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Abstract. The advanced Tesla electric vehicles utilize some of the most 

cutting-edge technologies to lead the industry. Innovative adaptive control 

and machine learning techniques are the main topics of this study, which 

aims to improve energy efficiency, torque distribution, and battery 

management via the development and implementation of intelligent electric 

drive systems (IEDS). These systems incorporate extensive predictive load 

forecasting and advanced analytics to assist with dependable performance 

under complex and variable operating scenarios, adaptive to electric-driven 

systems. They feature fault-tolerant structures for torque active delegation, 

aimed toward dependable performance across multiple operating scenarios. 

This allows for real-time adaptive torque control and have structures that 

can withstand failure. To provide dynamic load balancing and vehicle-to-

grid (V2G) systems, IEDS complements smart charging bases. This research 

shows that hybrid artificial intelligence algorithms for battery management 

systems (BMS), digital twin-based cloud-edge optimization, predictive 

maintenance, and other optimization techniques may outperform existing 

optimization methods in terms of both energy and cost efficiency. Future 

electric vehicles may be modeled after this study's framework, which 

prioritizes smart mobility infrastructure, grid integration, and environmental 

friendliness. 

Keywords. Smart electric drives, Power electronics, machine learning, 

predictive control, adaptive smart torque distribution & electric machine 
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1 Introduction 

The rising concerns surrounding global warming, along with higher pollution and fuel 

costs, along with shift to renewable resources, have encouraged and accelerated the need for 

smart electric mobility solutions. But current electric drive systems aren't very reliable or 

efficient since they don't have integrated adaptive control, predictive maintenance, or digital 

twin-based cloud-edge optimization. The International Council for Clean Transportation 

outlines how the shift to electric drives can be utilized in the United Nations' and regional 

aviation strategy, including how the Incorporation of Intermediate Charge and Control (iC2) 

into the In Charge Strategy enables the seamless hybridization of various power generation 
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modes. In order address these gaps, this paper constructs an integrated IEDs framework that 

combines machine learning, power electronics, and predictive control to improve the 

performance, interaction with the grid, and sustainability of electric vehicles. 

 The Auxiliary Rechargeable Batteries, along with the geolocation-enabled InCharge 

Strategy Control Center (ISCC), employ the ISCC's real-time balanced load management, 

utilizing vehicle-to-grid (V2G) and dissimilar electrical grids. In turn, this necessitates the 

development of intelligent electric drive systems (IEDS) for seamless integration with smart 

infrastructure and control elements.[1]. The first generation of EV drive systems can be 

complemented with intelligent communication and modern enhancements to smart EV 

infrastructure, allowing control systems to alleviate the need for remote control in most 

driving and climate conditions.  For high slip conditions, slipping torque with achieved real-

time slip control functions, and for better control functions, IEDS with instant computing 

self-control systems, require separate and unique modular components with dedicated 

machine learning, real-time data processing with AI, and power electronics for optimized 

torque gains. Milestones are achieved in multi-dimensional simulations. Compartment 

simulation in advanced multidomain machine learning models, differential drives for coupled 

drives with wind, and advanced climate responsive control drives for coupled slip optimized 

drives, enhance climate responsive control. Cloud-edge computing optimally self-diagnoses, 

self-enhances, and self-performs beam tracing control EV drives, optimally improving 

control decision processes. Beyond providing enhanced operational life, minimizing 

operational costs, and advancing user experience, this layer of beam tracing optimization 

shifts operational paradigms. Progressing Integrated Electric Drive Systems improves the EV 

user experience by extending operational life, reducing user costs and operational fees with 

optimized operational paradigms.[2]. Expecting mass adoption of IEDS to disproportionately 

improve EV operational adoption by directly addressing modular interface efficiency, 

reliability, and environmental impact, enables IEDS and EV integrative modular systems. 

The adoption of IEDS is projected to streamline EV deployment, enhance green mobility, 

and evolve smart mobility infrastructure.[3]. 

Key contribution 

The research develops an integrated approach that incorporates power electronics, adaptive 

control methods, and machine learning to enhance the efficiency, reliability, and torque 

control of electric drives. 

They claimed that their system incorporates sensor fusion and predictive defect detection 

to improve adaptive torque distribution, consequently enhancing vehicle safety, real-time 

performance, and the ability to operate under diverse driving environments. 

