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Abstract: The rapid development of automated vehicle technology requires reasonable test scenarios
and comprehensive evaluation methods. This paper proposes an evaluation method for automated
vehicles combining subjective and objective factors. First, we propose a method for automatically
generating test scenarios and for batch testing autonomous vehicles. Then, the use of the target layer,
total index layer, and index layer of automated vehicles is proposed to establish a more comprehen-
sive evaluation system for automated vehicles. Specifically, the analytic hierarchy process (AHP,
subjective) and improved criteria importance though intercriteria correlation (CRITIC, objective)
methods are used to determine the weight of the indicators, and a two-level fuzzy comprehensive
(subjective and objective) evaluation method is adopted to comprehensively evaluate the performance
of the automated vehicles. Finally, the effectiveness of the proposed evaluation method combining
subjective and objective factors is verified through virtual simulations and real-world experiments.
Through a combination of subjective and objective methods, improved results can be obtained for
safety, efficiency, economy, intelligence, and comfort tests.

Keywords: automated vehicles; evaluation; improved CRITIC; two-level fuzzy

1. Introduction
1.1. Motivation

At present, the automobile industry is moving towards automation and intelligence,
attracting the attention of governments and research institutes around the world. However,
with the expansion of automatic driving technology, automatic driving systems are becom-
ing more complex and potentially dangerous [1]. Like many systems, automated vehicles
may experience software or hardware failures that prevent them from completing tasks
and may even cause harm to passengers and pedestrians [2]. Therefore, the testing and
evaluation of autonomous driving functions have become an important foundation in the
development of automated vehicles [3]. However, there is no complete standard or policy
for reference for evaluation index systems for automated vehicle testing [4]. Qualitative
evaluation methods exhibit a lack of subjectivity in determining the weight of evaluation
indicators [5], while some quantitative evaluation methods do not consider the subjective
will of decision makers in the evaluation process [6]. In the light of these analytical gaps,
it is necessary to design and propose a subjective and objective evaluation method for
automated vehicles [7].

1.2. Literature Review
1.2.1. Test Scenario Data and Test Scenario Construction Methods

Scenarios play an important role in the entire testing process and are an important
component of testing the performance of automated vehicles [8]. Automated driving test
scenario data include real data, simulation data, and expert experience data [9]. Real data
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mainly include natural driving data, traffic accident data, and open road test data. Simula-
tion data include driving simulator data and simulation data [10]. Expert experience data
contain the scene element information obtained from previous test experience knowledge
based on standards and regulations. At present, the main data sources for automated
vehicle testing are natural driving data and traffic accident data [11]. This paper focuses
on these two types of data. For scenario-based simulation testing, the key foundation
is to generate automatic driving test scenarios that can make vehicle running scenarios
consistent with real scenarios. According to the development process of each stage in the
15026262 standard, the German PEGASUS project proposed requirements for scenarios in
different stages and divided the scenarios into three categories [12]: functional scenarios in
the conceptual design stage, logical scenarios in the system development stage, and specific
scenarios in the test verification stage, laying the foundation for the structured generation
of automatic driving test scenarios.

Gelder et al. parameterized natural driving data and determined the parameter space
of the logical scenario, laying the foundation for the generation of test cases [13]. Lietal. put
forward a framework for verifying, testing, and confirming autopilot functions, described
the autopilot scene with ontology [14], and converted the scene into an input model for
combined testing with two algorithms, thus generating the parameters required for specific
scenarios. Menzel et al. transformed a function scenario described based on keywords into
a logic scenario represented by parameter space, and they then restricted the parameter
values [15]. The authors also transformed the logic scenario into the data format required
for simulation testing, providing a basis for the generation of specific scenarios. Existing
scenario generation methods focus on the parameter ranges needed to generate logical
scenarios. This paper further sets parameters based on logical scenarios using functional
scenarios and implements the batch generation of specific scenarios through parametric
design.

