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Abstract 

Industrial facilities operating in remote environments frequently experience micro 

power interruptions and transient voltage disturbances that affect the stability of 

Variable Speed Drives (VSDs), critical motors, and sensitive industrial processes. 

Conventional backup systems based on batteries or diesel generators often suffer from 

response delays, maintenance constraints, and limited dynamic compensation 

capability [1]. This paper proposes a conceptual AI-assisted Linear Electromagnetic 

Inertia System (LEIS) capable of operating as both a linear motor and a temporary 

electromagnetic generator during network disturbances. Inspired by the principles of 

magnetic levitation technologies used in Japanese Maglev trains [2] and the inertial 

continuity principles historically studied by Galileo Galilei [3], the proposed system 

utilizes stored electromagnetic and kinetic energy to maintain short-term power 

continuity during micro-interruptions, as developed in the author's previous doctoral 

research [111]. Artificial Intelligence (AI) algorithms supervise disturbance detection, 

mode transition, and adaptive energy management [4]. The proposed architecture 

targets industrial microgrids, oil and gas facilities, smart farms, and remote desert 

installations where high reliability and fast dynamic response are essential. The study 

discusses the theoretical framework, system architecture, operational principles, 

industrial applications, advantages, and technical limitations of the proposed approach 

 

 

 

 

 

 

 

 

 

 



1. Introduction 

Modern industrial systems increasingly depend on power electronics, Variable Speed 

Drives (VSDs), and intelligent control systems. Although these technologies improve 

energy efficiency and process flexibility, they also increase sensitivity to network 

disturbances, voltage sags, and micro power interruptions [5, 6]. 

In remote industrial environments such as oil and gas fields, pumping stations, and 

isolated microgrids, even short-duration disturbances may lead to: 

• VSD shutdown [7] 

• Process interruption 

• Battery stress 

• Motor instability 

• Costly production losses [8] 

Traditional solutions such as Uninterruptible Power Supplies (UPS), diesel generators, 

and battery energy storage systems provide partial protection but often suffer from: 

• Delayed response (10-200 ms) [9] 

• Maintenance requirements 

• Limited lifetime (3-5 years for batteries) [10] 

• Poor transient compensation capability [11] 

This paper extends the preliminary theoretical framework presented in [111] by developing a mathematical 

framework and an AI-based control strategy for the Linear Electromagnetic Inertia System (LEIS). The proposed 

system operates normally as an electromagnetic linear motor while remaining capable of switching into generator 

mode during network disturbances [12]. The design objective is temporary power stabilization during micro-

interruptions. A sub-5-ms transition is treated as a target derived from the proposed sensing and power-electronic 

architecture; it has not yet been demonstrated experimentally. 

The proposed concept combines: 

• Electromagnetic inertia 

• Reversible motor-generator operation 

• AI-based supervision [13] 

• Adaptive microgrid stabilization 

2. Theoretical Background 

2.1 Linear Electromagnetic Systems 

Linear motors transform electrical energy directly into linear motion without requiring 

rotary-to-linear mechanical conversion [14]. These systems are widely used in: 

• Magnetic transportation (Japanese Maglev) [2] 

• Industrial automation [15] 



• Precision positioning systems [16] 

• Electromagnetic launch technologies [17] 

The Japanese Maglev train demonstrates the capability of electromagnetic systems to 

operate with minimal friction and high dynamic stability using magnetic levitation 

principles [18]. 

2.2 Electromagnetic Inertia Principle 

The proposed concept relies on temporary storage of energy in electromagnetic fields, 

moving masses, and inertial motion [19]. The energy storage capability of linear 

electromagnetic systems was analyzed in detail in [111], where the optimal mass-

velocity trade-off for industrial applications was established. 