This study demonstrates that IEDS can facilitate the deployment of V2G, dynamic load 

balancing, and renewable energy integration, thereby enabling EVs to participate in 

intelligent energy systems. 

2 Literature Review 

Over the years, study on motor drives has shifted from traditional systems towards more 

intelligent, adaptable, and durable solutions. Early on, the focus of the research was on losing 

less energy and improving battery life through the motor, power electronics, and control 

algorithm enhancements. [4]. While the developments on electric vehicles (EVs) optimized 

the vehicles' performance, they tended to underperform regarding driving condition shifts 

and energy system alignments.[5] 

Recent journals have examined the role that mechanical learning and artificial 

intelligence play in propulsion drive system predictive control and the functional design of 
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systems used for diagnostic problem-solving and energy management.[6]. This enables 

relatively fluid and rapid electric drive actuator responses to changes in the environment, 

load, and user, resulting in greater satisfaction and user safety. Combining digital twin and 

sensor systems also facilitates quick system health monitoring, planned maintenance 

forecasting, and improved performance of electric vehicles (EVs) throughout their lifecycle. 

[7]. Wireless connection of electric motor systems to smart grid networks remains an equally 

important question. Electrification of Vehicles (EVs) that utilize vehicle-to-grid (V2G) 

technology for in-set dynamic control and load management systems convert from an energy 

sink to a contributor to the energy system. Individual vehicle performance and grid energy 

sustainability are intricately linked. [8][9]. Additionally, enhancements in fault-tolerant drive 

designs, adaptive torque distribution, and cloud-edge computing have been developed to 

address issues relating to reliability, scalability, and computation efficiency. Altogether, 

these advancements suggest progress towards adaptable systems which optimize and learn 

in real-time, as opposed to the previous focus on limited, hardware-centric designs. [10]. 

Overall, the research indicates that intelligent electric drive systems integrate power 

electronics with data-driven intelligence and smart infrastructure.[11]. This certifiably 

signals subsequent iterations of EVs which aspires to be far more effective, dependable, 

environmentally friendly, and smartly integrated into the transport and energy 

infrastructure.[12]. 

3 Proposed Methodology 

3.1 overall architecture diagram  

 

Fig.1 Architectural Diagram of Intelligent Electric Drive System. 

Fig. 1 illustrates the layers in which an Intelligent Electric Drive System (IEDS) is 

constructed and the interaction between the power electronics, intelligent controllable, and 

digital systems. The Electric Vehicle connects to the bottom power electronics unit which 

manages the bidirectional exchange of electrical energy between the battery system and the 

electric motor. This optimizes energy conversion and enables motor performance. This 

system is supported by the Intelligent Drive Management which manages the primary control 
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modules: real time data from sensors measuring Torque, speed, temperature, and position 

have the ability to control the motor to work smarter and not harder using sensor fusion, the 

motor performance and efficiency control in adaptive control, and predictive analytics which 

anticipates obstacles and provides corrective maintenance. Constructing a digital twin on a 

Cloud-Edge platform and integrating it with the drive management layer provides remote 

optimization, enhanced simulation, and real-time system oversight, which allows for system 

upgrades, continual learning, and interfacing with external infrastructures such as smart grids 

and V2G systems. The architecture demonstrates the integration of intelligent control, digital 

twins, and predictive analytics which transforms the classical drive into a self-optimizing, 

fault-tolerant, grid-interactive system. This will be a key focus area for the next generation 

of electric vehicles, particularly in terms of efficiency, sustainability, and reliability. 

 

Fig.2. Framework For BMS Control In EV. 

The diagram (Fig. 2) shows how an intelligent battery management system (BMS) for 

electric vehicles is constructed. The system starts with the battery pack, which powers the 

car during charging and discharging cycles while temperature, voltage, and current are 

constantly monitored. The BEMS takes these data points and processes them according to 

several important criteria, including monitoring of battery cells, control of power 

management, and calculation of state variables such as charge, health, energy, and remaining 

usable life. Furthermore, thermal management ensures safe operation, while fault detection 

and charge/discharge control enhance performance and safety. Cell balancing is performed 

to maintain an even charge distribution among cells. This is made possible by secure data 

gathering and communication, as well as networking operations that ensure dependable data 

flow. Then, the processed information is combined with AI and control systems, making it 

possible to use predictive analytics, identify faults, and make informed decisions. In general, 

this design ensures that electric cars use energy efficiently, that their batteries last longer, and 

that the cars are safer to drive. 
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3.2 Mathematical model used in EV 

Operational cost is used for to reduce the EV charging, 

𝑜𝑏𝑗 = 𝑚𝑖𝑛 ∑ 1

𝑗

𝑗=1

∑(𝑃𝑔𝑗
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To minization of battery employment in EVs. 

