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Abstract. The main objectives of the study are to develop a new adaptive geometric method for real-
time monitoring of industrial electricity consumption schedules to ensure timely detection of structural
imbalances and minimization of financial risks for energy-intensive enterprises in competitive electricity
markets. To achieve these objectives, the following tasks were accomplished: transition from
conventional one-dimensional statistical analysis to multidimensional topology using the method of
phase space reconstruction of discrete load time series with consideration of commercial metering
intervals; development of an algorithm for spatial limitation of reference phase trajectories through the
construction of bounding rectangles; calculation of geometric parameters of the formed daily quasi-
cycles, in particular centroid coordinates and semi-perimeters, for accurate identification of the current
state of the system; typologization of characteristic behavioral patterns of electricity consumption based
on a system of algebraic inequalities. The most significant result is the mathematical confirmation of
the regularity of the drift of the centers of mass of daily quasi-cycles within a narrow neighborhood of
the first quadrant of the phase plane, which proves the high inertia of the process and its tendency toward
autocorrelation. The significance of the obtained results lies in providing dispatch personnel of industrial
enterprises with a transparent and fast tool for real-time monitoring of energy consumption without
requiring substantial computational resources. This ensures the possibility of immediate managerial
decision-making regarding the operational purchase or sale of corresponding volumes of electricity in
the intraday market, thereby effectively avoiding financial penalties and optimizing overall production
costs under conditions of unstable equipment operation schedules.
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Metoda de identificare a parametrilor structurali ai consumului de energie electrici al intreprinderilor
industriale bazati pe reconstructia spatiului de faza
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Rezumat. Principalele obiective ale studiului sunt dezvoltarea unei noi metode geometrice adaptive pentru
monitorizarea in timp real a programelor de consum de energie electrica industriala, pentru a asigura detectarea la
timp a dezechilibrelor structurale si minimizarea riscurilor financiare pentru intreprinderile mari consumatoare de
energie pe pietele competitive de energie electrica. Pentru a atinge aceste obiective, au fost indeplinite urméatoarele
sarcini: trecerea de la analiza statisticd unidimensionald conventionald la topologia multidimensionala utilizand
metoda reconstructiei spatiului de faza a seriilor temporale discrete de sarcind, luand in considerare intervalele de
contorizare comerciald; dezvoltarea unui algoritm pentru limitarea spatiala a traiectoriilor de faza de referinta prin
construirea de dreptunghiuri de delimitare; calcularea parametrilor geometrici ai cvasiciclurilor zilnice formate, in
special coordonatele centroidice si semiperimetrele, pentru identificarea precisa a starii actuale a sistemului;
tipologizarea modelelor comportamentale caracteristice consumului de energie electrica pe baza unui sistem de
inegalitati algebrice. Cel mai semnificativ rezultat este confirmarea matematica a regularitétii derivei centrelor de
masa ale cvasiciclurilor zilnice Intr-o vecinatate ingusta a primului cadran al planului de faza, ceea ce dovedeste
inertia ridicatd a procesului si tendinta sa spre autocorelatie. Importanta rezultatelor obtinute consta in furnizarea
personalului dispecerat al intreprinderilor industriale a unui instrument transparent si rapid pentru monitorizarea
in timp real a consumului de energie, fara a necesita resurse de calcul substantiale. Acest lucru asigura posibilitatea
ludrii imediate a deciziilor manageriale privind achizitionarea sau vénzarea operationald a volumelor
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corespunzatoare de energie electrica pe piata intraday, evitand astfel eficient penalitatile financiare si optimizand
costurile generale de productie in conditii de programe instabile de functionare a echipamentelor.

Cuvinte-cheie: consum industrial de energie electrica, reconstructie a spatiului de faza, piatd intraday, dreptunghi
delimitant, dezechilibre comerciale, monitorizare in timp real.

