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Abstract

The development of electric quarry transport puts a significant strain on local power
grids, leading to sharp peaks in consumption and degradation of power quality. Existing
methods of peak smoothing, such as generation control, virtual power plants, or intelligent
load management, have limited efficiency under the conditions of stochastic and high-
power load profiles of industrial charging stations. A new strategy for direct charge and
discharge management of a system for integrated battery energy storage (IBES) is based
on dynamic iterative adjustment of load boundaries. The mathematical apparatus of the
method includes the formalization of an optimization problem with constraints, which
is solved using a nonlinear iterative filter with feedback. The key elements are adaptive
algorithms that minimize the network power dispersion functionality (i.e., the variance
of Pgrid(t) over the considered time interval) while respecting the constraints on the state
of charge (SOC) and battery power. Numerical simulations and experimental studies
demonstrate a 15 to 30% reduction in power dispersion compared to traditional constant
power control methods. The results confirm the effectiveness of the proposed approach
for optimizing energy consumption and increasing the stability of local power grids of
quarry enterprises.

Keywords: optimal control; mathematical modeling; load peak smoothing; integrated
battery energy storage system; dynamic optimization; iterative algorithms; nonlinear
filtering; constrained problem; real-time control; adaptive systems; numerical methods

MSC: 93C10; 93D30; 90C26

1. Introduction
The rapid development of electric transport in the industrial sector, especially in

the mining industry, leads to a significant increase in electricity consumption and the
emergence of new load profiles that put pressure on the power system [1,2]. In recent
years, large mining companies have been switching from diesel mining trucks to electric
ones, reducing carbon emissions and operating costs. However, the mass introduction
of such vehicles sharply increases peak loads in local power grids that supply charging
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stations, deteriorates the quality of electricity, increases losses, requiring modernization
of distribution substations and power lines. The problem of smoothing peaks and fill-
ing in consumption dips is becoming a key area in the field of smart grids and flexible
load management [3].

One of the most obvious ways to solve the problem of compensating peak loads is to
regulate generation from energy sources, when power plants change the generated power
depending on fluctuations in consumption. Similar approaches were actively used in ther-
mal and hydropower engineering. For example, in [4] the authors proposed an algorithm
for controlling thermal power plants to regulate load schedules by changing the modes
of turbine generators. In [5], a system for optimizing gas turbine plants in the Shanghai
energy system was developed, which reduced peaks by up to 12%. In [6], the authors
studied the capabilities of hydroelectric units to compensate for daily load fluctuations and
showed that increasing the flexibility of hydroelectric power plants requires significant
operating costs. Despite certain successes, generation control methods have a number of
drawbacks (long reaction time, low economic efficiency and high capital intensity) when
expanding the capacity of plants. In addition, their use is limited in local power grids
without generation, and the load is formed exclusively by consumers.

Another area is the use of renewable energy sources in conjunction with storage
devices, accumulating excess electricity during periods of low demand and supplying it to
the grid during peak consumption. In [7], the authors proposed a model for the market
evaluation of energy storage systems taking into account the nonlinear characteristics
of batteries, showing that optimizing the storage device parameters could increase the
profitability of the project by 8–10%. The authors of [8] investigated the application of
pumped storage systems in isolated island networks, where wind energy was used to pump
water, providing up to 30% of fuel savings in diesel installations. However, for quarry
enterprises remote from large sources of renewable energy, such solutions are not always
feasible. The limited availability of wind and solar energy and the need for significant
investment in infrastructure make this approach less suitable for off-grid industrial areas.

In recent years, special attention has been paid to virtual power plants (VPPs), which
combine distributed energy sources, consumers and energy storage into a single control
system. The authors of [9] performed an economic analysis of VPPs with large-scale battery
systems and showed that their integration could increase the utilization rate of generating
capacity and reduce the cost of electricity by 6–9%. However, the high complexity of
prediction algorithms and the need for high-speed communication links limit the practical
implementation of VPP in real-time, especially in industrial areas with unstable load
profiles. In addition, the efficiency of virtual power plants decreases dramatically in the
absence of reliable data on the state of grid elements.

Intelligent load management involving the system of integrated battery energy storage
(IBES), which is connected to distribution networks or charging stations and acts as a
buffer between the grid and consumers, is considered a promising area. In [10], a tool was
developed for technical and economic analysis and optimization of small-scale photovoltaic
systems with batteries, showing that the correct selection of the capacity and operating
mode of the storage device can reduce peak loads by up to 18% and extend the service
life of the battery by 25%. In [11], the authors demonstrated that the joint planning of
household appliances and IBES reduced energy costs by up to 15% and load peaks by
20%. Despite these advances, most of the work is focused on the domestic or urban sector,
where the load capacity is relatively low and temporary fluctuations in consumption are
easily predictable. In the case of industrial charging systems for quarry transport, the load
pattern is much more stochastic, and short-term peaks reach hundreds of kilowatts, making
traditional strategies ineffective.
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In summary, existing approaches show good results in residential or grid-connected
environments but demonstrate limited transferability to quarry conditions. Generation
control solutions require significant reserve capacity and have response times on the scale
of minutes, which is insufficient for short spikes of 200–500 kW typical of haul truck
charging [4–6]. VPP-based architectures depend on continuous high-speed communication
and accurate forecasting that are difficult to maintain at remote sites with unstable power
profiles [9]. Intelligent load-shifting methods with IBES buffers reported 15–20% of peak
reduction in household and commercial studies [10,11], whereas quarry stations exhibit
irregular multi-megawatt charging waves with poor predictability, reducing the effec-
tiveness of rule-based scheduling. Therefore, the proposed approach specifically targets
high-amplitude stochastic load patterns, where dynamic boundary adjustment provides
faster response and does not rely on prediction accuracy.

Recent research has started to focus specifically on high-power charging infrastructure
in industrial environments. The authors of [3] proposed a sequential decision-making
process for the techno-economic operation of grid-connected traction substations with
integrated solar PV and IBES, showing that the coordinated scheduling of storage and
fast charging could significantly reduce demand peaks at traction nodes in the context of
electric transport. In [4], the authors analyzed battery charging from a traction voltage
inverter with an integrated charger and demonstrated the importance of matching charg-
ing profiles to the upstream network constraints and converter capabilities. For mining
applications, the study [5] developed an optimal energy-efficiency control framework for
a system of distributed energy-storage-based mining truck. These studies confirm that
the electrification of heavy-duty vehicles creates highly concentrated and intermittent
charging demand at industrial fast-charging stations, which in turn calls for dedicated
peak-shaving strategies coordinated with the local grid. At the same time, a number of
recent works have analyzed the use of battery energy storage systems for peak shaving
in distribution grids and industrial consumers. The authors of [6] proposed a BESS-based
scheme to reduce local and global peak loads in distribution networks, highlighting the
role of storage placement and control strategy. The researchers of [7,8] formulated joint
optimization problems for storage operation that simultaneously address peak shaving and
ancillary services, obtaining super-linear economic benefits compared with independent
operation. The scientists of [9] carried out techno-economic assessments of battery storage
for peak demand management in smart grids and commercial facilities, while the research
of [10] demonstrated that coordinated control of generation and storage could substantially
improve reliability and peak-load handling capability in isolated or weak grids. However,
most of these approaches rely on day-ahead optimization or model-predictive control with
explicit forecasts of the load profile and electricity prices, which may be difficult to obtain
in applications of stochastic industrial charging.

IBES distributed control systems based on machine learning algorithms are also of
interest. In [12], a distributed control system was developed, using reinforcement learning
to mitigate overvoltage during high penetration at solar power plants. The simulation
results showed that voltage deviation was reduced by 35% while reducing load peaks.
However, the use of such algorithms requires large computing resources and constant
access to telemetry data, which makes it difficult to use them in conditions of limited
communication channels at remote industrial facilities.

Another approach involves optimizing EV charging schedules based on network
conditions and IBES parameters. In [13], the authors proposed a consistent decision-
making algorithm for the optimal operation of traction substations integrated with solar
photovoltaic systems and storage devices. Their model reduced peak loads by 22% and
increased the use of renewable energy by up to 91% during the day. However, the method
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requires accurate prediction of the movement profile and consumption of electric dump
trucks, which is extremely difficult in quarry conditions, where transportation cycles are
irregular and depend on technological downtime.

