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Abstract: the continuity of hybrid power supply systems for base stations (solar panel, battery, supercapacitor,
diesel generator, power grid) depends on predicting failures in advance. This article systematizes fault types
by components, input tokens, and applied machine learning methods (RF, SVM, XGBoost, LSTM/BILSTM,
physics-based neural networks) and compares their advantages and limitations. A three-level architecture and
evaluation criteria were proposed, consisting of the edge, cloud, and digital twin. The main obstacle is the lack
and disproportion of fault data; the most promising direction is the combination of physical and data-driven
approaches.
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[. INTRODUCTION

Uninterrupted power supply for mobile base stations (BS) is a fundamental requirement for network reliability.
In areas where the power grid is unreliable, BS are provided with a hybrid power supply system (HESS)
consisting of a solar panel (PV), an accumulator (AC), a supercapacitor (SC), a diesel generator (DG), and a
local power grid [1, 2]. Failure of components in such a system (decrease in AC capacitance, increase in the
equivalent resistance of the SC, breakage of the CP circuits, mechanical failures of the DG) leads to power
disconnection. Traditional boundary control records a malfunction only after it occurs, while a predictive
approach allows for maintenance planning before an accident occurs. In recent years, artificial intelligence
methods have been widely used in fault detection [3], but they are not systematized across HESS components.
The purpose of the article is to analyze machine learning (ML) methods used in predicting HESS component
failures based on authoritative sources and to substantiate their selection criteria.

II. ANALYSIS OF FAULT FORECASTING METHODS
a. Component methods

Table 1 summarizes the methods of ML recorded in the sources, input signals, and failures for HESS
components.

Table 1. HESS component failures and ML methods

Component | Failure Input symbols ML methods and outputs
Short circuit,

PV disconnection, U, |, power, radiation, | SVM, DT, RF, NB, XGBoost - accuracy 97.2—
grounding, modulus temperature | 98.0% [4, 5]

incompatibility

Capacity decrease,
internal resistance | U, I, T, charge curve, |LSTM/GRU, CNN, Physics-based neural

AC increase, local | number of cycles networks (PINN), hybrid models [6-9]
overheating
sc Capacity decrease, |U, |, T, -capacity,| VMD-SSA-BILSTM: mean RMSE 0.1125, 44.3%
ESR increase number of cycles lower than BiLSTM [10, 11].
DG Bearing, winding, and | Vibration, current, | ANN, fuzzy and expert systems, complex ML
fuel system failures | temperature methods [12]
Power balance

Monitoring |Sensor shift, noise,
chain data quality

Rules, data, and hybrid-based models; hybrid -

balance, 99.96% [3, 13]

measurement rows

288



MexagyHapoaHasi Hay4YHo-npakTnyeckas KoHepeHuuns
«KomnbtoTEPHOE NPOEKTUPOBAHUE B NEKTPOHUKEY

Controlled training methods for PV (SVM, decision tree, random forest, XGBoost) distinguished short circuits,
interruptions, grounding, and non-compliance failures based on voltage, current, and power fluctuations
generated in the MATLAB/Simulink model with an accuracy of 97.2-98.0% [4]. The Al-based PV diagnostics
survey recommends hybrid approaches that combine ML, deep learning, and reinforcement learning in future
research [14]. The prediction problem for AC and SC is reduced to assessing health status (SoH) and useful
life remaining (LRL):

SoH = CC— x 100%, (1)

LRL(ty) = tgor, — tx, tgor = min{t | SoH(t) < SoHgq,}, (2
where Cac, Cnom are the actual and nominal capacities; teo. — resource end time; SoHeoL is the threshold value.

Data-driven methods for AC explore degradation patterns from historical series; the inclusion of physical
equations in the loss function (PINN) is considered a promising direction for data-deficient conditions [7, 8],
while predicting cyclic lifespan from early cycle data is demonstrated [9]; and the use of artificial intelligence in
real-world battery diagnostics is considered [15]. The BILSTM model, whose hyperparameters are selected by
decomposition via VMD and SSA for the SC, achieved an average RMSE of 0.1125 at various temperatures
and stresses, which is 44.3% lower than that of a conventional BILSTM [10]; A review of the mechanisms and
models of SC wear [11] can serve as a basis for selecting input characteristics (capacity, equivalent resistance,
temperature, voltage). The review of artificial intelligence for the DG highlights fuzzy and expert systems,
artificial neural networks, and complex ML methods, as well as implementation challenges - data dependence,
computational demand, and model interpretation — and the integration of digital twins, explainable artificial
intelligence, and the loT [12].

b. Data and model selection issues

Liu et al. have divided fault detection models into rule-based, data-based, and hybrid-based: rule-based ones
are fast and understandable but limited by predetermined situations; data-based ones learn well in complex
conditions but depend on data quality; hybrid models combine flexibility and interpretation, but require more
computational resources [3]. The study showed that eliminating class imbalances increased accuracy by 16.2—
26.2%, feature separation based on deep learning maintained an accuracy of over 98.5% at SNR = 10 dB,
hybrid models achieved 99.96% accuracy, and heuristic optimization of hyperparameters provided an
improvement of 6.92—-19.375% compared to basic models [3]. From this, two conclusions emerge for HESS:
since fault records are few and disproportionate, methods for filling in information and eliminating discrepancies
are necessary; sampling frequency affects signal quality — low frequency loses high-frequency details, while
high frequency increases noise [3].