MeTtoanka HAeHTH(PUKANMA CTPYKTYPHBIX IAPAMETPOB J1eKTPONOTPeOdJIeHHS NPOMBINLTCHHBIX
NpeANPUATHI HA OCHOBE PEKOHCTPYKIMH ()a30BOr0 MPOCTPAHCTBA
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Annomayus. OCHOBHBIEC IIETIM HCCIEIOBaHMSA COCTOAT B pa3pabOTKe HOBOTO aJAaNTHBHOTO TE€OMETPHUYECKOTO
METOJla ONEPaTHBHOTO MOHUTOPWHTA Ipa(uKOB MPOMBIIIICHHOTO 3JIEKTPONOTPEOICHUS U CBOCBPEMEHHOTO
BBISIBJICHUSI CTPYKTYPHBIX HeOalaHCOB M MHMHHMHU3AIMU (PUHAHCOBBIX PHCKOB SHEPrOEMKHX IPEINpPHITHHA Ha
KOHKYPEHTHBIX PBIHKaX JJIEKTPUUECKON JHEpruu. sl AOCTM)KEHMs IOCTAaBJICHHBIX IieJeld ObUIM pEeLIeHBI
CIIeyIOIINe 3aJayd: OCYIIECTBIEH IepexoJi OT OOBIYHOTO OJHOMEPHOTO CTAaTUCTUYECKOTO aHalM3a K
MHOTOMEPHOW TOIOJOTHH METOJOM PEKOHCTPYKLMH (ha30BOrO MPOCTPAHCTBA JUCKPETHHIX BPEMEHHBIX DPSJIOB
Harpy3KH ¢ y4eTOM HHTEPBAJIOB KOMMEPYECKOT0 yueTa; pa3padoTaH alrOpUTM IIPOCTPAHCTBEHHOTO OTPaHUYCHHS
ATANOHHBIX (DAa30BBIX TPACKTOPHH TMOCPEICTBOM IOCTPOCHHS Tra0apUTHBIX MNPSMOYTONBHHKOB; BBIYHCIICHBI
TeOMETPUYECKHE NAapaMeTPhl CHOPMUPOBAHHBIX CYTOYHBIX KBAa3UIIMKIIOB, B YACTHOCTH, KOOPIAMHATHI IICHTPOUIOB
U TIOJTYTIEPUMETPHI Il TOYHOW MACHTHU(PUKAIIMN TEKYIIErO COCTOSHHS CHCTEMBI; BBINOJHEHA THITOJIOTH3AIM
XapaKTEePHBIX MOBEIACHYECKUX MATTEPHOB MOTPEOICHNS 3JIEKTPOSHEPTHH Ha OCHOBE CHCTEMBI alreOpanyecKux
HepaBeHCTB. Hanbonee BaXHBIMU pe3yJIbTaTaMH SIBISIETCSI MaTEMAaTHIECKOE MOATBEPKACHHE 3aKOHOMEPHOCTH
Ipeida IEeHTPOB TSHKECTH CYTOUYHBIX KBAa3HLMKIOB B Y3KOM OKPECTHOCTH OHMCCEKTPHCHI MEPBOTO KBaJpaHTa
(ha30BOii IIOCKOCTH, YTO JOKa3bIBACT BHICOKYIO MHEPLHUOHHOCTH HPOLECCa M CKIOHHOCTh K aBTOKOPPEISLHH.
[pennoxeHa kinaccuuKanys reOMETPUYECKUX aHOMANWI HAarpy3Kd, KOTOpas BKJIIOYAET JIOKAIBHBINA Mpo0Ooi
TPaHUIIBl, CTPYKTYPHOE CMEIIEHHE, BOJATWILHOE paclIMpeHHe, 0a30BYI0 CTaOWIM3aLMI0 M TIJI00ANbHBIH
MaKpopa3BOpOT. YCTaHOBICHO, YTO TI000€ IPOCTPAaHCTBEHHOE OTKJIOHEHHE OT 3TaJOHHOIO IPAMOYTOJbHHKA
CIIy)KMUT HaJCKHBIM CUTHAJIOM TOSBJICHUS KOMMEpPYECKOro HebanaHca, a MWCIOJIb30BaHUE CTATHYECKOM
TeOMETPHUYECKON MACKU pPaJuKalIbHO CHIKACT BBIYMCIHTEIBHYIO CIOKHOCTh aJrOpUTMa IO CPaBHEHHUIO C
HCKYCCTBEHHBIMH HEHPOHHBIMH CETSIMU. 3HAYEHHE IOJyYCHHBIX PE3yJbTAaTOB 3aKJIIOYAETCS B IIPEIOCTABICHUN
JIMCIIETYEPCKOMY TE€PCOHATY MPOMBIINIICHHBIX TNPEINPHATHA HPO3pavyHOTO W OBICTPOrO HMHCTPYMEHTA JUIs
KOHTPOJISI JHEPronoTpedsieHuss B peaJbHOM BpeMEHHM 0e3 MNpHBJIECUYECHHUs 3HAYUTEIbHBIX BBIYHUCIUTEIBHBIX
MOIIHOCTEH. JTO obecrneynBaeT BO3MOXHOCTh MTHOBEHHOTO TIPHHSTHS YHPAaBICHUYSCKUX PpEIICHHH 110
OTIEPAaTHBHOM ITOKYITKE WJIH MIPOJIA’Ke COOTBETCTBYIONINX 0OBEMOB 3JIEKTPOIHEPTUH HA BHYTPHCYTOUYHOM PBIHKE,
YTO Mo3BOJISIET APPEKTUBHO M30eraTh (MHAHCOBBIX CAHKIMH M ONTHMH3MPOBATH OOIIME ITPOM3BOICTBEHHBIE
3aTpaThl B yCIOBUAX HECTaOMIBHOTO Tpaduka paboTel 000pyIOBAHUS.