1.2.2. Evaluation Methods for Automated Vehicle Testing

Zheng et al. put forward a comprehensive evaluation method to evaluate the smooth-
ness of automated vehicles under braking conditions. The comfort index (CI) value was
used to quantitatively express the smoothness of the vehicles, and then the CI value was
divided into intervals. In the experiment, different brake pressures were used to obtain
multiple groups of CI values. The two-dimensional table of CI and time was observed
to analyze the smoothness of automated vehicles during braking [16]. Bachmann et al.
proposed a method to evaluate the perception of automated vehicles in 1/10 urban scenes
by comparing the percentage of time required to cross the lane line with full sensors and
with one sensor missing; they evaluated and compared the positioning of target detectors
and various sensor fusion configurations based on cameras and LiDAR [17]. Niu et al.
selected 21 evaluation indicators based on aspects such as environmental awareness and
positioning accuracy, communication and transmission capabilities, application scenarios,
decision control effectiveness, and system adaptability; they proposed an evaluation index
system for the vehicle information and communication system (VICS). Using a combination
of the analytic hierarchy process and the entropy method, an evaluation framework for
a multimode communication VICS was established [18]. Ito et al. considered subjective
evaluation indicators in vehicle detection using intersection over union (IoU) and con-
ducted subjective evaluation experiments for real ground registration errors in vehicle
detection [19]. Dong et al. combined gray correlation analysis with an improved analyt-
ical hierarchy process (AHP) to evaluate the intelligent turning behavior of unmanned
vehicles. Applying an evaluation index system for intelligent turn-around behavior, an
improved AHP method was used to determine the weight of each evaluation index, and
a grey correlation analysis evaluation model was used for evaluation [20]. Zhao et al.
explored the relationship between subjective evaluation and objective indicators of vehicles’
dynamic performance and established an overall subjective evaluation model based on a
probabilistic neural network (PNN) to evaluate vehicle dynamic performance [21]. Kim
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et al. used road information to develop assessment scenarios and study the evaluation
criteria for control systems between vehicles and infrastructure [22].

1.3. Contribution and Section Arrangement

Most existing evaluation methods for automated vehicles use qualitative evaluation
methods, while few quantitative evaluation methods are used. Additionally, most of the
existing evaluation methods focus on the performance evaluation of a certain vehicle
system [23,24] or on a unilateral performance evaluation of the vehicle (such as an intelli-
gence evaluation [25], comfort evaluation [26], or safety evaluation [27]), and few experts
pay attention to the vehicle’s comprehensive performance in the existing evaluations of
automatic driving systems. Therefore, an evaluation method combining subjective and
objective factors is designed and proposed to evaluate the comprehensive performance
of automated vehicles. Specifically, the virtual test scenarios are first built in PreScan to
test the automated vehicles, and the automated vehicles are defined based on the certain
parameters and behavior characteristics. Then, according to the specific performance and
corresponding weight of the automated vehicles in the test scenarios, an evaluation method
combining subjective and objective factors is designed. Finally, some virtual simulations
and real experiments are used to verify the effectiveness and feasibility of the proposed
method.

Based on the above analysis of methods, this paper proposes an evaluation method
for automated vehicles combining subjective and objective factors. The main contributions
of this paper are as follows:

1.  The five evaluation dimensions of safety, efficiency, economy;, intelligence, and com-
fort, as well as 13 indicators, are applied to establish a more comprehensive evaluation
system for automated vehicles.

2. AHP (subjective) and improved CTITIC (objective) methods are combined to deter-
mine the weights of indicators, and a two-level fuzzy comprehensive (subjective and
objective) evaluation method is adopted to comprehensively evaluate the performance
of automated vehicles.

3. Anevaluation method combining subjective and objective factors is proposed to obtain
more reasonable vehicle performance test results and achieve a more comprehensive
and effective evaluation of automated vehicles.

The organization of this work is as follows: Section 1 introduces the research signifi-
cance and current status of automated vehicle testing and evaluation. Section 2 introduces
an automatic generation method for scenarios. Section 3 proposes a subjective and objective
method for evaluating automated vehicles. Section 4 validates the subjective and objective
evaluation methods. Section 5 summarizes the research content and the innovations of this

paper.