The total stored energy in the LEIS during normal operation is the sum of kinetic energy 

and magnetic energy [20]: 𝐸௧௢௧௔௟ = 𝐸௞௜௡ + 𝐸௠௔௚ 𝐸௞௜௡ = 𝐸௠௔௚ 2ݒ12݉ =  2݅ܮ12
 

Where: 

• ݉: mass of the translator (kg) 

 instantaneous linear velocity (m/s) :ݒ •

 equivalent inductance of the linear motor windings (H) :ܮ •

• ݅: instantaneous current (A) 

During a micro-interruption of duration Δݐ, the power delivered to the load is [21]: 

௢ܲ௨௧(ݐ) = ௖௢௡௩ߟ ⋅ ݀𝐸௧௢௧௔௟݀ݐ = ௖௢௡௩ߟ ݒ݉) ݐ݀ݒ݀ ݅ܮ+  (ݐ݀݅݀
 

Where ߟ௖௢௡௩ is the power electronic conversion efficiency (typically 0.85-0.95) [22]. 

During normal operation, the system accumulates dynamic energy through controlled 

electromagnetic motion. During network disturbances, the system transitions into 

generator mode and releases stored energy back into the electrical network [23]. This 

principle does not create energy but temporarily stores and redistributes available 

energy to maintain continuity during transient disturbances, as described by the law of 

energy conservation [24]. 

2.3 Reversible Motor-Generator Operation 



Electrical machines can operate reversibly: as motors when consuming electrical 

power, and as generators when mechanical or inertial motion produces electrical 

energy [25]. 

The electromagnetic force developed in motor mode for a linear synchronous machine 

௘௠ܨ :[26] = ܤ ⋅ ݈ ⋅ ݅ ⋅ ܰ 

 

For a linear induction motor [27]: ܨ௘௠ = 32 ⋅ ߨ߬ ⋅ Φ௙ ⋅  ௤ܫ

 

Where: 

 magnetic flux density (T) :ܤ •

• ݈: active length of conductor (m) 

• ܰ: number of turns 

• ߬: pole pitch (m) 

• Φ௙: flux linkage (Wb) 

 ௤: quadrature-axis current (A)ܫ •

In generator mode, the induced electromotive force (EMF) is given by Faraday's law 

(ݐ)݁ :[28] = −݀Φ݀ݐ = ܤ− ⋅ ݈ ⋅  (ݐ)ݒ
 

The proposed LEIS utilizes this reversible principle under AI supervision to maintain 

power support during micro interruptions [29]. 

 

3. Proposed System Architecture 

The proposed architecture contains the following subsystems [30]: 

3.1 Linear Electromagnetic Unit 

Responsible for: 

• Electromagnetic propulsion 

• Inertial energy storage 

• Temporary generator operation 

Specifications: 



• Stator: multi-phase windings (3 or 6 phases for redundancy) [31] 

• Translator: ferromagnetic mass with permanent magnets [32] 

• Position sensors: high-frequency (10-50 kHz) Hall effect or optical encoders [33] 

3.2 AI Supervisory Controller 

The AI controller continuously monitors [34]: 

• Voltage quality 

• Frequency stability 

• Current transients 

• Disturbance signatures 

The controller performs [35]: 

• Disturbance prediction 

• Transition management 

• Adaptive optimization 

3.3 Microgrid Interface Layer 

Provides synchronization between [36]: 

• The industrial network 

• Critical loads 

• VSD systems 

• The LEIS compensation unit 

Includes bidirectional power electronics (active rectifier/inverter) with SiC or GaN 

semiconductors for ultra-fast switching (<1ݏߤ) [37]. 

3.4 Energy Stabilization Module 

Maintains temporary voltage and power continuity during [38]: 

• Voltage dips 

• Micro interruptions 

• Short transients 

• Dynamic load changes 

 

4. Operational Principle 

4.1 Normal Operating Mode 

Under normal conditions [39]: 

• The linear electromagnetic system operates as a controlled motor 

• Electromagnetic motion maintains inertial energy 

• AI continuously evaluates system stability 



The translator position is governed by the mechanical equation [40]: ݉݀22ݐ݀(ݐ)ݔ + ௩݂ ݐ݀(ݐ)ݔ݀ + ݇௦(ݐ)ݔ =  (ݐ)௘௠ܨ
 