Knrwouesvie cnoséa: TPOMBIIUICHHOE 3JIEKTPONOTpEeONeHHe, PEKOHCTPYKIHsA (a30BOr0 IMPOCTPAHCTBA,
BHYTPHUCYTOYHBIH PHIHOK, TaOapUTHBIN MPAMOYTOJBHUK, KOMMEpUYEeCKHe HeOaTaHChl, ONepaTHBHBIN KOHTPOJIb.

strengthening of the interdependence between the
I. INTRODUCTION results of trading on the DAM and the need for
The structural transformation of European  omeparuBHoii correction of positions on the IDM
energy markets and the large-scale integration of  to minimize imbalance penalties [2, 3].
renewable energy sources have led to a significant The high cost of imbalance settlement forces
increase in price volatility [1]. This trend is  industrial enterprises to seek ways to compensate
further intensified by geopolitical crises and  financial risks. Existing studies often propose
military conflicts, which fundamentally alter the  solving this problem through hardware-based
established operating regimes of power systemsin  approaches, such as the use of battery energy
Eastern European countries [2]. Under the  storage systems (BESS) for price arbitrage [4], or
conditions of the unified European market, the application of complex simulation models and
including the Day-Ahead Market (DAM) and the  optimization algorithms for BESS trading
Intraday Market (IDM), industrial enterprises  strategies in DAM and IDM markets [5].
bear strict financial responsibility for deviations  However, the implementation of such solutions
of actual electricity consumption from the  requires significant capital investments or the
declared schedules. As evidenced by recent involvement of specialized analytical platforms.
studies, particularly using the example of the At the same time, the transition of modern
Romanian market, there is a continuous
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industries toward the concept of active consumers
(prosumers) with their own local generation and
smart grid elements makes their electricity
consumption profile from the external grid
extremely dynamic and nonlinear [6].

Under such conditions, the primary task of
energy management is not merely the physical
saving of electricity, but ensuring real-time
dispatch monitoring of compliance with power
limits. Traditionally, optimization of the
consumption profile is achieved through Demand
Response systems, which enable industrial
facilities to integrate into smart grid architectures
and efficiently manage their own energy
resources [6]. The implementation of Demand
Response programs, in combination with
automated dispatch control algorithms, allows
industrial complexes to respond to dynamic
market pricing and redistribute their production
loads [7].

However, the effectiveness of any Demand
Response system directly depends on the speed
and accuracy of recognizing the current state of
energy consumption. Even with advanced
Demand Response algorithms in place, enterprise
energy management requires reliable tools for the
instantaneous identification of load trends (drift)
in real time. If responses are based solely on
already realized imbalances, financial losses are
unavoidable. For this reason, methods of short-
term load forecasting (Short-Term Load
Forecasting, STLF) traditionally serve as the
foundation that provides Demand Response with
the necessary activation time reserve [8].

In order to achieve high accuracy in short-term
forecasting of electrical load schedules of
industrial consumers, modern studies
predominantly employ machine learning and deep
learning models. In particular, recurrent neural
networks (LSTM, GRU), as well as ensemble
algorithms (e.g., XGBoost), demonstrate high
mathematical accuracy when analyzing stable sets
of historical data [8, 9]. Due to their ability to
process multidimensional datasets and identify
hidden temporal dependencies, such hybrid
architectures make it possible to reduce standard
error metrics (MAPE, RMSE) to minimal values
[9].