[Il. RECOMMENDED ARCHITECTURE AND EVALUATION CRITERIA

Based on the analysis, a three-level predictive diagnostic architecture for HESS is proposed (Fig. 1). At the
extreme level (a device like ESP32 or Raspberry Pi), measurements are filtered, symbols are counted, and a
lightweight model (RF or CUSUM) detects a malfunction in real time. The residual power balance [13, 16],
SoC, and temperature change rate are used as characteristics; in the author's 24-hour simulation, the residual
and CUSUM-based detector detected a 1 A displacement of the AC current sensor within 30 minutes with a
99% probability, whereas the static boundary method failed to detect it. At the cloud level, the LSTM/BILSTM
or PINN models predict the SoH and QU of the AC and SC, while the XGBoost/RF models predict the PV and
DG states and are periodically retrained. The digital twin (MATLAB/Simulink) fills the data gap and validates
models by introducing synthetic failures [12].

HESS Components Level 1: Edge Computing Level 2: Cloud Intelligence Outputs

S Pt )
PV array, LiFePOa4 battery, battery / supercapacitor: diagnostic

measurement H o i onino: feature M T
signal conditioning; f ST p AR H e
s gna 2 e LSTM / BiLSTM / PINN prediction anomaly diagnosis;

supercapacitor, diesel event detection; (SoH. RUL): technical-condition
generator, utility grid; feature extraction: residual, PV icsal e anaator assessment;
sensors:vol e SoC, dT/dt; N redictive maintenance
sensors: voltage, current, XGBoost / RF: p

temperature, humidity lightweight models: RF / CUSUM plan

model retraining

1 1

Level 3: Digital Twin and Model Validation (MATLAB / Simulink)

synthetic fault injection; data augmentation; parameter identification;
model validation

Figure 1. Three-level failure prediction architecture
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Model selection criteria: (i) number of fault samples - RF/XGBoost for subtable data, LSTM/BILSTM for long
degradation series, PINN in case of data scarcity; (ii) computational resource and latency - real-time detection
at the edge, heavy models in the cloud; (iii) Interpretation - explainable hybrid models for maintenance
decisions. Evaluation criteria: recall for classification, F1, and the number of false alarms per day; Mean square
error for QFU:

RMSE = \/%Z§L1(QFUi - QFUper,i)Z’ (3)

where N is the number of test samples; QFUper,i is the predicted value. The practical indicator is the prediction
horizon, i.e., the time between the warning and the failure.

V. CONCLUSION

The choice of the component-based ML method depends on the fault type and data volume: RF/SVM/XGBoost
for PV, LSTM/BILSTM and PINN for AC and SC, and ANN and hybrid models for DG. The main obstacles are
insufficient and inconsistent fault data, noise, interpretation, and computational resources. The proposed edge-
cloud-digital twin architecture combines real-time detection and long-term prediction. In the future, it is
necessary to validate the models based on real BS data.
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AHHOTaUMA: HenpepbiBHOCTb paboTbl  MMOPUOHBIX CUCTEM  3NEKTPOCHabXeHus 6as3oBbiX CTaHUMiA
(dboTO3aNEKTPUYECKME NaHEnu, akkyMynsTop, CyrnepKoHAeHcaTop, AM3erNbHbI FreHepaTop, 3NeKTPoCceTb)
3aBUCUT OT 3abnaroBpeMeHHOro MporHo3MpoBaHWS OTKa30B. B AaHHOM cTaTbe CUCTEMaTM3vpyloTCst TUMbI
HeMcrnpaBHOCTEN NO KOMMOHEHTaM, BXOAHbIE JaHHblE U MPpUMEHsieMble MeToAdbl MalnHHOro obyyerus (RF,
SVM, XGBoost, LSTM/BILSTM, cu3mnyeckn 060CHOBaHHbIE HEMPOHHbIE CETU), a TaKKe CPaBHMBAKOTCH UX
npemMyLlecTBa n orpaHudeHuns. NpegnoxeHa TpexypoBHEBas apxXMTeKTypa U KpUTEPUU OLIEHKM, COCTOsLLME
13 nepugepunHoro ypoBHs, obraka n uudpoBoro ABovHUKA. OCHOBHbIM MPENnSATCTBMEM SBNSETCA
HeJoCTaToK M gucnponopumsi AaHHbIX 06 oTkasax; Havboree nepcrnekTMBHbIM HamnpaBneHueM sBNAeTcs
coyeTaHne OU3NYECKMX U JaHHbIX-OPUEHTMPOBaHHbLIX NOAXO40B.

KntoueBble cnoBa: rmbpungHoe anekTpocHabXeHne; NporHo3npoBaHne 0TKa3oB; MalLuMHHoe obyyeHne; LSTM;
OCTaTOYHbIN MOME3HbIN PECYPC; aKKYMYISATOP; CynepkoHaeHcaTop; 6a3oBas cTaHUmS.
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