an
internal scaling. Thus, and to generally allow more flexibility in the pre-processing, we started removing
the discounting functionality with solph version 0.6.0. Further, while writing this paper, we found that
capacity related CAPEX were discounted in the pathway planning optimisation but the offset never was.
As discussed in Sec. 2.1, also manually setting the time increments τm is no longer possible, effectively
removing the previous (partial) support for gaps between investment periods that is implied by (5).

The plan is to implement a cost handling that allows more flexibility and is easier to maintain. To
achieve this, capacity related costs will always be given as an annuity, as it is also done in PyPSA [18].
For users that are interested in upfront invest for one year, nothing would change. This is a compelling
reason to choose this path for harmonising upfront and pathway investment: The functionality that is
marked as stable and used more often can remain unchanged. Internally, however, (10a) would become

cinvest,upfront = (tN − t0)×
∑

(i,o)∈F

Ci,o × cinvest,i,o, (12a)

where tN−t0 is the time horizon defined by the time index (1). This is just a special case of the (intended)
pathway investment optimisation formulation

cinvest,tot =
∑

(i,o)∈F

∑
p∈Ninvest

(tinvest,p+1 − tinvest,p)× Ci,o,p × cinvest,i,o,p. (12b)

In contrast to the formulation of (10b), that considered total costs at the time of investment, discounted
periodical costs are defined over of the lifetime. Note that cinvest,i,o also need to be adjusted when the
time horizon is changed when just upfront investment is optimised, as the discounted periodical costs
depend on time. An advantage of this formulation is, that investment optimisation has the same form as
(9), and both, discounting and interest rate, can be handled individually by the user. However, lifetime
tracking has to be implemented using additional constraints, either using (11) or – if many units are
considered – analogue to ramping and uptime constraints for the Flows.

Consequently, especially when defaulting to annuities, specific and clear keywords can and should
be used to describe the investment. Currently, the parameter ep costs expects either an annuity (up-
front investment) or absolute costs (pathway optimisation), which can be confusing. We also suggest
introducing separate keywords for the different types of costs: In the optimisation, it makes sense to treat
OPEX and CAPEX as one, just considering if it is capacity-related or fixed. However, if the user pro-
vides both CAPEX and OPEX separately, it becomes possible to make a corresponding differentiation
in post-processing.

3 Application

To make the definitions above more vivid, we give examples based on a PV-house energy system based
on real-world measurements from a publicly available high-resolution dataset [24]. As an existing PV



system could already incentivise the inhabitants to shift their demand, we take the electricity demand of
a building without a PV system (building 27 from the dataset). We then combine this with a scaled curve
from the south-facing PV system of 14.5 kW nominal power, that is distributed with the same dataset.
An excerpt of the curves can be seen in Fig. 6. Here, we scaled the PV curve to 800W to simulate a
balcony (solar) power plant.
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Figure 6: Electricity time series of the 3rd of November. The solid line marks the electricity
demand, the dashed lines symbolises feed-in. Grey area stands for electricity coming from the
grid, yellow area is local solar generated electricity.
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Figure 7: PV generation time series of the 3rd of November resampled with different resolutions
(left) and corresponding duration curves (right). The duration curve is displayed using a loga-
rithmic scale to highlight the time when it approaches zero.

The original data has a resoltuion of 1 min. The effect of resampling the generation curve can be
seen in Fig. 7. Looking at the duration curve, it can be seen that coarser time resolutions systematically
underestimate peak loads. As the total energy under the curve is preserved by averaging, however,
they overestimate small loads. In particular, the duration curve extends to higher number of hours,
indicating production when there was actually none. The error introduced by reduced time resolution for
PV systems is well studied and can reach more then 10% for simulated battery usage when an hourly
resolution is applied [25]. In [26] a minimum resolution of 5min is proposed for sizing of the battery
inverter power of a storage system. As discussed in Sec. 2.1, the time resolution does not directly imply
a number of required time steps: As there is only production between 06:00 and 16:00, e.g. 11 time
steps are sufficient for the hourly resolution (10 for the day, one for the night).

