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The object of the study is operational planning in deci-
sion support systems (DSSs) for prosumers. The study
addresses a lack of explicit flexibility modeling in DSSs
and a limited understanding of how forecast quality
impacts planning results.

A novel control module for short-term planning of flex-
ible energy demand and battery dispatch in prosumers
is presented. The proposed solution improves prosum-
ers’ information support by integrating consumption and
generation forecasts, user-defined flexibility preferences,
and battery constraints to reduce operational costs and
increase profit from energy sales via optimal planning.
Unlike methods that obscure decision logic, the module
enables explicit flexibility modeling, enhancing transpar-
ency and better reflecting individual behaviors. Validation
using real-world data across diverse prosumer segments
confirms the module’s robustness and effectiveness in
achieving cost savings.

The module maintained positive cost improvements
under realistic and extreme forecast errors (up to 75%)
across most flexibility settings, with performance influ-
enced by forecast accuracy and flexibility configuration.
A linear dependency was found between forecast error
and cost savings. In rare edge cases — very low flexibil-
ity and high forecast error — the control plans led to
underperformance. Increasing flexibility relaxes accuracy
requirements, highlighting an important trade-off. Higher
flexibility led to stronger initial performance but faster
degradation as forecast errors increased. Lower flexibility
setups declined more slowly but were more prone to under-
performance in edge conditions.

These findings offer practical insights into flexibility
modeling and forecast error tolerance, enabling improved
planning and control design for prosumers

Keywords: decision support system, prosumers, photo-
voltaics, operational planning, forecast error
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1. Introduction

Prosumers are now a widespread element of modern pow-
er systems. Their presence has steadily increased over the past
decades, becoming a key trend in grid development. As pro-
sumers organize into microgrids and participate actively in en-
ergy flows, they contribute to the growing structural complexity
of the grid [1]. While integrating individual prosumers already
posed technical and operational challenges, managing large
numbers of interconnected prosumers introduces new ones [2].

A common source of complexity in both cases is the inher-
ent uncertainty of the physical processes involved. Renewable
energy generation is highly stochastic [3], and consumption in
distributed settings can become even more variable and harder
to predict than in centralized systems [4]. This uncertainty
presents serious challenges for power system operators and
prosumer facility managers, particularly in areas such as short-
term and long-term planning or efficient resource allocation [5].

While many operational processes can be partially auto-
mated, human involvement is still required for key decisions [6],
which is also true for the power system domain [7]. Human op-
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erators or facility owners must frequently make planning and
operational decisions under the aforementioned uncertainty.
In such a context, decision support systems (DSS) can assist by
helping operators and facility owners navigate uncertainty and
make informed decisions, for example, in wind farm manage-
ment [8]. To this end, such systems should combine technical
system information with user-specific preferences to provide
actionable recommendations. This combination allows for
better efficiency and adoption, as shown in studies [9] and [10],
where user experience is taken into account in the integration
of electric vehicle into the grid and prosumer DSSs, respectively.

Decision support systems of different types and applica-
tions are common in the power systems domain. They are used
at various scales and levels of the power grid, but often include
a key component that can be characterized as a control module,
as in study [11]. By control module, let’s mean the part of the
DSS that identifies the optimal course of action suggested to the
decision-maker responsible for the task, e.g., a power system
operator in a control room or the operator of a prosumer facility.

Therefore, research aimed at improving control modules
in DSSs for prosumers is relevant. It allows for increasing the




overall efficiency of DSSs and, therefore, improving the re-
sults of prosumer planning.

2. Literature review and problem statement

In [12], the authors employ optimization algorithms to im-
prove the integration of a large number of prosumers into the
energy market. Rule-based systems are also frequently applied,
as shown in the review of expert systems for power plants [13].
These studies demonstrate how classical methods can be
successfully applied, particularly due to their well-studied
properties and their ability to meet formal requirements for
implementation in real grids. However, such approaches are
unable to address the growing structural complexity and scale
of modern energy systems. This creates a need for the develop-
ment of new methods.

Recently, as discussed in reviews [14, 15], AI approaches
have gained popularity, including a wide variety of machine
learning (ML) methods applied to different parts of DSS.
Despite their growing popularity, both reviews show that the
application of Al in energy systems remains rather basic, even
primitive. Thus, there is a need for further research, as existing
applied solutions are not yet mature, while the use of Al models
and ML methods offers considerable potential. In some cases,
machine learning (ML) models are trained to directly predict
the optimal scenario or course of action, or highlight an issue.
For example, in [16], reinforcement learning is used to smooth
electricity consumption peaks through a voltage controller.
However, such automated solutions leave the issue of practical
implementation unresolved, particularly regarding compliance
with formal network regulatory requirements. One potential
approach to address this problem is the development of hybrid
systems. In such a system, ML models predict future states of the
energy system (e.g., generation forecasts), while actual control
suggestions are generated based on these predictions. The cre-
ation of these suggestions most often relies on classical methods,
such as fuzzy logic, or even rule-based systems, as in [17, 18].
In a number of studies, a DSS just presents ML model output to
the user. For example, in an efficient format, as in [8], where gen-
eration forecasts are provided to the user along with correspond-
ing visualizations. Alternatively, a system may issue warnings
about potential system failures in specific future scenarios, as
in [17]. Despite the advantages and effectiveness of hybrid sys-
tems in these studies, unresolved issues remain in integrating
complex ML methods with non-trivial classical methods in DSSs.

Numerous studies focus on improving the performance of
ML models for specific tasks, such as generation forecasting.
The authors in [19,20] aim to identify general patterns and
guidelines for effective forecasting of renewable energy sources.
At the same time, studies [21, 22] focus on enhancing forecast
accuracy for wind and solar generation, respectively. However,
the number of studies on integrated design of control modules
within DSSs, combining advanced classical methods with ML
approaches, remains limited. Existing work, such as [23], often
integrates ML models with simple postprocessing logic, typi-
cally rule-based systems, or aims at developing fully automated
control solutions rather than DSSs. The literature becomes even
sparser when the objective is to build a DSS that explicitly incor-
porates prosumer operator preferences into its control module,
rather than relying on hard-coded constraints. Although a few
energy management systems do account for user comfort, they
are primarily focused on building or HVAC applications, not
on prosumers. For example, the system described in [24], aims

to optimize the functioning of a building’s energy system, in-
cluding from the perspective of comfort. However, this system
cannot be directly applied to prosumer facilities, as it aims to
optimize the use of available energy resources rather than the
possibility of generating profit. Nevertheless, such examples sug-
gest the feasibility of combining ML models with optimization
methods while explicitly incorporating user preferences into the
solution design.

