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Summary 

Recently, the optimization of driving strategy has become a popular issue for battery electric vehicles 

(BEV) to increase their driving ranges. In this paper, an innovative approach for planning a driver-

individual driving strategy based on self-learning algorithm is proposed. Our approach enables the driver to 

travel a commonly used route more energy-efficiently within his average travel time. Two self-learning 

algorithms respectively based on dynamic programming and Q-learning have been developed and 

benchmarked for BEV in this study. The proposed self-learning driving strategy can be used as target 

velocity for Adaptive Cruise Control (ACC). 

Keywords: optimization, energy consumption, efficiency, strategy, control system 

1 Introduction 

The increasing energy demand has been a challenge to the limited energy resources on earth. To improve 

such a situation, the governments of several countries have committed themselves to reduce the greenhouse 

gas (GHG) emissions caused by using fossil energy sources. In the EU, emissions need to be reduced by at 

least 20% (from the 1990’s level) [1] [2]. To achieve this goal, the European automotive manufacturers 

have committed to limiting their fleet emissions of GHG to 95 g/km [3]. Since combustion vehicles (CV) 

depend on fuel combustion and cause relatively large emissions of GHG, the development of cars using 

alternative drive concepts such as hybrid electric vehicles (HEV) and battery electric vehicles (BEV) 

becomes more important. The main advantages of electric drives are the possibility of using renewable 

energies (such as wind, tidal and solar power) and the possibility to recuperate energy during deceleration.  

An investigation focusing on the GHG emissions of different vehicle types was performed by the non-profit 

organization Plug’n Drive. It acknowledged that HEVs and BEVs have substantially less GHG emissions in 

comparison to CVs [4]. It is worth emphasizing that the BEV got the best results regarding the GHG 

emission among all three vehicle concepts. However, since a BEV has limited driving range and requires 

long charging time [5], it is still not suitable for most use cases yet. Thus, reducing the energy consumption 

to improve the range of BEVs becomes an important issue. Due to this motivation, the development of 

optimal driving strategies as an effective solution for the issue takes a promising step forward [6]. 

To investigate the influence of the driving strategy on the vehicle’s energy efficiency, researchers examined 

the driving behavior of human drivers. A noted research project focusing on the impact of driving behavior 
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on energy consumption and driving range stated that the power consumption of a BEV may vary about 

nearly 30% [7].  

The driver chooses the driving strategy while driving manually, whereas it is determined by a vehicle’s 

longitudinal control system like ACC as soon as cruise control is enabled. The fundamental ACC 

functionality is based on robust control theory. The driver may change parameter values for the ACC to 

modify its behavior, including his preferred target velocity and desired time gap (headway distance) 

towards preceding obstacles. Once no preceding vehicles or obstacles are present on the route, the ACC 

maintains the vehicle at the driver-preferred target velocity. A change in the speed limit or different route’s 

topological profiles requires the driver to adjust the target velocity.  

Either way, the driver still maintains the task of the vehicle’s steering. Assuming a driver steers his vehicle 

with enabled ACC through a curve. In this case, the target velocity of ACC needs to be lowered to keep the 

lateral acceleration within safety limits. Since the required steer angle cannot be foreseen, the current 

velocity might be too high for this maneuver. Thus, the ACC determines an unexpected driving strategy for 

the driver that might force him to reclaim the vehicle’s control. To overcome this problem, predictive 

driving strategies are increasingly considered in recent years. Based on image recognition, Car2X 

communication and cloud services, predictive information about the upcoming diving environment is 

integrated into the ACC system, like the approach realized in Volkswagen Green Driving [8].  

Another example is Bosch Eco-ACC, which plans an energy-efficient deceleration strategy based on 

predictive route information [9]. Furthermore, Audi’s predictive efficiency assistant system switches off the 

motor in the case of an upcoming downhill route to realize an energy-efficient coasting [10]. However, 

these systems only determine a local energy-optimal driving strategy based on the restricted available 

information about the upcoming route without considering the impact of requirements of the global energy 

and time demand. Against this weakness, Porsche has developed InnoDrive system, which is able to plan a 

global optimized driving strategy based on detailed route information [11]. When the InnoDrive is taking 

over the vehicle’s longitudinal control, the driver also still participates in the driving process. In this case, 

the entire driving performance depends on the driver’s driving ability and the quality of the vehicle’s 

longitudinal driving strategy together. Due to the driver’s driving ability, the driving strategy determined by 

the InnoDrive might be critical in the case of a sharp curve.  