Where: 

 position (m) :(ݐ)ݔ •

• ௩݂: viscous friction coefficient (N·s/m) 

• ݇௦: spring coefficient (if any restoring force) (N/m) 

4.2 Disturbance Detection 

When voltage instability or micro interruption is detected [41]: 

• The AI controller identifies the disturbance within milliseconds 

• System protection logic activates generator mode 

The AI controller computes the instantaneous RMS voltage deviation [42]: 

௥ܸ௠௦(݇) = √1ܰ ∑ 2௞ݒ
௡=௞−ே+1 (݊) 

Δܸ(݇) = ௥ܸ௠௦(݇) − ௡ܸ௢௠௡ܸ௢௠  

 

A disturbance is declared if [43]: ∣ Δܸ(݇) ∣> durationݐ ௧ℎ forߜ >  ௧ℎݐ

 

Typical threshold values: 

௧ℎߜ • = 0.15 (15% voltage dip) [44] 

௧ℎݐ • = 1 ms 

4.3 Generator Compensation Mode 

During disturbance conditions [45]: 

• Inertial electromagnetic motion generates electrical energy 

• The LEIS temporarily supports critical loads 

• Voltage stability is maintained until the main source recovers 

During discharge, the theoretically available power from kinetic energy is [46]: ௞ܲ௜௡(ݐ) = (ݐ)ݒ݉− ⋅  (ݐ)ܽ
 



(ݐ)ܽ = ௗ௩ௗ௧Where  is negative during braking. The dynamic discharge characteristics of the LEIS, including 

transition losses, were analyzed theoretically in [111]. Experimental characterization under representative load 

conditions remains necessary. 

The voltage supported at the load bus [47]: 

௟ܸ௢௔ௗ(ݐ) = √ ௚ܲ௘௡(ݐ) ⋅ ܼ௟௢௔ௗcos߶  

 

With: 

1. ௚ܲ௘௡(ݐ) = ௚௘௡ߟ ⋅ ௞ܲ௜௡(ݐ) 
 ௚௘௡: generator efficiency (0.88-0.94) [48]ߟ .2

3. ܼ௟௢௔ௗ: load impedance (Ω) 

4. cos߶: load power factor 

Maximum compensation time [49]: 

௠ܶ௔௫ = 𝐸௜௡௜௧௜௔௟ߟ௖௢௡௩ ⋅ ௟ܲ௢௔ௗ 

 

Where: 

5. 𝐸௜௡௜௧௜௔௟ = ௠௔௫2ݒ12݉ + 12 ௠௔௫2݅ܮ  

6. ௟ܲ௢௔ௗ: critical load power (W) 

4.4 Recovery and Resynchronization 

After network restoration [50]: 

7. The AI controller synchronizes the system 

8. Motor mode resumes 

9. Energy stabilization returns to standby operation 

Phase synchronization condition for reconnection [51]: ∣ ௅ܸாூௌ − ௚ܸ௥௜ௗ ∣< ߳௏, ∣ ௅݂ாூௌ − ௚݂௥௜ௗ ∣< ߳௙ , ∣ ௅ாூௌߠ − ௚௥௜ௗߠ ∣< ߳ఏ 

 

Typical synchronization tolerances [52]: 

10. ߳ ௏ = 0.05 ௡ܸ௢௠ 

11. ߳ ௙ =  ݖܪ0.1
12. ߳ ఏ = 5∘ 

 

5. AI-Based Control Strategy 



Artificial Intelligence provides the supervisory functions in the proposed architecture [53], including disturbance 

prediction, transition management, and adaptive energy allocation. 

5.1 Disturbance Prediction (LSTM Formulation) 

Machine learning algorithms analyze voltage fluctuations, current harmonics, VSD 

transients, and network behavior patterns [54]. 

