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Abstract: Plug-in Hybrid Electric Vehicles (PHEVs) play a vital role in advancing sustainable transport, offering flexibility by switching between electric and internal combustion modes. However, managing energy flow and power distribution in real-world driving remains complex. This paper presents a data-driven control framework that integrates machine learning (ML) and fuzzy logic to optimize PHEV power management. The ML model predicts battery state of charge (SOC) using real-time driving data, while fuzzy logic determines the optimal distribution of power across four modes: full electric, series hybrid, parallel hybrid, and full internal combustion. The framework dynamically adapts to diverse driving conditions, consistently minimizing fuel use and emissions through electric propulsion. Simulation using the Worldwide Harmonized Light Vehicles Test Cycle demonstrates improved fuel economy, reduced emissions, and an 84 km all-electric range with 80% battery utilization. The approach also enhances gasoline-equivalent fuel efficiency by 20%. These results underscore the framework’s potential for future PHEV applications.
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I. INTRODUCTION
The Plug-in Hybrid Electric Vehicles (PHEVs) are becoming highly crucial in the process of greenhouse gas mitigation and the implication of energy security issues. Compared to the conventional vehicles, PHEVs are highly efficient and adaptable and have both the benefits of the ICE and an electric propulsion system. However, the efficiency of PHEVs will highly depend on the energy management systems (EMS)[1]. It is a critical issue to be optimized especially in the actual road conditions that distributes the power between the electric motor and the ICE in all conditions. The fuel consumption, emission, battery life, and power requirements of a driver will be required to be addressed by an effective energy management, which cannot be an easy task unless some creative control solutions are offered. The solutions to the problem of energy management in PHEVs have brought new opportunities presented by machine learning (ML) and fuzzy logic[2]. ML approaches have the benefit of being able to operate with non-linear extensive amounts of data and make predictions with high accuracy. Indicatively, it is able to estimate the SOC of a battery or a battery estimate the tendencies of energy consumption. Fuzzy logic systems are capable of imitating human thought process and they can make adaptive decision in real time systems. It thus offers a flexible and robust system of controlling uncertainties in the driving conditions. With fuzzy logic, smart energy management solutions can be dynamically used to optimize power distribution in PHEVs, with performance and sustainability[3].
The paper shall also aim at developing a data-driven fuzzy logic to optimise power management in PHEV on the premise of SOC predictions made by the ML on the premise of optimisation based on fuzzy logic in the decision-making process. The adaptability, fuel economy, and reduction of the exhaust emission feature of the proposed approach would be tested with the different driving scenarios. This is one such effort to contribute to the development of the designs in smart EMS to be able to offer efficient and green transportation.
Two broad types of EMS of PHEVs are possible, which can be rule-based and optimization-based. Rule-based are deterministic and fuzzy logic systems. The allocation of power in the rule-based approaches is based on a given state as SOC or power demand. They are computationally efficient but simple yet in most cases they are not globally optimizing. On the other hand, optimization algorithms, e.g.: dynamic programming, genetic algorithms and reinforcement learning are developed to minimise fuel consumption and emissions over complete driving cycles. They perform better when compared to those based on optimization, yet they cannot be used in real-time since they demand a high level of computation[4] [6]. With the help of hybrid methods, which are rule-based and optimization-based methods, a new range of solution is being developed. Automatic applications Fuzzy logic control systems may be applied in those applications where uncertainty and variability are met. Fuzzy logic is quite contrasting to the conventional methods of control as it does not presuppose total truthfulness; it is used to draw judgments, which are based on greater nuances. PHEVs have also utilized the fuzzy logic to optimize the power distribution between the ICE and the electric motor, prioritize the use of the battery more when the overall demand is low, and regulate the amount of regenerative braking in order to recycle energy[7]. New directions are centred around fuzzy logic/ predictive models fusion so as to allow adaptive control actions vis-a-vis real-time input, e.g., SOC, vehicle speed, and driver power requirements. Machine learning has revolutionized the operation of energy controlling of PHEVs by offering the predictive possibilities and intelligent decision-making [8]. The process of optimizing power allocation needs SOC prediction which defines when to switch to the use of either electric or the hybrid mode. In several cases, the Kalman filters and other related circuit models like that of the equivalent circuits are not accurate [11]. The ML models like ANNs, SVMs and LSTM networks have been able to do much more with the assistance of real-world driving data.
