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Abstract


Rising greenhouse gas emissions stemming from road transport have intensified the need for efficient and environmentally friendly propulsion technologies. Hybrid and fuel cell electric vehicles have emerged as a viable solution, integrating internal combustion engines and fuel cells with electric motors to optimize fuel efficiency and reduce emissions. This article reviews and analyzes energy management strategies for the principal powertrain topologies of hybrid electric vehicles, focusing on achieving solution optimality in real-time applications. A thorough and comprehensive overview of rule-based, optimization-based, and learning-based energy management strategies is presented, highlighting their main attributes and providing a comparative analysis in terms of fuel economy improvements, real-time implementation feasibility, and computational complexity, while simultaneously identifying and uncovering areas requiring further research in the field. We found that while rule-based methods offer simplicity and real-time capability, their adaptability remains limited. Optimization-based and learning-based approaches, although often achieving near-optimal solutions, face challenges due to their high computational demands and integration complexities. Our analysis also revealed the importance of leveraging vehicle connectivity and intelligent transportation systems for future energy management developments, which will contribute to broader sustainability goals in the automotive sector.
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1. Introduction


Rising atmospheric greenhouse gas (GHG) levels have driven an increasing need for adaptation of the automotive sector to evolving regulations amid increasing global recognition of the environmental consequences of human actions. Governments, institutions, and other regulatory bodies have been imposing increasingly stringent measures aimed at limiting emissions and encouraging sustainable practices [1,2]. Contributing 21% of total carbon dioxide (CO2) emissions [3], road transport emerges as a major contributor to pollution and environmental damage, having remained the sole emission source without any reduction between 1990 and 2021 [4]. In this context, commercial and heavy-duty vehicles (HDVs) emerge as main sources of pollution, as their emissions have increased at a faster rate than those of passenger vehicles. Such is their environmental impact that diesel-powered HDVs account for roughly a quarter of total CO2 emissions from road transport, a figure projected to reach 45% by 2030 without effective mitigation efforts [5].



As pollution from the automotive sector intensifies, efforts to develop alternative propulsion technologies designed to curb the emission of harmful gases into the atmosphere have been prompted [6,7]. The global adoption of these solutions has become imperative, ensuring that core aspects of the driving experience such as performance, comfort, and usability remain uncompromised, while enabling a reliable and effective transition.



Shifting from conventional propulsion methods towards electric alternatives has been recognized as a highly impactful option for reducing emissions and improving energy efficiency in this area [5,6,7,8]. Hybrid electric vehicles (HEVs), which integrate an internal combustion engine (ICE) with an electric motor (EM), are recognized as one of the most viable solutions for achieving a more efficient and environmentally friendly means of transportation [9,10,11]. The synergy between energy sources overcomes the limitations intrinsic to both traditional ICE-based vehicles and fully battery-powered electric vehicles (EVs). In the context of hybrid powertrains, EMs play a crucial role in optimizing ICE efficiency and recovering kinetic energy during deceleration and braking. When the vehicle is stationary or its speed drops below a predefined threshold, the ICE can be shut down to conserve fuel while the EM seamlessly maintains vehicle operation. Additionally, the EM harnesses excess power generated by the engine to charge the battery when the power demanded by the vehicle decreases, or provides supplementary power to assist driving when the ICE alone cannot meet the required output. Besides lowering fuel consumption, this coordinated operation also significantly lessens vehicle maintenance needs—such as oil changes, exhaust system repairs and brake replacements—by optimizing ICE operation and reducing wear on critical components [12,13].



The introduction of HEVs into the global fleet will greatly improve some of the inherent drawbacks of relying exclusively on conventional vehicle technologies. While primary concerns such as high CO2 emissions and fuel inefficiency are well recognized, HEVs also address secondary issues like tire wear and brake system degradation. These secondary challenges may be addressed by adopting cross-cutting technologies, notably, regenerative braking, which helps reduce the emission of harmful micro-particulates originating from non-exhaust sources, a serious issue that has become more pronounced in recent years and can lead to severe health pathologies [14,15,16]. Regenerative braking is employed in HEVs and EVs to recharge the batteries that power them and to assist the hydraulic braking system in decelerating and stopping the vehicle. The deceleration process converts mechanical motion into electrical energy by operating the EM as a generator while optimizing the use of braking system components. This reduces the emission of harmful particulates, extends their lifetime, and contributes to a reduction in noise pollution by mitigating sounds that may be generated by the braking system due to wear, corrosion, oxidation, and other forms of degradation [17].



Regardless of the numerous advantages hybrid architectures may yield, awareness of their limitations is likewise essential. The broad-scale introduction of EVs and HEVs presents a series of additional challenges such as the additional costs associated with implementing motors, energy storage systems, power converters, and other components. Furthermore, introducing higher voltage levels into the vehicle system may raise safety concerns due to potential electromagnetic interference caused by high-frequency and current switching within the electrical transmission system [18]. Increasing vehicle mass, particularly in battery-dominant solutions, can accelerate road wear, raising road maintenance costs, while the greater inertia of heavier vehicles could amplify collision severity and associated damages [19,20]. Diminishing revenues from traditional fuel taxes, as fossil fuel consumption declines, may force governments to reconsider taxation structures, potentially introducing new tariffs or levies on EVs and HEVs and their infrastructure. The complexities of integrating these vehicles into the market extend further: establishing secure supply chains for batteries and critical components involves addressing foreign production dependencies, ensuring raw material availability, and stabilizing production rates. Infrastructure readiness poses its own hurdles, as widespread charging facilities, grid enhancements, and intelligent energy management systems are needed to ease range anxiety and support vehicle-to-grid (V2G) interactions. Meanwhile, the automotive industry must adapt its manufacturing processes, retooling facilities and forging new supplier relationships, often with entities inexperienced in automotive mass production. Consumer education and workforce training become essential, as potential buyers need to understand the long-term economic and environmental benefits of EVs and HEVs, and skilled technicians must be equipped to maintain these advanced vehicles. Volatile energy prices, whether in the form of fuel or electricity, and uncertainties in material costs or supply further underscore the need for strategic planning and adaptive policies as the transportation sector evolves [21,22].



Challenges associated with HEV design include achieving efficient energy transfer control between sources and loads while minimizing energy losses, which may vary depending on the considered speed profile. Factors such as system architecture, component sizing, and power management methods must be addressed should efficient and seamless operation be guaranteed [23]. Therefore, the proper powertrain configuration of HEV systems is essential to ensure optimal overall performance, along with the development of the most appropriate energy management strategy (EMS), responsible for continuously distributing the required power among the energy sources that compose the vehicle for it to be effectively propelled [24].



While previous reviews on EMSs have provided valuable insights, they have often been focused on individual approaches or specific applications, leaving gaps in terms of comprehensive coverage and comparison. Moreover, the accelerated emergence of artificial intelligence (AI) technologies has introduced novel paradigms for EMS design, which remain underrepresented in many existing reviews, and might offer unique advantages in handling complex, real-time energy management problems. This manuscript bridges this gap by encompassing all fundamental EMS classifications—rule-based (RB), optimization-based (OB), and learning-based (LB)—offering a comprehensive analysis that incorporates the impact of recent computational advancements. The article also discusses emerging possibilities regarding the integration of connected vehicle ecosystems and intelligent transportation systems (ITS), which opens new possibilities for achieving greater efficiency and sustainability, further shaping the future of this ever-evolving field of research. With the objective of assisting researchers in recognizing innovative and promising methodologies for improving energy efficiency in HEVs, and addressing possible unresolved research gaps within this area of study, an in-depth analysis of EMSs is provided, presenting a comparative analysis and highlighting the strengths and limitations of such control strategies. The article is organized as follows. An overview of the most common HEV powertrain topologies is presented in Section 2, while Section 3 explores the classification and characteristics of the researched EMSs, along with a brief explanation of the HEV energy management problem. Section 4 discusses future trends in the development of HEV EMSs, followed by the conclusions in Section 5.