2. Automatic Generation of Test Scenarios

Traditional test scenarios are generated manually and are relatively inefficient [28,29].
At the same time, when various scenarios and complex parameters are tested, the amount
of testing is relatively large, and the manual generation method described above con-
sumes significant manpower [30]. Against this background, the present study proposes
an automatic scenario generation method to realize automatic scene generation and batch
testing.

2.1. Scene Element Classification

Generating automated test scenarios is the foundation and prerequisite for testing
automated vehicles. In order to cover the test scenarios for automated vehicles as compre-
hensively as possible, the scene elements that make up the test scenarios are first classified,
as shown in Figure 1.



Machines 2023, 11, 597

4 0f22

Straight at noon,

Illumination oblique at dusk, at
night, etc
Weather Sunny, cl.oudy, snowy,
rainy, etc
Road sections,
Wl iyipe intersections, etc
Pavement material Sand, asphalt, cement,

Road wetness

Type of traffic
participants

etc

Dry, wet, etc

Pedestrians, non motor
vehicles, motor vehicles,
etc

Direction of Straight, turn, cut in, cut
travel out, etc

Status of traffic
participants

Uniform speed,
acceleration,
deceleration, etc

Travel speed

Transverse Left, right

Location of traffic
participants

Portrait Front, rear

Temporary road
construction,
roadblocks, etc

Signboards, signal
lights, etc

Figure 1. Classification of scene elements.

2.2. Automatic Generation of Test Scenarios

The generation of test scenarios is the key to testing automated vehicles. According
to the abstraction level of each scenario, the test scenarios were divided into functional
scenarios, logical scenarios, and specific scenarios; the more specific the scenarios, the
greater the number of scenarios. The schematic diagram for automatically generating
test scenarios is shown in Figure 2. Here, (1) the functional scenarios are determined
through scene elements, (2) the logical scenarios are obtained by parameterizing some scene
elements in the functional scenarios, (3) the specific scenarios are obtained by specifying
parameters in the logical scenarios, (4) the parameters are encoded, and simulation software
is used to parse the encoding and to build test scenarios using the relevant scripts. The
above steps proposed in this paper can realize the automatic generation of test scenarios
(See Figure 2).

More specifically, the automatic scenario generation method can be used to plan the
lowest-cost driving route for vehicles from the current location to the target location based
on global path planning. Through the environmental perception module, the surrounding
environmental information, including static and dynamic targets, is detected by LiDAR
and millimeter wave radar, and the information is fused. Through the decision-making
module, decisions such as following, changing lanes, and overtaking are made based on
the current surrounding environmental information. Through the planning and control
module, a safe space (variable lane space) is planned based on the instructions issued by
the decision-making module. The above analysis was used to complete the design and
development of the automatic scenario generation method. The key information in Figure 2
is as follows:

(1) Functional Scenarios Based on Scene Elements

Functional scenarios describe test scenarios in textual form, extending from the clas-
sification of scenario elements. By integrating natural environmental information, road
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information, traffic participant information, and traffic sign information, three typical
functional scenarios are identified: vehicle-pedestrian, vehicle-non-motor vehicle, and

vehicle-motor vehicle. A schematic diagram of typical functional scenarios is shown in
Table 1.

Table 1. Typical functional scenarios.

A: Vehicle-Pedestrian Typical B: Vehicle-Non-Motor Vehicle C: Vehicle-Motor Vehicle
Number . . . . .
Scenarios Typical Scenarios Typical Scenarios
I
| 0
! | l !
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Ll =t & |
i i i
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(2) Logical Scenarios Based on Functional Scenarios

Logical scenarios are used to quantify the unassigned elements in the function scenario
and set the parameter space. The functional scenarios of the above three typical scenarios
of vehicle-pedestrian, vehicle-non-motor vehicle, and vehicle-motor vehicle are analyzed.
First, the speed ranges of vehicles and traffic participants on different roads are determined.
Second, the initial position and driving direction of the traffic participants are set through a
simulation test. Here, the speed of the participants is the maximum of the speed interval,
and, when the vehicles collide with the participants, the position is the collision boundary.
Finally, the space of scene parameters is determined to obtain the typical logical scenarios.
Since the specific logical scenarios are similar to the functional scenarios, figures are not
shown in this section.