To illustrate the concept of time indices in energy system models introduced in the previous section,
we present an example implemented using the oemof.solph framework. The complete example is
available in the documentation of oemof.solph under advanced tutorials1.

The modelled energy system represents a single household and is parametrised with the data in-
troduced above. We decided for a singe one-person household as it is expected to be sensitive to the
aggregation methods we apply. The electricity sector is centred on an electric bus that can be supplied
by the public grid and—if selected as an investment option—by a photovoltaic (PV) system. PV gener-
ation may be used to directly meet household electricity demand and EV charging demand, to charge a
battery storage system, or to be exported to the grid in case of surplus generation. Conversely, residual
electricity deficits are covered through imports from the public grid.

1https://oemof-solph.readthedocs.io/en/stable/index.html



The heat sector is represented by a heat bus supplying the household heat demand. Heat is provided
by an electric heat pump connected to the electric bus; alternatively, a gas boiler may supply heat using
natural gas drawn from the gas grid via a gas bus. Heat demand data is calculated based on the
temperature time series that is also given in the provided data set. It is less volatile than the electricity
time series, also reflecting the inertia typically inherent to the heating sector. Figure 8 depicts the system
structure and energy flows. Components shown with solid outlines are assumed to be exogenously
given and available in all model runs, whereas dashed outlines indicate technologies that are modelled
as optional investments and may be endogenously selected by the optimisation.

Figure 8: Example household energy system implemented in oemof.solph, illustrating the system
structure and available technology options for different time representation approaches. Com-
ponents shown with solid outlines are assumed to be exogenously given, while dashed outlines
indicate technologies that are modeled as optional investment decisions.

This example is used to demonstrate the previously discussed options for handling time representa-
tion in energy system models. First, we illustrate an equidistant discretisation of the time index, followed
by a non-equidistant discretisation. Next, time series aggregation is applied using the Python package
TSAM [27]. Finally, we present a pathway investment optimisation model with a slightly modified set of
components to highlight the different time scales addressed in such models.

The costs for all components, as well as for energy carriers, are taken from [28]. The efficiency of
the heat pump is calculated using the ambient temperature.

3.1 Equidistant and Non-Equidistant Discretisation

Equidistant discretisation of time can be considered the simplest method. In principle, arbitrarily small
time intervals are possible, as described in Sec. 2.1, where small intervals are necessary to achieve
sufficient accuracy during periods of highly fluctuating feed-in. However, uniform intervals also lead to
refinement of the time index also during periods of low activity. In the present example, the photovoltaic
system generates no electricity at night, so there is no volatility to be covered by the additional time
steps. Nevertheless, calculations are performed using the same time interval during these hours. When
optimising an entire year, in our example, the computational time increases by a factor of 100 if the
interval is refined from 10-minute to 1-minute values. A full overview also containing non-equidistant
discretisation can be seen in Fig. 9 and Fig. 10.

For the non-equidistant discretisation, we anticipate that photovoltaic feed-in would be the relevant
variable. Thus, the nocturnal period is consolidated into two intervals, irrespective of the time step sizes
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Figure 9: The objective value and computation time for a model with different time increment
lengths for an equidistant and non-equidistant time index. For the non-equidistant time index,
the night-time time increments remain fixed at four hours, from 21:00 to 01:00 and from 01:00 to
05:00.
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Figure 10: Installed capacities are calculated using different time increment lengths for an
equidistant and a non-equidistant time index. For the non-equidistant time index, the night-time
time increments remain fixed at four hours, from 21:00 to 01:00 and from 01:00 to 05:00.

employed at other times. The nocturnal time steps extend from 21:00 to 01:00 and from 01:00 to 05:00,
each comprising four hours. Although this is a very basic form of segmentation, it already creates a time
index with intervals of varying length.