Porsche InnoDrive also provides the driver a limited number of operating modes, namely “sport”, “eco” 

and “comfort”. Unfortunately, they do not satisfy the diverse drivers’ needs when terms of the comfort, 

time and energy consumption conflict. Vehicles’ longitudinal control systems like the ACC or InnoDrive 

are generally designed as a convenience system rather than a safety system [12]. They do not engage the 

full braking potential of the vehicle in emergency cases. Due to the highly dynamic driving environment, a 

stronger deceleration than allowed might be required. In such a critical case, the system will automatically 

switch off and the driver has to perceive in time to reclaim the vehicle’s longitudinal control. Due to the 

over-reliance of the ACC and a loss of vigilance of the driver, an accident risk in this case might be caused 

[13]. 

We propose a new approach to plan a driver-individual driving strategy by observing and learning the 

driver’s preferences. Based on the sufficient knowledge about the driver’s preferences recorded from past 

trips in a known driving environment, our approach interprets the driver intention as his preferred velocity 

and acceleration on the route. The planned driving strategy can be used as the target velocity for the ACC 

or similar vehicle’s longitudinal control systems. In this study, two concepts of self-learning algorithms 

respectively based on dynamic programming (DP) and Q-learning (reinforcement learning) are developed 

to realize the approach. Both concepts are evaluated with the help of the simulated driving behavior for 

three scenarios: urban, extra-urban and motorway.  

Since the self-learning algorithms also need the vehicle’s energy consumption to evaluate the driving 

behavior, we use the model of a BEV’s drive train as an example. For evaluation, we prove the saving 

potential of the vehicle’s energy consumption. Thus, the algorithms are able to realize e.g. an energy-

efficient braking in diverse scenarios. From a general perspective, our approach is also transferable to other 

vehicle concepts like HEV and CV by adapting the model of the drive train respectively. In further research, 

the potential of our approach for other vehicle concepts will also be investigated, as well as its safety 

capabilities.  
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The following chapters focus on our working process as well as the research results. Chapter 2 introduces 

the concept of the driver model and the development of the simulation environment for the self-learning 

algorithms. The use of a statistical driver model Move3F is described. In Chapter 3, both concepts of the 

self-learning algorithms are introduced. Chapter 5 gives a summary of this study and an outlook for 

possible further research. 

2 Preliminaries 

To evaluate the approach of a planned self-learning driving strategy, an evaluation environment based on 

MATLAB/Simulink was developed. As mentioned in the latter chapter, the statistical driver model Move3F 

was used in this study to acquire driving profiles. To investigate the consumption-saving potential of our 

approach in different driving scenarios, artificial velocity profiles were generated. Based on the driver 

model, 300 trips for each scenario including urban, extra-urban and motorway were simulated. The three 

routes, each having a length of about 30km, were synthetically combined for our simulation to cover a 

larger variety of scenarios. Additional traffic participants were not yet included, in order to minimize 

disturbances. Two concepts respectively based on Q-learning and DP were benchmarked with the help an 

evaluation environment. This chapter focuses on the introduction to the driver model and the evaluation 

environment.  

2.1 Data preparation 

Following the 3F methodology that has been developed at the Technische Universität Braunschweig in 

1997, a generator of driving behavior had been set up called Move3F. Originally, 3F is a description 

method for the three factors that affect human driving behavior: the driver, the vehicle and the driving 

environment. By the distinction of three to four different characteristics for each of these factors, a total of 

48 different driving conditions are distinguished as shown in Fig. 1 [14]. Some characteristics are more 

likely to be constant over the time (e.g. vehicle’s physical limits), while others can more easily be predicted 

or assumed (e.g. course of the road) or rather be statistically (e.g. driver’s driving quality). Based on their 

properties, each factor is represented by an individual subsystem inside the Move3F model. 