A number of authors have considered hybrid energy storage schemes that combine
lithium-ion batteries with supercapacitors or flywheels. In [13], the authors showed that
combining systems can improve primary standby and load smoothing by 25% compared
to single battery storage. In [14], the authors proposed a strategy for planning the work
schedules of companies operating battery systems in the electricity market, which made
it possible to increase the equipment utilization rate and to ensure the economic stability
of the system. However, the use of hybrid schemes is associated with the complication of
the control system, the need to synchronize the operating modes of various drives and an
increase in the cost of installation.

Compared to state-filtered disturbance rejection and multilayer neuro-control algo-
rithms, the proposed method has a simpler computational structure and does not require
forecasting models, deep training datasets or high-performance processors. Active distur-
bance rejection controllers achieve high tracking quality but depend on internal observer
tuning and may be sensitive to noise under stochastic load fluctuations. Neuro-control
approaches provide strong generalization ability, but their implementation at remote in-
dustrial sites is limited by data availability and training stability.

The advantage of the present approach is real-time adaptability using iterative bound-
ary adjustment applying only measurable variables (SOC, Pgrid(t), Pload), which reduce
the variance by 15–30% without predictive models. The main limitation of our method
is sub-optimality in long-horizon planning. In contrast to forecast-driven controllers, it
operates reactively and does not anticipate future load surges. However, for isolated
mine grid conditions with unpredictable duty cycles, this reactive robustness becomes a
practical benefit.

In comparison with well-established strategies of energy storage control such as model
predictive control (MPC), fuzzy logic controllers, and adaptive filtering approaches, the
proposed method does not rely on a predictive model or rule base and does not require
solving an optimization problem at each control step. MPC-based BESS controllers achieve
high global optimality but require forecasting accuracy, matrix inversion, and horizon
tuning, which limits their use in stochastic microgrids with rapidly varying loads. Fuzzy
logic schemes ensure robustness to uncertainty but cannot guarantee variance minimization
as a formal objective and require expert-defined membership functions. Adaptive filters
smooth signals effectively, but do not incorporate physical battery constraints or allow
boundary reconfiguration in response to SOC dynamics.

The novelty of the proposed approach lies in the dynamic iterative adjustment of the
upper and lower power boundaries of PH(t) and PL(t) directly as a function of real-time
energy capacity (Ec, Ed) and SOC, without prediction, rule tables or offline tuning. This
makes the algorithm computationally lightweight and scalable for industrial stations where
load uncertainty is high and predictive accuracy is limited.

Despite significant progress, all the considered approaches have common limitations.
Generation control methods do not provide local load compensation in distribution net-
works; renewable energy solutions depend on weather conditions and require power
redundancy [15]. Virtual power plants are difficult to implement in real time [16,17], and
intelligent control algorithms and hybrid systems require high computing power and
expensive components [18]. In mining environments where power is often supplied from
isolated grids or loosely connected feeders, the greatest potential is to integrate the systems
of battery energy storage directly into the charging stations of electric mining trucks. This
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approach makes it possible to locally smooth out peak loads [19], increase the stability of
power supply and reduce the cost of reconstructing network equipment [20].

In contrast to the solutions considered earlier, this paper proposes using the strategy
of direct charge and discharge control of IBES applying dynamic adjustment of load
boundaries. This method is based on the continuous redistribution of energy between the
grid and the storage device depending on the current consumption capacity [21]. Unlike
traditional methods with fixed charging thresholds, the proposed algorithm allows for
real-time adaptation of the charging and discharging boundaries. This provides a more
accurate match to the load profile and extends the life of batteries by limiting the cycling
depth [22]. This approach smooths peaks, fills troughs, increases the utilization rate of
electrical equipment, savings in capital costs for the modernization of power grids [23].

The relevance of the chosen direction is conditioned by the combination of technologi-
cal, economic and environmental significance. On the one hand, the transition of mining
equipment to electric traction is a prerequisite for the decarbonization of the industry and is
in line with global trends in sustainable development [24]. On the other hand, the increasing
load on power systems requires intelligent solutions for adaptive energy flow management.
The use of IBES as part of charging stations makes it possible to efficiently use the stored
energy during periods of peak demand and create a buffer capacity without increasing
transformer capacity. Moreover, the proposed direct control strategy can be implemented at
the level of controllers of the local charging station without expensive data centers, which
makes it especially attractive for industrial facilities with limited resources [25,26].

Therefore, this study is aimed at developing and experimentally testing a method
for direct control of charge and discharge of a system of battery energy storage using
dynamic adjustment of load boundaries integrated into an electric charging station for
mining electric dump trucks. The main goal of this study is to develop and verify a mathe-
matical model and algorithm for direct charge and discharge control IBES, integrated into a
charging station for mining electric dump trucks. The algorithm is aimed at minimizing
the target functional characterizing the dispersion of network power, while observing the
system of differential and algebraic constraints describing the energy balance and physical
limits of the storage battery. In what follows, we denote this objective as the dispersion
functional DDD. A single mathematical definition of DDD is used throughout the work
(see Equation (1) in Section 3, where DDD is given as the time variance of the network
power (Pgrid(t)) over the calculation interval TTT).

The algorithmic component is separated here from the general mathematical model to
maintain clarity. The following text describes step-by-step boundary update rules, SOC-
driven adaptation and convergence properties. The scientific novelty of the work lies in
the following:

A new mathematical formalism of the problem of smoothing load peaks is proposed,
representing it as a conditional optimization problem in continuous time with dynamically
adaptable constraints.
An original iterative algorithm with dynamic adjustment of load boundary values (upper
PH(t) and lower PL(t)) have been developed, which is interpreted as a nonlinear adaptive
filter. Unlike classical methods with fixed thresholds, this algorithm recalculates the
boundaries in real time based on the current state of charge (SOC) and integral estimates of
the charge/discharge energy (Ec, Ed).
The convergence of the iterative process to a quasi-stationary solution providing min-
imal power dispersion under conditions of a stochastic load profile is mathematically
substantiated and experimentally confirmed.

Compared to existing adaptive BESS controllers, the key novelty of this work lies not
in the use of iteration or feedback themselves, but in the mechanism of real-time bound-
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ary reconfiguration. Traditional strategies rely on fixed charging thresholds, predictive
scheduling or model-based foresight, while the proposed method treats the upper and
lower power limits (PH(t), PL(t)) as continuously adjustable control variables. Their val-
ues evolve dynamically based on instantaneous grid power deviation and the integrated
charge/discharge availability (Ec, Ed), enabling the controller to redistribute power without
forecasting, optimization solvers or long-horizon planning. The system therefore adapts
to stochastic load peaks using boundary migration rather than explicit trajectory tracking,
which distinguishes the approach from gradient-based MPC, rule-driven battery dispatch
and conventional constant-limit BESS operation reported in the literature.

Compared with existing optimization-based and model-predictive control strategies
for load profile smoothing, the proposed dynamic boundary algorithm follows a different
philosophy. Classical MPC or multi-time-scale optimal control formulations compute the
storage power set-point by repeatedly solving a constrained optimization problem over
a prediction horizon, which requires accurate forecasts of the load profile and relatively
high computational resources. Advanced control schemes for BESS, including adaptive
and distributed charge/discharge control, typically rely on detailed system models and
communication between multiple agents, and their performance is sensitive to parameter
tuning. In contrast, our approach embeds the minimization of network power variance
into a nonlinear iterative filter that directly adjusts the admissible power band (PH(t), PL(t))
in response to the measured SOC and cumulative charge/discharge energy. As a result, the
controller operates without explicit load prediction, uses only local measurements available
at the charging station, and can be implemented on low-cost industrial controllers while
still providing a 15–30% of reduction in the power variance in the considered industrial
fast-charging scenario.

The article structure: The article is organized as follows. Section 2 presents a mathe-
matical formulation of the problem, including a system of power balance equations and
constraints, a detailed description of an iterative algorithm for dynamic boundary tuning,
illustrated by flowcharts. Section 3 demonstrates the quantification of the method effective-
ness based on the introduced optimization criteria (variance, peak/trough difference) and
visualizes the results of the algorithm for four typical operating modes. Section 4 provides a
comparative analysis of the proposed strategy with the traditional constant-power method,
supported by full-scale test data. Section 5 summarizes the main findings and outlines
directions for future research.