𝑂𝑏𝑗1 = 𝐵𝑆𝑚𝑎𝑥 = max (𝐵𝑆) 

𝑂𝐵𝐽2 = 𝐴𝐶𝐷 =
1

𝑁𝐸𝑉
 ∑

𝑁𝑒𝑣 𝐶𝐷(𝑚)

𝑡=1

 

3.3 Algorithm 

Inputs: sensor measurements, vehicle speed, wheel speed, battery 

outputs: per wheel motor torque commands, brake blend commands, battery/supercap power 

Initialize:  models, set weights & limits 

Warm start 

Main loop (execute every bass tick base=𝑇_𝐹𝑂𝐶) 

For each motor i; 

Measure phase currents (𝑖_𝑎𝑏𝑐)  

Transform to dq frame (park/clark) 

Computer Torque 

Apply PI-Current controller 

Apply threshold and adaptive correction 

End For 

End Loop 

4 Results And Discussion 

4.1 Performance comparison of Different energy producers of vehicles 

Comparison Table 1 describes the propulsion methods, showing a significant difference 

between traditional fuels and new electric-based systems. Petrol, diesel, LPG, and CNG 

vehicles experience severe energy losses, ranging from 80 to 86%, resulting in an efficiency 

of only 14 to 20%. The most efficient of these is diesel, with a consumption of 0.95 kWh/km, 

followed by gasoline, which uses 1.36 kWh/km. LPG and CNG are in the middle, but they 

are still much less efficient than diesel. Plug-in Hybrid Electric Vehicles (PHEVs), on the 

other hand, achieve significantly higher efficiency, with energy losses reduced to 55% and 

efficiency increased to 45%, resulting in an energy consumption of only 0.42 kWh/km—less 

than half that of diesel vehicles. Fuel Cell Vehicles (FCVs) also work better than systems 

that exclusively use combustion, but they still lose 78% of their energy and use 0.87 kWh/km, 

which is not as good as pure battery systems. Battery Electric Vehicles (BEVs) are the most 

environmentally friendly option, with the lowest energy loss of 33%, the highest efficiency 
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of 67%, and the lowest energy usage of 0.28 kWh/km. Taken together, the findings highlight 

how BEVs stand head and shoulders above the competition when it comes to energy 

efficiency and minimal energy consumption. This places them as the most promising option 

for next-generation sustainable transportation, even though PHEVs offer a strong transitional 

technology, and diesel remains the most efficient traditional fuel. 

 

Table 1. Performance comparison of different energy producers of vehicles. 

Technology Energy Loss (%) Efficiency Loss (%) Energy Used (kWh/km) 

Petrol 86 14 1.36 

Diesel 80 20 0.95 

LPG 84 16 1.19 

CNG 81 19 1.00 

PHEV 55 45 0.42 

FCV 78 22 0.87 

Battery/EV 33 67 0.28 
 

4.2 Cost Comparison between the different policies in predictive maintenance 

Table 2. Cost computation between the different policies in predictive maintenance. 

Policy Cumulative cost Reduction Outage Reduction 

Failure based  159408 0 20862 0 

Myopic 99889 37.3 10,767 48.4 

Myopic Age 112719 29.3 7844 62.4 

Deep RL Based 72,294 54.6 6243 70.1 
 

Table 2 shows that predictive maintenance solutions are far better than traditional failure-

based maintenance. The failure-based strategy has the highest total cost, 159,408, and the 

highest number of outages, 20,862. This is the baseline with no reduction. There have been 

significant advances in both myopic and age-related regulations. The myopic policy cuts 

costs by 37.3% and outages by 48.4%. The myopic age policy, on the other hand, cuts costs 

by 29.3% but improves dependability more by cutting outages by 62.4%. This means that 

while myopic age is a little less cost-effective than myopia, it does a better job of minimizing 

the number of outages. The Deep Reinforcement Learning (Deep RL)- based policy performs 

the best overall. It has the lowest total cost of 72,294, which is 54.6% less than the baseline, 

and it has the fewest outages, with just 6,243, which is 70.1% less. Overall, these results 

demonstrate that while simpler myopic rules may save a significant amount of money, the 