However, despite their high statistical
efficiency, these approaches have significant
functional limitations in the context of real-time
industrial control. The main issue is that complex
neural network models operate as algorithmic
"black boxes" [10-12]. The complete lack of
algorithmic  transparency  and  physical
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interpretability of results deprives energy
management of an understanding of the nature of
sudden deviations. Studies show that this lack of
transparency constitutes a serious barrier to urgent
decision-making under financial risk conditions
in the energy market [12]. Moreover, the
effectiveness of deep learning depends on the
extent to which future operational states
correspond to the distributions in the training
dataset. In the case of abrupt and unpredictable
changes in technological operating modes (for
example, emergency shutdown of a production
line or the commissioning of an energy-intensive
electro-technological installation), these models
exhibit significant inertia and error [12].
Restoring their adequacy requires resource-
intensive retraining using complex attention
mechanisms and optimization algorithms.

Under the conditions of strict time constraints
of the IDM, where position adjustments occur
continuously, the effectiveness of deep learning
faces significant challenges. Although for
professional participants in the energy market
high computational load may be compensated by
trading profits [13], for automated demand
response systems at the level of an individual
industrial enterprise, such delays and resource
intensity represent a substantial drawback.

An alternative approach that allows for an
adequate description of the complex and
nonlinear nature of industrial electricity
consumption is the application of methods from
chaos theory, nonlinear dynamics, and fractal
geometry. Modern studies demonstrate that
electrical load time series are not purely random;
they are characterized by the presence of long-
term correlations and pronounced fractal
properties [14]. Changes in these topological
characteristics, in particular the approach of the
Hurst exponent to critical boundaries, serve as an
indicator that the electricity consumption process
is losing quasi-stationarity and acquiring a
strongly stochastic nature [15]. Due to such
sensitivity to structural changes, methods of
fractal interpolation and analysis of strange
attractors are increasingly used for modeling
electricity consumption profiles [16].

A fundamental mathematical tool for
revealing the hidden dynamics of such nonlinear
systems is the method of phase space
reconstruction, which transforms a scalar time
series into a multidimensional geometric structure
[17-19]. Such spatial transformation makes it
possible to identify the internal topology of a
dynamic system and to visualize its behavior,
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which remains undetectable under standard
statistical analysis [17-19].

Despite their strong analytical potential, the
practical implementation of nonlinear dynamics
algorithms in real-time control systems faces
significant technical obstacles. Classical metric
tests used to confirm the presence of chaotic
dynamics, such as the determination of the
correlation dimension of an attractor or the
calculation of the Lyapunov spectrum, are
extremely computationally intensive tasks [20]. In
addition, topological invariants exhibit high
sensitivity to hardware noise from measuring
instruments, which forces researchers to apply
complex and time-consuming nonlinear filtering
procedures [17, 21]. The correct computation of
these indicators requires the accumulation of large
volumes of historical data and substantial
processing power [22]. Thus, these mathematical
tools prove to be too inertial and cumbersome for
the instantaneous identification of local anomalies
or load drift “here and now,” which is a key
requirement for real-time monitoring in the IDM.

The contributions of this work are as follows:

—a spatial analysis approach is proposed,
based on the targeted decomposition of a complex
phase trajectory into daily quasi-cycles, which is
fully consistent with the regulations for bid
formation in the European Day-Ahead Market;

— an algorithm for rapid parameterization of
the topological properties of these quasi-cycles
using the bounding box method is proposed,
which significantly reduces computational
complexity compared to metric tests and avoids
the lack of transparency inherent in machine
learning methods;

—a system for visual identification of
behavioral patterns of electricity consumption is
developed, providing  enterprise  energy
management with an effective tool for
instantaneous detection of load drift and timely
operational control of positions in the IDM.

The objective of this work is to develop and
substantiate a method for real-time monitoring
and identification of electricity consumption drift
in industrial enterprises based on the spatial
geometric parameterization of reconstructed
phase trajectories.

Il. RESEARCH METHODOLOGY

A. Formalization of the Time Series and
Monitoring Task.

The operation of an industrial enterprise in the
European DAM requires the preliminary
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formation of an hourly schedule of expected
electricity consumption R,y (t) for the next

trading period. In real time, the actual electricity
consumption of the production complex is a hon-
stationary process [23, 24], which is described by
a discrete power time series P(t), where t —

represents the current time with a discretization
step determined by commercial metering systems
or SCADA.

A critical aspect of this formalization involves
the selection of the sampling interval At . From an
algorithmic perspective, reducing the
measurement interval (e.g., to 1 or 5 minutes)
leads to excessive detailing of the phase
trajectory. In this case, the method captures high-
frequency process fluctuations, inrush currents,

and hardware noise, resulting in an unwarranted

expansion of the base rectangle area B°™ .