Figure 9 shows that the computation time is reduced by more than 50%, particularly for smaller time
steps when very large time steps are chosen during night-time periods. During this time, the photovoltaic
(PV) system does not generate electricity. The results are practically identical compared with a uniform
time index. Figure 10 illustrates this, showing the installed capacities of the PV system, gas boiler, heat
pump and battery. However, it can be seen that the battery capacity decreases slightly with long time
increments. While the difference is very small, it indicates that storage capacities may be underestimated
when using large time steps or coarsely resolved data. The PV system is so beneficial that it has been
expanded to reach the imposed capacity limit. The gas boiler is too expensive and the heat pump is
sized to fully cover the heat demand. Consequently, only the battery reacts sensitively to the different
model variants.



3.2 Time Series Aggregation

TSA requires the prior clustering of the high-resolution input time series into a reduced set of represen-
tative periods. For this pre-processing step, we use the Python package TSAM [27]. In TSAM, the most
influential modelling choice is the definition of the representative periods, in particular, the number of
typical periods and the length of a typical period. These parameters directly control the trade-off be-
tween computational tractability and the ability to reproduce intra-annual variability, especially seasonal
dynamics relevant for storage operation. A second key decision concerns the clustering algorithm and
the representation of each cluster. TSAM commonly applies hierarchical, k-medoids or k-means clus-
tering; medoid-based representations preserve physically plausible period shapes compared to mean
profiles, which can smooth peaks and thereby bias sizing and dispatch. Finally, the treatment of ex-
treme events is critical for robustness. TSAM allows the explicit inclusion of extreme periods (e.g., peak
demand or minimum temperature) as additional representative periods, mitigating the risk that rare but
system-defining events are underrepresented by purely statistical clustering.
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Figure 11: Installed capacities for different numbers of typical periods using daily (24 h) and
weekly (168 h) typical-period formulations. PV, heat pump, and gas boiler capacities are given in
kW, while battery capacity is given in kWh.

In the present example, we start with a fixed hourly resolution. Figure 11 summarises how the opti-
mal installed capacities change with the temporal aggregation settings. The left panel reports results for
daily typical periods (24 h), and the right panel for weekly typical periods (168 h). In both cases, increas-
ing the number of typical periods generally reduces aggregation-induced bias and leads to capacities
that stabilise as the representation of intra-annual variability improves. All results were generated using
TSAM with k-means clustering; no extreme periods were enforced. Accordingly, deviations at low num-
bers of typical periods can be interpreted as effects of smoothing and the potential under-representation
of production and demand peaks.

3.3 Pathway Planning

The pathway optimisation model examines the development of the energy system over the time hori-
zon from 2025 to 2045. Investment decisions can be made every five years, and existing assets are
decommissioned when they reach the end of their lifetime. The model begins in 2025 with a minimal
configuration consisting of a gas boiler and a connection to the electricity grid. It can decide which com-
ponents from the example energy system – such as PV panels, battery storage, or a heat pump – to
install and at which point in time. The gas boiler reaches the end of its lifetime in 2035, requiring the
model to select a new heating source, by investing in a new boiler or switching to a heat pump.

For the time series representation, each 5 year investment period is represented by one year:

TMP,original = [[2025/01/01 00:00, . . . , 2026/01/01 00:00],
[2030/01/01 00:00, . . . , 2031/01/01 00:00],
[2035/01/01 00:00, . . . , 2036/01/01 00:00],
[2040/01/01 00:00, . . . , 2041/01/01 00:00],
[2045/01/01 00:00, . . . , 2046/01/01 00:00]]



Each of these years is modelled using aggregated time series generated with TSAM, as described in
Section 3.2. These aggregated series consist of 100 typical periods, each covering 24 hours. For
simplicity, we assume that energy demand and PV potential remain constant over the entire planning
horizon. This includes shifting days of the week and omitting leap years, so that the same time series
can be applied from 2025 to 2045.

Figure 12: Total installed capacity of each component for each investment period. PV, heat pump,
and gas boiler capacities are given in kW, while battery capacity is given in kWh.