2. HEV Powertrain Topologies


The mechanical and electrical machine layout inside an HEV powertrain determines its architecture, directly affecting performance, capabilities, and ultimately, the complexity of formulating and implementing effective EMSs. Different powertrain configurations may be employed to achieve greater efficiency depending on the HEV final application, each with distinct operational characteristics, benefits, and drawbacks. These topologies, which dictate how the ICE and EM interact to deliver power—independently or in combination—not only influence the vehicle’s design and driving performance but also add layers of complexity to the energy management problem itself [25]. While the HEV degree of hybridization (e.g., mild hybrid, full hybrids, plug-in hybrids) could further refine these considerations, this work focuses on full HEVs to maintain a clear scope. In this manner, although we do not provide a detailed examination of frameworks for design or the myriad ways topologies interact with operational strategies, including degrees of hybridization or specific component positioning, these configurations are here showcased to underline the fundamental context in which EMSs operate. By acknowledging that each topology introduces unique constraints, trade-offs, and integration challenges, we illustrate how topological choices shape the EMS landscape, informing the complexity and demands placed on the control strategies reviewed in subsequent sections.



2.1. Series Hybrid Topology


In addition to the main energy sources, this configuration incorporates, as seen in Figure 1, a mechanically linked generator to the ICE which either charges the battery or directly supplies power to the EM that drives the wheels [26]. Series HEVs remove any mechanical connection between the ICE and the drivetrain, allowing for optimal efficiency point operation regardless of the speed at which the vehicle is driven, offering flexibility in design and component placement [27,28,29]. The removal of multi-gear transmissions simplifies speed control, leveraging the capability of the EM to deliver efficient torque over a wide range of speeds [27]. This efficient torque delivery is particularly advantageous in urban environments with frequent stop and starts, as city driving involves constant acceleration and deceleration, which can be inefficient for vehicles where the ICE is mechanically linked to the wheels [30]. By decoupling the ICE from the drivetrain, series HEVs ensure that the ICE operates efficiently at a constant speed, reducing fuel consumption and the subsequent generated emissions [31]. The EM provides immediate torque for acceleration, enhancing performance during stop-and-go-traffic [30]. However, series HEVs may face challenges stemming from multiple energy conversion—from mechanical to electrical and back to mechanical—which introduces efficiency losses. Moreover, the need for additional propulsion components increases the complexity and cost, especially since all must be sized to meet maximum power demands [18]. While the ICE can be downsized for shorter trips or less demanding applications, sizing the EM and battery remains a challenge, as they must be powerful enough to handle all driving conditions, including rapid acceleration, climbing steep inclines, and maintaining high speeds without making the HEV excessively heavy or expensive [27]. Despite these drawbacks, series HEVs offer significant benefits in specific driving conditions and represent a crucial step towards more sustainable transportation solutions.




2.2. Parallel Hybrid Topology


Figure 2 depicts the configuration of parallel HEVs, where, unlike series HEVs, the power summation is mechanical rather than electrical [25], allowing for simultaneous or independent power delivery by energy sources. A mechanical coupling is employed to connect the ICE and EM, combining their torques, which are directly transmitted to the wheels [29]. This setup enables the vehicle to operate in different modes: solely on the ICE, solely on the EM, or a combination of both. This offers flexibility in power management [18,26]. One of the main advantages of parallel HEVs, in contrast with other topologies, is the ability to downsize both energy sources with no performance compromise [18,27], as they complement each other in order to meet the required power demands of the vehicle, leading to improved fuel efficiency especially in acceleration and high-demand situations, where the EM is in charge of assisting the ICE. Additionally, parallel HEVs enable the use of regenerative braking, recharging the batteries by negative EM torque application, further optimizing fuel consumption usage [26,28]. However, the aforementioned mechanical coupling is translated into an inability of the ICE to always operate in its optimal speed range, which can potentially reduce efficiency [27,29]. Furthermore, the complexity of the system requires sophisticated control strategies to manage power distribution between energy sources [32]. Despite these challenges, the reduced energy losses, due to fewer energy conversion stages compared to series HEVs [26,29], and the compactness of the system, as a consequence of the removal of a separate generator and the use of a smaller traction motor, make parallel HEVs a compelling option for reducing fuel consumption and emissions.




2.3. Series-Parallel Topology


Features present in both series and parallel configurations can be combined to create the so-called series-parallel configuration, maximizing their respective advantages while minimizing drawbacks [33]. This concept is detailed in Figure 3, where the use of a generator and additional mechanical linkages allow both the ICE and EM to power the HEV in series or parallel mode as needed, enabling the vehicle to adapt to various driving conditions owing to this mode switching [26,31]. For instance, in stop-and-go city traffic, the series-parallel vehicle can operate in series mode, efficiently charging the battery even when stationary, and can switch to parallel mode during sustained high-speed driving, allowing both ICE and EM to directly supply torque to the wheels for optimal performance [33]. Power split devices are a key component in such a topology, as in the planetary gear sets employed in commercially available vehicles exemplified by the Toyota Prius [28,31]. This device decouples the engine speed from the wheel speed, enabling the ICE to operate at its most efficient point regardless of HEV velocity. Additionally, the generator speed can be likewise adjusted to precisely control the operating conditions of the ICE [28]. While this setup offers significant benefits in terms of fuel economy and performance flexibility, it also introduces increased complexity and cost. The need to connect both electrical machines to the ICE and incorporate additional components such as planetary gear units results in higher manufacturing and potential maintenance expenses [18,27,31].



Advances in control systems and manufacturing technologies have made series-parallel HEVs more feasible and attractive to automakers, as they effectively address issues like component sizing in series HEVs and inefficient stop-and-go performance in parallel HEVs. As a result, many modern HEVs adopt this configuration to achieve a balance between efficiency, performance, and adaptability across different driving conditions [33].




2.4. Fuel Cell Hybrid Electric Vehicles


Other types of hybrid technologies such as fuel cell hybrid electric vehicles (FCHEVs) have gained increased relevance in recent years [34]. Such vehicles produce energy through a chemical reaction between hydrogen and oxygen, water being their only byproduct, and so present themselves as a highly environmentally friendly solution [35,36]. FCHEVs operate similarly to series HEVs. Electricity is generated by the fuel cell (FC) to power the EM or to store energy in a energy storage system (ESS)—namely, a battery, ultracapacitor, or similar device—for later use [18]. The inability of FC systems to respond rapidly to load changes or to store regenerative energy makes the implementation of a supporting ESS necessary, as it compensates for these shortcomings by providing power during peak demand and absorbing energy during regenerative braking [37]. This combination of technologies enables FCHEVs to meet the performance and range expectations of conventional vehicles while offering environmental benefits comparable to those of battery electric vehicles (BEVs), although other significant challenges must be similarly addressed, mainly related to hydrogen production and storage [38]. Figure 4 provides a schematic representation of this configuration.





3. Energy Management Strategies


The integration of additional energy sources into the powertrain system introduces complexity that requires the development and implementation of advanced EMSs [39]. Their primary objective is optimizing the operational efficiency of all powertrain components by providing a real-time regulation of power distribution between the ICE and EM, while maintaining appropriate battery state of charge (SoC) levels and meeting the HEV power demand [40]. Achieving this harmony is essential as it helps improve fuel economy—and subsequent GHG emissions—and minimize overall system costs and preserve the desired driving performance [41].



EMS algorithms rely on a variety of data inputs including but not limited to vehicle speed, acceleration, driver torque requests, and external conditions such as weather, road, and traffic conditions. Commands are issued based on this information to turn components on/off or to adjust their operating regions through local controllers, ensuring the effective regulation of power distribution between energy sources, and consequently, optimizing energy use [32].