Regardless, ML models are rarely fully precise and thus in-
troduce additional uncertainty into the DSS planning process,
i.e., identifying control suggestions. In [25], authors investigate
the impact of data availability on the performance of model
predictive control (MPC) for a building with smart energy
storage. This indirectly addresses investigating forecast error
impact on MPC performance in control planning, but the focus
remains on the data aspect and energy system of a building.
That is, the impact of forecast accuracy on planning outcomes
remains an open question. In study [26], impact of forecast
uncertainty on grid expansion planning from an economic
perspective is analyzed. Similarly, in study [27] the economic
implications of forecast error on the operation of a simulated
virtual power plant are investigated. These studies highlight
the importance of moving beyond forecast accuracy metrics
and assessing the impact of forecast precision on downstream
task performance. However, in the power system domain, it
remains scarcely studied how forecast quality influences the
performance of the optimal planning stage of the decision sup-
port process, particularly in the context of DSS for prosumers.

Therefore, there is an evident research gap in prosumer
DSSs at the intersection of two directions. First, the gap
relates to the development of integrated prosumer DSSs that
combine ML-based forecasting with classical mathematical
methods while accounting for prosumer flexibility preferences.
Second, there is a gap in understanding how forecast quality
affects the efficiency of operational planning for prosumers.
Consequently, research is needed to address these gaps. Filling
these gaps has practical significance for the further development
of both real-world implementations and academic research in
the field of prosumer DSSs.

3. The aim and objectives of the study

The aim of this study is to determine the impact of
prosumer flexibility preferences and forecast quality on
the efficiency of operational planning. This will enable the
improvement of prosumer DSS performance in operational
planning tasks through the use of optimal combinations of
forecast quality and prosumer flexibility. To achieve this aim,
the following objectives were set:

- to develop a control suggestion module for a prosumer
DSSwith explicit modeling of prosumer flexibility preferences;

- to conduct experiments assessing planning efficiency
under different flexibility configurations;

—to conduct experiments evaluating DSS performance
under varying levels of forecast error in combination with
different levels of flexibility.

4. Materials and methods

4. 1. Object of the study
The object of this study is operational planning in DSSs
for prosumers.



The main hypothesis of the study is that suggestions for
prosumer facility management can be effectively generated
based on consumption and generation forecasts, using optimi-
zation methods and taking user preferences into account. This
hypothesis relies on the assumption that the mathematical
formulation of the optimization problem can not only repre-
sent the dynamics of the prosumer’s operational processes, but
also take into account the prosumer’s preferences. A further
assumption was made that an optimization-based module can
generate effective control suggestions for managing a prosum-
er facility in terms of achieving defined economic objectives.

Several simplifications were used in the research process.
First, the available historical data is considered accurate. In
other words, the uncertainty introduced by measurement errors
or possible data inconsistencies was not explicitly considered as
a factor affecting the final planning result. Second, the evalua-
tion of planning quality is based on the operator’s strict compli-
ance with the proposed plan, which may not always be realistic.

4. 2. Data

The dataset used in this study is publicly available pro-
sumer data from Estonia, originally released by Enefit (Eesti
Energia) as part of a Kaggle competition under the CC BY-NC-
SA 4.0 license [28], which permits non-commercial research
use. It contains historical hourly records of energy generation,
consumption, and electricity prices from September 1, 2021,
to May 30, 2023. The dataset covers 69 distinct prosumer
microgrid segments of varying sizes, including both private
households and business entities. While energy purchase pric-
es are provided, the dataset does not specify separate prices for
energy sales. To prepare the data for further utilization, the
following pre-processing steps were performed:

1. Linear interpolation was applied to fill missing values
in consumption and generation data. For instance, if values at
hours 1 and 3 are available but missing at hour 2, the hour 2 value
is estimated by linear interpolation between hours 1 and 3.

2. Missing installed capacity values were also linearly
interpolated; where interpolation was insufficient due to ex-
tended gaps, backfill imputation was used to fill missing data.

3. Electricity prices were normalized by scaling down by
a factor of 1,000 to convert units from EUR/MWh to EUR/
kWh, ensuring consistency with the consumption and gen-
eration data units.

4. 3. Experiment procedure

By running an experiment with the same setup and the
same random seed, it is possible to conduct a valid compar-
ison of how results depend on a single changed parameter.
In the case of the set objectives, it is reasonable to compare
the module’s performance with different levels of prosumer
flexibility and different levels of forecast error.

To obtain a more robust estimate of the module perfor-
mance, evaluation can be conducted over an extended time

Flexibility

Preferences

period available in the data. Final results can be aggregated
for comparison using summary statistics, such as the mean
and median of relative daily improvements.

The software implementation for conducting experiments
was developed using the Python programming language with
the SciPy library [29] for the main parts of the solution related to
the control suggestion module and, in particular, optimization.

The solution to optimization problems that appear in
planning in DSSs is often obtained using numerical meth-
ods. In particular, a constrained nonlinear programming
approach with the Sequential Least Squares Programming
(SLSQP) method is popular. For instance, the problem may
be modeled with a linear cost function (total grid cost bal-
ance over time) and mostly linear equality and inequality
constraints, with some nonlinear components. SLSQP has
the following particularities:

— it fully supports nonlinear equality and inequality con-
straints, which are necessary for modeling battery state-of-
charge (SoC) dynamics and energy balance accurately;

- itis efficient for problems with tens to hundreds of variables;

- it works well with dense constraint systems;

- it provides fast and computationally lightweight perfor-
mance, which is important for its intended use as a control
module in prosumer decision support systems.

Known limitations of the SLSQP method include its sen-
sitivity to infeasible starting points and its difficulty handling
highly nonconvex problems.

5. Results of the analysis of the impact of prosumer
flexibility preferences and forecast quality
on planning results

5.1. Control suggestions module with flexibility
preferences

5.1.1. Control module suggestions

The general goal of economics-aware prosumer planning
is to minimize electricity costs and/or maximize profits from
energy sales while satisfying prosumer needs. The proposed
control module generates an optimal 24-hour action plan
for a prosumer by leveraging forecasts of energy generation
and consumption, as well as day-ahead electricity prices
provided by the grid operator. It also incorporates individual
preferences specified by the prosumer operator, which are
discussed later in this section. Thus, the module implements
the operational logic of the power system, taking into account
the needs of prosumers. A schematic overview of the control
module workflow is presented in Fig. 1.