To use this with the continuous time axis of solph 0.6, we create a modified time index. In that
index, 2030 becomes 2026, 3035 becomes 2027, and so on. The last time step of every period but the
last one is neglected. Since investment decisions occur only every five years, annuity calculations must
reflect this interval. Consequently, both, the discount rate

iadjusted = (1 + i)5 − 1 (13a)

and component lifetimes

tlife,adjusted =
tlife
5

, (13b)

have to be adjusted. These adjustments were done automatically in the background until before solph

0.6. In the currently implemented example (January 2026), the discount rate is not adjusted, however,
because solph does not allow discount rates that change with time. This functionality will probably
never be implemented, as it will be made obsolete when changing to the cost definition of(12), that
directly works with time-dependent annuities.

As shown in the results in Fig. 12, initially a hybrid solution is optimal, that adds small heat pump to
the existing gas boiler. As soon as the gas boiler reaches the end of its lifetime it is replaced completely
by a heat pump system. The battery capacity increases as investment costs decrease, while the PV-
system is already economically viable to install at the beginning and is immediately replaced at the end
of its lifetime.

3.4 Comparison of the methods

For a better comparison of the methods, the resulting capacities are shown in Fig. 13. These results
cannot be directly compared to the ones of the pathway planning, in particular because that model
initially has a gas boiler. However, the tendencies are the same across all examples: When it comes to
investments, the heat pump is preferred over the gas boiler, and the chosen PV capacity is always the
maximum allowed. As already in Sec. 3.1, and Sec. 3.2, in our example the battery investment is most
sensitive to the aggregation method. For the year 2045, however, the results align. This might be due
to the aggregation itself or because of the different parametrisation of the costs: As discussed before,
models are also very sensitive on specifics, e.g. of discounting, and as of now, there is no complete
consistency between the implementations in solph. While the size of the battery is significantly larger,
the objective value as a measure for the total costs, does not deviate to the same extend. This is
shown in Fig. 14. In total, the example illustrates the possible trade-off between model accuracy and
computational time, but also that with a good choice of aggregation methods numerical results might be
almost uninfluenced.
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Figure 13: Total installed capacity of each component for two different years of investment. Heat
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Figure 14: The objective value and the computation time for the upfront investment case of 2025.

4 Conclusion

Time discretisation is a fundamental modelling choice in energy system optimisation and can influence
results as strongly as key techno-economic parameters. This paper has clarified the terminology and
conceptual distinctions required to discuss time indices consistently, with particular emphasis on (i)
the interpretation of timestamps as points in time versus intervals, (ii) the role of time increments in
ensuring resolution-independent parametrisation, and (iii) the separation of operational and investment-
related time scales. Using oemof.solph as a concrete reference, we have shown how these concepts
translate into a flexible implementation that supports equidistant and non-equidistant time steps, time-
series aggregation, and pathway planning.

The application examples highlight that no single time representation is universally optimal. Equidis-
tant discretisation is straightforward but can become computationally prohibitive at high resolutions, while
non-equidistant time steps can substantially reduce model size by refining the grid only where dynam-
ics are relevant. Time-series aggregation enables further reductions but introduces the well-known risk
of losing chronological information, which is particularly critical for storage and other path-dependent
components. The two-layer storage formulation implemented in oemof.solph addresses this limitation
by separating intra-period storage deltas from inter-period boundary states, thereby improving the rep-
resentation of seasonal behaviour while retaining computational benefits. Finally, pathway planning
introduces an additional temporal dimension that is essential for analysing transition dynamics and in-
vestment timing, but it also increases the need for transparent and harmonised definitions of periods,
costs, and discounting assumptions.

Overall, the presented framework and terminology provide a basis for clearer communication be-
tween modellers and for more robust model design decisions. Future development in oemof.solph

should prioritise harmonising the interfaces for time-series aggregation and pathway planning, reduc-
ing ambiguity in naming, and establishing a consistent cost representation—preferably based on an-
nuities—to improve usability and maintainability. These steps would strengthen the capability of mod-
elling frameworks to support both operational and transformational research questions without sacrificing



transparency or reproducibility.
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