3.1. The Energy Management Problem in HEVs


As previously discussed, the real-time management of the power flows between energy sources in HEVs is crucial should control objectives be achieved, and might include integral constraints (e.g., maintaining battery SoC within a prescribed range). In general, the energy management problem can be described as the adequate control strategy determination while satisfying a defined optimality criterion, typically expressed as an integral performance index over a given time period. The mass of fuel consumed by the ICE during a driving mission is, generally, the main variable to minimize regarding energy management problems, as it constitutes the principal source of GHG emissions in these vehicles. Thus, the optimal energy management problem in HEVs involves finding the control u(t) that minimizes fuel consumption mf (kg) over a drive cycle of tf (s) duration, equivalent to minimizing the aforementioned integral performance index J, typically referred to as


  J =  ∫   t 0    t f     m ˙  f   ( u  ( t )  , t )   d t ,  



(1)




where    m ˙  f  ( u , t )    (kg/s) is the fuel mass flow rate. However, the complexity of real-world applications requires a broader approach that might incorporate additional considerations such as battery degradation, drivability, or thermal dynamics that can also be included into J to obtain a more general expression:


  J =  ∫   t 0    t f   L  ( x  ( t )  , u  ( t )  , t )   d t ,  



(2)




where x(t) is the state vector while u(t) denotes the control vector. L(x, u, t) is the cost function that includes earlier stated terms subject to minimization, with weight factors that can be introduced as needed. Additionally, J might be subject to dynamic, local and global constraints necessary to be met at each instant of time, making it a constrained, finite-time optimal control problem, for which the EMS is tasked with providing a solution [25,40,42,43].




3.2. Classification of Energy Management Strategies


The design of an EMS must address the challenge of weighing several competing goals, which might require making trade-offs between conflicting demands, such as optimizing fuel efficiency while ensuring enough power for acceleration, or balancing energy regeneration with battery life preservation. The aim is to achieve an optimal solution under varying driving conditions and operational requirements, resulting in different approaches to EMS design [33,39,41].



EMSs have traditionally been classified into two distinct categories: rule-based and optimization-based strategies [24,25,39,41,44,45,46]. However, due to the rapid advancement in computational technologies in recent years, largely driven by the rise of AI techniques, a new category of EMSs has emerged, known as learning-based EMSs [47,48,49,50,51,52,53,54]. This classification and subsequent possible control strategies are depicted in Figure 5. Each of these approaches provide different methods for managing the complex powertrain dynamics in HEVs, allowing for more efficient power distribution and system operation, while offering distinct advantages and limitations. OB EMSs, for example, are highly effective at finding global optimal solutions, but their substantial computational demands pose a significant drawback for real-time energy management applications. RB EMSs, while more suitable in this respect, heavily depend on human expertise and intuition, which may introduce critical design errors [28]. Furthermore, LB EMSs require extensive, driving-specific datasets and prolonged training periods, limiting the applicability in real-time scenarios [51].



This classification, however, is not exclusive, and the combination of elements from different categories is possible to create hybrid strategies that are able to capitalize on the strengths and mitigate the drawbacks of each EMS when applied individually. An example of such a combination would involve using results obtained through an optimization algorithm to train an LB strategy, which in turn adjusts an RB controller, thereby merging the three main categories of EMSs [55]. The development of effective EMSs is crucial to the success of HEVs. By dynamically managing energy flow and optimizing energy source interaction, vehicle performance enhancement is possible, along with component lifespan lengthening and environmental impact reduction [25]. As control strategies continue to evolve and real-time data from vehicle sensors and external sources become more integrated, EMSs will remain central to advancing HEV technology and adapting to the increasingly complex demands of modern transportation systems.




3.3. Rule-Based Energy Management Strategies


Simplicity, ease of implementation, and low computational requirements are some of the main characteristics of RB EMSs leading to their broad adoption in HEVs. These strategies rely on predefined sets of “if–then” rules, typically designed using heuristic methods integrating human intuition, engineering expertise, and system-specific knowledge to dictate the appropriate control actions based on specific vehicle state and demands [24,39,41,47]. This predefined set of rules enable them to operate in real-time, making them suitable for immediate decision making without requiring extensive computation.



While RB strategies do not involve direct optimization, they are particularly effective in specific applications where real-time operation and simplicity are prioritized, allowing the system to dynamically balance power distribution to achieve desired performance [45,53]. However, these methods may lack adaptability to varying driving conditions, as they do not consider future power demands or dynamic system changes, limiting their potential in certain complex scenarios [50]. Despite these drawbacks, RB EMSs continue to be favored in commercial HEVs, due to their reliability and effectiveness in maintaining energy efficiency within defined operational boundaries [39,41].



Two main categories of RB strategies are generally differentiated: deterministic and fuzzy logic-based methods. Each offers unique approaches to energy management.



3.3.1. Deterministic EMSs


The formulation of fixed heuristic rules based on hybrid powertrain power flow analysis, ICE efficiency maps, and domain expertise characterize deterministic EMSs. Typically implemented via look-up tables, these rules guide the distribution of the required torque across the HEV power converters [45]. As a result, commands for actions such as engine shutdown or battery charging are managed by algorithms with pre-defined operational limits [41].



Some of the most widely used deterministic control methods are introduced hereafter:




	
Thermostat ON/OFF:








Maintaining the battery SoC within predefined limits by activating the ICE based on SoC levels is the main basis of the thermostat control strategy [53]. Once the SoC drops below a certain threshold, the ICE recharges the battery at a constant power, operating at the point of highest efficiency until the SoC reaches the upper threshold, after which the ICE switches to an idle or off state [56,57]. While straightforward and computationally efficient, this energy management approach is limited in addressing variable power demands that might occur in real-time driving conditions. Sudden, dynamic increases in energy requirement (such as rapid accelerations) are not accounted for, compromising overall vehicle efficiency as energy distribution might not be sufficiently optimized among components, often leading to reduced fuel economy [46,58]. Moreover, the frequent ON/OFF switching provides additional straining to the battery, potentially shortening its lifespan [24]. By prioritizing simplicity and low computational costs, the thermostat control strategy is commonly applied in series HEVs with predictable driving patterns, such as buses and coaches [41].



	
Power Follower






Designed to improve upon the simplicity of thermostat-based algorithms, the power follower strategy introduces a more refined framework for energy management [59]. This approach provides greater flexibility by adjusting the ICE operating point in response to real-time power demands, achieving higher efficiency and allowing it to operate along the optimal efficiency curve [46]. Multiple operational states based on power demand and battery SoC are defined, employing the ICE as the main power source while the EM serves as an additional power source, supplying short bursts of power during acceleration or higher energy demands [60,61]. Unlike thermostat EMSs, the power follower approach tailors the ICE output to meet the required power while keeping the battery within predefined SoC thresholds, enhancing both efficiency and the durability of key components [62].



	
State Machine






Control logic models composed of multiple states, transitions between those states, and associated actions are employed by state machine EMSs. The states represents the various vehicle operating modes, such as ICE-only mode, where the ICE is solely responsible for propelling the vehicle; boost mode, where both the ICE and EM provide propulsion to meet higher power demands; charging mode, where the ICE simultaneously powers the vehicle while the battery is being charged; and load mode, where the EM acts as a generator while the ICE is in charge of propulsion [36,59]. The transitions between the modes are governed by algorithms based on decision trees of stable conditions, responding to changes in driver energy demand, variations in vehicle operating conditions, or failures within the system [36,63,64]. For example, a shift from ICE-only mode to boost mode might occur when the driver demands rapid acceleration, requiring additional power from the EM. This approach allows the vehicle to efficiently manage the complex interactions between the ICE and EM, ensuring that the most appropriate operating mode is selected for any given situation. However, despite the robustness and adaptability offered by such EMSs, they do not inherently guarantee the optimization of specific performance targets. The predefined nature of the state transitions means that the system operates based on set rules without dynamically optimizing for efficiency or emissions [59]. As a result, while the vehicle can effectively manage different operating conditions and respond to driver demands, it may not achieve the highest possible efficiency or the lowest emissions without additional optimization strategies [65].