2. Methods and Materials
The study is based on a combination of theoretical modeling and experimental ver-

ification aimed at analyzing the joint operation of an electric charging station for min-
ing electric dump trucks [27] with a system of integrated battery energy storage (IBES).
The study was carried out in two consecutive stages: at the first stage, a mathematical
model of the interaction of the charging station, the power grid and the battery was created.
At the second stage, full-scale tests were carried out on an experimental facility, including a
charging module, an energy storage device, and a control system [28].

The experimental stand of the electric charging station was made in the form of a
modular installation, including a converter part, a battery pack and a digital control system.
To visualize the relationships between the components of the system, Figure 1 shows
the structural diagram of the experimental test bench. The diagram shows the power
supply network, the AC/DC converter, the battery energy storage system (IBES) with the
BMS system, the load in the form of charging system modules for mining dump trucks,
and a central controller that implements the proposed algorithm. The arrows show the
power flows (Pgrid, Pbat, Pload) and information feedback (SOC, power measurements) that
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close the control loop [29]. The following subsection formalizes the objective, constraints
and stability criteria that define the IBES peak-shaving task. This part focuses strictly
on the mathematical representation, without implementation-specific assumptions. The
mathematical formulation of the problem was based on the representation of network
power as Pgrid(t), load power as Pload(t), and battery power as Pbat(t). In this case, the power
balance is implemented.
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Figure 1. The structural diagram of the charging station system with a system of integrated battery
energy storage (IBES).

Dotted lines indicate data flows (feedbacks); solid lines indicate power flows based on
measurements of network power (Pgrid), load power (Pload), and state of charge (SOC) of the
battery. The main element of the energy part was an AC/DC converter, which provided
a bidirectional energy conversion between the AC network and the DC bus. To protect
against reverse currents, a diode barrier was used to prevent the flow of energy from the
batteries to the grid in abnormal modes [30]. The battery module was a set of lithium-ion
cells combined in a configuration with a rated power of up to 40 kW that was controlled by
a BMS system that monitored currents, voltage, and state of charge (SOC). To simulate the
load of an electric vehicle, a programmable active load was used, which made it possible
to reproduce typical charging profiles for mining dump trucks [31]. All elements of the
plant were controlled via the industrial CAN bus, which provided synchronization with
the central controller and transmission of telemetry data to a personal computer. Using
the PC, data were collected, power curves were visualized, and control algorithms were
developed within the framework of a mathematical model [32].

For the reader’s convenience, the main symbols and notations used in the mathemati-
cal formulation are summarized in Table 1.
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Table 1. Main symbols and notations used in the mathematical model.

Symbol Meaning Units Representative Values Used in
Numerical Examples

Pgrid(t)
Power drawn from the external grid by

the charging station at t time MW (given by load-flow
solution/measurement)

Pload(t)
Total load power of the fast-charging

station (traction converters, auxiliaries,
etc.) at t time

MW Given by the measured load profile
in Section 2

Pbat(t)
Power of the IBES battery at t time;

positive for discharge, negative
for charge

MW –

Rbat

Sign indicator of the battery operating
mode: Rbat > 0

for discharge, Rbat < 0 for charge
– –

SOC(t)
State of charge of the battery at t time

(the ratio of stored energy to
nominal capacity)

p.u. Typically, within 0.1–0.9 in simulations

SOCmin, SOCmax Lower and upper admissible SOC limits p.u. SOCmin = 0.1, SOCmax = 0.9

Emax
Nominal (maximum) energy capacity of

the battery MWh 100 MWh (200 MWh in Mode 4)

E0
Initial stored energy in the battery at the

beginning of the simulation MWh 10–40 MWh depending on the scenario

Ec(t), Ed(t)
Cumulative charging and discharging
energy of the battery over the current

control interval
MWh Reset to 0 at the beginning of each

control interval

Ecmax, Edmax

Admissible limits for cumulative charge
and discharge energy, ensuring
compliance with SOC bounds

MWh Selected according to SOCmin and
SOCmax in Section 2

PH(t), PL(t)
Dynamic upper and lower boundaries of

the admissible network power band
used by the algorithm

MW Adapted iteratively according to the
dynamic boundary algorithm

γ
Iterative step coefficient in the dynamic

boundary update law – Chosen empirically to ensure
convergence (see Section 2)

λ
Filtering parameter that determines the
smoothing of the dynamic boundaries
and the sensitivity to random spikes

– 0 < λ < 10; the value used in simulations
is given in Section 2

D
Variance (dispersion) of the network

power of Pgrid(t) over the
observation period

MW2 Computed according to Equation (1)

∆Pload

Difference between maximum and
minimum values of the network power

over the observation period
MW Computed according to Equation (2)

β
Peak–Valley Coefficient characterizing

the contrast between peak and
valley loads

– Computed according to Equation (4)

∆t Time step of the discrete load and
control profile

h or s, depending on
data resolution)

Given by the sampling interval of the
measured load profile

k Iteration index of the dynamic boundary
update algorithm – k = 0, 1, 2, . . .

The mathematical formulation of the problem was based on the representation of
the power system of the charging station in the form of three interacting subsystems: the
power supply network, the battery storage and the external load, whose role belongs to the
electric car. Let the instantaneous power of load consumption be denoted as Pload(t), the
power output by the network as Pgrid(t), and the battery power as Pbat(t). In this case, the
power balance is achieved.

Pgrid(t) = Pload(t) + Pbat(t), (1)

where Rbat > 0 corresponds to the discharge of the battery (the transfer of energy to the
load), and Rbat < 0 corresponds to its charge.

D =
1
T

T∫
0

[Pgrid(t) = Pgrid]
2dt, (2)
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where Pgrid is the average value of the network power for the time interval (T). This expres-
sion coincides with the dispersion functional D introduced in Equation (1). Minimization of
this functional makes it possible to obtain an optimal distribution of charge and discharge
modes, when network power fluctuations are minimal.

For the algorithm to work correctly, it is necessary to take into account the physical
limitations of the battery. Firstly, the charging and discharging power is limited by Pmax

c
and Pmax

d values, which is formalized by inequalities

−Pmax
c ≤ Pbat(t) ≤ Pmax

d . (3)

Secondly, the state of charge (the SOQ of the battery must remain within acceptable
limits) is

SOCmin ≤ SOC(t) ≤ SOCmax. (4)

The dynamics of the SOC change is described by the differential equation

dSOC(t)
dt

= −ηcPbat(t)
Emax

, (5)

where ηc is the energy conversion efficiency factor, and Emax is the nominal capacity of the
battery. These dependencies form a system of constraints within which the charging and
discharging modes are optimized [33].

In the developed model, the key element is the mechanism for dynamic adjustment of
load boundary values, which ensures the adaptation of the control algorithm to current
fluctuations in consumption [34]. In traditional methods, peak smoothing is carried out
using fixed power thresholds, above which the battery charge or discharge is turned on [35].
However, this approach does not take into account the non-stationarity of the load and does
not allow using the potential of the storage device efficiently. According to the proposed
methodology, the boundary values of PH(t) and PL(t) are determined iteratively in the
modeling process and change depending on the current levels of peaks and troughs of the
consumption curve [36].

In this work, adaptivity means real-time modification of the control boundaries based
on instantaneous feedback rather than on fixed thresholds. During every cycle of the
∆t duration, the algorithm receives updated values of Pload(t), Pgrid(t) and SOC(t) and
recalculates Ec and Ed. If the current boundary pair of (PH(t) and PL(t)) leads to insufficient
charge/discharge capability or violates SOC/power limits, the boundaries are shifted by
±∆P until a feasible state is reached. The adaptation therefore does not rely on forecasting
or learning-based prediction; instead, it continuously tunes the boundaries according to
the measured operating state of the system. In contrast to static tuning, where a fixed
pair of (PH(t) and PL(t)) cannot track rapid fluctuations, the dynamic update compensates
stochastic peaks more effectively and prevents battery saturation by tightening or relaxing
limits depending on available SOC reserve. This feedback-driven boundary update is the
core mechanism that provides adaptability under highly variable industrial load conditions.