It is important to note that the module is part of the DSS,
meaning that the calculated optimal plan serves as a control
suggestion for the prosumer operator, rather than as a plan to
be executed automatically. This distinguishes the proposed
system from fully automated solutions.
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Fig. 1. The workflow of a control suggestion module in a decision support system



5.1. 2. Proof of concept and flexibility preferences

First, a fundamental version of the prosumer planning
problem was addressed: optimal consumption planning based
on day-ahead electricity prices. This formulation served to val-
idate the feasibility of the proposed approach and to provide
a proof-of-concept implementation. Importantly, it also demon-
strated how prosumer preferences can be integrated into
a mathematical optimization framework. The optimization
is defined over a 24-hour horizon, indexed by i =0, 1, ..., 23.

The inputs of the planning process are:

- p — vector of electricity prices for each hour;

- ¢ - estimated hourly energy consumption profile;

-w - maximum allowed relative deviation from the origi-
nal profile, expressed as a proportion of each hourly consump-
tion ¢;. This parameter represents the prosumer’s flexibility
preference. It determines how much the consumption in the
optimal plan can differ from the initial estimate. The deviation
isrelative to the original estimate. For example, wyo = 0.1 means
that consumption at hour 10 can be adjusted within + 10%
of ¢y in the optimized plan.

Let x = (xg, X1, ..., X23) € R denote the vector of adjusted
hourly consumption values - decision variables to be opti-
mized. Then the target function that is being minimized (1)

23
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The constraints for this problem were formulated as follows:

1. Hourly deviation constraints: each adjusted consump-
tion value x; must remain within a symmetric interval cen-
tered around the corresponding baseline value c;, bounded
by a fraction w of ¢; (2)

ci(l—wl-)SxiSCi(1+wi). 2)

2. Total consumption constraint: the total adjusted daily
consumption must equal the original daily sum (3)

Zizjoxi = zizjoci' (3)

3. Non-negativity bounds: all adjusted consumption val-
ues must be non-negative: x; >= 0.

The initial point of the optimization process is defined as
X; = ¢; for all hours i, which is feasible by construction and sat-
isfies all imposed constraints. This problem formulation facili-
tates the development of a proof-of-concept and verification of
the implementation. Moreover, it also demonstrates how pro-
sumer flexibility preferences can be integrated into a more ad-
vanced formulation of the daily prosumer planning problem.

5.1. 3. Design of prosumer control suggestion module

The problem formulation was extended to represent a more
realistic prosumer setup, incorporating battery storage dynam-
ics, local generation, and the optional capability to sell excess
energy back to the grid. Additionally, user flexibility prefer-
ences were modeled within the mathematical formulation.

This results in a constrained optimization problem for
daily prosumer operation planning, involving scheduling
battery charging/discharging, grid purchases, and potential
generation curtailment or energy sale. The objective is to
minimize total daily energy costs or maximize profit from
energy sales, while satisfying demand and operational con-
straints. Inputs of the problem are:

-8, i=0, ..., 23 - hourly local generation;

-¢;, i =0, ..., 23 - hourly electricity consumption;

-Di,i=0,...,23 - hourly grid electricity prices;

-w;, i=0,...,23 - relative deviations in consumption,
permitted by the prosumer, representing their flexibility
preferences;

- by - initial battery state of charge;

- bmax — maximum battery capacity;

= Len, Lae, L — losses associated with battery charging (ch),
discharging (dc), and storage (st), respectively; storage loss
here refers to the self-discharge of an idle battery.

Then, the decision variables are defined as follows:

- x; —energy drawn from the grid during houri,i =0, ..., 23;

- bflow; - net energy flow from/to the battery in the prosum-
er energy balance during hour i,i =0, ..., 23, where positive val-
ues indicate charging and negative values indicate discharging;

- cr; — curtailed or sold locally generated energy during
houri,i=0, ..., 23.

Formally, the optimization problem operates over the
concatenated decision vector

V= [.X'(), cees X235 bﬂOWD, veey bﬂOW23, Cro, «ovy C}"23].

Given the inputs and introduced decision variables, the
objective function is as follows if no sale of generated energy
back to the grid is allowed (4)

ijo(xi ~pl-)—>min. 4)

If the sale of generated energy back to the grid is allowed (5)

23 23
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The constraints of the formulated problem reflect pro-
sumer operations conditions:

1. Hourly energy balance with flexible demand satisfac-
tion: for each hour, the energy balance must lie within an
interval defined by the prosumer’s flexibility preference.
Specifically, if the allowed relative deviation parameter w;
is greater than zero, the energy balance should satisfy the
inequality (6)

c,-(lfwi)SxifbﬂOWﬁgifcri Sci(1+wi). (6)

If w; = 0, meaning no deviation is permitted, a small
epsilon margin is added to the equality constraint to
transform it into an inequality. This modification enhanc-
es numerical stability during the optimization process,
resulting in (7)

¢;—& <x;—bflow; + g, —cr: <c; +¢, 7

where ¢ is a small positive constant.

2. Daily energy balance: although hourly consumption de-
viations are permitted within specified margins, the prosum-
er is not expected to change their total daily consumption.
Therefore, while the optimized plan allows redistribution of
consumption across hours within the permitted flexibility,
the total daily consumption must remain unchanged (8)

23 23
D Jfi—bflow+gi—er=3%" " ci+e, (8)

where small € is added for stability of the optimization process.

3. Battery state of charge (SoC) constraints: given the
physical nature of the battery, there are constraints for the
battery’s SoC. Let SoC at hour i be (9):
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Here, charge and discharge are split into two components
for better process stability. The SoC is constrained by the
physical battery limits: 0 < S0C < byax.

4. Battery charging is limited to available generation (10)

g; — bflow; —cr, > 0, when bflow; > 0. (10)

5. Discharging is limited by battery availability, i.e., the
battery cannot discharge more energy than it has stored (11)

bflow;

(1-1Lq)

6. Physical bounds: the amount of energy the prosumer im-
ports from the grid cannot be negative because selling energy
is modeled separately. Therefore, x; > 0. Similarly, the curtail-
ment or sale amount cannot be negative and must not exceed
the local generation during that hour, meaning,i.e.,0 < cr; < g;.

The optimization is initialized with a heuristic feasible
starting point x° constructed as follows:

- grid purchase assumes full use of available generation,
with the grid covering any shortfall: x? = max(ci - g,-;O);

- the battery remains idle in the initial guess, so the bat-
tery flow is zero: bflow; = 0;

- any excess generation beyond the consumption is either
curtailed or sold, depending on whether sale is allowed:
cr? :max(g,» —ci;O).