	
Frequency Decoupling






Energy management in HEVs can be optimized by dividing power demand into low- and high-frequency components to ensure efficient energy distribution among power sources [36,53]. Low- and high-pass filters, gliding averages, and wavelet transforms are employed by this approach to achieve effective frequency decoupling [66]. Low-frequency components, which represent steady and sustained power requirements, are managed by primary, slow-acting sources, such as FCs or ICEs. This prevents the primary source from experiencing the inefficiencies associated with rapid load fluctuation. Meanwhile, high-frequency components, such as those from sudden accelerations or regenerative braking, are allocated to fast-acting energy sources like batteries or ultracapacitors that can quickly respond to transient power needs. This means of energy distribution enhances overall system efficiency while minimizing strain on primary power sources, improving the durability of HEV components. Implementing a frequency decoupling EMS requires complex control algorithms to coordinate the power distribution and maintain system balance. This increases computational demands and design complexity but yields significant benefits in maintaining vehicle performance and optimizing energy use across varying driving conditions [67,68].




3.3.2. Fuzzy Logic EMSs


Considering the HEV powertrain as a multi-domain control plant, characterized by significant non-linearity and time-varying behavior, fuzzy logic-based techniques emerge as a viable alternative for addressing the energy management problem of HEVs. Relying on straightforward mathematical principles and demonstrating tolerance for inaccuracies are among the advantages of this type of approach, which enables greater flexibility and the combination of fuzzy logic with other control techniques, making it suitable for non-linear models [41]. Essentially, this type of controller can be regarded as an extension of a deterministic RB controller, enhanced with a simple mathematical foundation that permits the decision making distinctive of fuzzy logic systems to offer the means for real-time power distribution.



	
Basic Fuzzy Logic






A fuzzy logic system performs non-linear mapping by transforming an input data vector into a scalar output. The flexibility of this methodology lies in the ability to generate a wide variety of mappings depending on how the controller is configured. Fuzzy logic is based on categorizing objects into classes with fuzzy boundaries, where class membership is measured on a continuous scale, unlike the rigid classification of Boolean logic [69]. This allows fuzzy logic to use linguistic variables instead of numbers, which, although they might introduce some imprecision compared to traditional numerical values, simplify the control algorithm, making it close to human reasoning. The tolerance toward imprecision of these systems lessens computational complexity, thereby reducing the cost of the solution [69,70,71]. This proficiency in handling uncertainties and nonlinearities allow for the extensive usage of fuzzy logic controllers (FLC) as EMSs in HEVs, fuzzifying input variables such as battery SoC, driver power demand, or acceleration commands to, then, apply a set of linguistic if–then rules, and defuzzifying the output to determine the optimal power split between ICE and EM [72,73,74,75]. While fuzzy logic inherently offers a high tolerance for inaccuracies, rule fine-tuning enhances convergence towards a more optimal solution. Similar FLC configuration approaches demonstrate varying performance and efficiency improvements, as the number of possible combinations for formulating the FLC rules is directly influenced by the number of inputs and defined membership functions. The usage of the same input/output variables with a different number of membership functions results in a different number of defined rules, where covering the entire state-space enables FLCs to reduce the tolerated controller imprecision level [76,77,78,79]. The variability of rule definition demonstrates the importance of rule adjustment in achieving the desired accuracy and control performance.



Fixed membership functions and rule bases are employed by Basic FLCs to offer satisfactory performance within certain operational ranges, but they lack adaptability to varying driving conditions. To overcome these limitations, adaptive and predictive FLCs have been introduced, which adjust control strategies in response to real-time or future factors including powering and braking conditions, road profiles, and driving behaviors [80].



	
Adaptive Fuzzy Logic






Adaptive fuzzy logic consists of enhancing conventional fuzzy controllers via the introduction of mechanisms that allow the real-time modification of FLC parameters (i.e., membership functions and rule bases) based on current driving conditions [32]. By continuously monitoring vehicle variables such as speed, acceleration, or battery SoC, adaptive FLCs dynamically adjust the control strategy to optimize energy distribution. Distinct methods for adaptability involve the usage of separate fuzzy rule sets for different operation modes, adjustment of control parameters based on road conditions or driver behavior, and real-time tuning of controller parameters through online optimization algorithms [81,82,83,84]. The result is a more flexible and responsive EMS that can better handle the complexities of varying driving environments, leading to improved fuel economy and overall vehicle performance.



	
Predictive Fuzzy Logic






Although less commonly adopted, this approach integrates predictions of future driving conditions into the control strategy [32]. Anticipating upcoming scenarios leads to smoother powertrain operation, along with enhanced energy efficiency and improved battery management. Future vehicle state forecasting might be accomplished with data from various sources such as GPS, road gradients, or driver behavior, allowing the EMS to adjust energy distribution according to upcoming events [85,86,87]. For example, when a vehicle is transitioning from highway driving to an urban area where heavy traffic is expected, the predictive FLC can instruct the system to charge the batteries in advance of stop-and-go traffic, common in urban scenarios.





3.4. Optimization-Based Energy Management Strategies


The overall efficiency of the powertrain is maximized while reducing operational costs over a defined time period employing optimization algorithms. Through the minimization of a cost function similar to Equation (2) accounting for fuel consumption, emissions, or component wear, optimal variables such as the reference torque for power converters and suitable gear ratios are determined [41,46]. By systematically adjusting control variables within detailed mathematical models that represent HEV system dynamics and constraints, optimization algorithms identify operating points that yield the best performance according to the defined cost criteria, simultaneously considering multiple objectives and trade-offs, and enhancing the responsiveness and adaptability of the HEV.



OB EMSs generally encompass global optimization and real-time optimization approaches, based on the computational complexity and practicality of implementing these algorithms within real-time constraints of vehicle control systems.



3.4.1. Global Optimization


Methods designed to obtain the global optimal solution aim to evaluate a complete drive cycle based on knowledge of future driving conditions. Despite their effectiveness, the heightened computational costs of these optimization techniques in conjunction with their iterative and non-causal nature, as the global optimal solution relies on both past and future power demands, limits their practical, real-time application [24]. As a result, they are often applied to establish reference solutions, which may serve to analyze, modify, and evaluate other algorithms [32,41]. Dynamic programming (DP), metaheuristic algorithms, game theory (GT), and linear programming (LP) practices exemplify this approach, each offering unique frameworks to achieve global optimization under varying conditions.



	
Dynamic Programming






The ability of DP to find globally optimal solutions for complex control problems has driven their application in the development of EMSs for HEVs [88]. DP is based on Bellman’s Principle of Optimality, which states that an optimal decision can be obtained by decomposing the main problem into a sequence of smaller subproblems, each contributing to an overall optimal solution that minimizes a specified cost function [89]. This recursive approach allows DP to effectively handle the inherent nonlinearities and constraints of HEV powertrains. Through a backward induction process, DP evaluates all possible control trajectories by systematically exploring the previously discretized state-space of the system dynamics, identifying the control policy that results in the lowest total cost over the entire driving cycle. The precision of the identified solution is influenced by the granularity of the discretization, with finer grids yielding more accurate approximations of the continuous problem but at the expense of increased computational load [25,40,49]. Despite the effectiveness these kind of EMSs might exhibit, their practical implementation in real-time vehicle control is limited. The high computational cost and iterative nature of DP algorithms, requiring prior knowledge of the entire drive cycle, along with the so-called “curse of dimensionality”—which implies that the computational effort increases exponentially with the number of state variables and control inputs—render them impractical for onboard microcontrollers in real-time applications [24,39,40,47]. As a result, DP is primarily employed as an offline benchmark solution for the analysis, adjustment, and evaluation of alternative control strategies, providing a reference point against which the performance of other EMSs can be measured [88,90,91,92,93]. Insights gained from DP solutions aid in understanding the theoretical limits of system performance and guide the formulation of more practical, albeit suboptimal, control strategies that strive to approximate the optimal behavior under real-world constraints.