Regarding hardware implementation, most
modern electronic meters support sampling
intervals of 5, 15, or 30 minutes. Although a
shorter period improves monitoring
responsiveness, an excessively high data
acquisition frequency overloads communication
channels and database servers of Automated
Systems for Commercial Accounting of Power
Consumption (ASCAPC/AMR).

Conversely, increasing the interval At to 60
minutes results in the mathematical smoothing of
extrema. The phase attractor becomes maximally
compact; however, the algorithm loses its
responsiveness, and structural load shifts are
identified with a significant delay. Given these
mathematical and hardware factors, the sampling
interval must be strictly synchronized with the
market’s commercial integration window (e.g., 15
or 30 minutes). This approach filters out process
noise, prevents infrastructure overload within the
AMR system, and ensures a timely response to
financially significant deviations. For the visual
validation of the proposed method, a sampling
interval At of 30 minutes was selected in this
study.

The main condition for avoiding financial
penalties is the minimization of the current
imbalance

AP(t) =P (t )~ Poam (&) 1)
through timely operational control on the IDM.
For rapid identification of load drift, it is proposed
to move away from classical one-dimensional
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statistical analysis in favor of a multidimensional
topological approach.

B. Phase Space Reconstruction.

The fundamental method for revealing the
hidden dynamics of the studied process is the
construction of a phase trajectory. According to
Takens’ theorem [17], a multidimensional phase
space is formed based on the scalar time series of

consumed power P(t;) . Considering the need to

ensure maximum algorithmic responsiveness for
energy management purposes, it is reasonable to
limit the analysis to a two-dimensional phase
space. In this case, the current state of the
system’s electricity consumption at time t is

represented by a point M; with coordinates

(%.¥;), where x =P(t),and y; =P(t +1) is
the power value with a given time delay t. In the
classical theory of nonlinear dynamics, the
selection of the delay parameter is typically
performed by calculating the autocorrelation
function or identifying the local minimum of
mutual information to ensure the topological
independence of coordinates. However, in the
context of operational dispatch management in
the Day-Ahead (DAM) and Intraday (IDM)
markets, the primary objective is not the
reconstruction of a global mathematical attractor,
but rather the strict monitoring of the load
gradient between adjacent settlement intervals.
Accordingly, in this study, the time delay
parameter is set to one minimum sampling step of
the measurement system (t=1, defining the
transition from P; to P +1). This choice enables
the visualization of power dynamics between two
consecutive integration periods. The physical
significance of the phase trajectory constructed
under such conditions lies in the instantaneous
capture of the load's rate of change (ramp rate),
which serves as a key indicator of a commercial
imbalance within the enterprise.

The sequence of points M, forms the phase

trajectory, visualizing the dynamic properties of
the load as a spatial attractor.

C. Decomposition of the Trajectory into Daily
Quasi-Cycles.

Since the operation of the European DAM
market is strictly regulated by a daily planning
cycle (24 hours), it is reasonable to fragment the
global phase trajectory of the enterprise’s
electricity consumption. To this end, the global
attractor is divided into separate closed subsets —
daily quasi-cycles C, , where k is the sequential
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day number. Each quasi-cycle C, contains a set
of points M; recorded over 24 hours with a given

discretization step. This approach allows isolation
of normal daily load patterns and comparison of
the current operational state exclusively with
relevant system behavior in previous periods,
completely excluding the influence of long-term
seasonal trends on real-time monitoring
algorithms.

D. Algorithm for Spatial Parameterization.

To ensure high responsiveness in detecting
load drift on the IDM, it is proposed to abandon
computationally intensive metric calculations
(such as the computation of the Lyapunov
exponent). For the base (DAM-scheduled) k-th

quasi-cycle C,™, a two-dimensional bounding

box B{®™ is constructed. The geometric

boundaries of this spatial constraint are strictly
determined by the extreme values of the

coordinates of points M; (%, Y;) . belonging to

the reference set C,, :

X — min{xi|Mi eCQO””} , (2)
X =max{x[M; <G} (3)
Vi = min{y;|M; ecP™} (@)
v - max{yi|Mi eCQO’m} : (5)

The normal operating region of the enterprise is
described by the matrix of geometric boundaries

B~ s XUk Yo Yok [ )
The main spatial indicators, subject to
continuous automated calculation, are the
coordinates of the centroid O
(k) (k)
XC — xmln +xmax , (7)
2
vy )
Yc(k _ 'min > a (8)
and the semi-perimeter of the bounding box
9= (X8 ) ). @
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In real time, the operational monitoring system
overlays the coordinates of new points of actual

consumption M,y ONto the pre-established

geometric region B°™. If the current phase
trajectory breaches the boundaries of the rectangle

(€.9., Xeurrent > X,(nka)x) or a sudden structural shift

of the centroid O is detected, this serves as a
direct mathematical indicator of load drift.

