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Abstract: Decarbonization requires global actions, and the transport sector is the main battlefield since it
contributes more than 20% of CO, emissions. Vehicle electrification is an effective routine to reduce vehicle
carbon emissions, but it increases the complexity of the vehicle systems, especially the powertrain systems.
The rapid development of artificial intelligence (AI) is promoting the development of new automation
technologies that can benefit the automotive industry. This paper reviews the key milestones of Al
technology development for vehicle research and development (R&D) and highlights the advantage of Al-
based methods in powertrain design and control. An outlook of future research directions will be discussed,
and conclusions will be summarized.

Keywords: artificial intelligence; powertrain design; powertrain control; product evolution

1. Introduction

Rapid computer science and IT developments are reshaping the automotive industry, providing new
solutions to the grand challenges that conventional technologies cannot address. Mitigation of carbon
emissions is one of the great challenges, and the road transport sector must take action since it contributed to
more than 20% of CO, emissions worldwide [1]. Since the introduction of electronic control units for vehicle
powertrains in the 1970s, energy consumption and toxic emissions have been dramatically reduced. FIAT
saved more than 3-5% of fuel by introducing an electronically controlled valve system [2]. Honda offers
more than 24% fuel efficiency improvement in city and highway driving conditions through an electronically
controlled hybrid powertrain [3]. Policymakers develop increasing rigor regulations to force the OEMs to
improve the vehicle’s energy efficiency as well as emission performance. There is a trend that vehicles will
involve more electronic controls, and the electric controllers need to be calibrated properly in their research
and development (R&D) stage. According to the prediction of the UK Advanced Propulsion Centre (APC),
the complexity of vehicle software systems will be increasing expressional, accounting for 10* times more
than it is now in the 2040s [4]. Conventional human-driven design-of-experiment (DoE) methods are hard to
chase the rapid development of vehicle E/E systems and artificial intelligence is therefore required to assist
automotive engineers in developing more advanced vehicle products.

The formal research of artificial intelligence (AI) started in the 1940s and the first application of Al for
vehicle powertrains was reported in the 1990s. In the 1990s, fuzzy inference systems (FIS), which emulate
the way of human decision-making, are first developed to control the power flows in a hybrid vehicle.
Followed by the first paper on FIS-based vehicle control reported at the 1993 International Symposium on
Intelligent Control [5], Lee et al. proposed a fuzzy-logic-based torque control strategy for parallel hybrid
vehicles in 1998 [6]. When people enter the 21st century, the increasing volume of storage and RAM for
computers allows engineers to conduct global searching of design/control parameters. Dynamic programming
is first introduced for the global optimization of HEV power management strategy in 2003 [7], and some sub-
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global methods, e.g., Genetic Algorithms (GA) [8], are developed to improve the computational efficiency.
With the development of embedded systems in the 2010s, automotive controllers are capable to process
complex model-based control in real-time conditions [9]. Artificial intelligence is developed to (1) build
onboard control-oriented models [10] and (2) resolve nonlinear model-based control functions based on
online optimizations [11]. The massive production of high-performance GPUs and the rapid development of
Internet of Vehicle facilities in the later 2010s boosted the development and implementation of learning-based
methods for automobiles. Deep learning, reinforcement learning, and transfer learning are developed for the
perception [12], planning [13], and optimal control [14] of connected and autonomous vehicles (CAVs).

Based on the key milestones of Al applications in automotive systems, we can categorize the
development of Al into four levels as shown in Figure 1. For Level I, Al models are used to model the
nonlinearity of the vehicle systems, e.g., engine performances [15]. The Al models are expected to assist in
some R&D tasks, e.g., component sizing [16] and control calibration [17] if they have the capability of
offline optima searching (Level II). By incorporating Al-based modelling and Al-based optimization, the
Level IIT AI models can deal with model predictive control tasks that allow the vehicle system to be
optimized online [18,19]. In Level IV, Al models would have the capability of self-learning and adaptive
learning based on the recent development in the internet of vehicles and advanced algorithms, e.g., the
reinforcement learning [20] and transfer learning [21].
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Figure 1. Stages of Al development for automotive applications (reproduced based on Figure 3 in [22]).

