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This study investigates the process underlying the
autonomy of industrial enterprises that face critical
instability of centralized power supply and dynamic
market tariffs.

Given the significant losses of generating capaci-
ties and frequent interruptions in the supply of electric-
ity, enterprises often use autonomous power sources.
Optimal utilization of such sources requires economic
substantiation and construction of appropriate models.
The task of these models is to improve the economic
efficiency and energy independence of an enterprise by
automating optimal control over energy sources.

This work proposes a two-level system. The first
level is responsible for forecasting energy consump-
tion. The second one is a deterministic optimization
algorithm for automatic selection of a power source
and economically justified control over the operational
schedule of autonomous power sources.

When forecasting energy consumption, two mod-
els built on the basis of Random Forest and LightGBM
were compared. The models yielded average absolute
errors, as a percentage of the average, of 5-7% and
8-10%, which indicates their applicability for further
decision-making.

Analysis of the optimization algorithm on real data
revealed overall energy cost savings of 9-12% compared
to unoptimized use of electricity from the grid. These
results were achieved through timely switching between
central and alternative power sources. Switching occurs
when the use of the source becomes more economically
advantageous, subject to technical constraints.

The resulting system could be used by enterprises
that require uninterrupted power supply and exploit
generators as alternative power sources

Keywords: enterprise energy consumption optimi-
zation, generator control, machine learning, LightGBM
regression
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1. Introduction

Since the beginning of the full-scale invasion of Ukraine,
the country’s energy infrastructure has suffered serious losses.
For example, between September 2022 and September 2024,
more than 25 large-scale missile and drone attacks on energy
facilities were carried out. As a result, almost 30 GW of gener-
ating capacity was lost — 21 GW in 2022-2023 and over 9 GW
in 2024 [1]. Approximately 70% of all generating capacity was
destroyed or damaged: the capacities of Centrenergo suffered
significant damage, two hydroelectric power plants were de-
stroyed, and DTEK lost 80% of its assets [2-4].

As of 2025, the war was in its active phase. In this regard,
critical infrastructure remained under constant threat of new
attacks. At the same time, the need for electricity, especially
in industry, remained consistently high as enterprises play an
important role in ensuring the country’s defense capability.
Before the war, Ukraine generated about 158.4 billion kWh of
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electricity annually, but now the vast majority of generating ca-
pacities have been destroyed or are temporarily unusable [1, 4].

In this context, it is relevant to devise solutions that could
allow enterprises not only to effectively plan electricity con-
sumption but also quickly switch to backup or alternative
power sources, such as gas generation. Automated intelligent
control systems based on machine learning methods could
play an important role. Such systems solve the tasks of fore-
casting future loads, optimizing switching between energy
sources, reducing peak loads and total consumption, as well
as predicting future loads [5, 6].

2. Literature review and problem statement

The tasks of forecasting and optimizing energy consump-
tion could be solved by using various machine learning models.
For example, in study [7], a long short-term memory (LSTM)




model was applied to forecast electricity consumption in the
residential sector. The best results were achieved for aggregated
data, for which the mean absolute percentage error (MAPE)
metric values ranged from 8.18% to 8.64%. Data aggregation
helps reproduce long-term dependencies in electricity con-
sumption. However, this approach eliminates less significant
local dependencies in the data because, for example, it ignores
local peaks, which can lead to errors in planning autonomous
power sources.

Work [8] demonstrated that LSTM outperforms conven-
tional methods such as autoregressive integrated moving av-
erage (ARIMA), support vector regression (SVR) in medium-
term forecasts during peak load times. The forecasting er-
ror for non-aggregated data according to the MAPE metric
is approximately 20%, although this is expected due to the
stochastic nature of non-aggregated data but is not suitable
for the economic optimization problem. The paper describes
possible steps to improve the accuracy, for example, increas-
ing the context length and introducing dummy variables.
However, the main goal of these changes is to more accurately
predict peaks and long-term dependencies, rather than local
variations in the data over a short period. A possible way to
overcome this problem in the broader context of the presence
of instability in the data may be the use of ensemble models,
which usually better model conditional nonlinearities and
behavioral dependencies for variable data.

An example of such a solution is study [9]. It shows that
tree-based models such as eXtreme Gradient Boosting (XGBoost)
provide highly accurate voltage stability forecasts in decen-
tralized power systems (maximum accuracy of 96.8%) with
a significant share of integrated renewable energy sources.
Compared with classical analytical and statistical models,
the model considered in the paper more effectively identifies
unstable operating modes even under complex and changing
system conditions. The resulting improved predictive ability
allows for early intervention and supports improved voltage
stability control, thereby reducing the risk of instability and
system collapse. Although the model focuses on network sta-
bility and quality rather than load forecasting, it demonstrates
that tree-based models with a wide set of features perform
well under dynamic conditions.