(3) Specific Scenarios Based on Logical Scenarios

According to the space of the scene parameters in the logical scenarios, the specific
parameters of the scene elements are set and recombined to obtain the specific scenarios.
Specific scenarios for the three typical scenes are as follows: vehicle-pedestrian, vehicle—
non-motor vehicle, and vehicle-motor vehicle. The specific scenarios generated here are
also similar to the functional scenarios.

(4) Automatic Generation of Specific Scenarios

To improve the efficiency of constructing the test scenarios, the functional scenarios
are used as the basic scenarios. Then, each test only requires changing the parameters
of elements not assigned in the functional scenarios of the basic scenarios according to
the parameter space in the logical scenarios. In the simulation software, parameters are
read through scripted design, and values are assigned to elements in the scene, such as
the location of the traffic participants, the speed of traffic participants, etc., to achieve the
automatic generation of test scenarios. An example scenario generated using a typical
vehicle—vehicle scenario is shown in Figure 3.
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Figure 2. Schematic diagram for the automatic generation of test scenarios.

Figure 3. Generation of specific scenarios.

2.3. Batch Testing

After the test scenarios are generated, it is necessary to test the scenarios to verify
the effectiveness of the automatic generation of the test scenarios. In order to improve the
testing efficiency, batch testing is adopted. Here, the AEB (automatic emergency braking)
test is used an example to complete the batch testing of the generated scenarios. As shown
in Figure 4, the test vehicle travels in a straight line at a constant speed of V1 m/s, and the
vehicle in front travels in a straight line at a constant speed of V2 m/s, where L represents
the initial distance between the test vehicle and the vehicle in front.

Figure 4. AEB test scenario.

The TTC (time to collision) is calculated in real time using the control model established
in the Simulink. When TTC < 1.6 s, the test vehicle starts to partially brake, and when
TTC < 0.6 s, the test vehicle starts to fully brake. When the longitudinal distance between
two vehicles in the same lane is 0, the vehicles are considered to have collided. Some test
results are shown in Table 2.
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Table 2. Some test results.

Number of Tests V1 (m/s) V2 (m/s) L (m) Test Results
15.0 14.0 6.0 Pass
1 15.0 13.9 6.0 Pass
15.0 13.8 6.0 Pass
15.0 13.7 6.0 Fail
5 15.0 13.7 6.1 Fail
15.0 13.7 6.2 Pass
14.1 13.7 6.1 Pass
3 14.2 13.7 6.1 Pass
14.3 13.7 6.1 Pass
14.4 13.7 6.1 Fail

The batch testing results show that the automatic generation method for test scenarios
proposed in this paper is effective. This method was able to improve the efficiency of the
test and quickly find the security boundaries of vehicles during operation after testing.

3. Comprehensive Evaluation Combining Subjective and Objective Methods

Comprehensive evaluation refers to the method of determining an evaluation index
system based on the evaluation object and evaluation objectives [31] and using certain
mathematical methods to convert multiple evaluation indicators into an index that can
characterize the comprehensive performance of the evaluation object [32,33]. The per-
formance of automated vehicles is affected by the driving system, environment, etc. In
order to comprehensively evaluate the performance of automated vehicles, we designed a
comprehensive evaluation method combining subjective and objective factors. The process
of the comprehensive evaluation is shown in Figure 5.

start

Determining the evaluation objectives of
autonomous vehicles

Establishing evaluation index system

Determining indicator weight No

Determining the evaluation method

Establishing evaluation model and get
evaluation results

Whether the goal is achieved

Yes

end

Figure 5. Comprehensive evaluation process.
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3.1. Establishment of an Evaluation Index System for Automated Vehicles