To find these limits, an iterative process is used, based on minimizing the discrepancy
between the actual and desired charging or discharging capacity. Let Ec and Ed denote the
energy stored and delivered by the battery per cycle (P0

H ,P0
L):

P0
H = Pmax − Pmax

d , P0
L = Pmin − Pmax

c . (6)

At each step of the iteration, the integral area under the load plot sections above
and below these boundaries is calculated, which makes it possible to estimate the current
values of Ec and Ed. If the calculated values are outside the permissible range of the
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battery’s capacity, the boundaries are corrected by stepping ∆P up or down. Therefore,
the algorithm tends to achieve a position of boundaries when the charge and discharge
energy corresponds to the physical capabilities of the storage device [37], and the variance
of network power is minimal.

Mathematically, this process can be considered as a problem of finding a quasi-
stationary solution to a system of nonlinear equations that relate instantaneous values of
power and accumulated energy [38]. The solution is found by iterative methods until the
change in the load variance between adjacent iterations is less than that of the specified
threshold (ε). To make the mathematical structure explicit, the control task can be written
as a constrained optimization problem:

min
Pbat(t)

D =
1
T

T∫
0

(
Pgrid(t)− Pgrid

)2
· dt (7)

Subject to power constraints:

Pmin
bat ≤ Pbat(t) ≤ Pmax

bat (8)

and SOC feasibility conditions:

SOCmin ≤ SOC(t) ≤ SOCmax, S
.

OC(t) = −ηcPbat(t)
Emax

, (9)

The iterative nonlinear filter performs gradient-free adjustment of dynamic load
boundaries (PH(t) and PL(t)) to minimize D while ensuring that all candidate control actions
remain inside the feasible domain defined above. At each iteration of k, the boundary
is perturbed by ±∆P, and the step is accepted only if both power and SOC constraints
remain satisfied; otherwise, the change is rejected and the boundary is shifted in the
opposite direction.

Convergence in simulation is demonstrated by the fact that for all 4 test modes the
iteration count remained finite (10–35 iterations per cycle), and the stopping criterion of
|Dk+1 − Dk| < 10−3 was consistently achieved. Numerical experiments and full-scale tests
showed no divergence or boundary oscillations, confirming practical stability of the filter
under stochastic load conditions.

This approach ensures the convergence of the algorithm even with sharp fluctuations
in the consumption profile.

The logic of the proposed adaptive iterative algorithm for dynamic adjustment of
the PH(t) and PL(t) load boundaries is presented in the form of a flowchart in Figure 2.
The algorithm begins by measuring the current values of the load power and the state of
IBES charge. Based on this data, the current energy capacitances of Ec and Ed are calculated.
The key step is the condition check, which determines one of the four possible modes of
operation of the system. Depending on the mode, the upper and/or lower limit of the load
is adjusted by the value of ∆P. The iteration process continues until a balance is reached
between the charge/discharge energy and capacitive capabilities of IBES, which minimizes
the dispersion of network power. Figure 2 shows a flow diagram of an adaptive iterative
algorithm for direct charge and discharge control of IBES.
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Figure 2. The block diagram of an adaptive iterative algorithm for direct charge and discharge control
of IBES.

In real-time operation, the algorithm works as follows. First, the initial load boundaries
of P0

H and P0
L are set based on a predicted or historically observed daily load curve and
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on the nominal charging/discharging capabilities of the battery (Equations (5)–(7)). Then,
at each control step of the ∆t duration (1 s in the numerical experiments), the controller
receives updated measurements of the grid power (Pgrid(t)), the load power (Pload(t))
and the battery state of charge (SOC(t)). Using these real-time inputs, the current charge
and discharge energies per cycle (Ec and Ed) are recalculated as the areas of the load
curve above and below the active boundaries of PH(t) and PL(t). If Ec and Ed satisfy the
capacity constraints and the instantaneous power and SOC remain within the limits given
by Equations (5) and (6), the boundaries are kept unchanged and the IBES charge/discharge
power is determined directly from the position of PH(t) and PL(t). Otherwise, the algorithm
slightly shifts one or both boundaries by a ∆P step up or down and repeats the calculation
of Ec and Ed. In this way, each iteration first enforces the hard constraints on battery
power and SOC, and it reduces the variance of the grid power (D) only within this feasible
region. The cycle of measurement–update–correction is repeated at every time ∆t step,
which enables the system to track fast stochastic changes in the load without relying on
long-horizon forecasts.

The algorithm functions in real time, calculating the current energy capacitances
(Ec, Ed) at each step and adapting the load boundaries accordingly; a detailed description
of the four operating modes will be provided later in this section.

In Figure 2, the following notations are adopted: PH ↑ is an increase in the upper limit
of power; PH ↓ is a decrease in the upper limit of power; PL ↑ is an increase in the lower
limit of power. PL ↓ is reducing the lower limit of power; Ec is the current energy capacity;
Ed is the current energy dissipation; ∆t is the time lag between iterations. Figure 2 shows
the sequence of steps, logical branching (4 modes) and the closed nature of the algorithm.
To clarify the link between the flowchart and the mathematical formulation, each block in
Figure 2 directly corresponds to specific expressions introduced in Section 2. The calculation
of Ec and Ed is based on integral evaluation of the areas defined in Equations (8) and (9),
while SOC evolution follows the dynamic model (6). The decision node in the flowchart
maps for the four conditional states is listed in Table 1, where each combination of (Ec,Ed)
relative to (Emax

c , Emax
d ) selects a specific update rule for PH(t) and PL(t). The adjustment step

of ∆P shown in the diagram reflects the iterative boundary update mechanism formalized
in Equations (25)–(27). In view of this, the flowchart is not abstract but represents a compact
procedural form of the mathematical algorithm described earlier.

This visualizes the novelty of the proposed solutions: adaptive logic is based on
dynamic boundaries rather than on static thresholds or predictions. A description of the
characteristics of the operating modes of the above algorithm is given in Table 2.

Table 2. Modes Description.

No.
Mode

Mode Options
Ec, Ecmax, Ed, Edmax

Parameters of the PH and PL Power Boundaries

1 Ec > Ecmax, Ed ≤ Edmax
– PH ↑: Increasing the upper limit of power
– PL ↓: Reducing the lower limit of the capacity

2 Ec > Ecmax, Ed > Edmax
– PH ↓: Decreasing the upper limit of power
– PL ↓: Reducing the lower limit of the capacity

3 Ec ≤ Ecmax, Ed ≤ Edmax
– PH ↑: Increasing the upper limit of power
– PL ↑: Increasing the lower limit of the capacity

4 Ec ≤ Ecmax, Ed > Edmax
– PH ↓: Decreasing the upper limit of power
– PL ↑: Increasing the lower limit of the capacity

For numerical modeling, experimental data of the daily consumption schedule of
the experimental charging station were used, which are characterized by the presence of
two pronounced peak sections and several zones of minimum load. In the considered
dataset, the instantaneous load power (Pload(t)) varies between approximately 41.7 and
51.8 kW over a 24 h interval, with an average value of 46.9 kW. The most intensive charging
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periods correspond to clusters of high-power sessions when one or more dump trucks are
connected, during which the power remains close to the upper level for several tens of
minutes. Between these clusters, the station operates near the average power level, while
shorter step-like changes caused by individual connection and disconnection events are
superimposed in this trend. Such pattern reflects the stochastic nature of truck arrival times
and leads to a sequence of peaks and troughs on time scales from several minutes up to a
few hours.

Based on these data, different modes of IBES operation were compared. The com-
putational experiments were performed in the MATLAB/Simulink R2020b software en-
vironment [39], where modules for modeling the network, battery and controller were
implemented. In the numerical integration of the differential equations, the fourth-order
Runge–Kutta scheme with a discretization step of 1 s was used, which provides stability
under rapidly changing power profiles.

Laboratory tests were carried out to verify the adequacy of the model. Experimental
data were taken using current and voltage sensors with a sampling rate of 10 Hz built
into the converter, and data processing and algorithm implementation were performed
in real time using an industrial controller with an ARM microprocessor. The obtained
experimental power curves were compared with the results of modeling according to the
standard deviation criterion and the peak-trough ratio coefficient. The discrepancy did
not exceed 5%, which confirms the reliability of the proposed model and the mathematical
transformations used.