In addition to SOC prediction, lost power may be optimized through applying ML and reduces the emissions [12]. These systems are capable of obtaining the most effective control policies by simulating various driving conditions to increase efficiency and flexibility [13]. The hybrid ML-fuzzy systems [14] have been of interest of late with regard to their ability to merge the predictive ability with the flexibility of the fuzzy logic into strong solutions to important applications in the real world. The use of the combination of ML and fuzzy logic has led to the creation of such issues as PHEV battery health monitoring and the life cycle assessment. To make the prediction of battery degradation trend possible to enable proactive maintenance and extend battery life, predicting the trend using ML models is utilized. On the other hand, fuzzy logic allows flow of energy to pass among power modes with minimum thermal and mechanical stress on the battery. This is the interaction between the ML and fuzzy logic that enhances the overall sustainability and reliability of PHEV. Recent advances in energy management schemes of PHEVs have been aimed at incorporation of smart control schemes to supplement fuel consumption efficiency and reduction of emissions. The author of [2] wrote about the methods of hybrid cars and relation and the significance of the ways prediction techniques of GPS and traffic flow models could be possibly employed to make the energy optimized. The actual world importance of the traffic was unveiled in [5] when it came to optimizing the component sizing and the energy expenditure of PHEVs on a multi objective basis. Similarly, [14] presented a novel intelligent controller that applied CIGPSO algorithm that had a high degree of adaptability under dynamic environments. The [9] developed a deep learning version of the corresponding consumption minimization strategy (ECMS) with up to 7 percent in fuel economy simulations achieved. There is also a development of reinforcement learning frameworks as shown by [17] who used hierarchical strategies to optimize the hybrid cars. Interval Type-2 fuzzy logic control of autonomous hybrid vehicles was introduced by [18], and it demonstrated its power under the uncertainties of the environment. Additionally, [10] has integrated fuzzy learning with Gaussian process regression as a real-time application in the management of power.
II. MODELING AND SIMULATION
A. Vehicle Configuration and Parameters
PHEVs, in fact, have a quite complex configuration comprising of ICEs, electric motors, batteries, and control units[15]. This paper attempts to model the PHEV with a series-parallel configuration, which makes it possible for the vehicle to switch between full-electric, series hybrid, parallel hybrid, and full ICE mode. The selected vehicle's parameters are based on a commercially available platform, with a 20-kWh lithium-ion battery, a dual electric motor configuration, and an internal combustion engine with a maximum power output of 100 kW. Calibrated parameters of the vehicle include vehicle mass, a real-world aerodynamic drag coefficient, and rolling resistance; for that reason, the fidelity of the simulation model is ensured [16].
B. Longitudinal Dynamics and Powertrain Modeling
Longitudinal dynamics describe how acceleration and braking along with the powertrain interaction could happen. For this purpose, the forces acting on the vehicle are mathematically represented, among which include traction, aerodynamic drag, rolling resistance, and gradient forces. Powertrain model integrates ICE, electric motors, and components of a transmission that accounts for energy flow and conversion efficiencies. The simulation model integrates longitudinal dynamics equations that govern force balance and power, among others. Further, EMS manages the flow of power from ICE to the electric motors based on conditions to minimize fuel consumption and emission levels under given driving scenarios.
C. Simulation Environment and Driving Scenarios
Simulations are carried out using commercial-grade software packages such as MATLAB/Simulink and. The test cycles used in the driving scenarios include the WLTC and real-world urban and highway driving cycles. Real-world scenarios were modeled based on traffic data coming from urban centers, reflecting differences in speed, acceleration, and idling patterns. The simulation measures key performance metrics including energy consumption, emissions, and battery SOC across the various operating modes. These metrics will therefore give insight into how effective the proposed energy management system is in achieving its optimal performance under diverse conditions.
Table 1 : Summary of Performance Metrics
	Component
	Specification
	Value