The rest of this paper will provide a comprehensive review of how Al models contribute to the design
and control tasks in automotive powertrain research and development. A research outlook will be discussed
before summarizing the conclusions.

2. Al Methods for Powertrain Design

Powertrain design involves several offline optimization tasks, e.g., component sizing and control
calibration. Modular design allows fast and low-cost development of new vehicular products. Volkswagen
develops a modular platform for the flexible development of its new electric and hybrid powertrains [23].
CHANGAN motor unveiled its brand new ‘Blue Core’ high-efficiency internal combustion engine (ICE)
series for hybrid vehicles on a modular platform [24]. Artificial intelligence has been deployed for hybrid
vehicles to allow global optimization, and this motivates the research into intelligent modular design.



3 of 7

There are two typical methods for modular design: two-level optimization and simultaneous
optimization. Two-level optimizations consider component sizing and control calibration as two separate
tasks. For component sizing, Pourabdollah et al. optimized a hybrid vehicle based on varying levels of
modelling details using the Convex Optimization (CO) [25]. The optimal component size of a hybrid system
considering the cost and battery life has been developed using the Nondominated Sorting Genetic Algorithm
(NSGA-II) [26]. For control parameters, Wang et al. optimized the control parameters for energy
management to minimize the daily cost using the dynamic programming (DP) [27]. Simultaneous
optimization deals with component sizing and control parameter optimization as integrity. Lv et al. found the
optimal combination of component size and control parameters considering the vehicle dynamic
performance, ride comfort and energy efficiency [28]. Zhou et al developed a modified accelerated particle
swarm optimization (MAPSO) algorithm for modular design considering the design variables which are from
discontinuously varying domains (e.g. integers) [29]. The results suggested that the proposed MAPSO can
achieve global optimal results in a more computationally efficient manner compared to both Pareto methods
(NSGA-II) and weighted-sum methods (PSO, APSO).

DoE-based models for vehicle product development are believed to be enhanced by the Digital Twin
(DT) [30,31] since DTs are not only digital models of the physical entities but also have Al functions
embedded to enable self-understanding, learning, and reasoning for R&D tasks [32]. Currently, most DT
research for vehicle applications mainly focuses on improving model accuracy [33] and data connection [34].
Li et al. incorporate an H-infinity filter with the PSO algorithm to improve the model accuracy of the digital
counterpart of batteries for EVs [33]. Venkatesan et al. developed a DT based on the ANN algorithm for
energy efficiency optimization of an EV motor system [35]. Liu et al. developed a DT of a transport system to
help autonomous vehicle decision-making with a fused sensor data [36]. Zhou et al. developed a DT of an
energy-harvesting shock absorber to optimize its design parameters using the PSO [37]. Zhou et al. proposed
a human-knowledge-augmented Gaussian process regression method to build a battery DT for the state-of-
health estimation [38]. It is essential for OEMs to attain robust and reliable design in the R&D stage
harnessing DT because it is impossible for vehicle manufacturers to monitor and control all vehicles centrally
through the centralized Cloud computing [30].

3. AI Methods for Powertrain Control

Offline optimization is capable to help OEMs pass the regulations defined by policymakers, but the
driving environment is much more unpredictable and more dynamically varying in real-world driving,
therefore, more adaptive online optimization methods are needed for the control of vehicle powertrains. The
most used online technique is the model-based predictive control (MPC), which runs the online optimization
in a rolling process based on a real-time model of the control targets [39]. Because the vehicle model is
normally fixed with offline calibrated results, MPC is less adaptive in non-calibrated conditions, e.g., in real-
world driving [40]. Therefore, advanced EMSs that have the capability of self-learning are in urgent demand
to help automakers comply with legislation and improve their customer satisfaction.