To achieve the goal of a universal simulation environment, a modular architecture, including subsystems 

for driving behavior, driving environment and vehicle had been developed. The scheme of these 

subsystems is following the major axis of the 3F parameter space as shown in Fig. 1. Each subsystem can 

be adapted to the application of the simulation, focusing on different grades of output data. The model has 

been compiled on a large basis of recorded trips involving different drivers at different road, weather and 

daytime conditions. A large set of generated driving profiles is similar to a pool of recorded driving profiles 

in terms of load spectrum and the appearance of special conditions. [14]  

 

Figure 1: 3F-parameter space [14] 

The vehicle model is set up as a mathematical model representing the physical properties of the 

corresponding drive train. As a function of the current vehicle speed, acceleration and environmental forces, 

the model calculates the actual energy consumption of the simulated vehicle. Furthermore, it calculates the 

speed and acceleration of the following simulation step by considering its actual condition plus the driver’s 

control input (e.g. gear, accelerator and brake pedal position). The vehicle subsystem is also responsible for 

simulating the behavior of a real vehicle in a real environment as shown in Fig. 2. Its parameterization 

follows the measurement data of the corresponding real vehicle on the test bed [14]. 
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Among others, the vehicle subsystem requires data about the slope of the road. Therefore, the next 

subsystem represents the driving environment. Basically, it provides information about the road profile and 

environment. For the driver model, the upcoming speed limit, curvature and slope are acquired from a map 

database to calculate a speed guidance profile of the route. It can be used universally for different drivers 

[14].  

 

Figure 2: Vehicle model calculating the engine load as a function of vehicle speed, acceleration (and gear, for CV and 

HEV). Driver’s target speed also shown [14] 

The last subsystem relates to the driver behavior. Based on the actual course of the road, it calculates a 

target speed (see Fig. 3). The driver model performs different types of drivers by using different sets of 

parameters which are describing their behavior. For each individual driver, the parameter sets represent 

dynamic effects, e.g. traffic load, driver’s mood and the purpose of the trip, which are then used to calculate 

a target velocity. [14] 

 

Figure 3: Selection of the acceleration and deceleration behavior [14] 

 

Figure 4: Sample data of driving behaviors artificially generated by Move3F 

Once the target velocity is available, a second calculation process decides the position of the accelerator 

and brake pedal depending on the vehicle’s current velocity and the target velocity. Fig. 3 shows a sample 
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driving behavior set, including accelerations and decelerations. Each acceleration or deceleration is planned 

depending on the actual difference between the current and target velocity. The corresponding duration 

value represents the necessary period until the driver’s target velocity reaches the current speed guidance 

profile of the environment subsystem. In addition to the mathematical model, a statistical model modifies 

the target velocity to produce more realistic velocity trajectories. This procedure ensures that the generated 

speed profiles are not just exact copies of the observed driving behavior, but also rather distinguished in 

fine details (see Fig. 4). Then, the target velocity is forwarded to the vehicle subsystem in order to calculate 

the final velocity profile of the driving behavior. [14] 

For our simulation, velocity and energy consumption have been generated with the help of Move3F. In 

contrast to HEV and CV, a BEV does neither need complex operating strategy respecting the drive train 

capabilities, nor does it need a gearbox model for automatic or manual transmission. Due to this reason, the 

BEV vehicle model is the first choice to compute the energy demand for the simulation. The simulation 

environment and its related processes are illustrated in the following section. 

2.2 Simulation environment 

Inspired by a benchmark performed in [15] using Q-learning and DP techniques to enhance the operating 

strategy of HEVs, we developed the process shown in Fig. 5 for our simulation. Firstly, the human driving 

behavior was generated for a total of 900 trips, including 300 urban, 300 extra-urban trips and 300 

motorway trips for an individual driver. These behavior data were then handed over to the self-learning 

algorithms. The training process includes three test cases in accordance with the three scenarios. For each 

test case, one velocity profile was used to train the algorithm at each simulation iteration. After each 

training process, both algorithms planned a driving strategy for the simulation scenarios. In the last step, the 

energy consumption and the time demand of the latest planned driving strategy were compared to the 

average values as a benchmark of their saving potentials. 

 

Figure 5: Process flow of the simulation  

3 Self-learning driving strategy 

The critical scenario concerning an unexpected driving strategy for a curve has been illustrated in chapter 1. 

To avoid this scenario, we propose an approach consisting of observing, evaluating and learning the human 

driving behavior while driving frequently manually on the same route. In a further step, a driver-individual 

driving strategy can be planned by our approach. This strategy can be used as the target velocity for the 

ACC. 