The design and development of an evaluation method for automated vehicles should
comprehensively consider perception, decision-making, planning, and control capabili-
ties. According to the principles for selecting the indicators mentioned above, this paper
evaluates the performance of automated vehicles based on five aspects: safety, efficiency,
economy, intelligence, and comfort. The comprehensive evaluation system for automated
vehicles proposed and established in this paper is shown in Figure 6, where the target
layer is the comprehensive evaluation of automated vehicles, the total index layer includes
5 overall indicators (safety, efficiency, economy, intelligence, and comfort), and the index
layer includes 13 indicators.

The total index layer Index layer

| Avoid safe distance |

Automated vehicle
evaluation

> Driving safety | Speed when avoiding |
| Headway distribution |
| Duration of lane change |
> Efficiency
| Travel time of specific distance |
| Average throttle change rate |
> Economy
| Standard deviation of engine speed |
Relative distance to obstacle
> Intelligent
Maximum distance from lane centerline when
lane is maintained
| Peak yaw rate |
| Peak lateral acceleration |
> Comfort

| Peak longitudinal acceleration |

| Peak Vertical acceleration |

Figure 6. Evaluation index system for automated vehicles.

3.2. Determination of Index Weights

Determining the weight coefficients of the evaluation indicators is the core of compre-
hensive evaluation, and it has a direct impact on the quality of the evaluation results [34,35].
Therefore, after determining the comprehensive evaluation system for automated vehicles,
the weight coefficients of the evaluation indicators should be determined first. For the
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total index layer of automated vehicles, considering that it is difficult to quantify the index
numerically, a subjective weighting method (analytic hierarchy process, AHP) is adopted
to determine the weight value. For the index layer, the indicators can be expressed via
numerical quantification and analyzed based on the correlation between data and the
volatility of data (criteria importance though intercriteria correlation, CRITIC). The CRITIC
method combines the correlation coefficient and contrast strength between indicators to
calculate the weight coefficient [36,37]. Specifically, the correlation coefficient is used to
express the conflict between indicators, and the contrast strength is reflected through the
standard deviation.

3.2.1. AHP Method for Determining the Weight of the Total Index Layer

The indicators of the total index layer are compared in pairs, and index importance is
assigned to complete the construction of the judgment matrix Q:

qu1 qg12 - Gin
21 g2 -+ G2n

Q=[] = e @
gn1 gn2 " qnn

where g;; is the result of comparing indicator Q; with indicator Q;, and the judgment matrix
Q has the following properties:

S =1/q;;
{ AR @
Tii = 4qjj =
First, the judgment matrix Q is normalized according to the column vector:
— qij
qij = 3)
LD YRy
Second, the normalized matrix is summed by rows to obtain the sum vector W:
— =
w bl @
W= (wlerr e rw'rl)

Finally, the indicator weight vector of the total index layer W is obtained by normaliz-

ing the W: - .
ST ELe )
W: (w1!w2! e rwi’l)

3.2.2. Improved CRITIC Method for Determining the Weight of the Index Layer

The traditional CRITIC method uses the Pearson correlation coefficient, but the condi-
tions for the use of the Pearson correlation coefficient are relatively strict. Consequently,
this paper proposes an improved CRITIC method to determine the indicator weights of
the index layer. In the improved CRITIC method, discrete coefficients are used to replace
the standard deviation to measure the volatility of data to determine the contrast strength
between indicators, and the Spearman correlation coefficients are used to replace the Pear-
son correlation coefficients to measure the correlation between indicators. The improved
CRITIC method process is shown in Figure 7.