The prediction model uses a sliding window of voltage samples [55]: (ݐ)܆ = ݐ)ݒ] − ܶ + 1), ݐ)ݒ − ܶ + 2),… ,  [(ݐ)ݒ
 

LSTM (Long Short-Term Memory) hidden state update [56]: ܐ௧ = ௧ܗ ⊙ tanh(܋௧) ܋௧ = ⊙௧܎ ௧−1܋ + ܑ௧ ⊙ tanh(܅௖܆௧ + ௧−1ܐ௖܃ +  (௖܊
 

Where: 

,௧܎ • ܑ௧,  ௧: forget, input, output gates [57]ܗ

 ௧: cell state܋ •

 ௧: hidden stateܐ •

௖܅ • ,  ௖: weight matrices܃

 ௖: bias vector܊ •

Prediction output [58]: ̂ݐ)ݒ + 1) = ௧ܐ௬܅ + ܾ௬ 

 

5.2 Adaptive Decision-Making 

The AI controller determines transition timing, compensation duration, energy 

allocation, and system prioritization [59]. 

The AI selects the optimal mode by minimizing a cost function [60]: 

ܬ = ∫ ߙ) ⋅ Δܲ(ݐ)2 + ߚ ⋅ 2(ݐ݀݅݀) + ߛ ⋅ (1 − ்(((ݐ)௠௢ௗ௘ߜ
0  ݐ݀

 

Where: 

• Δܲ(ݐ) = ௟ܲ௢௔ௗ(ݐ) − ௦ܲ௨௣௣௟௬(ݐ) 
(ݐ)௠௢ௗ௘ߜ • = 1 if LEIS in generator mode during fault, else 0 

,ߙ • ,ߚ  weighting coefficients (tuned via optimization) [61] :ߛ

5.3 Reinforcement Learning Potential 



Future implementations may integrate Reinforcement Learning (RL) to optimize 

response time, minimize energy losses, improve stability, and extend system lifetime 

[62]. 

The Q-learning update rule for transition to generator mode [63]: ܳ(ݏ௧, ܽ௧) ← ,௧ݏ)ܳ ܽ௧) + ߟ ௧ݎ] + ′max௔ߛ ,௧+1ݏ)ܳ ܽ′) − ,௧ݏ)ܳ ܽ௧)] 
 

State vector [64]: ݏ௧ = [ ௥ܸ௠௦, ௚݂௥௜ௗ, ௟ܲ௢௔ௗ , 𝐸௞௜௡, 𝐸௠௔௚, ௧ܶ௘௠௣]் 

 

Actions [65]: ܽ௧ ∈ {normal, standby, generator, resync} 
 

Reward function [66]: ݎ௧ = 1ݓ− ⋅ Δܸ2 − 2ݓ ⋅ responseݐ − 3ݓ ⋅ 𝐸loss 

 

Where: 

• Δܸ: voltage deviation during compensation 

 response: response time (ms)ݐ •

• 𝐸loss: energy losses during transition 

,1ݓ • ,2ݓ  reward weights :3ݓ

 

6. Industrial Applications 

The proposed LEIS concept may be applicable in [67]: 

6.1 Oil and Gas Facilities 

• Remote pumping stations [68] 

• Sonatrach-type desert installations 

• Compressor systems [69] 

• VSD-controlled motors 

6.2 Hybrid Microgrids 

• Renewable energy systems [70] 

• Isolated villages [71] 

• Smart farms [72] 

• Industrial microgrids [73] 



6.3 Critical Infrastructure 

• Water treatment systems [74] 

• Telecommunications [75] 

• Data centers [76] 

• Transportation systems [77] 

 

7. Advantages of the Proposed System 

The proposed architecture offers several potential advantages [78]: 

1. Potentially fast response: The proposed sensing and power-electronic architecture targets a transition 

below 5 ms. This target requires hardware-in-the-loop and prototype validation before comparison with 

commercial UPS technologies [9, 81]. 

2. Potential reliability and maintenance benefits: The absence of electrochemical storage may reduce some 

battery-related ageing mechanisms, but bearing, actuator, converter, cooling, and control-system 

reliability must be quantified experimentally [10, 80]. 