To evaluate our approach, two self-learning algorithms respectively based on the DP and the Q-learning 

have been developed. For frequent trips, e.g. a driver’s daily trip to work, the planned driving strategy 

guarantees an energy-efficient trip within the driver’s average travel time. 

The planning of the driving strategy in this study is abstracted as a selection of vehicle’s 

velocities/accelerations on a segmented route (see Fig. 6). The route was segmented by discrete reference 

points with a fixed length of exactly one meter. For each segment, the algorithm observes the 

velocity/acceleration selected by the human driver. Based on the required time and energy consumption, the 

algorithm scores the driving behavior after the trip. Thus, an optimal driving strategy for the route can be 

planned by combining the highest scored driving behavior for each segment into a trajectory.  
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Figure 6: Decision tree of velocity selection 

3.1 The algorithm based on dynamic programming 

Firstly, dynamic programming (DP) was benchmarked. It is a typical solution to solve optimization 

problems satisfying Bellman’s Principle of Optimality [16]. Depending on the segment points, the driving 

behavior is divided into a group of velocities. Thus, a weighted directed acyclic graph (DAG) is built to 

describe the driver’s velocity selection (see Fig. 7). The DAG is comprised of nodes and edges at several 

layers. Each layer represents one segment points. The nodes of each layer represent observed velocities for 

the segment point. On every edge of the DAG, two scores St and Sc are calculated based on the required 

travel time and the vehicle consumption. DP consists of two working processes: learning and planning. 

Before learning, the scores of each edge are combined into a joint score following formula (1): 

 
ct stweightstweight=s  )_1(_   (1) 

All joint scores will be added to the upcoming node of the current edges. The initial node v0 always has a 

score of zero. Other nodes are initially scored with Infinity. When the sum of the joint score of the edge and 

the score of the upcoming node is less than the current score of the upcoming node, the score of the node 

will be replaced by the sum. Otherwise, this joint score will be ignored. This process guarantees that each 

node only recognizes its lowest scored parent edge by saving the sum of its own score and the joint score of 

the edge. It can be assumed that the entire driving strategy is divided into a group of local driving strategies 

based on the segment points. Each local driving strategy is then represented by an edge of the DAG. Based 

on the approach of DP, this means that for all selected velocities only the local optimal driving strategy is 

learnt and saved in the knowledge base. After the learning process, the second process planning focuses on 

planning an optimal driving strategy by selecting the velocity value rated with the minimal score of each 

layer of the DAG. The DP algorithm plans the optimal driving strategy for the entire route by combing 

local optimal driving activities for each route segment. 

 

Figure 7: Weighted DAG of dynamic programming 
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3.2 The algorithm based on Q-learning 

The second concept of self-learning algorithm is based on Q-learning, which is a classic model-free 

technique of reinforcement learning. It is very suitable to find an optimal action-selection policy for finite 

Markov decision processes [17]. This algorithm is usually utilized in the field of robot control. A typical 

example is a robot inside a labyrinth. The robot represents a learning agent, which attempts to move one 

step further in one of four directions up and down, left and right (representing an activity). The robot knows 

its position as the current state of the learning agent. After each movement, the completed activity is 

evaluated based on the current distance between the robot’s position and the exit (as feedback) of the 

labyrinth (as environment). The algorithm doesn’t need to model the learning agent itself. It builds an 

assessment process to evaluate the quality of the completed activities based on the feedback from the 

environment. For a positive feedback, the learning agent gets a reward (or punishment) to reinforce (or 

weaken) its memory of the completed activity. Once sufficient attempts have been carried out, the best 

route containing the minimal number of steps can possibly be found based on the rewards. 

 

Figure 8: Process flow of the Q-learning algorithm 

In our application, the learning agent is represented by the vehicle. For normal Q-learning, the learning 

agent attempts to perform the activity by itself. In this study, the driver is considered as an activity 

generator, since this algorithm is designed to learn his driving behavior. The state of the learning agent is 

decided by the vehicle’s position (its current segment point on the route) and its velocity. The activity of the 

learning agent is represented by the vehicle’s average acceleration for the route segment. Different 

accelerations and initial velocities cause different time and energy consumption to achieve the segment trip. 

Here, the time and energy values are used together as feedback from the environment to evaluate the 

completed activity of the learning agent. A Q-value is used to quantify the reward (or punishment). Fig. 8 

introduces the process flow of the Q-learning algorithm. 