To address the fundamental limitation of not knowing the complete drive cycle in advance, researchers have proposed stochastic dynamic programming (SDP) approaches. While SDP optimization is not inherently real-time due to the reliance on probability distributions of future states and inputs, the resulting control policies can often be implemented online since they represent an averaged outcome over many possible driving patterns [94]. As with DP, SDP solves a recursive cost equation backward in time, replacing deterministic inputs with probability distributions, thus converting the future cost into an expected value [59,95]. By modeling driver power demand as a random Markov process and using historical driving data, SDP constructs a Markov chain representation to predict future power demands and generate a state-transition matrix that captures the likelihood of moving from one operating condition to another. The resulting quasi-optimal control policies can be implemented online without requiring complete prior knowledge of the entire cycle, thereby offering improved adaptability to real-world conditions [49,96,97,98]. The use of Markov chains, while powerful, can introduce discrepancies between the predicted power demand and actual driver behavior, reducing the adaptability to diverse and highly stochastic driving patterns [53]. Nonetheless, compared to DP, SDP provides a practical pathway to handle uncertainty and achieve near-optimal, real-time implementable strategies that better reflect the variability and complexity of real-world driving conditions.



	
Metaheuristic Algorithms






Addressing complex, real-world optimization problems often requires high-level, robust approaches capable of handling vast solution spaces and non-linear, NP-hard properties [99,100]. Unlike problem-specific heuristics, metaheuristic algorithms offer a more generalizable framework that adapts to various types of optimization challenges without needing extensive tailor-made configurations for each new problem [101]. Metaheuristics are adaptable, flexible, and often inspired by natural processes such as genetics, evolution, or swarm behavior [100]. Genetic algorithms (GA) and particle swarm optimization (PSO) are frequently applied to solve HEV control problems, as they provide flexible frameworks that can dynamically respond to the nonlinear and unpredictable conditions frequently encountered in energy management contexts [102].



GAs, inspired by Darwinian evolution, are heuristic search methods that begin with a population of candidate solutions (chromosomes) and iteratively select the most fit solutions for further improvement, increasing the chances of reaching an optimal result. This approach covers a large search space and manages to rapidly achieve near-optimal solutions employing straightforward mathematical principles [103,104]. Their effectiveness in solving complex engineering optimization problems, especially those characterized by non-linear and multimodal objective functions, has been well-demonstrated [105]. Regarding EMSs, GAs have been generally employed to improve the performance of deterministic and fuzzy logic-based strategies, optimizing parameters and refining decision-making boundaries, allowing for better overall system performance under variable conditions, making RB EMSs more adaptable to real-time changes in driving circumstances [77,106,107,108,109].



PSO algorithms are inspired by the collective behavior observed in bird flocks and fish schools. In this approach, a group of particles—each representing a potential solution—explores the solution space by adjusting their positions and velocities, continuously moving towards optimal regions. By leveraging concepts from social intelligence, particles balance the exploration of new regions and the exploitation of promising areas through adjustments controlled by factors such as inertia weight and acceleration coefficients [53,110,111]. These parameters allow PSO algorithms to achieve robust performance across diverse and complex optimization problems while also remaining computationally efficient [112,113,114]. Known for reduced computational costs when compared to other similar algorithms, PSO is well-suited for solving challenging optimization problems where solutions must be found rapidly and efficiently, making it widely applicable across engineering and various fields that might require adaptable, high-speed optimization [115]. The use of PSO algorithms in EMS applications is mainly focused on RB strategy optimization, similar to GAs, but with a reduced computational cost [39,116,117,118].



	
Game Theory






Originating from economics, GT has evolved into a robust framework for developing HEV EMSs [46]. Energy sources are modeled as agents in a multi-player game—each with their own distinct preferences and utility functions—and their interactions are designed to reach a balanced power distribution, represented by a Nash equilibrium [53,119,120]. The essence of GT lies in strategic decision making, where the choices of each agent depend on the predicted behavior of the others. A significant advantage of GT lies in the ability to derive optimal solutions independently of specific driving cycles, providing flexible energy management capable of adapting to various scenarios [41,121]. Nonetheless, while this strategy performs well in balancing power distribution through multi-agent coordination, it may not inherently focus on minimizing emissions or fuel consumption, as the primary objective is to maintain an equilibrium among HEV system components [54,121].



	
Linear Programming






This approach involves linearizing nonlinear components of the powertrain, such as fuel consumption maps and battery efficiency models, to create a manageable problem that achieves near-optimal solutions with lower computational cost [39]. By simplifying these complex systems into linear representations, LP can effectively handle power distribution in HEVs, enabling rapid decision making in supervisory controllers. The ability to solve linearized models with multiple solvers allows for flexible and scalable implementation across various HEV architectures [122,123,124].



However, LP is inherently limited by the assumption of linearity. Real-world HEV systems exhibit highly nonlinear characteristics, such as varying engine efficiency maps and transient responses that are difficult to capture accurately through linearization without substantial accuracy losses [125]. While LP can yield global optimal solutions for simplified models, more complex interactions and adaptive responses through iterative or non-linear methods may provide better precision, albeit with higher computational demands.




3.4.2. Real-Time Optimization


Real-time optimization methods focus on the instantaneous minimization of the cost function by adjusting the energy distribution based on the present state of HEV parameters rather than an entire drive cycle, which was the case of global optimization methodologies [50]. These approaches bypass the high computational demands of global optimization by reducing the energy management problem to a transient, real-time scope, enabling practical application within the limited memory and processing capabilities of in-vehicle systems, aligning with the fast-paced decision making required in automotive control systems [46,47].



	
Model Predictive Control






Predictive control techniques optimize complex, multi-variable systems by forecasting future behavior based on a defined system model [126]. In HEV energy management, the real-time requirements of the system are handled while anticipating future conditions across a defined prediction horizon [127]. This approach begins by continuously gathering real-time data, updating a model of the system dynamics, and using it to predict and optimize the future system states. A cost function similar to Equation (2) is minimized, implementing only the immediate optimal action before recalculating at each time interval. This rolling, iterative horizon allows predictive control to handle complex, multi-input, and multi-output systems with multiple constraints [49,126]. Unlike global optimization techniques, predictive control focuses on localized optimizations, converting global goals into manageable transient adjustments that dynamically respond to real-time conditions [127]. The versatility of predictive control enables the support of a wide range of mathematical models, further enhancing adaptability, and providing a robust solution for maintaining optimal performance in HEVs without excessive computational costs, depending on the model predictive control (MPC) configuration (i.e., prediction horizons, constraint complexity, system dynamics, etc.) [128]. This adaptability allows MPC to translate complex global goals into practical real-time control, optimizing fuel efficiency, emissions, and battery life in HEV applications [127,129,130].



In scenarios where driving conditions and future power demands might result in uncertainty, stochastic MPC (SMPC) controllers integrate probabilistic models into the predictive control framework to handle variability. This is accomplished by modeling driver behavior and future vehicle states as stochastic processes rather than relying on a fully deterministic prediction horizon, enabling the incorporation of probabilistic distributions of torque demands or road conditions, and allowing the controller to optimize decisions against a range of likely future scenarios, subsequently enhancing robustness adaptability under real-world driving uncertainties [49,127]. Although SMPCs may introduce additional computational complexity and the reliance on accurate probabilistic modeling of the environment, a performance similar to that of conventional MPCs has been exhibited when provided with well-constructed stochastic forecasts, while still maintaining near-optimal real-time feasibility [131,132,133].



	
Robust Control






Robust control (RC) techniques enhance stability and performance under uncertain or variable conditions, relying on dynamic techniques such as H∞, linear matrix inequalities, or mixed- μ  synthesis, and ensuring stability through state-feedback gain matrices [134,135,136]. System stability is improved while solving the energy management problem for fuel consumption minimization and meeting power demand, ensuring that the performance of the HEV remains consistent under varied and unpredictable scenarios, such as changes in road grade, load variations, or driver behavior [137]. With the advantage of maintaining control within predefined boundaries, addressing both parametric and non-parametric uncertainties in real-time scenarios, RC often results in sub-optimal solutions compared to other EMSs, such as DP or MPC, as a consequence of focusing on robust performance rather than absolute optimization, making trade-offs to guarantee system stability under all possible conditions. RC is best suited for scenarios where stability and reliable performance outweigh the need for precise fuel economy or emissions targets [138]. Additionally, the computational and mathematical complexity involved in formulating RC approaches, due to the system modeling and handling of high-order nonlinear dynamics, might present challenges for online processing, impacting the responsiveness of real-time implementations [46].