1) Data 2) Calculating 3) Calculating 4 Calcglgtmg 5) Calculating 6) Determining
. . . . . conflicting o
dimensionless —| the dispersion —»{ correlation . »( the amount of indicators
. L . quantized . . .
processing coefficients coefficients values information weight value

Figure 7. Improved CRITIC method.
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Assuming that there are n evaluation objects, and each evaluation object has m evalua-
tion indicators, the judgment matrix X can be obtained from Formula (6), and the weight
of the index layer can be obtained according to Figure 7, as follows:

X11 X120 Xip
X21  X22 ottt X2

X = [xif]mxn = : : .. : (6)
Xml Xn2 - Xmn

(1) Data dimensionless processing. Due to the different meanings and units repre-
sented by the various indicators in the index layer, the normalization process is carried out
as follows: (%)

xji — mean(x;j
xij/: el .Z] /i:1/2/"'1n&j:1r2r"'rm (7)
max(x;;) — min(x;;)

/ / !/

X111 X122 o X

/ ! !/

, , X210 X220 o X2p
X =[xl .= . — : (8)

/ / /

Xml  Xn2 - Xmn

where x;; is the data of the j-th indicator of the i-th evaluation object, max(x;;); mean(x;;)
and min(xi]') are the maximum, average, and minimum values of Xij, respectively, xi]" is
the normalized data of x;j, and X' is the normalized judgment matrix.

(2) Calculating the dispersion coefficients. The contrast strength between indicators
reflects the fluctuation of differences between indicators, which can be characterized by
discrete coefficients. The discrete coefficient Cy of the k-th indicator can be obtained as

follows:
—2
X (i — )
Sk = \/ p— )
C = 2k (10)
Xk/

where xTJ is the average value of the k-th indicator, and Sy is the standard deviation of the
k-th indicator.

(3) Calculating the correlation coefficients. According to the indicator value, the
evaluation objects are stored from small to large, and the position of the evaluation objects
after storing is represented by the rank. For example, if the evaluation objects are stored
based on the j-th indicator value, the rank of the i-th evaluation object can be expressed as
djj. The rank d; ; difference of the k-th and I-th indicators of the i-th evaluation object can

then be obtained as follows:
di g =dig—dy,k#1 (1)

The Spearman correlation coefficient Ry; for the k-th and I-th indicators can also be
obtained as follows: 5
6 i din

n(n?—1)
(4) Calculating conflicting quantized values. The quantitative value of conflict Hj
between the k-th indicator and other indicators can be obtained as follows:

Hi =) " Rk # (13)

Ry =1 kA1 (12)

(5) Calculating the amount of information. The information that the k-th indicator
provides is calculated as follows:
Mk = Ck X Hk (14)
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(6) Determining the indicator weight values. The weight of the k-th indicator can be
obtained from the above steps as follows:

M

Wy = =
k Z}T:] Mk

(15)

3.3. Determination of Evaluation Methods

As mentioned above, the evaluation index system for autonomous vehicles is a com-
plex system that includes the target layer, total index layer, and index layer. Considering
the relatively large number of indicators and the unclear relationship between indicators, a
two-level fuzzy comprehensive evaluation method is proposed in this paper. In the two-
level fuzzy comprehensive evaluation method, constructing the judgment matrix requires
experts to score the indicators. Due to the different technical levels of the experts, this paper
evaluates the comprehensive ability of experts from m aspects to determine the weighting
coefficient of the experts and obtain the final judgment matrix. The process of the two-level
fuzzy comprehensive evaluation method is shown in Figure 8.

Automated vehicles Automated vehicles
indicator set evaluation set

Expert weighting coefficient

Evaluation matrix of two-level indicator set

Weight coefficient of two-
level indicator set

Evaluation matrix of one-level indicator set

Weight coefficient of one-
level indicator set

Comprehensive evaluation

Figure 8. The two-level fuzzy comprehensive evaluation method.