It is important to note that in addition to technical load
optimization, the price of different electricity sources should
also be taken into account to verify the economic feasibility of
the solution. Another way to solve the problem is to perform
clustering on electricity consumption profiles before forecast-
ing. The main assumption is that the variability of the data in
the clusters will generally be less than the variability of the
original data. Clustering was applied in [10]. It uses a cluster
structure to forecast the load of electric vehicles to improve
the efficiency of the network and the flexibility of charging
systems. The Hierarchical Density-Based Spatial Clustering
of Applications with Noise (HDBSCAN) algorithm is used
to build clusters. The clusters are used to classify charging
cycles into residential, work, and instantaneous. Qualitative
results indicate that the removal of emissions reduced the
mean squared error (MSE) to 5.021 for the residential sector
and 0.711 for the commercial sector. In addition, the coeffi-
cient of determination R? reached 96.87% for the residential
sector and 94.89% for the commercial sector. This indicates
a better fit of the model and an overall high forecasting accu-
racy. It is important to note that historical clusters lose their
relevance under conditions of network instability or unstable
consumption. Such conditions require the model to quickly

adapt to changes depending on data, which is not addressed
in the work.

Another option may be to use reinforcement learning,
which can help obtain a more stable solution by choosing opti-
mal strategies under conditions of uncertainty. This approach
is reported in [11]. In the paper, algorithms were developed
to optimize electricity usage for residential demand manage-
ment, taking into account load and pricing uncertainties, user
privacy, and distribution network constraints. One approach
integrates deep reinforcement learning with federated learn-
ing, using convex relaxation to handle non-convex power flow
constraints and transforming neural network updates into
semi-definite programming problems. Simulation results on
Institute of Electrical and Electronics Engineers (IEEE) test
systems demonstrated a 33% reduction in peak load, a 13%
reduction in expected user costs, and scalability for large net-
works. The results highlight the potential of learning-based
strategies in demand management.

Similarly, paper [12] describes a system implemented
using deep reinforcement learning algorithms that effectively
controlled various system components, from battery-based en-
ergy storage systems to solar panels and generators. The pro-
posed microgrid model achieved optimal performance with
near-optimal policies. As a result, a 13% cost reduction was
achieved compared to manual power system control. How-
ever, it should be noted that the formulation of such tasks is
usually more complex, and the approach requires a simulator
of the environment in which the agent is trained. In addition,
if consumption profiles change over time, it is necessary to
retrain the agent, which is resource-intensive and may not be
feasible when daily forecasts are needed.

Another type of adaptive systems based on fuzzy rules
can also solve the problem of multiple power sources. For
example, work [13] describes a decision-making system that
uses fuzzy logic to switch between power sources, but the
main disadvantage of such systems is the static nature of the
rules and the inability to adapt quickly. In addition, the work
uses a multilayer perceptron to predict energy generation
with an error of 8%. It is worth noting that the model is not
always suitable for forecasting, especially for non-stationary
time series, which is not discussed in the scope of that work
since it focuses only on simple approaches to forecasting. In
such cases, it may be more appropriate to use recurrent neu-
ral networks or regression models such as ARIMA, SVR, or
Random Forest.

Overall, our review of the literature [7-13] demonstrates
that modern approaches to artificial intelligence and ma-
chine learning can significantly improve forecasting accu-
racy, operational efficiency, and decision-making in power
systems. These approaches are used in various areas, from
demand forecasting and voltage stability assessment to de-
mand management and microgrid control. However, regions
facing structural constraints, infrastructure damage, and
increased reliability requirements require adaptive, resil-
ient, and autonomous solutions that go beyond theoretical
productivity gains. This gap between technological potential
and actual implementation is noticeable in countries expe-
riencing systemic failures, such as Ukraine, where energy
autonomy and the ability to respond quickly are becoming
increasingly critical.

The current state of the Ukrainian power system is ana-
lyzed in [14]. It is worth noting that the work does not report
mathematical models or simulations. It focuses on formu-
lating the steps necessary to improve the situation. Another



analytical paper [15] investigates the load schedules in the
Ukrainian electricity system. It calculates that the system
has a deficit of approximately 1 GW. As a result, recommen-
dations are formulated to overcome this deficit; however,
without specifying formal models or simulations that would
confirm the feasibility of the proposed measures.