Learning-based vehicle control techniques are significantly superior to conventional rule-based and
model-based methods. Reinforcement learning (RL) is an emerging and promising technology for the online
optimal control [41]. It is a plant-model-free method based on Bellman’s theory [42], which updates its
knowledge base on reinforcement information to fulfil online optimization in unknown environments [43].
The effectiveness of RL has been demonstrated in various vehicle control applications [44]. Remarkable
improvements in vehicle energy efficiency have been achieved by RL methods, e.g. Q-learning [45], double
Q-learning [46], and multiple-step Q-learning [47]. Most research on RL-based power management control
focuses on learning from scratch. This requires a long time to develop a proper control policy in real-world
interactions.

In recent years, multi-mode PHEV has been developed as a new powertrain topology to allow the
vehicle operates in pure battery mode, series hybrid mode, and parallel hybrid mode flexibility for maximum
fuel economy [47]. This powertrain topology has been widely adopted by OEMs and T1 suppliers worldwide,
e.g., Honda, BYD, and MAHLE [48]. Distinguished from the control of series or parallel HEVs, the control
of the engine, generator, and traction motor cannot be coupled, and multi-inputs-multi-outputs (MIMO)
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control is required. This new requirement motivates the evolution from single-agent learning to multi-agent
learning because the multi-agent system offers a feasible path for the MIMO control [50]. MADRL
emphasizes the behaviors of multiple learning agents coexisting in a common environment with different
collaboration modes. Typically, there are three working modes between the RL agents: (1) cooperative mode,
(2) competitive mode, and (3) a mixture of the two [S1]. In cooperative scenarios, agents work together to
maximize a shared long-term return; in contrast, in competitive scenarios, agents’ returns typically add up to
zero; in mixed scenarios, there are general sum returns in both cooperative and competitive agents [52].
Because the RL-based EMS for MIMO control of multi-mode PHEV is new, more research work is expected
in recent years.

4. Research Outlook

Vehicle connection, automation, electrification, and sharing (CASE) are the future of road mobility
systems. The development of the Internet of Vehicles is promoting the new “living business” for automotive
companies, which is built on a new product development cycle that is driven by artificial intelligence,
Figure 2. Following the existing Al-driven design and control work, the key chain to close the autonomous
product development loop would be Al-driven product development. The enabling technology for Al-driven
product evolution is transfer learning based on highly generalized models.

Transfer learning is a paradigm which leverages the previously acquired knowledge (e.g., offline
optimization) to improve the efficiency and accuracy of learning in another domain (e.g., real-world driving).
This will allow the development of vehicle products with less R&D cost and time. The transferable
knowledge in automotive product development can be the optimal design parameters or control strategies. It
can be modelled by parametric or non-parametric methods. ANN [53] and fuzzy systems [54] are normally
developed for parametric modelling. Zhou et al. proposed a transfer learning framework based adaptive fuzzy
inference system (ANFIS) that enables online knowledge transfer by optimizing the control policy using the
Deep Deterministic Policy Gradient (DDPG) [55]. With significantly superior representation capability to the
parametric methods, the emerging Gaussian process regression (GPR) has been recognized as a promising
non-parametric method [56]. Zhou et al. combine the GPR model with the ANFIS controller to enable
transfer learning across worldwide driving cycles. An experimental study suggested that more than 27%
control utility can be improved through the proposed method [21].

Al-driven Product
Control evolution

Real-world information

Figure 2. Autonomous product development cycle.

5. Conclusions

This paper reviews the recent work on Al-based vehicle design and control and provides a research
outlook on the autonomous product development cycle based on the observation of the CASE revolution in
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the automotive industry. The conclusions drawn from the literature survey are as follows:
(1) Stages I and II Al methods have demonstrated strong capability to deal with offline optimization tasks in

automotive product development, e.g., system integration, component sizing, and control parameter
calibration. The technical readiness of Stages I and II AI methods are very close to commercialization.

(2) Stages III and IV Al methods show great potential to impact the current control of vehicle systems, providing
the strong capability to deal with nonlinear optimal control and adaption to the dynamic environment.
Further developments in hardware and IT communication are required to promote the commercialization of
Stage I1I and IV Al methods.

(3) Transfer learning, a higher-level IV intelligence is a promising future direction which will act as an enabling
technology to close the autonomous product development cycle. It will boost product evolution and reduce
the R&D cost and time and thus impact the future of the automotive industry.
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