	Fuel System
	Fuel tank capacity
	43 L

	
	Rated output
	25 KW

	Battery
	Cell Type
	LI-ion

	
	Capacity
	14 kWh

	
	Max. Voltage
	300 Volts

	Engine
	Max output
	99 KW/rpm

	
	Max. Torque
	210 N.m/rpm

	Electric Motor (Front)
	Max. Torque
	137 N.m

	
	Max. Output
	60 KW

	
	Rated Output
	30 KW

	Electric Motor (Rear)
	Max. Torque
	195 N.m

	
	Max. Output
	70 KW



This table summarises key performance metrics, like average fuel economy, total CO2 emissions, electric-only range, and SOC utilisation across all the scenarios considered. It indicates the quantitative benefit of the proposed system and the ability to be clearly compared against traditional approaches.
III. RESULTS AND ANALYSIS
A. Evaluation under WLTC and Real-World Driving Cycles
The performance of the proposed EMS has been evaluated through WLTC along with real urban and highway driving cycles. From the results obtained, it could be seen that EMS dynamically adapted towards varying speed as well as loading conditions, hence prioritizing the electric propulsion of the vehicle under low-demand phase and efficiently switched to hybrid mode during high-demand scenarios. With this adaptability, the overall fuel consumption level was reduced up to 20% compared with traditional rule-based systems. The system further maintained a balanced battery state-of-charge (SOC) across the cycles and ensured consistent performance across extended driving durations.
B. Fuel Efficiency and Emission Performance
Improvements in fuel efficiency were most significant under urban driving cycles, where regenerative braking and electric propulsion were highly exploited. WLTC simulations indicated an overall improvement in fuel economy by 15-20%, while real-world tests validated the reduction in CO2 emissions by about 18%. These results indicate that the EMS is optimized to ensure power distribution such that the ICE would not be relied on much under favorable conditions. The inclusion of fuzzy logic allowed for nuanced decision-making, improving the overall sustainability of the vehicle.
C. Impact of Initial SOC on System Performance
Initial SOC was the most critical factor that influenced EMS performance. Simulations showed that higher initial SOC levels allowed for longer electric-only operation, significantly reducing fuel consumption during the initial phase of the driving cycles. Lower SOC levels required earlier ICE engagement, slightly affecting overall efficiency. The ML component of the system successfully predicted SOC trends, allowing for advance power distribution adjustments and the prevention of possible inefficiencies.
D. Battery Health and Long-Term Sustainability
The EMS implemented mechanisms for extending battery lifetimes through measures that prevent the extremes of SOC and limited rapid charge and discharge cycles. This design minimized thermal stress and degradation rates to improve long-term viability. Through health monitoring integrated within ML models, predictive information could be applied to make proactive scheduling decisions regarding service maintenance. This feature is very useful for fleet operators in ensuring high operational performance while minimizing costs.
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Figure 1: SOC Variation Across WLTC Driving Cycles
The WLTC profile that was created with standard acceleration, braking and cruising parameters, is a universal vehicle test standard across the world. Real world driving cycles, however, are more random phenomena, having a huge number of stops and starts, changing speeds and urban traffic jams. As a matter of fact, comparing the profiles depicted in the figure, it is evident that it determines the variety of the situations that the EMS is being tested on and how it might react to different driving requirements.
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Figure 2: Comparative Fuel Consumption and Emissions Data
This figure depicts the fuel consumption (in liters per 100Km) and the CO2 emission (in grams per km) of proposed EMS and a baseline rule-based system. The plot has some significant gains on both fronts, i.e. it can be said that the EMS has a tremendous performance in environmental sensitivity as well as increasing the fuel efficiency of the car especially when it is in urban setting.
IV. CONCLUSION 
In the given paper, a novel EMS of PHEVs based on the combination of machine learning and the fuzzy logic is proposed to optimize power allocation in diverse driving scenarios. The proposed framework can maximize the fuel economy, reduce the emissions and will save battery life with the help of ML-based precise SOC prediction and the utilization of fuzzy logic in real-time decision-making. Validated on WLTC using standardized driving cycle, the system's adaptability has been shown to be well improved over conventional rule-based strategies. Key findings also indicate that the proposed EMS reduces fuel consumption by up to 20% and CO2 emissions by 18% relative to baseline methods. Moreover, its ability to dynamically allocate electric propulsion in low-demand scenarios, while seamlessly switching to hybrid modes during higher loads, underscores the potential for real-world applications. In addition, battery health monitoring is incorporated into the system, thereby ensuring sustained performance by mitigating degradation risks due to optimal SOC utilization and reduced thermal stresses. 
Future work would involve increasing the size of the dataset to include extreme weather conditions and rural areas for further validation of the robustness of the system. Further research into hybrid ML-fuzzy strategies, using real-time data streams from connected vehicle networks, could enhance decision-making precision and allow for proactive responses to traffic dynamics. In summary, this study lays a strong foundation for developing next-generation EMS solutions to pave the way for greener and smarter mobility systems.
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