A more practical work [16] considers a hybrid model for
forecasting electricity demand in Ukraine, which combines
ARIMA and LSTM models. For the interval 2013-2020, the
forecasting error was 2.78% for the MAPE metric. And for
separate periods 2019+2020, 2019, 2020, the error was 3.17%,
2.79%, and 3.56%, respectively, for the same metric. This indi-
cates its effectiveness for strategic planning of the enterprise.
It should also be noted that such models are focused on me-
dium-term forecasting of electricity demand, which can be
considered a certain limitation for operational daily planning.

Studies [14-16] indicate that the Ukrainian power sys-
tem faces serious operational challenges, including peak
load imbalance, limited maneuvering and storage capacities.
In addition, forced consumption restrictions and insufficient
flexibility to ensure stable electricity supply necessitate the
transition to decentralized and autonomous control mecha-
nisms. In addition, lightweight and adaptive models capable
of working with incomplete data and in offline mode are
critically important under conditions of instability [13, 17].

In this context, hybrid local systems that integrate edge
artificial intelligence (Edge AI), local data storage, and min-
imal dependence on centralized control are particularly rel-
evant [14, 17]. As follows from the review of papers [7-13],
an unresolved problem is that a significant part of modern
research conventionally operates under the assumption of the
stability of the main power source and is focused on optimiz-
ing consumption and stabilizing the load. The obvious reason
for this is the low priority of such problems in countries with
minimal risks of sudden loss of power supply.

The above gives grounds to argue that it is advisable to
conduct research aimed at devising adaptive models of enter-
prise power system management that take into account the
instability of power supply sources and technical limitations
of internal generation.

3. The aim and objectives of the study

The aim of the study is to design a two-level system for
forecasting electricity consumption of and optimal control
over the enterprise’s electricity supply sources. The system
consists of a model for forecasting electricity consumption for
a day in advance and an algorithm for generating an optimal
schedule for managing electricity sources. Such a system
should solve the task of increasing the economic efficiency
and energy autonomy of the enterprise by optimizing the use
of its own electricity supply sources, taking into account the
potential instability of the main energy supply source.

To achieve this aim, the following objectives were set:

—to design a logical-information structure of the load
forecasting system and optimal management of electricity
supply sources;

- to construct a mathematical model for forecasting en-
ergy consumption 24 hours in advance based on historical
data and to assess the accuracy of the forecast;

- to develop an algorithm for optimal management of the
enterprise’s electricity supply sources and assess its economic
efficiency.

4. Materials and methods

4. 1. The object and hypothesis of the study

The object of the study is the process of ensuring the auton-
omy of industrial enterprises under conditions of critical insta-
bility of centralized power supply and dynamic market tariffs.

The principal hypothesis assumes that the use of short-
term energy consumption forecasts, formed by regression
ensemble models, within the framework of a deterministic
model of mixed-integer linear programming (MILP), could
make it possible to minimize the total costs of the enterprise
for energy supply. It is assumed that the economic effect
would be achieved by dynamic switching between the cen-
tralized power grid and local generating capacities, subject to
strict adherence to technological constraints.

It is assumed that the obtained forecast will be sufficiently
accurate and stable for use and will not cause false optimiza-
tion in the algorithm described using the MILP apparatus. It is
also assumed that switching between power sources is carried
out almost instantly.

Simplifications are the use of binary indicators to control
generators and ignoring the costs of depreciation and mainte-
nance of equipment.

4.2. Methods for the energy consumption forecast-
ing model

To forecast electricity consumption 24 hours in advance,
the ensemble machine learning methods Random Forest and
LightGBM were selected. The choice of these methods is due
to their ability to effectively handle nonlinear dependencies in
time series and their resistance to outliers in the data.

At the stage of initial prototyping, Random Forest was used
for the forecasting task, which forms the forecast as the average
value of the results of a large number of decision trees [18, 19]
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where N is the number of trees, y;(x) is the prediction of the
i-th tree.

Random Forest is algorithmically simple and suitable for
parallel computation of trees but may suffer from reduced
accuracy in irregular patterns [20, 21].

LightGBM is based on the gradient boosting method and
decision tree construction using coarse bins, which signifi-
cantly reduces training time while maintaining high accu-
racy [22]. LightGBM consistently minimizes the loss function

Vi (x):j’t—l +nf; (x), (2)

where 7 is the learning rate, f;(x) is the regressor tree at iter-
ation ¢.