From the point of view of the mathematical apparatus, the main transformation used
in the study can be considered as the operation of the nonlinear filtering of the power
time series [40]. In this case, a nonlinear iterative filter implies a feedback operator that
maps the raw grid power signal (Pgrid(t)) to a smoothed signal (Pgrid(t)) by repeatedly
updating the control boundaries of PH(t) and PL(t) so as to reduce the variance of Pgrid(t)
under the battery constraints. At each time step, the filter computes correction increments
for PH and PL based on the current power deviation, available charge/discharge energy
and SOC limits and applies these corrections until the change in the dispersion measure
between successive iterations becomes negligible. In contrast to the standard smoothing
methods based on convolution of a signal with a fixed core, adaptive nonlinear filtering is
used here, whose parameters are determined by the state of the battery and the dynamic
limits of the load feedback and optimization algorithms in continuous time [41]. Essentially,
the algorithm implements a discrete-continuum transformation in which the solution of
the optimization problem is updated iteratively in time increments (∆t), and the load
boundaries are recalculated as a function of the power deviations and the current SOC:

P(k+1)
H = P(k)

H + γ(E(k)
d − E∗

d), P(k+1)
L = P(k)

L − γ(E(k)
c − E∗

c ), (10)

where γ is the iterative step coefficient, and the asterisks indicate the target capacitance
values. This transformation provides a quick approximation to a sustainable solution and
allows the system to adapt to any changes in load without the need to predict its profile.

This subsection summarizes real-time execution settings, controller parameters, and a
communication structure. Numerical examples remain in Sections 3 and 4 for separation
between method and results. The developed algorithm was tested for four typical operating
modes, differing in initial SOC values and battery power [42]. These four operating modes
correspond exactly to the conditional branches shown in Figure 2, confirming that the
flowchart reflects the executable control logic used in modeling and experiments. In each
mode, the dispersion indicators, peak and trough differences, and a smoothing coefficient
were evaluated. The results confirmed that the application of dynamic configuration of load
boundaries could reduce the network power variance by 15–30% compared to traditional
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constant power management. This demonstrates the mathematical efficiency of an iterative
approach that combines energy constraints with the principle of minimizing the functional
of the variational type.

For clarity, the reported 15–30% reduction corresponds to measured decreases in the
variance of Pgrid(t) over a 24 h operating cycle reproduced on a full-scale charging station
test bench. The load profiles were derived from real operating data of mining haul trucks
and replayed using a programmable active load to emulate quarry charging dynamics. The
DDD variance was calculated according to (1) based on time-series measurements sampled
at 10 Hz, and the baseline for comparison was the conventional constant-power charging
strategy used in industrial charging stations. The experimental campaign covered four
representative operating modes differing in initial SOC and power capacity, each evaluated
in both baseline and adaptive-control configurations. In all modes, the adaptive method
consistently yielded lower dispersion values, which confirms the quantitative improvement
reported above.

It should be noted that the algorithm was implemented using numerical differentiation
and integration methods that are resistant to measurement noise [43]. To eliminate the drift
of the power signal, sliding averaging with exponential attenuation was used, which can
be written as a recurrence relation:

Pgrid(t + ∆t) = λPgrid(t) + (1 − λ)Pgrid(t), (11)

where λ is the filtering parameter that determines the degree of averaging. This made it
possible to ensure the stability of calculations and reduce the sensitivity of the algorithm to
random load spikes.

Therefore, the proposed method combines the mathematical modeling of the dynamic
processes of charge and discharge of IBES with experimental verification of the results. The
central element of the study is the use of adaptive iterative transformations, which make
it possible to adjust the boundaries of control in real time depending on the current state
of the system [44]. From a mathematical point of view, this is a solution to the constraint
optimization problem implemented by means of a nonlinear iterative feedback filter. Such
formulation ensures high accuracy and stability of the algorithm, and experimental data
confirm its applicability for industrial charging stations of mining electric dump trucks
operating under conditions of variable load and limited power of the supply network [45].

3. Results and Discussion
In continuation of the presented method of modeling and experimental analysis, spe-

cial attention is paid to the assessment of quantitative characteristics that make it possible
to objectively determine the effectiveness of the proposed algorithm for direct control of the
charge and discharge of the battery energy storage system. Since the developed approach
is aimed at reducing dynamic fluctuations in power consumption and leveling the load
profile, it is necessary to formalize the parameters that characterize the degree of power
smoothing after the implementation of IBES. This section provides a mathematical basis for
assessing the compensating properties of the energy storage device in various modes of
operation of the charging station.

The basic idea is to compare the initial load profile without the drive and the corrected
profile after applying a dynamic load boundary strategy. At the same time, the analysis
is carried out not only for local fluctuations (within short time intervals), but also for the
global trend of power change during the entire calculation period. The efficiency of IBES is
evaluated by a number of indicators reflecting the degree of reduction of peaks and the
leveling of thickness troughs [46].
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The time series of network power (Pgrid(t)), corresponding to the power mode of the
charging station, and the power of the storage battery (Pbat(t)), which describes the energy
exchange between the grid and the storage device, are used as initial data. The combination
of these dependencies makes it possible to form a resultant load graph of the system with
compensation, which serves as the basis for calculating integral estimates. The description
of the degree of vibration compensation, four complementary indicators are introduced,
covering the statistical and extreme properties of the power signal [47].

In what follows, we treat the variance of the series of grid power time as the dispersion
functional of the network power. The first indicator is the dispersion (deviation) of power
fluctuations, i.e., a value that characterizes the degree of dispersion of instantaneous
power values relative to the average level. This parameter reflects the stability of energy
consumption and is sensitive to short-term fluctuations. Mathematically, this dispersion
functional (DDD) is expressed as:

D =
1
T

T∫
0

[Pgrid(t) = Pgrid]
2dt, (12)

where Pgrid(t) is the power coming from the grid at t time; Pgrid is its average value for the
design period (T). The lower the value of D, the higher the system’s ability to compensate
for peak fluctuations and the more evenly the load is distributed over time.

The following indicator is the absolute difference between load peaks and troughs,
defined as the difference between the maximum and minimum values of network power
during the observation period:

∆Pload = Pmax − Pmin, (13)

where Pmax and Pmin are the extreme values of the load graph, respectively. This parameter
characterizes the total amplitude of oscillations and makes it possible to assess the efficiency
of peak smoothing at the level of the power system [48].

For additional analysis of the relationship between local maximums and load mini-
mums, the coefficient of the relative difference between peaks and bottoms is used:

α =
Pmax − Pmin

Pmax
, (14)

which shows the relative magnitude of the uneven power distribution. When α −→ 0, the
load is almost uniform, while an increase in α indicates a significant power variation and
the need to adjust the IBES modes.

The Peak–Valley Coefficient is defined as

β =
Pmin

Pmax
. (15)

This parameter is inversely proportional to the contrast of the load graph and allows
conveniently comparing the simulation results between different charging and discharging
modes. The higher the β value, the closer the network load becomes to a constant one.

These indicators are used together, forming a mathematical system of criteria for quan-
titative analysis. Minimization of the D variance and the ∆Pload difference in combination
with an increase in β serves as an indicator of successful compensation for fluctuations
in consumption. In view of this, the developed estimation methodology integrates both
integral statistical characteristics (variance) and extreme values that determine the real
limits of the load. For the initial (uncompensated) daily profile of the experimental charging
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station these indicators take the following values: D = 50.7866 kW, ∆Pload = 159.1481 kW,
α = 0.6798 and β = 0.3202. The corresponding standard deviation of the network power
is

√
D ≈ 7.1 kW, which is about 15% of the average load of 46.9 kW. These numerical

characteristics quantify the stochastic high-power load of the quarry charging station and
serve as a reference for assessing the performance of the proposed optimization strategy.

However, formal minimization of these parameters is impossible without taking into
account the physical limitations of the battery system. The charging and discharging power
of the battery is limited by limit values depending on its design and operating conditions.
These limits are described by the ratio:

−Pmax
c ≤ Pbat(t) ≤ Pmax

d . (16)

where Pmax
c is the maximum charging power (with Pbat < 0), and Pmax

d is the maximum
discharge power (with Pbat > 0). To prevent the accelerated aging of batteries, charge
efficiency factors (ηc) and discharge (ηd) are introduced, which are taken into account when
calculating the energy balance. In future, we denote these bounds by Pmax

c (maximum
charging power) and Pmax

d (maximum discharging power). These symbols are used consis-
tently in all subsequent equations. For brevity, in the configuration of Table 2 below, the
same quantities are shown as Pc and Pd, i.e., Pc = Pmax

c and Pd = Pmax
d .