This initial point is feasible by construction with respect to
all defined constraints and serves as the solver’s starting solution.
It is possible that the optimization may fail to improve upon this
point or encounter numerical issues resulting in failure. In such
a case, the initial point is retained in the subsequent aggregated
statistics, with an associated cost improvement value of zero.

The solution is obtained using a constrained nonlinear
programming approach with the Sequential Least Squares Pro-
gramming (SLSQP) method. Known limitations of the SLSQP
method mentioned in 4.3 are addressed in the proposed
design, as the formulated problem avoids complex nonlinear-
ities, and the initial point used in the optimization is feasible
by construction.

To evaluate the module, the improvement in cost can be
calculated as the difference between the cost at the initial
point (baseline solution) and at the optimized solution (12)

+So0C;_; 20, when bflow; <O0. 11)

old cost = cost(x0 ) new cost = cost(xol"). (12)
Here, the cost function depends on whether the sale of
excess generated energy is allowed (13) or not (14):

COSLyg sent = Zizjo(xi 'pi)’ (13)

costen =3 (xi-pi) =3 (eri- i),

The cost here represents the net balance of the prosumer’s
energy purchases and sales, meaning it can be negative if
more energy is sold than purchased. All the formulas account
for this possibility. The total cost saving and relative improve-
ment are then defined as follows (15):

(14)

cost saving = old cost —new cost,

cost saving

B |oldcost| ’ (1)
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To obtain a more robust estimate of the module perfor-
mance, evaluation was conducted according to description
in 4. 3. In the case of prosumer preferences, it is reasonable to
compare module performance with different levels of prosumer
flexibility reflected in the parameter w. Final results are pre-
sented with summary statistics, such as the mean and median
of relative daily improvements, as well as the total cost savings.

From a practical perspective, scaling the inputs of the op-
timization problem can improve both the stability and speed
of the optimization process. To this end, before applying any
optimization logic, the input energy variables are scaled to the
range [0, 1] or [-1;1] using the following transformation (16):

c by bax
> Cscaled = s by scaled = . » bimax scaled = >

8
Jfe e Jfe Jfe
f.= max[l;max(g);max(c); bmaXJ.

8scaled =

(16)

Prices are scaled in the same way if necessary. After
scaling the input data, the optimization process is run. After
optimization, the optimal solution is rescaled back to the
original units before being returned to the user (17)

opt _ 0Dt
croPt =cr, fos

opt .
caled

scaled "Je>
opt _ opt
bflow®P* =bflow > ;. - fe.

It’s expected that values of input data and variables
in [0;1] (generation and consumption, grid purchases, cur-
tailment) or [-1;1] (battery flow) ranges will improve the
stability of the solution process.

All the proposed methods are based on the operational
logic of the processes and are driven by the practical need to
account for forecast errors and prosumer flexibility.

XxOPt = x

an

5.1. 4. Validation of the proposed module

First, the general feasibility of the proposed approach to
module development was tested using the consumption redis-
tribution planning problem. In this problem, electricity con-
sumption is adjusted from the original schedule according to
day-ahead prices. This experiment validated both the concep-
tual soundness of the approach and the correctness of the im-
plemented experimental pipeline developed in Python, using
the SciPy library [29]. Fig. 2 shows the result of a daily opti-
mal planning for September 1, 2021, with a flexibility limit of
plus or minus 10% for each hour. In this example, the battery
capacity was set to approximately 20% of the median daily
generation (i.e., byax = 200 kWh, prosumer segment ID 60).

The observed behavior aligns with expectations: the control
module suggests shifting peak consumption to periods with
lower prices. Next, the full problem formulation was applied
to the same setup. The full formulation incorporates energy
generation, battery storage usage, and the sale of generated
energy, as described in the previous section. A visualization of
the planning results is presented in Fig. 3. Here and in the fol-
lowing analysis, battery-related losses were modeled as follows:
3% monthly self-discharge loss [30], 5% losses during both dis-
charging and charging [31]. These charge and discharge losses
are consistent with typical prosumer storage systems, e.g., Tesla
Powerwall has a round-trip efficiency around 90%.

In this example, introducing generation and battery storage
increased cost savings from 1.56% in the base case to 4.4% in the



full problem formulation. This result aligns with expectations
and supports the validity of the setup. A further example was
examined to test more complex user preference constraints. Spe-
cifically, if the operator does not allow increased consumption  control plans for this case.
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during nighttime hours, this can be modeled by setting w=0
fori=0, ..., 5. Under this constraint, the improvement over the
baseline was 3.54%. Fig. 4 illustrates the baseline and optimized
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As expected, restricting the control module’s flexibility in
shifting consumption leads to smaller improvements. How-
ever, limiting control over 25% of the daily period resulted
in only a 0.86% decrease in performance, demonstrating the
module’s robustness and potential for cost savings.

5.2.Planning efficiency under different flexibility
preferences

Next, a comparison of the impact of different user prefer-
ences was conducted for two prosumer segments identified
in the historical data: a private household segment (ID 26)
and a business prosumer segment (ID 60). For the house-
hold segment, battery capacity was set to approximately the
median daily generation (20 kWh), whereas for the busi-
ness segment, it was set to 20% of the median daily genera-
tion (200 kWh). The results for both segments are summa-
rized in Table 1.

Considering the significant difference between the aver-
age and median relative improvement, the distribution of
improvements appears to be skewed, with a few outliers
increasing the mean. Therefore, the median is used as the
primary measure of performance in this analysis. Addition-
ally, the standard deviation is omitted, as it provides limited
insight in the context of skewed distributions.

Table 1

Performance of the planning process depending
on the prosumer’s flexibility preference for big and small
prosumer segments

Small prosumer Big prosumer
(ID = 26, byax = 20) (ID = 60, byax = 200)
User
flexibility | Average | Median Num% Aver- | Median bNum;
prefer- im- im- ber 0 age im- im- ero
ence failed failed
prove- | prove- .. | prove- | prove- .
optimi- optimi-
ment | ment . ment | ment .
zations zations
w=0.1 46.86% | 4.92% 0 14.41% | 3.86% 0
w=0.25 | 88.92% | 9.64% 0 25.00% | 8.50% 0
w=0.5 |158.30% | 17.21% 0 42.46% | 15.96% 0
w=0.75 |226.99% | 24.81% 0 59.32% | 23.40% 0

It was observed that the greater the prosumer’s flexibility in
redistributing consumption, the higher the savings, with medi-
an performance improvement increasing from 4.92% to 24.81%
for the smaller prosumer segment and from 3.86% to 23.40%
for the larger segment. Notably, the improvement is positive
on all evaluated days.