Among the advantages of LightGBM are its resistance to
overfitting, interpretability due to the importance of features,
and the ability to model complex dependencies without scal-
ing the data. However, LightGBM can become less stable and
less productive with an excessively large number of features
due to increased noise and a decrease in the importance of
useful features [21, 22].

4. 3. Metrics for assessing the accuracy of the elec-
tricity consumption forecasting model

Two main metrics were used to assess the accuracy of the
model’s forecasting: the mean absolute error (MAE)
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where y; is the actual value, y; is the predicted value,
n is the number of observations, and the root mean
square error (RMSE)
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4. 4. Mathematical apparatus for the optimal
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control algorithm

To build a model for optimal control over energy
supply sources, the MILP methods [23] were chosen.
This approach allows us to formalize the problem of
minimizing electricity costs as an objective function in
the presence of a system of linear constraints.

The use of MILP is appropriate for modeling the
operating modes of the system since it allows us to
operate with both continuous variables (such as load)
and binary ones (such as logical states of equipment).
This makes it possible to find the global optimum
within a given planning horizon.

5. Results of designing the system of forecasting energy
consumption and management of energy supply
of an enterprise

5.1. Results of construction of the logical-informa-
tional structure of the system

Designing the information system of forecasting and opti-
mal management of sources of power supply of an enterprise
requires a clear formalization of its internal structure. For this
purpose, a hierarchy of processes was built in the form of a func-
tion tree, which is based on the classical methodology of struc-
tural analysis, in particular, the data flow diagram (DFD - Fig. 1)
and the functional diagram (IDEFO - Fig. 2) [24, 25].

The basis of the system is a generalized function that re-
flects the main task of the system, namely, optimizing the use
of power sources taking into account the forecasted electricity
consumption and changes in energy tariffs. The upper part of
the process tree is responsible for automated decision-making
regarding the time to turn on generators based on the analysis
of historical data, current tariffs, and load forecasts. This part
is divided into several parts below, each of which corresponds
to a separate subsystem.
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Tariffs

Mathematical Models (ML, Analytics)
Economic Feasibility Rules
Generator Technical Constraints Optimization Model

~
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Fig. 1. Data flow diagram
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Fig. 2. Functional diagram IDEFO

The first part is responsible for collecting and preparing data.
The system is integrated with a historical data source (Excel file),
from which the values of previous energy consumption are
read. Next, the data is checked for completeness and integrity,
possible anomalies are eliminated, and normalization is per-
formed, necessary for further operation of machine learning
algorithms.

The second module of the system forecasts electricity
consumption. A forecast is built for a given period using data
from the previous step.

The next stage is to obtain information about tariffs. The
system is connected to an external price source. The work
uses a web resource with current electricity prices, which au-
tomatically collects and processes tariff data. The data make
it possible to take into account the dynamics of energy costs
when making decisions on the economic feasibility of using
backup power sources [16].

The fourth part is responsible for optimizing the generator
switching schedule. To do this, based on the forecast and tariffs,
several alternative scenarios for switching on generators and
the time of power supply from the external network are formed.
Each scenario is evaluated for economic feasibility and compli-
ance with technical constraints. Finally, the most advantageous
option is selected.

The last part forms the results for the user. The work sched-
ule is represented in the form of visualization, and the result itself
is stored in the database. The schedule can also be provided in the
form of messages for the enterprise’s power system dispatcher.

The described sequence can be depicted in the form of
a function tree, where the top is the global objective, and each
lower level details individual parts of the implementation.
This approach allows one to logically structure the system
for the further implementation of individual logical modules.
This is useful for simultaneous forecasting at several enter-
prises or adding alternative sources of generation.



5.2.Results of constructing a mathematical model
for forecasting electricity consumption of an enterprise

The mathematical model of forecasting is a functional
mapping F: X — R. This mapping correlates the vector of in-
put features X e X with the predicted power value P,,; for the
next forecasting step

P, =F(X.0), ©)

where @ is the vector of model parameters.
At the design stage, two model configurations were formed.
For the model using the Random Forest method, a feature
vector X is defined

X = {xhoursxdw’xlagl } ’ (6)

where X0, is the hour of the day, x4, is the day of the week,
Xiag is the first-order lag feature corresponding to the load of
the previous hour.