In addition to power limitation, the battery is characterized by a finite capacity that
determines the range of change in the state of charge (SOC). To ensure safe and long-term
operation, the SOC must remain within

SOCmin ≤ SOC(t) ≤ SOCmax. (17)

where SOCmin and SOCmax are the lower and upper limits of the charge level. These limits
prevent deep discharge and the overcharging of the battery, which lead to the degradation
of electrochemical cells and a decrease in service life.

As part of the developed strategy for direct control of battery charge and discharge,
dynamic power and capacity limits are used as active boundaries involved in the formation
of the load profile. For this purpose, variable upper PH and lower PL load boundaries are
introduced, which change over time depending on the current values of Pgrid(t), SOC(t)
and the maximum power of the battery [49]. In this context, the term load boundaries refers
to two time-varying reference levels (PH(t) and PL(t)) that delimit the admissible range of
grid power. When the instantaneous load (Pload(t)) tends to exceed PH(t), IBES switches to
a discharge mode to keep Pgrid(t) close to the upper boundary. Conversely, when Pload(t)
falls below PL(t), IBES is charged to prevent the grid power from dropping below the lower
boundary. Therefore, PH(t) and PL(t) act as dynamic control thresholds shaping the effective
load profile seen by the grid.

The initial values of these boundaries are determined based on the predicted load
curve characteristic. Let the P̂max P̂min predicted consumption extremes be described; then
the initial boundaries are chosen as

P0
H = P̂max − Pnom

d , P0
L = P̂min − Pnom

c , (18)

where Pnom
d and Pnom

c are the nominal discharge and charging powers, respectively. These
parameters determine the initial limits of the area within which vibration compensation is
carried out [50].

We denote these nominal powers by Pnom
c (nominal charging power) and Pnom

d (nomi-
nal discharging power). Together with Pmax

c and Pmax
d introduced after Equation (5), this

provides a unique and unambiguous set of symbols used in the subsequent derivations.
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Direct control of the IBES charge/discharge power is realized by means of dynamic
load boundary control. In order to take full advantage of the effects of compensation for
load peaks and consumption dips of battery energy storage systems, a strategy for direct
control of the IBES charge/discharge power using dynamic adjustment of load boundaries
is proposed. The strategy is presented below.

Initial parameter setting. As shown in Figure 3, the maximum load (Pload) and the
minimum load (Pmax) can be determined as Pmin from the predicted characteristic load
curve, and the initial upper load limit (PH−ini) and the initial lower load limit (PL−ini) can
be defined as {

PH−init = Pmax − Pd

PL−init = Pmin + Pc
(19)

where Pd and Pc are the rated discharge power and charge of the battery, respectively.

Figure 3. The diagram of initial load power time.

In addition, the area below PL−ini bounded by Pload is defined as the initial charging
capacity of Ec−ini. And the area above PH−ini limited by Pload is defined as the initial
discharge capacity of Ed−ini, Ec−ini and Ed−ini and can be expressed as{

Ec−ini =
∫
(PL−ini − Pload(t))dt

Ed−ini =
∫
(Pload(t)− PH−ini)dt

(20)

The charge management strategy. Using the iterative process described above, it is
possible to determine the time and power of charge and discharge. When the IBES power
is low, areas of peaks and dips can be compensated. With high IBES power, using the
maximum power, charging and discharging power of IBES, it is possible to improve the
efficiency of compensation for load peaks and consumption dips.

A typical mode of operation of IBES for load power compensation is shown in Figure 4,
where Ec > Ecmax and Ed > Edmax. The upper limit of the load of PH needs to be iterated
up and the lower limit of the load of PL needs to be iterated down. This operating mode is
suitable for scenarios with low IBES power, where the load curve is stable at the peak and
trough points.
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Figure 4. The iteration diagram when Ec−init > Ecmax.

When the initial charging capacity of Ec−ini exceeds the maximum rechargeable capac-
ity of the Ecmax battery, then the capacity limit cannot be met. If Ec−ini is less than Ecmax,
the battery capacity cannot be fully utilized.

Ecmax can be expressed as:

Ecmax = Emax − E0 (21)

where Ecmax is the maximum capacity of the battery, and E0 is the initial capacity of
the battery:

Ec−init > Ecmax

In order to reduce the charging capacity, Ec as the lower limit value of the load of PL is
repeated downwards. The iterative process is as follows:{

PL = PL−init − kδP
k = k + 1

(22)

Using δP in Figure 4, we determine the updated value of Ec according to
Equations (9) and (11) and compare it to Ecmax. If Ec > Ecmax at this point, we con-
tinue the iteration until the condition of Ec < Ecmax is met. We determine the number of
iterations when k = kn in order to determine the dynamically adjusted lower limit value of
the load of PL.

Pload(t) < PLPbat(t) = Pload(t)− PL (23)

When Ec−ini < Ecmax, a load curve is used to facilitate the calculation of the battery’s
rechargeable capacity. Pload(t) shifts upwards by the amplitude of Pc and the auxiliary
curve of Pnet−c(t) is plotted as shown in Figure 5.

Pnet−c(t) = Pload(t) + Pcy (24)
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Figure 5. The iteration diagram when Ec−init < Ecmax.

At the same time Pmin is defined as Pload(k1), which means that the sampling time
corresponding to Pmin is k1. It is possible to define the initial power separation time
as kc1 − kc2 = k1. Then kc1 and kc2 will participate in the left and right iterations, respectively,
depending on the size of the charging capacity, thereby dividing the charging area into
three areas, as shown in Figure 5, namely:

• Domain I: When t ∈ [0, kc1], simultaneously satisfying Pload(t) < Pnet−c(kc1) and
Pnet−c(t) > Pnet−c(kc1).

• Domain II: When t ∈ (kc1, kc2) and Pnet−c(t) ≤ Pnet−c(kc2).
• Domain III: t ∈ [kc2, T], satisfying Pload(t) < Pnet−c(kc2) and Pnet−c(t) > Pnet−c(kc2).

The charging capacities in the above three areas are Ec1, Ec2 and Ec3 accordingly, and
they can be calculated as 

Ec1 =
∫ kc1

0 (Pload(kc1)− Pload(t))dt
Ec2 =

∫ kc2
k1 Pcdt

Ec3 =
∫ T

kc2
(Pload(kc2)− Pload(t))dt

(25)

Therefore, the total charging capacity will be equal to

Ec = Ec1 + Ec2 + Ec3 (26)

By increasing Ec, the maximum power load can be fully utilized, and the power
sharing points must be iterated as kc1 kc2 both left and right, respectively. The iterative
process is as follows: 

kc1 = k1 − k
k = k + 1
Pload(kc2) = Pload(kc1)

(27)

When Ec < Ecmax, we continue to repeat the iterations. When Ec > Ecmax, we stop the
iterations. Next, we will fix the points of power sharing of kc1 and kc2 during the end of the
iteration to obtain a dynamically adjusted lower kc1 limit value of the load of PL

PL =

{
Pload(kc1) + Pc

Pload(t) + Pc
(28)
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Therefore, the charging power of a battery is defined as:

Pbat(t) = Pload(t)− PL (29)

The strategy for controlling the discharge. The maximum discharge capacity is defined
as Edmax:

Edmax = Emax − Emin (30)

where Emin and Emax are the capacity of the battery at the minimum and maximum SOC
levels, respectively.

Similar to the charging management method, the discharge methods must be consid-
ered: Ed−init > Edmax Ed−init < Edmax.

(1) Under the Ed−init > Edmax condition, it is necessary to reduce the capacity of Ed to
meet the capacity limitation, so it is necessary to repeat the upper limit value of the
load of PH . The iterative process is as follows:{

PH = PH−init + kδP
k = k + 1

(31)

As shown in Figure 6, we calculate and update the Ed value according to
Equations (9) and (20). If Ed > Edmax, we continue the iteration, and when Ed < Edmax,
we stop the iteration. We record the number of iterations of k = k f 2 to determine the
dynamically adjusted upper G limit value of the PH load. In view of this, the partial power
of the battery when Pload(t) > PH is:

Pbat(t) = Pload(t)− PH (32)

Figure 6. The iteration diagram when Ed−ini > Edmax.