Detection of such a spatial anomaly
immediately generates a trigger for energy
management regarding the need for urgent
adjustment of trading positions on the IDM to
avoid imbalance penalties.

I11. RESULTS AND DISCUSSION

A. Experimental Validation and Construction
of Reference Quasi-Cycles.

To verify the effectiveness of the proposed
algorithm, retrospective electricity consumption
datasets of an industrial enterprise were used.
Figure 1 shows the output discrete time series of

active power P(t) over a typical 5-day

workweek with a discretization step of
30 minutes.

As evident from the presented data, the load
profile is characterized by high volatility and the
presence of significant local extrema.

Such non-stationarity complicates the task of
real-time monitoring using classical linear
methods.

Therefore, at the first stage, in accordance with
the DAM declared daily schedule (base scenario

C°™), a reference two-dimensional phase

portrait of the load was reconstructed.

Figures 2(a—e) show the obtained phase
trajectories for the five working days of the
studied week.

Visual analysis of their topology indicates that
all daily attractors have a similar structure, and the
predominant direction of trajectory traversal is
counterclockwise.

This is a defining property of the system,
indicating the deterministic nature of transient
processes at the enterprise.
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B. Spatial Parameterization and Visualization
of Drift.

A bounding box B®™ was automatically

constructed around the formed reference quasi-
cycle, the limits of which mathematically defined
the permissible zones of operational fluctuations.

During the real-time monitoring simulation,
by overlaying actual consumption data, the
algorithm demonstrated high sensitivity to
structural changes.

The results of automated calculation of spatial

indicators (centroid coordinates 0™® y and semi-

perimeters L™ for the five studied daily quasi-
cycles) are summarized in Table 1.

Analysis of these numerical arrays confirms
the high sensitivity of the method to changes in
operational states. In particular, the change in the
metric parameters of the bounding box on the 5th
day mathematically reflects the enterprise’s
transition to a reduced operating mode on the eve
of the weekend.

It was demonstrated that the occurrence of a
commercial imbalance is visually manifested not
merely as an amplitude change on a standard
linear graph, but as a significant geometric
deformation of the phase trajectory.

The system instantaneously recorded moments

when the current point Mg, breached the

calculated limits (e.g., kaa)x ).

C. Typology of
Behavioral Patterns.

Analysis of the results of spatial modeling
made it possible to identify several characteristic
geometric patterns that unambiguously indicate
different types of technological deviations in
production (Table 2).

It was established that changes in the centroid

Electricity Consumption

coordinates O or in the metric parameters of
the bounding box directly correlate with the
physical nature of deviations:

1. Local Boundary Breach (Spike Anomaly)
(No. 1, 2). A sudden, short-term excursion of the
trajectory beyond the spatial constraint, followed

by a rapid return to the permissible zone B°™.
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Fig. 1. Daily half-hour active power profiles for a 5-day workweek of a mechanical engineering enterprise.
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In  production terms, this indicates the
synchronous startup of high-power equipment
(high inrush currents). This pattern usually does
not require immediate market intervention on the
IDM if the duration of the spike is shorter than the
commercial integration window of the metering
system.

2. Centroid Structural Shift (Load Drift) (No.
3, 4). A gradual or abrupt displacement of the
entire operational trajectory, forming a new local
center of attraction outside the base rectangle.
This is an unequivocal algorithmic signal of a
sustained change in the technological regime
(e.g., the startup of an additional production line
or overtime operation of a workshop). This
pattern generates the highest priority trigger for
urgent adjustment of trading bids on the Intraday
Market to avoid imbalance penalties.

3. Volatility Expansion (No. 7). An increase
in the total area of the bounding box

L™ s max) without a significant shift of its

centroid O(k). Geometrically, this indicates the
chaotization of electricity consumption, which
may result from unstable equipment operation or
rhythmic disturbances in the production line.

4.Base Stabilization (Base Plateau /
Saturation) (No. 5, 6). Compression of the phase
trajectory into a dense local cluster with a sharp
reduction in the bounding box area to minimal
values. From an engineering perspective, this
pattern corresponds to the transition of equipment
to a stable nominal operating mode or to a state of
technological downtime (idle mode or nighttime
dip). If the algorithm detects stabilization during
periods when high and unstable load was
expected according to the DAM schedule, the
system immediately signals the “release” of
reserved power volumes. Energy management
gains the opportunity to profitably sell this surplus
on the IDM.