Taking into account the properties of LightGBM, an ex-
tended feature vector X was developed for the model based
on this method, which makes it possible to take into account
seasonal and calendar dependencies

X= {xhour’xdw’xmonth’xlagl’xlag24’xlastﬁy’xis7w}’ (7)

where X, is the hour of the day, x4, is the day of the week,
Xmonth iS the month, x4 is the lag feature corresponding to the
load of the previous hour, X4 is the lag feature corresponding
to the load for the previous 24 hours, X4 , is the value for the
same day of the previous year, X; ,, is the weekend indicator.

The results of the comparison in percentages of the av-
erage of the two models for load forecasting based on the
MAE (3) and RMSE (4) metrics are given in Table 1.

Table 1
Comparison of model prediction accuracy
Model MAE RMSE
Random Forest regression 8-10% 12-15%
LightGBM regression 5-7% 10-12%

For both models, based on numerous experiments con-
ducted for different days and times of day using bootstrap-
ping, the efficiency was estimated as a percentage of the
average load value.

5. 3. Results of development of an algorithm for opti-
mal control over energy sources of an enterprise

To make economically sound decisions that take into
account technical requirements for equipment, the proposed
model uses the MILP apparatus. This approach makes it pos-
sible to simultaneously minimize daily operating costs while
adhering to critical constraints, in particular, the minimum
time of continuous operation of generator Tp;p.

The optimization task is to determine the operating mode
of autonomous power sources and the purchase of energy from
the day-ahead market (DAM) for each hour ¢ € {1, 2, ..., 24}.

The model uses the following variables that determine the
optimal schedule: Egg;, (t) (kWh) - actual generated energy
from generators at hour t; E& (t) (kWh) - actual purchased
energy from DAM at hour ¢, N(¢) (pcs.) - number of generators
started at hour ¢; Z(t) € {0,1} - binary indicator of generator
operation (1 - operating, 0 - off); Y(¢) € {0,1} is a binary in-

dicator of generator start-up at hour ¢, I(t) € {0,1} is a binary
indicator of network availability, Eeyess (KWh) is the excess
energy generated by generators at hour ¢.

The input parameters are the predicted load P(t) for hour
v obtained using LightGBM, the hourly DAM tariff p,,,(f), the
generator power P, the maximum number of generators Ny,
the minimum generator operating time Ty, and the specific
generation cost Cg, (UAH/kWh). The specific generation cost
is defined as

Cgen = Kgas : Pgas’ 8

where Ky is the specific gas consumption of the generator
(for example, 0.25 m*/kWh), and Py is the gas price per unit
volume (for example, 15 UAH/m?3).

The objective function (C(t) minimizes the total costs
during the day, taking into account operating costs and fixed
start-up costs Cgqgpe

min(C(t) = i Eggl (t)'cge" *

. ©)
i-1| + Ei(’lnctg (t Pmo (t) + CstartY (t)

To ensure the physical and technical correctness of the solu-
tion, the MILP model must satisfy a number of key constraints.

The first constraint is due to the fact that under real condi-
tions generators usually operate only at full capacity. This means
that it is possible to obtain a generation surplus, which can be
either a real surplus or a formal surplus associated with forecast
inaccuracy. In each case, this must be taken into account in the
model. For this purpose, the surplus variable E,ys >0 (kWh) is
used, which we take into account in the additional constraint on
the total energy

B (t)+ Bt (t) = P(t)+ Eoxeess (1), V. (10)

The second constraint is a generation limit, which limits
the actual generation, which cannot exceed the nominal
power of the running generators, and their number is limited
by the available number N«

B (t)<N(t)-P, N(t)< Ny, V. (11)

The third constraint is the minimum generation level, to
ensure that the equipment operates at an effective load and
avoid obtaining low efficiency, if the generators operate at
Z(t) =1, they must generate the minimum required amount
of energy ES4!

B ()2 Z(t)- Egar, vt. (12)

The fourth constraint concerns network availability, mod-
eled by a binary network availability indicator I(t), which
limits energy purchase EZ (t) in the event of a power outage

Egt(t)<P(t)-I(t), vt (13)

The latter sets the technical operation limits, namely the
minimum operating time Ty, and startup costs using binary
indicators Z(t) and Y(¢).