 

Figure 9: Weighted DAG of Q-learning 
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Fig. 9). This DAG also has a multilayer structure with nodes and edges. Each edge represents an observed 

average acceleration for the route segment, which is scored by a Q-value. 

The Q-learning algorithm also has learning and planning processes. The learning process is completed by 

updating the Q-values. A temporal difference learning strategy is used to reinforce better activities [17]. We 

define 𝑄(𝑠, 𝑎) as the Q-value to take an action 𝑎 in state 𝑠. Initially, the Q-value of the activity is scored 

by a basic reward. This value is later updated based on the maximal Q-value of the best possible activity in 

the upcoming states. This process is mathematically represented in equation (2): 

 )),(max(),(),( 1 asQrasQ=asQ ttttt     (2) 

In this equation, the parameter  ϵ [0 1] represents the learning rate and the parameter  ϵ [0 1] represents 

a discount factor to guarantee the convergence of the Q-value update. The parameter r represents the 

reward of the completed activity. In our algorithm, the reward is calculated by the basic constant reward 

𝑟𝐵𝑎𝑠𝑖𝑐 and the current vehicle consumption of the completed driving activity 𝑐𝐶𝑢𝑟𝑟𝑒𝑛𝑡 and the driver’s 

average consumption profile 𝑐𝐴𝑣𝑒𝑟𝑎𝑔𝑒: 

 

Average

CurrentAverage

BasicBasic
c

cc
rr=r


  

 
(3) 

The activity is initialized with a negative value (punishment), once the driver’s partial driving behavior up 

to the current vehicle position (the current segment point on the route) causes a longer travel time than the 

driver’s average time profile. All updated Q-values are saved in the knowledge base of the algorithm. Based 

on the Q-values, the algorithm plans an optimal driving strategy by combining the driving activities 

(accelerations) for each route segment with maximal Q-values. 

4 Evaluation 

4.1 Benchmark of saving potential 

As introduced in the section 2.2, the evaluation process repeats iteratively. The driving profiles of 900 trips 

at three different scenarios are used to investigate the self-learning algorithms. At each iteration, the current 

trip is used to train both algorithms. After the training process, each self-learning algorithm plans its 

energy-efficient driving strategy, which is then evaluated in terms of energy consumption and travel time. 

All the configuration parameters of both algorithms have been optimized (see Fig. 10-11). In the following 

sections, figures of the results are presented. 

  

Figure 10: Travel time of planned driving strategy (extra-

urban) by DP (weight_t = 0.1) and by Q-learning (,= 0.001) 

Figure 11: Consumption optimization (extra-urban) 

by DP (weight_t = 0.1) and by Q-learning (,= 

0.001) 

Fig. 10 shows the caused travel time by planned extra-urban driving strategies for all 300 learning iterations. 

It can be seen that the required travel time (blue and yellow) is less than the driver’s average travel time 
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(orange line). That means, both algorithms guarantee the driver to travel within his average travel time. 

Besides the time advantage, dynamic programming also shows its significant advantage in energy saving. 

As shown in Fig. 11, we can see that almost 9.8% of the energy consumption can be saved by using 

dynamic programming (compare to the driver’s average profile).  

  

Figure 12: Consumption optimization (urban) by DP 

(weight_t = 0.01) and by Q-learning (,= 0.001) 

Figure 13: Consumption optimization (motorway) by DP 

(weight_t = 0.3) and by Q-learning (,= 0.001) 

The algorithm based on the Q-learning guarantees a saving potential of vehicle consumption up to about 

16.5%, namely 6.7% more than the algorithm based on dynamic programming. A similar evaluation was 

also performed for the urban scenario. After 300 learning iterations, the algorithm based on DP achieves an 

energy saving potential of nearly 20% (see Fig. 12). In comparison, the Q-learning algorithm has a 

significant higher learning rate at the beginning. Furthermore, the Q-learning also has more saving potential 

in the urban scenario of about 26%. It is worth emphasizing that the planned urban driving strategy is 

usually not realizable for the vehicle’s control system due to the occurrence of a complex traffic scenario 

through preceding obstacle, pedestrians, traffic lights and intersections. These influences were not yet 

considered in our simulation.  

The last test case was performed on a motorway. As shown in Fig. 13, the DP algorithm achieved a saving 

potential of about 6.5%. The approach based on Q-learning shows significantly a better saving potential of 

about 11%. The potential depends on the quality and quantity of observed driving behavior data for training 

the algorithms. In case of more qualified data, the algorithms admit for further improvement. 