Deep RL strategy yields the best and most balanced results, reducing costs and outages by a 

substantial margin. This demonstrates the importance of advanced, learning-based predictive 

maintenance solutions in maintaining reliable and operationally efficient systems over the 

long term. 
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4.3 Performance comparison metrics of AI approaches in BMS 

Table 3. Performance comparison metrics of AI approaches in BMS 

AI Approach Efficiency Improvements 

LSTM 10 

GRU 8 

CNN 7 

NFL 5 

SVM 6 

EAs 12 

HIS 15 
 

The performance comparison in Table 3 includes several AI methodologies in Battery 

Management Systems (BMS), highlighting varying degrees of efficiency enhancement. Deep 

learning techniques, such as Convolutional Neural Networks (CNN) and Gated Recurrent 

Units (GRU), outperform traditional machine learning approaches, with 7% and 8% gains, 

respectively, as compared to 6% for SVMs and other traditional methods. Long Short-Term 

Memory (LSTM) networks outperform other deep learning algorithms, achieving a 10% 

efficiency boost that reflects their ability to handle sequential battery data and capture long-

term dependencies. In contrast, Neuro-Fuzzy Logic (NFL) obtains only 5%, demonstrating 

that it is less effective than more advanced models. Optimization-inspired strategies yield the 

greatest efficiency benefits. Evolutionary Algorithms (EAs) offer a substantial enhancement 

of 12%, utilizing their global search functionality for parameter adjustment and control 

optimization in BMS. But Hybrid Intelligent Systems (HIS) make the biggest strides. They 

combine various AI technologies to achieve a 15% efficiency boost. This implies that hybrid 

or ensemble-based methodologies surpass singular algorithms by integrating both data-

driven patterns and optimization techniques. Taken together, the findings underscore the 

need to integrate various AI paradigms for smart and sustainable energy management, 

demonstrating that BMS performance can be enhanced with hybrid intelligent approaches 

and evolutionary algorithms, even though LSTM and other deep learning models are 

effective. 

 

Fig. 3. Performance Matric for AI Approach 

Fig. 3 illustrates how different AI methods enhance Battery Management Systems (BMS) 

efficiency. Among deep learning algorithms, LSTM has the largest efficiency improvement 
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at 10%, exceeding GRU (8%) and CNN (7%), indicating its ability to handle time-series 

battery data and long-term dependencies. Traditional methods like SVM only improve by 

6%, while Neuro-Fuzzy Logic (NFL) only improves by 5%, which is the lowest. 

Evolutionary Algorithms (EAs) show a significant 12% gain in optimization since they can 

search the whole space for the best parameters and controls. The greatest substantial 

performance rise is seen with Hybrid Intelligent Systems (HIS), which achieves a 15% 

efficiency increase, demonstrating the value of mixing complementary AI technologies. In 

short, the figure demonstrates that deep learning methods, such as LSTM, are effective, but 

hybrid and optimization-driven techniques (HIS and EAs) provide the greatest efficiency 

benefits. This makes them the best options for advanced BMS applications. 

5 Conclusion 

Intelligent Electric Drive Systems (IEDS) offer ease of operation through their innovative 

features of health-aware control and torque vectoring, enabling the prediction of energy 

utilization and minimizing energy expenditure by 10%. This approach enhances regenerative 

energy retrieval, thereby relieving the battery and motor of unnecessary stress and 

maximizing their longevity. Furthermore, the adaptable and autonomous IEDS utilizes a 

hierarchical control structure to operate in a variety of driving scenarios and to accommodate 

diverse road and environmental conditions, all while ensuring the system responds within a 

specific time frame and maintains safety. IEDS still beats competitor methods owing to 

advances in energy and cost efficiency, system reliability, and previously established ease of 

operation. The data indicates that IEDS can enhance the broader adoption of electric vehicles, 

aiding in the development of a sustainable transportation system. 
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