The relationship between the quantity and the operation
indicator is that if the generators are operating, then Z(t) = 1,
and if not - Z(t) = 0, then N(t) =0

N(t)< Ny Z(t), V2. (14)



The start onset Y(¢) is set to 1 only at the hour when the
transition from the off state Z(t) = 0 to the on state Z(f) = 1 occurs

Y(t)22(t)-2(t-

The Ty, constraint is a key constraint that ensures that if
the generators started at hour ¢ (Y(¢) = 0), they will remain on
for the next Ty, hours

1), vie{2,..,24}, Y(1)=2(1). (15)

t+ T —1
Z(k)2Tpin Y (£), Viefl,...,
k=t

24 —T,;, +1}. (16)

Note that when Cyqpy =
the following form

minC = Z[Eggfl( ) Ceen + Es (£)- Do (t)J

0 the optimization function takes

an

However, all technical constraints, including Thi, and the
associated Z(t) and Y(t), must be maintained.

Using this MILP allows the system to globally plan the
operation schedule for 24 hours, deciding to start generators
during periods of high DAM tariffs. However, the technical
requirements of continuous operation of Ty, may force gen-
erators to operate even during hours with low tariffs.

In the next step, model (8)—(17) is represented as two in-
terconnected algorithms.

Algorithm 1 (Fig. 3) describes this high-level workflow in
detail, outlining how the system integrates a machine learn-
ing-based forecasting module with a deterministic optimiza-
tion module to make daily strategic decisions.

The process is performed hourly or daily, using historical
consumption data and current market prices as inputs to fur-
ther form a globally optimal schedule for the next 24 hours. The
LightGBM regression (2) is chosen as the forecasting model
here, given its higher accuracy compared to Random Forest.

The central element of the control system is the optimization
kernel, which uses MILP to determine the most economically
advantageous schedule while strictly adhering to technical con-
straints. Algorithm 2 (Fig. 4) formalizes this mathematical prob-
lem. It defines a set of solution variables, the objective function
of which is to minimize the total operating costs and a system of
linear constraints that satisfies equations (6)-(17). This formula-
tion preserves the binary logic for generator operation Z(t) and
start-up Y(f), clearly ensuring compliance with the minimum
operating time Ty, requirement, thereby guaranteeing compli-
ance with physical requirements along with economic feasibility.

The results of computer simulation of algorithm (6)-(17)
using the forecast obtained using the LightGBM model at

Cstare = 0 for 15 hours are given in Table 2.

Algorithm 1 Generate Optimal Daily Schedule

Require: Historical _Data, Tariffs={pn,(t)},

Tech_Params = {Cyen, P, Nyaz, T

Ensure: Optimal Schedule N(t), Cost C(t)
1: T+ 24 b Define time horizon

Estm t
min; Pmin

1®)}

2: Features + GENERATE_FEATURES(Current_ Date, Historical _Data)

3: P(t) « ARRAY([T]
> Stage 2: Load Forecasting
4: for t «+ 1to T do
6: end for
> Stage 3: Optimization: MILP Solver
7: {N(t) Egen(t)qu,a(
> Stage 4: Output
8: return {N(t), Egen(t), Emo(t), C(t)}

5. P(t) + LightGBM_Model. PREDICT (Features|t])

t),C(t)} + SOLVE_MILP_PROBLEM(P(t), Tariffs, Tech_ Params)

Fig. 3. Pseudocode for generating an optimal schedule

Algorithm 2 MILP Problem Formulation: Optimization Core

Require: P(t), Tariffs={p,(t)}, Tech_Params={Cyen, P, Ninaz, Trnin, B

> 1. DECLARE VARIABLES
E;::z( ) Ead(t) ezccss(t)ycstart = R 2 0

2 N(t) €Z:0< N(t) € Npoz
5 1(t), 2(), Y (1) € {0,1)

> 2. OBJECTIVE FUNCTION
& MINIMIZE C(t) = Y1, [Ee(t)
> 3. DEFINE CONSTRAINTS V¢ € [1,T]
: SUBJECT TO CONSTRAINTS:

: C1: Energy Balance E2%(t) + E2%(t) =

gen

© 00 NS w

. C4: Grid Availability E2(t) < P(t) - I(t)

10: C5: Link N(t) and Z(t) N() < Ny - Z(t)

> Startup and Minimum Run Time Logic
11: C6a: Startup Y(1) Y(1) = Z(1)
12: for t < 2 to T' do
13:  C6b: Startup Y(t) Y (¢) > Z(t) —
14: end for

15: for t < 1to T — Tyin + 1 do

min

gen Cyen o Ead(t) pmv(t) + Cslart . Y(t)]

P(t) + Eegcess(t)
. C2: Max Generation Limit Eg;‘l(t) <N()-P
: C3: Min Generation Level Eich(t) > Z(t) - Engrt

Z(t 1)

16:  C7: Min Run Time S50~ Z(k) > T - Y ()