5. Global Macro-Reversal (No. 8, 9).
Formation of elongated U-shaped or dome-
shaped phase trajectories that rapidly cross the

boundaries of the base bounding box B*™. This

geometric primitive identifies the large-scale
synchronous startup or shutdown of entire
production lines (e.g., scheduled morning ramp-
up of load or evening system ramp-down). Since
such transient processes are accompanied by
enormous gradients in power consumption, any
temporal shift of this pattern relative to the
declared schedule (for example, a 30-minute
delay in the start of a work shift) is automatically
interpreted by the algorithm as a critical
commercial imbalance. Detection of a macro-
reversal shift requires immediate purchase or sale
of the corresponding volume of electricity to
avoid penalties.

A comparative analysis of the proposed
geometric method against statistical models
(ARIMA) and deep learning algorithms (LSTM,
GRU) confirms its superior operational efficiency
for real-time monitoring tasks. Unlike stochastic
models such as ARIMA, which are
mathematically prone to smoothing short-term
power spikes by treating them as statistical noise,
the topological approach ensures the detection of
any trajectory deviation beyond the reference
boundaries. While recurrent neural network
(RNN) architectures, such as LSTM, provide
minimal forecasting error on stable datasets, they
possess a fundamental drawback in the context of
the IDM market. To mathematically validate a
structural load shift, these models require the
accumulation of a fresh historical dataset, which
generates a critical algorithmic latency.
Furthermore, in the event of an abrupt change in
the enterprise’s operational mode, machine
learning models necessitate resource-intensive
retraining involving Graphics Processing Units
(GPUs).

Table 1.
Metric Parameters of Bounding Boxes of Daily Quasi-Cycles
AN A Day 1 Day 2 Day 3 Day 4 Day 5
Prmin 11.5 10.8 10.8 11.5 11.2
Prax 288.0 2675 189.7 261.0 214.6
AP 276.5 256.7 178.9 249.5 203.4
L) 552.9 513.4 357.8 498.9 406.8
oM (X.,Y,) (149.7; 149.7) | (139.1;139.1) | (100.3; 100.3) | (136.2; 136.2) | (112.9; 112.9)
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Table 2

Classification of Graphical Patterns of Phase Trajectories of Electricity Consumption

Algebraic Description of

No. Pattern Position in Phase Space Point Linguistic Description of Time
Phase Space - Series Pattern
Coordinates
1 p A
! p.. Local maximum. Point of sign
P /’\P’Q P <PR,;>P.,, change in Iogd increment (trend
- reversal from increase to decrease).
P
2 P A
" P P, Local minimum. Point of sign
NP P>P,s>P., change in increment (trend reversal
P o from decrease to increase).
PF
3 p A p
“lopa Stable upward trend. Load
o R <PR,;<P,, <P, increase, activation of
: . technological equipment.
Pﬁ
4 P A P
" "\P{,ﬁ Stable downward trend. System
Pus P>P,>P,>P,; unloading,  disconnection  of
- consumers.
P
5 p A - .
= P p Minimum plateau (saturation).
\_/- " P>P,=P.,<P. Load stabilization at a minimal
Poi P level (idle mode or nighttime dip).
7
6 o A
" P Pz Maximum plateau. Stabilization
7N\ P<PR,4=P.,>P. of overload at the peak level
i Pus (operation at nominal power).
>
! PH,‘ ‘ Py Quasi-stationary regime.
::f Pz PAP.~ ~P Absence of a pronounced trend,
- P N random fluctuations around the
e mean value.
8 =3 A P Pms
YR, Global reversal (U-shaped).
QH P>.>P,,<..<P, Smooth transition from decrease to
Pay ™ - increase (morning load rise).
P
9 A P Pz P
P, i+1
1 P,'/'ZDM Global reversal (dome-shaped).
’ P <..<Pux>->P,, Smooth transition from increase to
Pus _ decrease (evening load decline).
P
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In contrast, the proposed method of bounding
rectangles B/°™ completely mitigates these

disadvantages of existing predictive models. The
system requires neither data accumulation nor
retraining, as it identifies a commercial imbalance
immediately upon the arrival of the first
anomalous measurement from the metering
system. Additionally, as opposed to abstract
statistical error metrics (e.g., MAPE), spatial
parameterization yields a physically intuitive
result: the dispatcher observes the spatial
deviation directly in kilowatts. This facilitates the
instantaneous calculation of the required volume
of compensatory electricity for IDM trading.
Analysis of the geometric evolution of daily
quasi-cycles revealed a fundamental regularity:

the drift of centroids O™ occurs within a very
narrow neighborhood of the bisector of the first
quadrant of the phase plane (y=x), as clearly

demonstrated in Fig. 3. This mathematically
confirms the high level of autocorrelation and
inertia of the industrial electricity consumption
process. For energy management, this property is
decisive. Since the system naturally tends toward
a stationary state along the bisector, any sudden
displacement of centroid coordinates serves as a
reliable indicator of the emergence of a structural
imbalance. Such a change in geometry generates
a high-priority signal for real-time control of
positions on the IDM.

In addition to trend identification, the
proposed spatial method is a highly effective tool
for strict control of contractual power limits. The
algorithm involves overlaying a special "mask" of
permissible operating conditions onto the current
phase portrait, the boundaries of which are
determined by the bids previously submitted to
the DAM. In phase space, these constraints

1
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Active Power P; (kW)

Fig. 3. Drift of the centers of bounding boxes
constructed based on the electrical load profiles of
mechanical engineering enterprises.

(for example, a base declared limit of 200 kW)
form a static geometric region. The intersection of
the phase trajectory with the boundaries of this
mask visualizes the exact moment of physical
schedule violation and the transition of the
enterprise into the zone of financial penalties.
Such geometric monitoring enables full
automation of decision-making regarding the
urgent purchase or sale of compensating volumes
of energy.

The main efficiency criterion on the IDM is the
algorithm delay ty,, in recognizing a structural

load shift. Classical statistical methods (moving
average, exponential smoothing) and predictive
models require the accumulation of an array of at
least three to five consecutive points for the
confident confirmation of a trend change and the
filtering of random outliers. With a sampling step
of At=30 minutes, this generates an

unavoidable algorithmic delay of 1.5 to 2.5 hours.

The proposed topological method of bounding
rectangles  captures a spatial anomaly
instantaneously at the moment the trajectory
crosses the boundary of the reference "mask"

B . In this case, the delay is reduced to the
duration of one measurement cycle: ty,,, =1-At

(30 minutes). This provides the energy
management service with a net algorithmic time
gain of 1 to 2 hours, which is critically important
for the timely submission of corrective bids for
IDM trading.

An additional quantitative indicator is a radical
reduction in computational complexity. To verify
the current state of the algorithm, it is necessary
to perform only four logical operations comparing
coordinates with the rectangle boundaries per
cycle, which corresponds to O(1) complexity. For
comparison, the classical calculation of attractor
metric invariants (e.g., correlation dimension) has

O( NZ) complexity, which requires significantly

more microprocessor time and makes the
geometric "mask" the only alternative solution for
local operational control systems.

IV. CONCLUSION

In this study, a topical scientific and practical
problem has been solved — providing energy
management of industrial enterprises with an
effective toolkit for real-time monitoring of
electricity consumption under conditions of
volatility in the European DAM and IDM
markets.
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The proposed geometric method of spatial
parameterization of phase trajectories made it
possible to formulate the following conclusions:

1.1t has been demonstrated that existing
“black box” machine learning approaches and
computationally intensive metric algorithms of
chaos theory are too inertial for the instantaneous
identification of commercial imbalances. The
proposed  transition to  two-dimensional
topological analysis with decomposition into
daily quasi-cycles (in accordance with DAM
market regulations) enables fast and adequate
recognition of the non-stationary nature of
industrial load.

2. The use of the bounding box method for
spatial limitation of reference phase trajectories
ensures a radical reduction in computational
complexity. This makes it possible to perform
real-time  monitoring  while  preserving
algorithmic  transparency  and physical
interpretability of results for dispatch personnel.

3. Characteristic geometric patterns (local
boundary breaches, centroid shifts, volatility
expansion) have been classified, allowing visual
observations to be transformed into a system of
strict algebraic rules. It has been established that
centroid drift occurs within a narrow
neighborhood of the bisector of the phase plane.
This mathematically proves the high inertia of
electricity consumption and makes any deviation
from this axis a reliable indicator of structural
change.

4. A concept for using a static geometric
"mask" for automated control of power limits has
been proposed. Detection of the current trajectory
leaving the spatial domain generates an
immediate objective signal for operational control
of trading positions on the IDM. This forms a
reliable mechanism for avoiding financial
penalties for commercial imbalances.
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