4.2 Summary 

In this work, two algorithms respectively based on the dynamic programming and the Q-learning were 

evaluated with the help of 900 artificial generated velocity profiles using the statistical driving model 

Move3F. For three different scenarios, both algorithms were successful in realizing energy savings. The Q-

learning algorithm has a significant higher saving potential than the DP. Both algorithms guarantee that the 

driver achieves his travel within his average travel time. 

5 Conclusion and outlook 

5.1 Conclusion 

The evaluation results show a significant potential of enhancing the driving strategy for ACC or similar 

longitudinal control systems. The DP only updates the knowledge base, once a better local driving activity 

is detected. Such an approach requires less computing power, but also loses some saving possibilities. 

Different to the DP, the Q-learning algorithm evaluates all observed driving activities. Such a concept 

achieves a significant higher saving potential of about 6% in average (for all three scenarios). However, the 

Q-learning algorithm also requires more computing power.  
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The planned driving strategy can be used as target velocities for the ACC or similar vehicle’s longitudinal 

control systems. Since the driving strategy is learnt from the driver’s past driving behavior, an unexpected 

driving strategy in the critical scenarios is filtered out (see chapter 1). The evaluation result shows that the 

utilization of self-learning algorithm has a significant advantage for enhancing the vehicle’s control system. 

But such approach requires increasingly more computer power, which is unfortunately limited by the 

vehicle’s control unit (e.g. ECU). This requirement challenges the current concept of vehicle’s on-board 

control systems. An innovative idea is proposed in the outlook of this paper as a possible approach for 

solving this problem. 

5.2 Outlook 

In this study, we have evaluated the algorithm’s potential of saving consumption for a BEV. It will be an 

interesting issue for benchmarking the potentials for other vehicle concepts like HEV or CV by using the 

developed algorithms in further steps. 

The self-learning algorithm for planning an energy-efficient driving strategy is designed to be used as a 

generator of the target velocity for the ACC. From an abstract perspective, the approach in this study can be 

seen that a knowledge-based system is integrated into a system based on classic control theory. To realize 

such a goal, recent approaches have been developed based on the idea of adding a knowledge-based system 

into the control loop. Since the controller works in a timeframe within milliseconds, these approaches 

require that the knowledge-based system also works within milliseconds. This requirement challenges the 

computing capability of the knowledge-based system, since such a system is usually designed to process 

big data and requires high computing power.  

The control systems work on the vehicle’s control units, e.g. the ECU. Such control units have limited 

computing power. Thus, the original concept by adding the knowledge-based system into the control loop 

might cause a new problem of required computing resource. Due to the increasing complexity of the 

vehicle’ control systems, this problem is getting worse. For this purpose, we propose here a new concept 

for integrating the knowledge-based system and the control system. Fig. 14 shows the structure of the new 

concept. 

 

Figure 14: Future architecture concept following the MAPE-K architecture 

In this concept, a software architecture MAPE-K for autonomic computing is used to describe the structure 

of the knowledge-based system [18]. An interface between the control system and the knowledge-based 

system is designed wherein the control system still clocks in the timeframe of milliseconds. The 
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knowledge-based system continually records the real data from the control system. Based on the context of 

the control system, the knowledge-based system learns the user’s preferences like the driver’s preferred 

driving behavior for the application of the ACC. All the learnt knowledge is sorted and saved in the 

knowledge base. The knowledge-based system then makes a decision for planning a long-term context-

based strategy based on its own experiences and knowledge to fulfil the user’s preferences.  

The planned context-based strategy is then transferred into the control system. An additional component 

strategy converter (inside the control loop) processes the context-based long-term strategy into the time-

based short-term strategy, which is provided to the original control system without disturbance of the 

control performance. Thus, the knowledge-based system doesn’t work with respect to time. It realizes a 

context-based long-term management for the control system. The original control system is still able to 

work with respect to time. Once the new planned long-term strategy becomes available, the control system 

adjusts itself with the help of the short-term strategy of the strategy converter.  

For this architecture, the knowledge-based system does not stay in the control loop and does not require 

high on-board computing power. With the help of external computing resource like cloud services, the both 

systems can work smoothly. The further development and evaluation of this concept are also included in 

our future work. 
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