(2) When Ed−init < Edmax, the curve of Pload(t) shifts down by the amplitude of Pd and
plot an auxiliary charging curve of Pnet−d(t) as shown in Figure 5. Pnet−d can be
expressed as:

Pnet−d(t) = Pload(t)− Pd (33)

Here, Pmax is defined as Pload(k2), which means that the sampling time corresponding
to Pmax is k2. We define the initial power sharing time as kd1 = kd2 = k2. Among them, kd1

and kd2 will iterate left and right depending on the size of the charging capacity, thereby
dividing the charging area into three domains, as shown in Figure 7, namely:
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• Domain IV: when t ∈ [0, kd1], and it satisfies Pload(t) > Pnet−c(kd1) and
Pnet−d(t) < Pnet−d(kd1);

• Domain V: when Pnet−d(t) ≥ Pnet−d(kc2);
• Domain VI: when t ∈ [kd2, T], and it satisfies both Pload(t) > Pnet−d(kd2) and

Pnet−d(t) < Pnet−d(kd2).

Figure 7. The iterative diagram for selecting the charging capacity of a battery pack.

The discharge capacity of the battery in the above three domains is Ed1, Ed2 and Ed3,
accordingly, and can be calculated as:

Ed1 =
∫ kd1

0 (Pload(t)− Pload(kd1))dt

Ed2 =
∫ kd2

kd1
Pddt

Ed3 =
∫ T

kd2
(Pload(t)− Pload(kd2))dt

(34)

Total Discharge Energy:
Ed = Ed1 + Ed2 + Ed3 (35)

When increasing Ed in order to fully utilize the maximum power load, it is necessary
to iterate the power sharing points of kd1 and kd2, left and right, respectively, to dynamically
adjust the upper limit value of the load of PH . The iterative process is

kd1 = k2 − k
k = k + 1
Pload(kd2) = Pload(kd1)

(36)

If Ed < Edmax, it is still running; if we continue the iteration until Ed > Edmax, it
stops. By defining the power separation points of kd1 and kd2 at this time, the dynamically
adjusted upper limit value of the load of PH can be obtained as

PH =

{
Pload(kd1)− Pd

Pload(t)− Pd
(37)

Therefore, charging power can be expressed by the expression:

Pbat(t) = Pload(t)− PH (38)
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When the IBES power is low, the peak and trough parts can be “filled”; when the IBES
power is large, the peaks and troughs are converted into a “circular ring” in (kc1, kc2) and
(kd1, kd2) intervals and “filled” in the remaining parts.

To program the IBES automatic control system, the algorithm shown in Figure 8 was
synthesized. In the above algorithm, there are two iterative methods for dynamically
adjusting the boundary value of the charging and discharging load [51] at the charging
and discharging stage, based on the relationship between the initial value of the load and
discharge and the maximum charging and discharging capacity of the load. Four charging
and discharging control modes were proposed, as shown in Figure 9.

Figure 8. The charge–discharge algorithm for IBES automatic control system programming.
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Figure 9. The temporary diagram of load power compensation using IBES of four types of charg-
ing/discharging modes: (a) mode 1, (b) mode 2, (c) mode 3, (d) mode 4.

Mode 1: As shown in Figure 9, when Ec > Ecmax and Ed > Edmax, the upper limit of
the PH load needs to be iterated up and the lower bound of the PL load needs to be iterated
down. This operating mode is suitable for scenarios with low IBES power where the load
curve is stable at the peak and trough points.

Mode 2: As shown in Figure 9b, when Ec > Ecmax and Ed ≤ Edmax, both the upper
bounds of the PH load and the lower bound of the PL load need to be iterated down.
This mode of operation is suitable for scenarios with high initial battery capacity in IBES.
Due to the low Ecmax, the lower limit of the load can be shifted down to reduce the
charging capacity. The discharge occurs at rated power, while other parts will be reduced to
“flat-top waves”.

Mode 3: As shown in Figure 9c, when Ec ≤ Ecmax and Ed > Edmax, the upper limit of
the PH load needs to be iterated up, and the lower limit of the PL load needs to be iterated
up. This mode is suitable for high battery scenarios of SoCmin. At this point, the battery
cannot fully release the stored energy at the peak, so it is necessary to perform an upward
iteration of the PH.

Mode 4: As shown in Figure 9d, when Ec ≤ Ecmax and Ed ≤ Edmax, the upper limit
of the PH load needs to be iterated down, and the lower limit of the PL load needs to be
iterated up. This mode is suitable for scenarios with high battery capacity and low SoC0

capacity. In this way, it is possible to fully charge the IBES during the decline and release of
the entire energy stored in the IBES at the peak.

4. Experimental Research and Analysis
As shown in Figure 10, using the example of the daily load curve of the consumption

of an experimental charging station for charging an electric vehicle for a daily time interval.



Mathematics 2025, 13, 3964 24 of 32

At the same time, the maximum, minimum and average load values are 51.8, 41.7 and
46.9 kW, respectively.

 

Figure 10. The daily load graph of the case under consideration.

In Table 3, Emax denotes the energy capacity of the storage system; Pc and Pd corre-
spond to the maximum charging and discharging power limits introduced in Equation (5).
Pc ≡ Pmax

c and Pd ≡ Pmax
d , and E0 are the initial energy content of the battery.

Table 3. The diagram of the energy storage configuration for four modes of operation.

Estimates Mode 1 Mode 2 Mode 3 Mode 4

Emax, MWh 100 100 100 200
Pc, MW 20 20 15 20
Pd, MW 40 20 40 40

SOC, Range 0.1–0.9 0.1–0.9 0.1–0.9 0.1–0.9
E0, MWh 40 10 10 20

Figure 11 shows the waveform for simulating battery charging and discharging control
modes. Both dynamically adjustable upper and lower load boundary lines are horizontal
lines. The basic waveform shown in Figure 9a corresponds to that in Figure 11. Table 2
presents the characteristics of the indicators for assessing the compensation of load peaks
and consumption dips in comparison with the traditional constant power method.

To visually assess the effectiveness of the proposed method, Figure 12 shows the time
power plots for mode 1. The graph allows one to directly compare the initial load profile
(Pload(t)), the network power profile using the traditional constant power method, and the
profile obtained using the developed adaptive algorithm and PL(t) during the day.

In Figure 12, the gray area shows the initial load profile. The dashed black line
represents the operation of the system with the traditional constant power method. The
solid blue line shows the network power profile using the proposed adaptive algorithm.
The red and green dashed lines illustrate the dynamic adjustment of the top (PH) and bottom
(PL) load limits, respectively. Visually, it is noticeable that the proposed method provides
a significantly better smoothing of peaks and the filling of dips. Figure 12 demonstrates
direct, visual evidence of the superiority of the new algorithm over the traditional approach.
The figure shows how dynamic boundaries “trim” peaks and “raise” troughs. At the same
time, the work of dynamic boundaries is visualized in real time, which is adapted to the
shape of the load, in contrast to the static line of the traditional method.
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Figure 11. Results of simulation of charging/discharging modes.

Figure 12. Comparative analysis of daily power profiles for mode 1.

The operation of the control algorithm is directly related to the state of the battery [52].
Figure 13 shows the dynamics of the IBES state of charge (SOC) for the same time interval
as in Figure 12. The graph clearly demonstrates how energy is stored in the battery during
periods of low load (when Pgrid is close to PL) and released to the grid during peak periods
(when Pgrid is limited by PH).

Horizontal dotted lines indicate the permissible operating range of the SOC (20–90%).
Charge cycles (SOC increase) in night and day hours with low power consumption and
discharge cycles (SOC decrease) to compensate for morning and evening load peaks are
clearly visible [53]. The algorithm ensures efficient use of IBES capacity within the set limits.
Figure 13 demonstrates energy balance of the system and shows that the algorithm not
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only smooths the power but also does so while remaining within the safe and operational
constraints of IBES. Therefore, it is emphasized that the adaptive strategy intelligently
manages the energy buffer, preventing it from being overcharged or deeply discharged,
which is critical for the longevity of the system [54].

Figure 13. Dynamics of the state of charge (SOC) of the battery during the day when operating
according to the proposed algorithm (Mode 1).