	
Equivalent Cost Minimization Strategy






First introduced by Paganelli et al. [139], the equivalent consumption minimization strategy (ECMS) converts the electric depletion of the battery into an equivalent fuel consumption by means of an equivalence factor (EF) [25]:


    m ˙   f  t o t a l     ( t )  =   m ˙   f  I C E     ( t )  +   m ˙   f  B a t t     ( t )  =   m ˙   f  I C E     ( t )  +    E F   Q  l h v      P  b a t t    ( t )  ,  



(3)




where    m ˙   f  t o t a l     (kg/s) is the total instantaneous fuel consumption, comprising the engine instantaneous fuel consumption    m ˙   f  I C E     (kg/s) and the battery instantaneous equivalent fuel consumption    m ˙   f  B a t t     (kg/s). The later is calculated employing the aforementioned EF, along with the lower calorific value of the fuel   Q  l h v    (MJ/kg) and the power provided by the battery   P  B a t t    (W).



This reformulation of the complex global energy management optimization into a series of local, instantaneous tasks provides ECMS with real-time applicability that does not require future driving pattern predictions [140]. The value of EF serves as a scaling parameter between electrical and fuel energy, which must be accurately estimated to adapt to driving conditions, as suboptimal EF can lead to poor fuel efficiency or SoC instability [141]. While traditional ECMS implementations use a constant EF, adaptive approaches such as adaptive ECMS (A-ECMS) dynamically adjust this value based on current driving conditions and SoC feedback, aiding to mitigate sensitivity to drive cycle variability [50,142].





3.5. Learning-Based Energy Management Strategies


As AI and computational technologies continue to develop, a growing interest in incorporating LB control strategies in EMS research has become evident. In addition to obtaining satisfactory optimization results, a considerable potential for real-time implementation has been likewise demonstrated, providing a viable middle ground approach between RB and OB EMSs [143,144].



Nearly every application and knowledge domain has been profoundly impacted by AI advancements. Once confined to digitally mature ecosystems, the potential of AI has expanded into a wide variety of sectors, such as manufacturing, energy, healthcare, and mobility. In each of these fields, the possibility to formulate a plethora of data-driven learning challenges exists, driven by the massive amount of information that devices, systems, and processes might generate [145,146,147].



In general terms, AI refers to any combination of algorithms designed to create systems capable of performing cognitive tasks typically associated with human intelligence, including perception, reasoning, learning, interaction, and problem-solving [148,149]. To this end, information must be gathered from the scenario or environment in which the learning problem is formulated. In practice, several stages must be considered to achieve this behavior. Obtaining a sufficiently large dataset is the first and arguably the most crucial for building a quality algorithm. The second stage involves developing the AI tailored to the specific objectives of the problem. Ultimately, algorithm validation must be performed in a controlled environment before real-world scenario testing [150].



As remarked earlier in this article, the development of advanced EMSs allows the integration of combined approaches to create hybrid strategies that leverage the advantages and minimize the drawbacks of applying them separately. LB EMSs streamline this approach combination by the usage of datasets encompassing OB results to modify the configuration of an RB strategy. The so-called adaptive neuro fuzzy inference system (ANFIS) is an example of such a methodology, where the fuzzy rules and/or membership functions of an FLC are modified by means of artificial neural networks (ANNs) trained with OB results to maximize performance, obtaining solutions similar to those of OB EMSs with a substantially reduced computational cost, enabling them to be executed in real-time [55,151,152,153].



Despite their promising potential, developing LB EMSs might result in a challenging process that involves overcoming issues including obtaining large, high-quality driving datasets, as well as lengthy algorithm training times, instability, and the complexity involved in configuring their objective and cost functions [51,154].



The three main approaches to LB EMSs involve machine learning (ML), deep learning (DL) and reinforcement learning (RL) techniques [150].



3.5.1. Machine Learning


Data-driven models employed in ML create adaptive and intelligent control strategies that respond to diverse driving scenarios and conditions, as well as driver behaviors, or real-time environment changes. ML models are adaptable, capable of learning from data and adjusting to new patterns [155]. For example, an ML-based EMS is capable of recognizing driving aggressiveness and adjusting the power distribution to prioritize performance, or identifying an economy-oriented driving pattern and favoring energy conservation [156,157,158]. The implementation of ML encompasses supervised and unsupervised learning techniques, each tailored to specific aspects of energy management [48,149].



	
Supervised Learning






Supervised learning is the most commonly used ML approach in EMS design, generally aimed at for power distribution and energy prediction tasks [48]. This method relies on training datasets that pair input features (e.g., speed, torque, power demands) with corresponding target outputs (e.g., optimal power split, battery usage level). These supervised models might be applied to both regression and classification tasks within EMSs. Regression models predict continuous outcomes, and are typically used for energy demand, speed, engine torque, or battery SoC forecasting. Classification models, on the other hand, are used to categorize discrete driving states, such as identifying driving patterns (e.g., urban, interurban, highway), or determining operating modes (e.g., ICE-only, EM only, hybrid) [48,158,159,160]. Together, these models enable EMSs to make proactive decisions based on predictions of future power demands and driving conditions. Data generated from the simulation of a range of driving scenarios via OB EMSs can be used to feed supervised learning algorithms as such linear regression, decision trees, or support vector machines, improving model robustness and accuracy, and allowing ML to approximate optimal solutions, with an efficient compromise between precision and real-time feasibility [150,161,162,163,164].



	
Unsupervised Learning






Unsupervised learning techniques, while less widely adopted in EMS applications, offer valuable insights for driving profile classification via clustering algorithms [48,150]. Models are trained on unlabeled data in such an approach to classify driving behaviors or reduce data complexity. Clustering algorithms can automatically group similar patterns or road/traffic conditions without predefined labels, enabling the EMS to adapt based on typical driving profiles identified using historical data [165,166,167,168,169]. For instance, they can distinguish between urban, highway, and mixed driving conditions, allowing the EMS to adjust the power distribution accordingly. Additionally, dimensionality reduction methods, such as principal component analysis or autoencoders, streamline high-dimensional data by reducing the number of features while retaining the most informative variables [149,170]. This simplification not only enhances computational efficiency but also reduces model overfitting, making the EMS more generalizable across diverse driving scenarios.



The main concerns in ML-based EMSs include generalization and robustness, as the exposure to unfamiliar or extreme scenarios—not considered in the data employed for the training processes—might lead to suboptimal control decisions and reduced performance, potentially impacting the reliability and safety of the HEV [53,149]. This results in rigorous ML-based EMS testing across varied conditions to ensure robustness and safety, adding complexity to their development.




3.5.2. Deep Learning


The implementation of (DL) models, especially through the use of ANNs, is another possible application of LB EMSs in HEV powertrain design [47,50,144,150]. ANNs, designed to approximate complex nonlinear relationships, are well-suited to capture the intricate dynamics of HEV systems, where nonlinear interactions between vehicle speed, torque, battery state, and energy demands might result in challenging accurate predictions via traditional linear models. ANNs, however, are capable of modeling these relationships with high accuracy, provided they are trained on extensive and high-quality datasets as inaccuracies or biases might lead to suboptimal control strategies and predictions [171,172,173]. As a result, data generated by global optimization techniques such as DP are used by DL EMSs due to their ability to provide precise and globally optimal solutions. Nevertheless, this training process remains a challenge in ANN-based EMS design, as obtaining results through OB methods adds to the inherently high computational costs of ANN training and processing, for which most standard vehicle electronic control units (ECUs) lack the necessary computational power [154,174]. In EMS applications, ANNs are employed to predict variables such as driving trends, road conditions, battery power requirements, and engine speed [175,176,177,178,179]. ANN models such as multi-layer perceptrons are often employed in predictive EMSs to estimate upcoming power demands based on real-time data, allowing the EMS to proactively manage energy flow, balancing fuel efficiency and battery SoC levels conservation based on anticipated conditions [50,180].