To investigate whether increased battery capacity en-
ables higher cost savings, an experiment was conducted
using a battery sized at 200% of the installed PV capacity
for a small prosumer. This corresponds to storage capable of
holding the theoretical maximum generation over a two-hour
period. The results are presented in Table 2.

Table 2

Performance of the planning process depending
on the prosumer’s flexibility preference for increased and

enabling faster and independent execution. This modification
resulted in a 360% increase in running speed compared to
the sequential approach for the same experiment. Further-
more, the proposed scaled approach significantly accelerated
the experiments, reducing runtime from 92,075 seconds to
11,268 seconds (an 717% speed increase) for a specific exper-
iment involving a larger prosumer segment. This approach
also improved the numerical stability of the optimization
process, decreasing the failure rate from 2.35% to 0.02%.

decreased storage capacity Table 3
Small prosumer Average time for daily planning for different prosumer’s
Small prosumer s .
(ID = 26, byax = 2X flexibility preferences for different prosumer setups
) . (ID = 26, bmax = 5)
User installed PV capacity) ~ time for daily planni
flexibility ' Num. 1 Num. Prosumer verage time for daily planning, s
prefer- | Average | Median | . | Average | Medi- | "~ . flexibility Small Small Small prosumer Big
ence m- m- 4 eiled m- - anim- | en g prefer- | Prosumer | prosumer (ID =26, bypay = 2X | prosumer
prove- | prove- optimi- prove- | prove- optimi- (ID =26, | (ID=26, installed PV (ID =60,
ment ment . ment | ment . ence w _ _ . _
zations zations bnax=5) | bmax = 20) capacity) biax = 200)
w=0.1 50.62% | 4.92% 0 35.69% | 4.22% 0 w=0.1 0.446 0.482 0.300 0.586
w=0.25 | 92.39% | 9.71% 0 78.91% | 9.11% 0 w=0.25 0.501 0.498 0.380 0.603
w=0.5 |161.90% | 17.24% 0 150.76% | 16.64% 0 w=0.5 0.532 0.540 0.340 0.677
w=0.75 |231.12% | 24.81% 0 221.89% | 24.42% 0 w=0.75 0.573 0.554 0.346 0.781

Increasing battery capacity beyond the median daily gener-
ation did not result in significant performance improvements. A
smaller battery configuration, corresponding to approximately
25% of the median daily generation (bp.x = 5kWh), was also
evaluated, as presented in Table 2. Downsizing the battery led
to a minor decrease in performance.

Following the initial experiments, the analysis will focus
on scenarios with limited battery capacities. These cases
present more challenging conditions and better highlight
key relationships, as the results are not heavily influenced by
large battery storage.

Table 3 presents the estimated time required to run daily
optimal planning for a prosumer across different setups. It was
observed that greater flexibility results in longer optimization
times, which aligns with the problem formulation and the
associated expectations.

The initial experiments highlighted the importance of
optimized implementation. Initially, experiments were con-
ducted sequentially, with the initial battery state b, of each
day set to the remaining battery capacity from the previous
day. However, in all cases, the optimal profile involved fully
utilizing the stored energy. Based on this observation, the ex-
periments were parallelized and run with b, = 0 for all days,

Control

Generation &
Consumption

5.3. Planning efficiency under different forecast error

5.3.1. Machine learning forecast uncertainty impact

The ML forecast may negatively affect the downstream
planning task because of the additional uncertainty it intro-
duces. To address this, a controlled environment with a de-
fined forecast error rate was proposed (Fig. 5).

The main parameter of the process is the error rate, which
represents the size of uncertainty that should be imposed on
the control module inputs. Since this needs to be controlled,
the decision was made to use historical data with added noise
instead of using a set of ML models with different error rates.

The uniform noise was chosen to reflect the assumption
of reasonable modeling. This means that the forecasting
models are assumed to be built with the best available
knowledge, resulting in forecast errors (residuals) that are
uniformly distributed. In other words, if the errors follow a
specific distribution, the modeling process should be revis-
ited to incorporate the structure of the residual distribution
and improve model performance. Additionally, this is a fairly
generic assumption that does not limit the applicability of the
analysis. Moreover, it is not an overly optimistic assumption
compared to normally distributed errors, since large devia-
tions from actual values are more likely with uniform noise.

Suggestion <
Modjl_le/

Suggested Optimal Plan

Forecast with
specified uncertainty

based on imprecise/noisy data

Error size
Error < Historical Data
Evaluation Unchanged
Procedure Historical Data

Fig. 5. A controlled environment for evaluating the error impact on the planning process



In particular, the noise is applied as follows:

1. A sample mle of size 24 is drawn from the uniform
distribution [-ml_error; +ml_error|, where ml_error is a pa-
rameter of the process and ml_error € [0; 1].

2. The true values for generation or consumption are ad-
justed using the formula (18)

af" =q ~(1+mlei). (18)

The optimization problem is solved using noisy consump-
tion and generation estimates as inputs, simulating a real
situation with imprecise forecasts. However, the optimization
process itself assumes that the forecasts are accurate. In other
words, the optimization algorithm does not explicitly handle
forecast errors.

Theresults of the planning are evaluated against true (noise-
less) consumption and generation data. This approach models
a forecast-informed plan applied to real conditions, simu-
lating real-world degradation of plan effectiveness. In par-
ticular, the baseline cost is calculated based on the correct
data, representing an optimistic benchmark. This baseline
assumes the prosumer can plan the sale of the exact amount
of generated energy and successfully deliver it to the grid.
Then, the actual consumption is calculated using the given
plan and the observed generation, illustrating what occurs
when the operator implements a plan based on a noisy fore-
cast, which is inaccurate due to forecast errors (19)

cgemal = x O —pflow??" + g; —cr. (19)

Then, the additional (penalty) cost is calculated based on
the difference between the observed consumption and the
planned consumption (20)

added cost = max(O; max(p) . Zizjo(ci — cgetal )) (20)

This means that if a prosumer needs to urgently pur-
chase more energy than planned, they pay the maximum
price - a pessimistic but reasonable assumption. If the pro-
sumer does not need to buy more, no added cost is incurred.
However, they may miss additional profit because some

excess energy was not sold. Using the maximum price for the
penalty reflects a conservative estimate of potential costs in
the optimized plan. Then the full new cost is a sum of new
cost and added cost.