Both methods have specific features to compensate for load peaks and consumption
dips. However, compared to the four deflection indicators, peak trough difference, a coeffi-
cient of peak trough difference and a peak trough coefficient in the charge and discharge
mode, the proposed direct control strategy is significantly superior to the traditional con-
stant power method, thus having better peak performance in the ability to compensate for
load peaks and consumption dips (Table 4).

Table 4. Comparison of indicators in mode 1.

Estimates Before Optimization Power Control
(Electricity Meter) Suggested Method

D 50.7866 43.5259 42.8439
∆Pload 159.1481 140.2782 107.1481

α 0.6798 0.6376 0.5467
β 0.3202 0.3624 0.4533

As shown in Figure 7, in mode 2, the upper limit of the PH load needs to be iterated
down, and the lower bound of the PL load needs to be iterated down. The method of
controlling the charge is the same as in mode 1 during load drop. However, at the peak
end of the load, according to power constraints and iterative methods, there is a partially
curved arc segment at the upper limit of the load, which will be discharged at rated power,
and the rest will be flat-top waves. This feature is fully consistent with the basic waveform
shown in Figure 7. Table 5 shows the characteristics of the peak smoothing and trough fill
evaluation values compared to the traditional constant power method. It can be seen that
the proposed strategy of direct power charging and discharging control can achieve less
variance, peak trough difference, and a peak trough difference rate, but the peak trough
coefficient is slightly higher. Therefore, the effect of peak smoothing and trough filling in
mode 2 is still better than the traditional constant power method.
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Table 5. Comparison of indicators in mode 2.

Estimates Before Optimization Power Control
(Electricity Meter) Suggested Method

D 50.7866 42.1240 42.0056
∆Pload 159.1481 132.3654 120.4281

α 0.6798 0.6182 0.5624
β 0.3202 0.3818 0.4376

As shown in Figure 9c, in mode 3, the upper bound of the PH load must be iterated
up, and the lower bound of the PL load must be iterated up. At this point, the peak load
discharge management method is the same as in mode 1. When the load drops, based on
power constraints and iterative methods, the lower boundary line is iteratively adjusted
upwards. Therefore, at the lower limit of the load, there is a partially curved arc section
that will be charged at rated power, and the rest will be flat-top waves and charged in the
same way as in modes 1 and 2. Table 6 shows that the proposed strategy of direct power
charge and discharge control can provide less dispersion, peak trough difference, and peak
trough difference compared to the traditional constant power method. However, the peak
trough ratio is slightly higher, so the effect of peak smoothing and trough filling in mode 3
is still better than the traditional constant power method.

Table 6. Comparison of indicators in mode 3.

Estimates Before Optimization Power Control
(Electricity Meter) Suggested Method

D 50.7866 41.9054 41.1882
∆Pload 159.1481 134.3060 105.7481

α 0.6798 0.6084 0.5403
β 0.3202 0.3916 0.4597

As shown in Figure 9d, in mode 4, the upper bound of the PH load must be iterated
down, and the lower bound of the PL load must be iterated up. The charging method in this
mode in the minimum load area is completely similar to mode 3, and the discharge method
in the peak load area is completely similar to mode 2. Table 7 shows that the proposed
strategy of direct power charge and discharge control has less variance in load fluctuations
compared to the traditional constant power method, indicating that this method is still
superior to the traditional constant power method in convergence peaks and trough fills
of Mode 4.

Table 7. Comparison of indicators in mode 4.

Estimates Before Optimization Power Control
(Electricity Meter) Suggested Method

D 50.7866 34.5819 33.9679
∆Pload 159.1481 99.1481 99.1481

α 0.6798 0.5107 0.5107
β 0.3202 0.4893 0.4893

For a comprehensive comparison of the effectiveness of the management strategy
proposed across all regimes, Figure 14 shows a summary bar chart showing the key in-
dicator, i.e., network power variance (D). Although the performance comparison in this
study is made relatively conventional constant power control, this reference baseline is
relevant because it represents the default strategy currently implemented in industrial
charging stations and thus reflects the real operational practice. More complex predictive
and rule-based controllers are not used in quarry-grid environments due to communica-
tion restrictions and absence of reliable stochastic forecasting. The proposed approach is
therefore positioned not only as theoretically novel, but as immediately deployable under
current infrastructure limitations. The graph compares the variance values for the initial
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load profile, the system with traditional constant power management, and the system with
the proposed adaptive algorithm for all four IBES modes of operation.

 

Figure 14. Comparative analysis of network power dispersion for different control methods and IBES
operating modes.

In Figure 14, the columns clearly demonstrate that the proposed adaptive algorithm
(dark blue) provides the least variance and, therefore, the best smoothing of the load profile
in all four modes compared to the traditional method (orange) and the original profile
(gray). The greatest relative efficiency is observed in Mode 4, where the capabilities of
IBES are used to the fullest. Therefore, a summarized, quantitative picture of the effective-
ness of the new method under various initial conditions (capacity, power) was obtained.
The universality and robustness of the proposed algorithm is visually confirmed. It per-
forms better in one scenario and consistently delivers superior performance in different
system configurations.

5. Conclusions
In this paper, a new strategy for direct charge and discharge control of the system of

integrated battery energy storage (IBES) based on dynamic iterative adjustment of load
boundaries is proposed and investigated. The mathematical foundation of the method is
the formalization of the problem of minimizing the dispersion of network power in the
presence of nonlinear constraints related to the power and state of charge (SOC) of the
battery. The developed adaptive algorithm demonstrates high efficiency for smoothing
peaks and filling load dips in the power grids of industrial charging stations.

The results of theoretical analysis, numerical modeling, and experimental verification
allow us to formulate the following main conclusions:

1. Mathematical efficiency and robustness. The proposed iterative algorithm with dy-
namic boundaries of PH(t) and PL(t) provides a steady reduction in network power
dispersion by 15–30% compared to the traditional constant-power control method.

2. Optimal control and increased reliability. Dynamic adjustment of the load limits
allows the charge and discharge energy to be optimally distributed in strict accor-
dance with the current capacitive availability of the battery. This not only maximizes
the utilization of IBES capacitance but also extends its lifespan by actively limiting
the depth and number of charge–discharge cycles, thereby improving the overall
reliability of the system.
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3. Practical applicability. The algorithm is computationally simple, does not require
complex predictive models, and can be implemented on local controllers with limited
resources. This makes the proposed strategy particularly attractive for use at remote
and isolated industrial sites, such as quarry plants.

Despite its advantages, several limitations should be acknowledged for realistic de-
ployment. First, under tight SOC boundaries, the feasible region for boundary updates
(PH, PL) becomes narrow, which may reduce smoothing performance in long-duration
peak clusters. Second, the current implementation assumes observed rather than forecasted
truck arrivals; therefore, large uncertainty in charging events can increase iteration count
and delay convergence. Finally, although the iterative algorithm remains computationally
lightweight, scaling to fleets with tens of chargers may require controller hardware with
sufficient processing margin to maintain the 1 s update cycle. These aspects do not diminish
the method’s applicability but highlight conditions under which performance may degrade
and where further research could be directed.

In terms of scalability, the proposed control approach can be extended to multi-
charger configurations by assigning a shared IBES pool and applying the boundary update
procedure independently for each charging port. Since the algorithm relies only on real-
time measurements of Pload(t), Pgrid(t) and SOC(t), computational complexity grows linearly
with the number of chargers, while the control step of ∆t = 1 s remains sufficient for practical
deployment. Increasing IBES capacity improves peak-shaving capability proportionally,
as a larger energy buffer widens feasible ranges of PH(t) and PL(t), reducing boundary
saturation and iteration count.

From an engineering perspective, the controller operates with modest communication
requirements (10 Hz of telemetry exchange already validated in experiments) and reacts
within one control cycle without the need for long-horizon forecasting. The integration into
systems of quarry energy management may be achieved through standard CAN/MODBUS
protocols, allowing the IBES controller to function as a supervisory layer above existing
dispatch logic. These aspects support the applicability of the method to large-scale multi-
vehicle charging stations and industrial operation scenarios.

Prospects for further research are seen in the following areas: an integration of stochas-
tic load forecasting models for the implementation of predictive control, an extension of
the mathematical model for the control of hybrid energy storage systems (IBES + superca-
pacitors), the development of multi-criteria optimization algorithms that simultaneously
consider technical and economic indicators.
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