3.5.3. Reinforcement Learning


In recent years, RL algorithms such as Q-learning or temporal difference learning (TDL) have gained traction within EMS research [51]. Other RL techniques involving Dyna, policy iteration, and SARSA have also been explored for EMS applications [51,181,182]. RL algorithms solve optimal decision-making problems by self-learning without requiring prior knowledge of the system. This process involves three essential components: the agent, the environment, and the obtained reward [183]. The goal of RL algorithms is to maximize cumulative scalar reward through continuous interactions between the agent and the environment. Ultimately, the agent learns an optimal control strategy through a continuous process of trial-and-error search. A unique aspect of RL algorithms is their reliance on the Markov property, meaning that future state changes are only influenced by the current state, enhancing algorithm adaptability and efficiency in EMS tasks [51].



When applying RL to the EMS domain, the environment may be represented by the HEV model and the specific driving conditions, while states may include battery SoC, vehicle speed, power demand, and required torque as parameters. Possible actions involve adjusting the power output, such as that of the battery or the torque to be provided by the ICE or EM. Defining a reward function that aligns with optimization goals—such as minimizing energy consumption or prolonging the lifespan of key power sources—is essential [184,185,186,187]. Through continuous interaction with the environment and hyperparameter fine-tuning, the agent incrementally learns the most effective EMS, which establish an optimal mapping between states and actions. This ability to reach optimal outcomes while also enabling real-time applications has contributed to the recent surge in RL-based EMS research and implementation [184].



	
Deep Reinforcement Learning






By integrating RL principles with DL and ANNs, deep reinforcement learning (DRL) EMSs are capable of handling the complex, nonlinear dynamics of HEV systems [150,188,189]. Unlike RL, which can encounter obstacles with the management of the continuous and high-dimensional state–action spaces of EMSs, DRL employs ANNs to approximate value functions and optimal policies [190,191,192]. The ability to generalize from experience allows superior adaptability and performance in real-world scenarios. Deep-Q-Networks (DQN), deep deterministic policy gradient (DDPG), soft actor-critic (SAC), and proximal policy optimization (PPO) are examples of DRL algorithms successfully applied to EMS design, each offering unique advantages in energy distribution optimization within HEVs [193,194,195,196,197,198,199,200,201,202]. For example, DQN is effective in environments with discrete action spaces and has been utilized to determine optimal gear shifting or mode switching between energy sources. DDPG and SAC are well-suited for continuous action spaces, ideal for precise control tasks such as real-time torque distribution and battery charge management. PPO presents a balance between exploration and exploitation, providing stable and efficient learning, which is beneficial for adapting to varying driving conditions.



Despite substantial progress in the application of RL and DRL in the EMS domain, several challenges must be overcome should this LB strategy be gradually applied to HEVs. There is a predominance of simulation-based research, with limited experimental validation due to the complexities of transitioning RL models to real-world applications. Other issues such as computation constraints, as RL models require extensive learning often involving hundreds of thousands of iterations, further complicates real-time implementation. Additionally, the absence of standardized benchmarking systems hinders the comparison of RL techniques, needing systematic evaluations to accelerate practical adoption [50,188,203].






4. Discussion and Future Trends


As HEVs continue to charge forward, the design and implementation of advanced EMSs has become a significant area of focus in automotive research. As showcased in this article, and further summarized in Table 1, numerous approaches have been developed to assess the energy management problem while prioritizing fuel efficiency and drivability, each yielding varying degrees of success depending on the considered frameworks and methodologies.



The deployment of such advanced EMSs into HEV powertrains arises several challenges that must be addressed should they be applied into real-world scenarios. As of today, many EMSs remain confined to theoretical research and simulation platforms, with limited application in real vehicles. This is largely due to the multifaceted requirements of energy management, which extend beyond algorithmic innovation and stem from system intricacies, interdependencies, and the high levels of engineering sophistication of HEVs. Practical implementation demands addressing engineering challenges such as the acquisition and integration of multi-source data, accurate prediction of future driving conditions, adherence to diverse operational constraints, control platform and software architecture compatibility, sufficient chip computational capacity, and efficient communication mechanisms within the vehicle system. Among these challenges, the dependence on predefined driving cycle a priori knowledge by advanced EMSs is particularly significant, as this reliance results in a possible inability of the system to cope with real traffic scenarios and conditions that may deviate from those considered in the experimentation. In fact, actual real-world fuel consumption and CO2 emissions have been proven to be much higher than in simulated and type-approval scenarios [204,205]. To bridge this gap, there is a pressing need for EMSs that can dynamically adjust to varying traffic scenarios and driver behaviors. By incorporating real-time data acquisition, predictive analytics, and adaptive control algorithms, future EMSs can enhance their responsiveness and robustness, not only improving fuel economy and emissions but also accelerating the transition of advanced EMSs from theoretical models to practical implementations in HEVs [206].



Significant advancements in vehicle connectivity and ITSs are set to shape the future of vehicle fleets. The integration of multi-source data through connected technologies such as vehicle-to-vehicle (V2V), vehicle-to-infrastructure (V2I), and vehicle-to-everything (V2X) communications will enable HEVs to access real-time traffic information, road conditions, and vehicular sensor data, enhancing the accuracy of drive cycle predictions and allowing for the design of more efficient and adaptive EMSs [206,207,208]. Besides allowing individual vehicles to operate more efficiently, these connected vehicles will also pave the way for the development of cooperative EMSs, streamlining energy-efficient convoying or platooning, where vehicles traveling together reduce aerodynamic drag, enhancing fuel efficiency for the entire fleet. V2V communication enables vehicles to wirelessly exchange real-time information, including speed, acceleration, braking status, and intentions, with each other, which allows them to anticipate the actions of neighboring vehicles. V2V can inform predictive energy allocation by providing early warnings about traffic congestion or dynamic driving conditions. For instance, when an ahead traffic slowdown situation is communicated by a leading vehicle, those following can preemptively reduce speed and switch to more energy-efficient modes, or activate regenerative braking, rather than relying on reactive measures. Likewise, V2I communication involves the exchange of data between vehicles and roadside infrastructure, such as traffic/road signals, gradients, and congestion levels. Through V2I, vehicles are able to receive critical information about upcoming traffic scenarios, allowing them to anticipate and adjust their driving behavior accordingly, conveying further predictive capabilities crucial for HEVs for their reliance on the precise timing of energy use and regeneration to maximize overall efficiency [206,207,209]. On an uphill road section, for example, V2I data can help an HEV prepare by predictively shifting to a power mode that allows for optimal energy distribution. Another scenario where assistance from V2I infrastructures might be of aid is traffic light prediction. When a vehicle is informed that a traffic light will soon turn red, early deceleration can be initiated, maximizing regenerative braking and reducing energy waste.



Integrating communication technologies with cloud-based systems promises to further improve EMS functionality by enabling the transference of information with centralized data repositories and computational resources. Cloud computing offers the potential to process vast amounts of data and computational complexities without sacrificing optimization performance by offloading intensive computations from onboard vehicle systems to cloud servers [210,211]. Employing advanced AI algorithms and large-scale data analysis, EMSs are able to be continually refined, making them more robust to diverse driving scenarios. This framework synergy leads to the development of a cooperative vehicle–edge–cloud paradigm capable of distributing computational tasks across different layers. Onboard vehicle systems handle immediate decision making, roadside infrastructure provides localized support and data aggregation, and cloud platforms manage large-scale predictive analysis and strategy optimization. However, implementing this concept requires overcoming a variety of technical challenges. The need for high-speed, reliable, and low-latency communication networks to ensure seamless data exchange between layers remains a key requirement of connected EMSs. Advanced communication technologies, such as 5G networks and, eventually, 6G, will become essential by delivering the necessary bandwidth and low latency for real-time applications [212,213]. Other concerns include data privacy and the establishment of security protocols—to protect sensitive information from potential cyber attacks—or the standardization and interoperability across different vehicle manufacturers and infrastructure providers, ensuring effective communication regardless of origin or destination [210,214].