5.3.2. Experimental results of the controlled fore-
cast error change

As the next step, the influence of uncertainty in machine
learning forecasts on prosumer planning was investigated.
To this end, experiments were conducted comparing plan-
ning performance across different error rates for both
the small (ID =26, byax =20kWh) and large (ID = 60,
bmax = 200 kWh) prosumer segments. Results for the smaller
segment (ID = 26, byax = 20 kWh) are presented in Fig. 6-8.

It is observed that the performance of the planning
process deteriorates approximately linearly with increasing
forecast error, as demonstrated by both median improve-
ment (Fig. 6) and total cost savings (Fig. 7). Even at a 50%
error rate, results remain positive across all values of the
prosumer flexibility parameter. However, a decrease in cost
savings due to ML forecast errors is also observed, as shown
in Table 4.

As shown in Fig. 8, the relationship between the number
of negative daily improvements and the machine learning
forecast error is nonlinear. However, the rate at which the
number of negative observations increases depends on the
prosumer flexibility preference parameter. In the more con-
servative case (w = 0.1), the number of negative observations
rises rapidly, exceeding 20% at an error rate of 0.25, whereas
the most flexible prosumer (w = 0.75) experiences no nega-
tive observations at this error rate. For values of w greater
than 0.1, the increase is slower, indicating that higher user
flexibility corresponds to fewer negative cases.

From another perspective, it is worth highlighting that
the prosumer with w = 0.75 experiences a much lower pro-
portion of negative daily outcomes (just above 10 percent)
compared to more than 50 percent for the conservative case
with w = 0.1. However, the drop in median performance at
the same error level shows an opposite trend: the more flexi-
ble prosumer (w = 0.75) experiences a larger decline of 8.57%
than the conservative one (w = 0.1), which drops by 6.32%.

Impact of Forecast Error on Median Relative Cost Improvement
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Fig. 6. Impact of the forecast error on median relative cost improvement across different flexibility preferences
for the smaller prosumer segment (linear approximation)



Impact of Forecast Error on Total Cost Savings
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Fig. 7. Impact of the forecast error on total cost savings across different flexibility preferences

for the smaller prosumer segment (linear approximation)

Impact of Forecast Error on Proportion of Negative Daily Improvements

0.51

0.4+

0.3

0.2 1

Negative Improvements Proportion

0.0 1

— w=0.1,R*=099 ®
—————— w=025,R>=0.99
w=05,R*=1.00
————— w=0.75,R*=1.00
@
A
I
0.0 0.1 0.2 03 0.4 0.5 0.6 0.7 0.8

Forecast Error

Fig. 8. Impact of the forecast error on the proportion of negative daily improvements across different flexibility preferences
for the smaller prosumer segment (quadratic approximation)

Table 4

Median relative cost improvement at perfect forecast and
0.75 error rate, along with their difference, for the considered
flexibility preferences in smaller
prosumer segment

w Perfect forecast | Forecast error 0.75 Difference
0.1 4.92% -1.40% 6.32%
0.25 9.64% 2.62% 7.02%
0.5 17.21% 9.76% 7.45%
0.75 24.81% 16.24% 8.57%

The results of the forecast error experiments for the larger pro-
sumer segment (ID = 60, by = 200) are presented in Fig. 9-11.
It is observed that performance decreases approximately
linearly with increasing forecast error. Negative total cost
savings are already observed at a flexibility level of w= 0.1

and an error rate of 0.5. However, a decrease in cost savings
due to ML forecast errors is also observed in this larger pro-
sumer segment, as shown in Table 5.

Itis shown in Fig. 11 that the relationship between the fore-
cast error rate and the number of days with negative improve-
ments follows a similar pattern to the previous prosumer set-
up. For the lowest flexibility level, this number increases faster
than linearly and exceeds 60 percent at the highest considered
forecast error of 0.75. In contrast, for the highest flexibility level,
it remains below 10 percent even at that same error level.

The percentage of failed optimizations does not exceed
0.01% and 0.02% for forecast error experiments in prosumer
setups with IDs 26 and 60, respectively. These failures are
caused by numerical issues that can be addressed during the
solution refinement phase of implementation.

Table 6 summarizes the difference in median relative im-
provement between the ideal forecast (error = 0) and the high-
est considered forecast error (0.75) across the four tested setups.
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for the bigger prosumer segment (linear approximation)
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Fig. 10. Impact of the forecast error on total cost savings across different flexibility preferences

for the bigger prosumer segment (linear approximation)
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Table 5

Median relative cost improvement at perfect forecast and
0.75 error rate, along with their difference, for the considered
flexibility preferences in bigger
prosumer segment

w Perfect forecast Forecast error 0.75 Difference
0.1 3.86% -2.36% 6.22%
0.25 8.50% 1.93% 6.57%
0.5 15.96% 8.88% 7.08%
0.75 23.40% 16.00% 7.39%
Table 6

Difference between median relative cost improvement
at perfect forecast and 0.75 error rate, for the considered
flexibility preferences and prosumer setups

Difference between median relative improvement
Prosumer at 0 and 0.75 errors
flexibility
prefer- | ID=26, | ID =26, ID;;Z’H{;?’;,\:/ | =60,
ence w bmax=5 | bmax=20 capacity bmax = 200
0.1 6.84% 6.32% 6.13% 6.22%
0.25 7.57% 7.02% 6.94% 6.57%
0.5 7.66% 7.45% 7.48% 7.08%
0.75 8.78% 8.57% 8.03% 7.39%

The only consistent pattern observed is that the per-
formance drop is greater for setups with higher prosumer
flexibility.

6. Discussion of prosumer planning efficiency
under changing forecast uncertainty and flexibility
preferences

The study focuses on an applied problem: daily optimal
planning for a prosumer with one-hour resolution. The task
is to generate an optimal operational plan for the prosumer
for the upcoming day, based on hourly electricity prices and
forecasts of energy generation and consumption, battery con-
straints, and prosumer flexibility preferences. If a battery is
available, its charging and discharging must also be planned.
The optimization goal depends on whether energy sale to the
grid is allowed. If sale is not allowed, the objective is to mini-
mize the total cost of electricity purchased. If sale is allowed,
the objective becomes maximizing net profit, defined as the
difference between revenue from energy sold and the cost of
energy purchased. In all cases, the plan must satisfy the de-
mand and respect system constraints. Prosumer’s flexibility
preferences are defined as the willingness of the prosumer
or prosumer operator to redistribute energy consumption
throughout the day. These preferences specify the maximum
allowed deviation of the optimized plan for a given hour on
the following day from the forecasted consumption for that
hour, for example, by 10% or 25%. This option was chosen as
a balanced compromise. On the one hand, it sets clear con-
straints for planning, moving away from the trivial creation of
any plan that ignores the prosumer’s preferences. On the other
hand, it can be reasonably assumed that while the prosumer
may agree to adjust their consumption, they will not accept
arbitrary changes, even in the form of redistribution, and this
problem formulation explicitly accounts for such limitations.