3. Reversible operation: Same equipment serves for propulsion (motor) and 

temporary power generation (generator), optimizing cost and space [12, 25]. 

4. Adaptive management: AI enables real-time prediction and adaptation to 

dynamic network conditions [4, 13]. 

5. Renewable integration: Suitable for hybrid microgrids to support variable 

renewable energy sources [70]. 

6. Virtual inertia: Provides synthetic inertia to power systems with high power 

electronics penetration [81]. 

7. Elimination of rotating inertia dependency: Unlike traditional synchronous 

machines, the LEIS can provide inertia support without massive rotating masses 

[81]. 

8. Scalability: Can be scaled for different power ratings by adjusting mass, 

velocity, and electromagnetic parameters [82]. 

9. Potential environmental benefit: Avoiding electrochemical storage may reduce hazardous-material 

requirements; however, a life-cycle assessment of magnets, conductors, power electronics, and structural 

materials is required before claiming a lower carbon footprint [88, 89]. 

10. Synchronization capability: AI-controlled synchronization ensures seamless 

reconnection [51, 52]. 

 

8. Technical Limitations 

8.1 Energy Density 



The LEIS relies on kinetic energy ( 𝐸௞௜௡ = 2ݒ12݉ ), which requires significant mass or 

high velocity for sufficient energy storage. The energy density is estimated at 

approximately 62 J/kg [90], which is lower than lithium-ion batteries (100-250 Wh/kg). 

The energy density limitations of linear electromagnetic systems were thoroughly 

investigated in [111], which concluded that LEIS is optimal for disturbances under 3 

seconds. 

Conclusion: LEIS is only suitable for short-duration (1-3 s) compensation [90]. 

8.2 Electromagnetic Losses 

Copper losses [91]: ௖ܲ௨ = 3ܴ௦ܫ௥௠௦2  

 

Iron losses (eddy currents + hysteresis) [92]: ிܲ௘ = ݇௘݂2ܤ௣௘௔௞2 + ݇ℎ݂ܤ௣௘௔௞1.6  

 

Total losses during compensation reduce effective delivered power [93]: ௡ܲ௘௧ = ௞ܲ௜௡ − ௖ܲ௨ − ிܲ௘ − ௔ܲ௨௫ 

 

8.3 Other Limitations 

• The current concept remains theoretical and simulation-oriented [94] 

• Hardware validation is required [95] 

• Precise synchronization control is necessary [96] 

• High-speed electromagnetic systems may increase implementation complexity 

[97] 

• AI decision reliability must be validated under real industrial conditions 

(electrical noise, harmonics) [98] 

 

 

8.4 Scope of Evidence and Generalizability 

 

The evidence presented in this study is analytical and conceptual. No physical LEIS prototype, hardware-in-the-
loop platform, field trial, or independently validated industrial dataset was used. Consequently, the stated 
transition-time target, efficiency range, lifetime implications, and comparative advantages should not be 
interpreted as experimentally verified performance. Model uncertainty, sensor latency, converter saturation, 
thermal limits, magnetic-force nonlinearities, mechanical safety, control failure modes, cybersecurity, and 
compliance with grid-interconnection requirements remain outside the present validation scope. The numerical 



example illustrates sizing relationships only and does not constitute a validated design. Results may therefore not 
generalize to a specific industrial installation without site-specific modelling and experimental testing. 

9. Future Research Directions 

Future work should focus on [99]: 

1. Hardware-in-the-Loop (HIL) validation [100]: Simulate a microgrid with faults 

connected to an electrical emulator of the LEIS. 

2. Experimental prototype [101]: Small-scale (1 kW, mass 5 kg) to validate motor 

↔ generator transition. 

3. AI optimization algorithms [102]: Lightweight versions for embedded 

controllers (FPGA, ARM Cortex-M7). 

4. Integration with renewable microgrids [103]: Solar + wind + LEIS for remote 

areas. 

5. Superconducting magnetic technologies [104]: To increase energy density 

(SMES-LEIS hybrid). 