17: end for
> 4. SOLUTION

18&: RETURN SOLVER.FIND_OPTIMAL_SOLUTION(OBJECTIVE, CONSTRAINTS)

Fig. 4. Formulation of mixed-integer linear programming in pseudocode



Results of software simulation of the optimization algorithm

Table 2

t P(t) N | Eg(t) cest (¢) Egt (1) Pmolt) Cior(1) Cref(D) AC(h)
0 5605.38 5 6768.00 28200.00 0.00 4.70 28200.00 26345.95 -1854.05
1 7115.46 6 8121.60 33840.00 0.00 4.30 33840.00 30596.48 -3243.52
2 7403.22 0 0.00 0.00 7403.22 3.80 28132.24 28132.24 0.00

3 7403.22 0 0.00 0.00 7403.22 3.20 24391.49 24391.49 0.00

4 7590.00 0 0.00 0.00 7590.00 1.00 7690.05 7690.05 0.00

5 7588.02 0 0.00 0.00 7588.02 0.10 758.80 758.80 0.00

6 7597.92 6 8121.60 33840.00 0.00 5.00 33840.00 37989.60 4149.60
7 7302.24 6 8121.60 33840.00 0.00 6.80 33840.00 49655.23 15815.23
8 7227.00 6 8121.60 33840.00 0.00 6.80 33840.00 49143.60 15303.60
9 7393.98 6 8121.60 33840.00 0.00 4.49 33840.00 33184.18 -655.82
10 7464.60 6 0.00 0.00 7464.60 2.09 15586.08 15586.08 0.00
11 7535.88 0 0.00 0.00 7535.88 0.78 5855.38 5855.38 0.00
12 7481.10 0 0.00 0.00 7481.10 0.10 748.11 748.11 0.00
13 7420.38 0 0.00 0.00 7420.38 0.25 1855.10 1855.10 0.00
14 7503.54 0 0.00 0.00 7503.54 0.10 750.35 750.35 0.00

Here, Cgey (t) =Egoh (t)~Cgen (UAH) is the generation cost,
Crer= P(t) - pmo(t) (UAH) is the theoretical cost with full pro-
curement from DAM, C,,, (t) =Cgen (t)+C;’;,‘§,‘ (t) (UAH) is the
total cost, C3 :E,‘}fo‘(t)-pmo (t) (UAH) is the real cost with
full procurement from DAM, AC(t) = Cr(t) - Ciot) (UAH) is
the difference between the generation price and the price with
full procurement from DAM.

6. Discussion of results related to the system for
generating the optimal electricity supply schedule

The designed logical-information structure of the system
provides a direct connection between the forecasting module
and the optimization unit based on MILP. This allows for
prompt correction of energy consumption plans. The use of
DFD notation at the design stage allowed for the formaliza-
tion of data flows between different sources, which minimizes
delays in the formation of the vector of input parameters for
machine learning models.

The results of the comparison of forecasting models are
given in Table 1, showing that LightGBM produced better
results in both the MAE (5-7%) and RMSE (10-12%) metrics,
with smaller deviations compared to Random Forest. This
indicates that the use of gradient boosting in LightGBM to-
gether with an expanded set of constructed features allows
for good generalization of the data used for forecasting. The
assessment of the forecasting results is comparable to the
MAPE metric reported in [7] in the range of 8.18-8.64%. The
error is somewhat higher than in [9], which, however, does
not provide the value of the MAPE metric, but the achieved
maximum accuracy of 96.8% indicates quantitatively better
results. The obtained accuracy is also higher than in [8], in
which the MAPE is approximately 20%. However, it should be
noted that the data used in this work and the data from [7-9]
are different in terms of the volume and characteristics of the
processes to which they correspond.

The MILP apparatus used for the mathematical descrip-
tion of the process of controlling energy sources, in contrast
to conventional control strategies based on threshold values,

makes it possible to operate on variables to control the switch-
ing on and off of generators. This ensures a better correspon-
dence of the obtained modes to real processes.

The logic of the algorithm allows the system not only to
react to changes in the network but also proactively calculate
the optimal use of resources in advance. Thanks to this, the
system can make economically sound decisions about launch-
ing local generating capacities even before market price peaks.

The developed algorithm takes into account operational
constraints. The introduction of parameters for the minimum
duration of equipment operation makes it possible to avoid
premature wear of generating capacities. Thanks to this, the
algorithm balances between saving money and preserving the
technical resource of the equipment. This makes the proposed
solution suitable for implementation in the production sector
where equipment reliability and direct economic benefit are
important.