The proposed module optimizes the total net energy cost,
accounting for both energy purchases and potential profits
from energy sales. At the same time, it ensuring flexible de-
mand satisfaction by utilizing local generation, curtailment,
and battery storage. The constraints guarantee feasible battery
operation and enforce demand-supply balance within the pro-
sumer’s flexibility preference bounds. Additionally, the opera-
tor can impose varying limits on consumption deviations from
the baseline plan at the hourly level, including the option to fix
consumption during specific time periods. This design enables
operational cost minimization and, where permitted, profit
maximization through energy sales via optimal adaptive sched-
uling that incorporates user-defined flexibility preferences.

The proposed mathematical formulation in the module
design reflects both the prosumer’s operational processes and
the operator’s ability to specify their preferences in the input
data to the DSS. In particular, this allows users not only to
limit the deviation but also specify periods where adjustments
of consumption shouldn’t be allowed (7). For example, pri-
vate households are often unlikely to increase consumption
in night hours. Therefore, they may want to disallow the con-
trol module from suggesting scenarios with such an increase.

The proposed module design allows for additional features
of the prosumer facilities to be taken into account in the DSS.
For example, the minimum state of charge, below which the
battery should not be discharged, is often recommended to
be around 20% of the maximum capacity to preserve battery
performance. This condition can be effectively represented in
the model by setting the lower SoC bound to zero (9). This
means that the zero SoC level in the optimization corre-
sponds to 20% of the actual physical capacity, which is never
utilized. Therefore, this formulation is equivalent to explicitly
enforcing a minimum SoC limit. In such cases, the maximum
battery capacity parameter should be adjusted accordingly to
represent the usable capacity above this minimum threshold.

The results indicate that the proposed control module effec-
tively incorporates prosumer preferences for consumption flex-
ibility during planning and demonstrates relative robustness to
forecasting errors from ML models. However, the acceptable
forecast error threshold should be determined for each prosumer
setup and calibrated based on the level of prosumer flexibility to
ensure optimal application. These findings provide important
insights into prosumer planning strategies under uncertainty.

The observed differences between prosumer segments in
Table 1 can be attributed to varying structural ratios between
energy consumption, generation, installed PV capacity, and
battery storage. These differences influence the dynamics of
energy use, self-consumption, and storage efficiency, directly
affecting the achievable cost savings. Although the median
improvements are comparable across segments, structural
differences may produce occasional high-performance outli-
ers, skewing the distribution and reinforcing the median as a
more reliable measure of typical performance.

The battery-related experiment outcomes shown in Table 2
are likely due to the assumption in the problem formulation
that the battery charges exclusively from generated energy and
not from the grid. Therefore, when the available battery capaci-
ty exceeds the daily generation, the additional capacity remains
unused and does not contribute to further cost savings. Further-
more, while energy storage plays a role in optimal prosumer op-
eration, the majority of the observed cost savings are achieved
through consumption redistribution and the sale of surplus
generated energy. These findings highlight the importance of
proper storage sizing in prosumer systems and demonstrate the



capability of the developed control module to support such anal-
yses. A more detailed assessment of storage sizing strategies
utilizing the control module is recommended for future work.

From a technical perspective, results (including Table 3)
highlight the importance of experiments’ parallelization and the
positive impact of using a scaled optimization problem. In partic-
ular, for all setups, the planning time for one day remained below
one second, demonstrating feasibility for practical application
and emphasizing the benefits of employing an algorithm appro-
priately tailored to the complexity of the optimization problem.

Results in Fig. 6, 7,9, 10 suggest that the proposed control
module maintains sufficient robustness to forecast errors at
considered levels when applied in the examined prosumer seg-
ment. Slightly smaller robustness to forecast errors for a bigger
prosumer, shown in Fig. 9, 10, is likely due to the lower improve-
ment under perfect forecasts in this prosumer segment. These
findings indicate that the module performance may behave
differently across setups. Therefore, evaluating the module on
historical data is advisable to identify the acceptable forecast er-
ror threshold for a specific setup. If both flexibility and forecast
accuracy can be adjusted, a more optimal combination may be
found. For example, a flexibility level of w = 0.25 paired with a
forecast error rate of 0.5 delivers performance comparable to that
of w=0.1 under perfect forecasts. In other words, increasing
flexibility beyond 0.1 allows for a more relaxed requirement on
forecast accuracy without compromising overall performance.

Despite the module being effective even under the influence
of an imperfect forecast, the performance decrease in Table 4 is
observed when the error rate is growing. It is likely because
higher flexibility combined with larger forecast errors leads to
greater differences between planned and actual consumption,
which increases the penalty cost. Consequently, the acceptable
level of forecast error depends on the degree of prosumer flexi-
bility. For example, a prosumer willing to implement planning
with a flexibility parameter of w = 0.25 under a forecast error
rate of 0.5 achieves cost improvements comparable to those of
planning with w = 0.1 (2.5 times more restrictive) and zero fore-
cast error (an unrealistic scenario). The drop in performance
for the bigger prosumer segment in Table 5 is slightly smaller,
suggesting that it depends on the original performance levels.
Specifically, if the baseline performance is more moderate
due to lower flexibility or a different prosumer configuration,
the impact of increasing forecast errors tends to be less steep.
Nevertheless, the overall decline still follows a linear trend.

It is important to emphasize that negative daily cost im-
provements in this problem formulation arise solely from the
penalization term in the new cost value. This term reflects
the discrepancy between actual consumption and the con-
sumption in the optimal plan based on inaccurate forecasts.
Therefore, it is expected that no negative values occur at a
zero error rate, as shown in Fig. 8, 11. The number of nega-
tive improvements in Fig. 8 and the drop in performance in
Table 4 show opposite trends, likely due to the larger mar-
gin for improvement available to more flexible prosumers.
While their plans degrade slightly more in terms of median
performance, the additional flexibility prevents cost savings
from becoming negative, effectively absorbing the impact of
forecast errors. The results for bigger prosumers in Fig. 11
are similar. For three out of four tested flexibility values, the
increase is slower than linear, which is worth highlighting
as a positive sign for the module’s robustness: prosumers
would generally prefer stable, positive performance. At the
same time, it is possible that the relationship is polynomial
(e.g., quadratic), meaning that beyond a certain threshold of

forecast error, the rate of negative outcomes might increase
more rapidly in flexible prosumers than in conservative ones.
However, even if such a turning point exists, it likely occurs be-
yond the 0.75 level, making it irrelevant for practical use cases,
where such high forecast errors are unlikely to be tolerated.