6. Industrial-scale deployment feasibility studies [105]: Techno-economic 

analysis comparing LEIS vs batteries for specific use cases. 

Future research will explore these directions to advance AI-based energy systems for 

resilient smart microgrids. 

 

10. Conclusion 

This paper presented a conceptual AI-Assisted Linear Electromagnetic Inertia System 

(LEIS) designed to improve industrial microgrid stability during network disturbances 

and micro power interruptions [106]. Inspired by electromagnetic transportation 

systems (Japanese Maglev) [2] and inertial energy continuity principles (Galileo) [3], 

the proposed system combines reversible motor-generator operation with intelligent 

AI-based supervision [107]. < 5 msThis paper builds upon the foundational work presented in [111] by introducing AI supervision and a 

mathematical formulation for the LEIS concept. The framework indicates the theoretical potential for a rapid 

response using stored kinetic and electromagnetic energy. The proposed LSTM-based disturbance-prediction 

formulation [56] and reinforcement-learning strategy [63] describe possible adaptive control capabilities; their 

performance has not yet been established using experimental industrial data. 

The proposed architecture provides a conceptual basis for integrating electromagnetic inertia, artificial 

intelligence, and adaptive energy stabilization to support critical industrial systems during transient disturbances 

[108]. 



≈ 62 J/kg(1−3 s)The concept represents a research direction for resilient energy systems, industrial 

automation, and intelligent microgrid applications [109], but its practical feasibility remains unconfirmed. The 

primary limitation is low energy density, which restricts the concept to short-duration compensation [90]. 

Suitability for micro-interruptions and VSD ride-through must be established through hardware-in-the-loop 

testing, prototype experiments, converter-loss measurements, reliability assessment, and techno-economic 

comparison with established storage and ride-through solutions [95, 110]. 

This study contributes a conceptual framework and testable hypotheses for future research on AI-based energy 

systems and resilient smart microgrids. 

 

Appendix A: Nomenclature 

Symbol Unit Description 

݉ kg Mass of translator 

 m/s Linear velocity ݒ

 H Inductance ܮ

݅ A Current 

 T Magnetic flux density ܤ

 ௘௠ N Electromagnetic forceܨ

Φ௙ Wb Flux linkage 

߬ m Pole pitch 

௩݂ N·s/m Viscous friction coefficient 

 ௖௢௡௩ — Power electronic conversion efficiencyߟ

 ௚௘௡ — Generator efficiencyߟ

Δܸ p.u. Voltage deviation 

 ௧ℎ p.u. Detection thresholdߜ



Symbol Unit Description 

௠ܶ௔௫ s Maximum compensation time 

 ா J/kg Energy densityߩ

௖ܲ௨ W Copper losses 

ிܲ௘ W Iron losses 

݇௘ , ݇ℎ — Iron loss coefficients 

 

Appendix B: Numerical Design Example 

For a 50 kW critical load requiring 2 seconds of compensation [111]: 

Required energy: 𝐸௥௘௤௨௜௥௘ௗ = ௟ܲ௢௔ௗ ⋅ ௖ܶ௢௠௣ = 50 × 103 × 2 = 100 kJ 

 

Translator mass (assuming ݒ௠௔௫ = 20 m/s, and 80% from kinetic energy): 𝐸௞௜௡ = 0.8 × 100 kJ = 80 kJ ݉ = 2 ⋅ 𝐸௞௜௡ݒ௠௔௫2 = 2 × 80 × 103202 = 400 kg 

 

Magnetic energy contribution (20 kJ): ܮ = 2 ⋅ 𝐸௠௔௚݅௠௔௫2 = 2 × 20 × 1035002 = 0.16 H 

 

The numerical design example follows the methodology established in [111] for sizing 

linear electromagnetic inertia systems. These values are realistic for an industrial linear 

motor system (similar to Maglev or linear launch systems) [17, 18]. 

 

 

Data Availability Statement 

 

All data utilized shall be made available upon request. 
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