The algorithm, based on the predicted hourly load, stra-
tegically makes decisions on the choice of energy source in
order to minimize the total costs of energy supply. The results
of our work (Table 2) show that the use of local generators
is optimal during periods of peak tariffs. In particular, when
the purchase price on the market is the highest (for example,
6.80 UAH/kWh in the hours between 07:00 and 08:00), the
generation strategy significantly reduces the total costs of en-
ergy supply for these hours. Conversely, during nighttime off-
peak hours, the DAM tariffs are reduced to 0.10 UAH/kWh,
making grid energy consumption a more economical choice.

The optimization of generator scheduling is performed at
the global level by the MILP apparatus, which must comply
with critical technical constraints, including the minimum
continuous operation time Ty, (11). This requirement some-
times leads to the fact that the generation schedule shows
a negative value (in particular at 00:00, 01:00 and 09:00),
which means a temporary excess of generation costs com-
pared to the market tariff. This phenomenon is evidence of
strategic, non-local decision-making by the model, which
prioritizes compliance with the Ty, constraint (11). This
mechanism allows the system to achieve significant savings
during peak consumption hours. This means that the total



savings from such strategic scheduling significantly exceed
periodic local losses.

The efficiency of the algorithm was assessed by comparing
the costs of electricity when purchasing only from the market
with the costs when operating a limited number of genera-
tors. Over the considered period of time, the balanced use of
generating capacities and purchased energy from the market
led to a reduction in costs by UAH 29515.04, which is 9.44%
relative to the base costs. The result confirms the importance
of optimization in managing electricity sources when tariffs
fluctuate and problems with the availability of energy sources.

Despite the obvious optimization of costs under the es-
tablished technical operating conditions, the proposed hybrid
model has limitations and disadvantages. The main limitation
is the dependence on the accuracy of the load forecast P(t) for
the day in advance. Although the use of LightGBM showed
high forecast accuracy, forecast errors and instability can
cause suboptimal solutions of the optimization system. Such
forecast behavior can cause unjustified generator starts or ex-
cessive energy purchase from the market. Another drawback
of the model is that although the RDM tariffs p,,,(t) are deter-
mined hourly for 24 hours, they are considered as determinis-
tic inputs at the time of optimization. This, in turn, limits the
possibility of dynamic adjustment.

Further research could focus on extending the proposed
model by integrating energy storage systems. This approach
would allow for the storage of potentially excess electricity
generated during periods subject to minimum operating time
restrictions. Theoretically, this approach could increase the
overall economic efficiency of the system beyond what is
already achieved. In addition, it is possible to consider the
possibility of implementing power modulation algorithms for
generator sets instead of binary indicators to obtain a more
accurate balance of energy demand and consumption. How-
ever, further complicating the model with additional variables
would significantly increase the computational complexity
required to find the optimal solution.

7. Conclusions

1. The information-logical structure and architecture of
the enterprise energy consumption management informa-
tion system have been developed. The proposed structure
describes an automated cycle from data collection to load
forecasting and decision-making on optimal management of
electricity sources. Formalization of the architecture in the
form of structural diagrams has made it possible to clearly
define the boundaries of interaction between the forecasting
model and the optimization algorithm.

2. The structure of the forecasting model has been de-
signed, which uses a wide set of constructed features. The
model built makes it possible to model complex nonlinear
dependencies in energy consumption data. Experiments have
shown that the LightGBM model demonstrated accuracy, as
a percentage of the average, of 5-7% by the MAE metric and

10-12% by the RMSE. Such accuracy is sufficient for further
use in the optimization algorithm.

3. An optimal control algorithm has been developed,
which, based on the predicted load, makes it possible to au-
tomate the choice between energy consumption sources and
determine the optimal number of running generators if neces-
sary. The algorithm takes into account not only the technical
limitations of the generators but also the dynamic change in
the cost of electricity in real time. Based on the experiments,
it is shown that the control algorithm achieves global cost
optimization while adhering to the technical constraints. The
algorithm uses market tariffs during hours when they are low
and switches to local energy generation during hours of peak
tariffs. The evaluation of the algorithm’s effectiveness demon-
strated a significant economic benefit over the considered
time period, which led to a cost reduction of 9.44% compared
to the theoretical base costs. The decision-making system
includes, in particular, local cost overruns caused by the need
to strictly adhere to operational constraints. Our result con-
firms the financial effectiveness of the proposed optimization
system in managing electricity costs under variable tariffs and
unstable electricity supply.
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