The performance results in Tables 4-6 reinforce the im-
portance of jointly calibrating flexibility settings and forecast
quality to ensure reliable and resilient performance across
varying conditions. In particular, increasing prosumer flexi-
bility allows for more relaxed forecast accuracy requirements,
highlighting an important trade-off in operational planning.

Unlike solutions that offer minimal post-processing of ML
model results, such as[8] or [17], the developed module com-
bines forecasts with the application of a classical analytical
method. Moreover, the proposed solution uses an advanced
optimization algorithm, unlike solutions that use the simplest
methods, such as rule-based systems and fuzzy logic [13, 17].
Furthermore, the proposed solution focuses on the effectiveness
of DSS as a whole, rather than its individual components, such
as the forecasting process, as in [19-22]. In contrast to [24], the
module allows explicit modeling of user preferences. This work
focuses on the impact of uncertainty on planning in the context
of prosumers, rather than heating, ventilation, and air condition-
ing systems [24], automated building control [25], or power grid
expansion [26]. Another advantage of the proposed solution is
that it is universal for different prosumers, unlike other studies
that considered specific objects or network segments, as in [27].
This holds both for the direct application of the management
module and for the use of the identified relationships between
forecast quality, flexibility preferences, and planning outcomes.
Thus, the advantages of this solution are provided by the module
design, which allows explicit modeling of prosumer flexibility,
as well as a detailed analysis of the relationships between fore-
cast errors, prosumer flexibility, and planning efficiency.

In summary, this study fills the research gaps identified
in Section 2. In particular, the developed module is an effective
solution that combines ML forecasting with a classical opti-
mization approach in prosumer DSS, explicitly accounting for
prosumer consumption flexibility. Such systems are scarcely
studied and not widely available for use in prosumers. Moreover,
the conducted analysis revealed dependencies on how flexibility
preferences and forecasting errors affect planning efficiency.
Such studies have not been conducted for prosumer DSS. In
addition, the interaction between these two factors was inves-
tigated, and practically important dependencies were found.
This interaction has not been well researched. These findings
provide valuable insights into the modeling of prosumer flex-
ibility, storage sizing, and forecast error tolerance thresholds,
enabling improved planning and control design for real-world
prosumer DSSs.

This study has several limitations that should be considered
when interpreting the results. First, the module is designed to
optimize energy use on a daily basis, treating each day inde-
pendently and thus excluding the possibility of multi-day plan-
ning. Second, due to limitations of the dataset, the electricity
selling price was assumed to be equal to the purchase price.
While this assumption simplifies the analysis, the control mod-
ule can be directly extended to account for asymmetric pricing,
which would provide a more realistic evaluation in many practi-
cal settings. Third, battery charge and discharge rate constraints
were not incorporated, based on the assumption that a reason-
ably sized battery can be fully charged or discharged within
a one-hour time step. This assumption is generally valid when
the battery is reasonably sized relative to the system’s generation



and consumption, and the time step is one hour. However, it may
require revision for setups where power throughput limitations
couldsignificantlyaffect dispatch behavior or when much shorter
time steps, such as one minute instead of one hour, are used.

The disadvantage of this study is the lack of evaluation of how
forecast quality affects user satisfaction. This may change the
outcomes of practical applications in cases where user satisfaction
is significantly reduced. While the evaluation procedure accounts
for the impact of forecast inaccuracies on planning efficiency;, it
does not directly assess how such inaccuracies influence user
satisfaction. Defining what user satisfaction means in this con-
text and how it should be measured remains a separate research
challenge. Consequently, this aspect was not addressed in the
present study and represents a valuable direction for future work,
such as the development of user-centered performance metrics
to support applied solutions and research involving prosumers.

Future development of this study should address the limita-
tions and disadvantages of the study, as well as further enhance
the developed approach. First, the penalty applied when imple-
menting a plan based on imprecise forecasts could be revised to
more accurately represent real-world consequences, enabling
a more precise determination of the maximum tolerable fore-
cast error. Second, investigating how forecast inaccuracies
affect user satisfaction, as well as how it should be measured,
could provide valuable insights into user-centered performance
metrics and support the development of more effective, applied
solutions. Third, extending the evaluation to scenarios with
asymmetric electricity purchase and sell prices would facili-
tate the development of context-specific recommendations for
acceptable forecast error levels. Finally, the module developed
in this study can be reused across various applications, ranging
from evaluating different prosumer configurations to optimiz-
ing battery sizing for specific setups.

7. Conclusions

1. This study introduced and thoroughly evaluated a novel
control module designed for short-term planning of flexible en-
ergy demand and battery storage dispatch in prosumer energy
systems. A flexible, optimization-based approach is proposed
that seamlessly integrates consumption and generation fore-
casts, user-defined flexibility preferences, and battery storage
constraints. The module was validated using real-world data
across prosumer segments of varying sizes, demonstrating
robust and scalable performance, achieving significant cost
savings under diverse demand-generation profiles. These results
confirm the scalability and practical applicability of the module.
Unlike black-box methods that obscure decision logic, the pro-
posed system explicitly allows users to specify their willingness
to shift their energy consumption. This granularity in flexibility
modeling proved essential in tailoring planning results to indi-
vidual user behavior, thereby increasing transparency and trust
in decisions.

2.1t was found that prosumer flexibility preferences do
not prevent the control module from achieving meaningful
cost improvements, although some reduction in savings is
expected due to the module’s reduced freedom in planning.
A linear relationship was also found between the flexibility
and overall cost savings and median relative cost improve-
ment when using the module. Increasing prosumer flexibil-
ity allows for more relaxed forecast accuracy requirements,
highlighting an important trade-off in operational planning.
Additionally, higher flexibility settings demonstrate better
overall module performance but lead to a slightly faster de-
cline as forecast error increases. In contrast, lower flexibility
configurations degrade more slowly with increasing error but
generally show more modest performance and may ultimate-
ly lead to underperformance.

3. The control module demonstrated robust cost improve-
ments under realistic and even extreme forecast errors (up
to 75%), depending on prosumer segment and flexibility pref-
erences. A linear relationship was observed between forecast
error rate and both total cost savings and median relative
cost improvement when applying the module. Performance
becomes negative only in rare corner cases characterized by
very limited prosumer flexibility (e.g., flexibility parameter
w = 0.1) combined with a high forecast error (e.g., 75%).
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