The fusion of connected vehicle and cloud computing technologies holds the promise of reshaping energy management into much more precise, efficient, and adaptive strategies. In order to fulfill this potential, a synchronized effort among automotive engineers, software developers, policymakers, and infrastructure planners is required to address possible challenges. These high levels of collaborative research and development, along with the establishment of industry-wide standards and supportive regulatory frameworks, will become indispensable in paving the way for practical implementations that not only will enhance HEV performance and drivability, but will also significantly contribute to reduce the environmental impact and promote energy conservation. As the automotive landscape continues to evolve, the successful deployment of advanced, connected EMSs will be instrumental in driving the next generation of HEVs and achieving broader sustainability goals.




5. Conclusions


This article has provided a detailed and comprehensive overview of EMSs for HEVs, with a focus on their role in enhancing fuel efficiency, reducing emissions, and improving overall vehicle drivability and performance. Various EMS approaches have been explored, including RB, OB, and LB algorithms, highlighting their respective features, strengths, and limitations. RB EMSs, though simple and computationally efficient, may lack adaptability to dynamic driving conditions, as well as having design process hindrances due to system knowledge requirements. OB methods offer precise and theoretically optimal solutions but are often constrained by high computational demands and complex integration. The emergence of LB EMSs represents a promising advancement, as leveraging AI and data-driven algorithms enable the adaptability of energy management to real-time scenarios and conditions. However, LB EMSs also approach several challenges including data acquisition, extensive algorithm training times, and generalization issues.



Our findings underscore that while advanced EMSs might potentially enhance HEV fuel economy and performance, their integration into real-world vehicles is impeded by multifaceted barriers. The integration of multi-source data, the necessity for accurate and adaptable predictive models, and the dynamic and unpredictable nature of real-world driving conditions and the constraints posed by current vehicle control architectures and hardware limitations—as the developed EMSs must be able to execute in real-time within the ECU of the vehicle—are some of the various challenges addressed in this article that pose a significant obstacle for commercial engineering.



Looking forward, future EMS development will likely be driven by advancements in vehicle connectivity and ITSs. By integrating V2V, V2I, and V2X communication, HEVs can access real-time traffic data, road conditions, and other critical information, enabling more adaptive and efficient energy management judgments. Predictive energy management is streamlined through this connectivity, where EMSs can proactively adjust energy distribution based on anticipated driving conditions, thereby improving overall efficiency. In addition, the usage of other innovative technologies such as cloud computing can offload computationally intensive tasks from the vehicle, allowing for more sophisticated algorithms without overburdening onboard systems.



Bridging the gap between theoretical advancements and the practical implementation of EMSs in HEVs requires a coordinated effort across multiple disciplines. Collaborative endeavors among automotive engineers, software developers, and policymakers will be essential to address the technical, regulatory, and security challenges associated with these advanced approaches. Future research should focus on creating adaptive, robust, and scalable EMS solutions that can seamlessly operate under varying real-world situations. By embracing connectivity and intelligent systems, the automotive industry can enhance the sustainability of HEVs, significantly reduce GHGs, and contribute to broader environmental goals, with a multidisciplinary approach that not only addresses current challenges but also paves the way for innovative energy management solutions that can adapt to the evolving landscape of transportation technology.
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Abbreviations


The following abbreviations are used in this manuscript:



	GHG
	Greenhouse Gas



	CO2
	Carbon Dioxide



	HDV      
	Heavy-Duty Vehicle



	HEV
	Hybrid Electric Vehicle



	ICE
	Internal Combustion Engine



	EM
	Electric Motor










	EV
	Electric Vehicle



	V2G
	Vehicle-to-Grid



	EMS
	Energy Management Strategy



	AI
	Artificial Intelligence



	RB
	Rule-Based



	OB
	Optimization-Based



	LB
	Learning-Based



	ITS
	Intelligent Transportation Systems



	FCHEV
	Fuel Cell Hybrid Electric Vehicle



	FC
	Fuel Cell



	ESS
	Energy Storage System



	BEV
	Battery Electric Vehicle



	SoC
	State of Charge



	FLC
	Fuzzy Logic Controller



	DP
	Dynamic Programming



	GT
	Game Theory



	LP
	Linear Programming



	SDP
	Stochastic Dynamic Programming



	GA
	Genetic Algorithm



	PSO
	Particle Swarm Optimization



	MPC
	Model Predictive Control



	SMPC
	Stochastic Model Predictive Control



	RC
	Robust Control



	ECMS
	Equivalent Consumption Minimization Strategy



	EF
	Equivalence Factor



	A-ECMS
	Adaptive Equivalent Consumption Minimization Strategy



	ANFIS
	Adaptive Neuro Fuzzy Inference System



	ANN
	Artificial Neural Network



	ML
	Machine Learning



	RL
	Reinforcement Learning



	DL
	Deep Learning



	ECU
	Electronic Control Unit



	TDL
	Temporal Difference Learning



	DRL
	Deep Reinforcement Learning



	DQN
	Deep-Q-Network



	DDPG
	Deep Deterministic Policy Gradient



	SAC
	Soft Actor-Critic



	PPO
	Proximal Policy Optimization



	V2V
	Vehicle-to-Vehicle



	V2I
	Vehicle-to-Infrastructure



	V2X
	Vehicle-to-Everything
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Figure 1. Topology overview of a Series HEV. 
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Figure 2. Topology overview of a parallel HEV. 
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Figure 3. Topology overview of a series-parallel HEV. 
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Figure 4. Topology overview of an FCHEV. 
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Figure 5. Classification of EMSs. 
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Table 1. EMS comparison.
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EMS Approach

	
Advantages

	
Disadvantages

	
Algorithms

	
References






	
Deterministic Rule-Based

	
Low computational costs, easy to design and implement, reliability.

	
Lack of adaptability, possible strain to components, efficiency not optimized.

	
Thermostat ON/OFF

	
[56,57,58]




	
Power Follower

	
[59,60,61,62]




	
State Machine

	
[63,64,65]




	
Frequency Decoupling

	
[66,67,68]




	
Fuzzy Logic Rule-Based

	
Versatility, good tolerance to inaccuracies, cost-effective.

	
Expert knowledge and extensive tuning required, limited scalability.

	
Basic

	
[69,70,71,72,73,74,75]




	
Adaptive

	
[76,77,78,79,80,81,82,83,84]




	
Predictive

	
[85,86,87]




	
Global Optimization

	
Achieve precise, global optimal solutions, provide benchmarks for other EMSs.

	
High computational costs, entire drive-cycle required, not applicable in real-time.

	
DP

	
[88,89,90,91,92,93,94,95,96,97,98]




	
Metaheuristics

	
[99,100,101,102,103,104,105,106,107,108,109,110,111,112,113,114,115,116,117,118]




	
GT

	
[119,120,121]




	
LP

	
[122,123,124,125]




	
Real-Time Optimization

	
Dynamical adaptation to driving conditions, scalability, enhanced efficiency.

	
Suboptimal solutions, complex integration, limited prediction capability.

	
MPC

	
[126,127,128,129,130,131,132,133]




	
RC

	
[134,135,136,137,138]




	
ECMS

	
[139,140,141,142]




	
Machine Learning

	
Robust predictive and pattern recognition features, multi-target optimization.

	
High computational costs, extensive training data required, generalization issues.

	
Supervised

	
[158,159,160,161,162,163,164]




	
Unsupervised

	
[165,166,167,168,169,170]




	
Deep Learning

	
Adaptability, handling of high-dimensional data, synthesizable with other EMSs.

	
High computational costs, extensive training data required, integration challenges.

	
ANN

	
[171,172,173,174,175,176,177,178,179,180]




	
Reinforcement Learning

	
Capable of self-learning, no need for training data, real-time applicable.

	
Extensive training times, design complexity, uncertain viability.

	
Conventional

	
[181,182,183,184,185,186,187]




	
Deep

	
[188,189,190,191,192,193,194,195,196,197,198,199,200,201,202]
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