The indicator set composed of # indicators in the index layer of automated vehicles is
u:
u:{ulIUZI"'/uVI} (16)

and the evaluation set of automated vehicles is V:
V= {V1/V2/"' /Vd} (17)

where d is the number of expert comments, and the corresponding scores for expert
comments are y = {uq, Uy, - , Uy}
The evaluation weight coefficient of the p-th expert is W):

m .
Lj=1%pj

Tl (18)
Y1 Xy X

Wy
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where x,; is the score of the p-th expert for the j-th indicator.
The judgment matrix of the two-level indicator set can be obtained as follows:

Rpl = {r;il),rélg, e /r;i}’)l} X Wp (19)
Ly W’”(rgl) ==0) Ly W”(rsl) ==0) Tyt wp(r;? ==

_ Zp—l Wp(r;:z) == vl) Ep—l Wp(r;lz) == 02) Ep—l WP (1/';(712) = Ud) 20)
T Wy(rl) == 1) Th Wolrlh ==02) -+ Thoy Wy(rih == vy)

where Ry; is the evaluation result of the two-level indicator set by the p-th expert, r’(]f) is
the rank of the i-th indicator in the two-level indicator set by the p-th expert, and R; is the
judgment matrix of & experts of the two-level indicator set.

The judgment matrix of the one-level indicator set can also be obtained as follows:

B;= A; x R; = {a§f>,a§i),- . ,agi>} x R; (21)

R=(By, By ,By)" (22)

where A; is the weight coefficient of the two-level indicator set, B; is the comprehensive
evaluation matrix of the two-level indicator set, and R is the judgment matrix of /1 experts
for the one-level indicator set.

Finally, the evaluation result matrix C of automated vehicles using the two-level fuzzy
comprehensive evaluation method can be obtained as follows:

B:AXR:(ﬂl,ﬂz,"',ak)XR (23)

C=BTux10 (24)

where A is the weight coefficient of the one-level indicator set, and B is the comprehensive
evaluation matrix of the one-level indicator set.

4. Examples of the Subjective and Objective Evaluation of Automated Vehicles

The testing and evaluation of automated vehicles can be performed on real roads or
in virtual environments [38]. Considering that several millions of test kilometers must be
completed to effectively test and evaluate automated vehicles [39], it can be concluded
that the real testing and evaluation of automated vehicles are limited by factors such as
cost, time, and scalability [40]. Thereby, the virtual environment was first adopted to test
and evaluate automated vehicles in this paper to verify the effectiveness of the proposed
method. Furthermore, in order to verify the effectiveness and feasibility of the proposed
method, the real vehicle is tested and evaluated as well.

4.1. Virtual Testing and Evaluation of Automated Vehicles

According to the automatic generation method for test scenarios, the traffic flow
scenarios were generated in PreScan, as shown in Figures 9-11. Then, the subjective and
objective comprehensive evaluation method was adopted to evaluate the comprehensive
performance of automated vehicles in traffic flow scenarios.
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Figure 9. Test scenario clip 1.

Figure 10. Test scenario clip 2.

Figure 11. Test scenario clip 3.

4.1.1. Determination of Index Weights

(1) Determination of Weights for the Total Index Layer

Experts were invited to determine the judgment matrix for the total index level
in the automated vehicle evaluation index system according to each indicator’s impor-
tance, as shown in Table 3. According to Formulas (1)-(5), the indicator weight vector

W = (0.41,0.14,0.15,0.05, 0.25)T of the total index layer was obtained.
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Table 3. Judgement matrix for the total index layer.

Index Safety Efficiency Economy Intelligence Comfort
Safety 1 4 3 6 2
Efficiency 1/4 1 1/2 7 1/3
Economy 1/3 2 1 3 1/2
Intelligence 1/6 1/7 1/3 1 1/4
Comfort 1/2 3 2 4 1

(2) Determination of Index Layer Weights

The improved CRITIC method was adopted to determine the indicator weights of the
index layer. The dimensionless treatment of indicators according to Formulas (6)—(8) is
shown in Table 4.

Table 4. Indicator dimensionless values in different scenarios.

Indicator Dimensionless Values
Index

Scenario 1 Scenario 2 Scenario 3

Avoidance safety distance (m) 0.31 0 1.00

Speed when avoiding (m/s) 0.33 0 1.00

Headway distribution effect 0 1.00 0.55
Duration of lane change (s) 0.02 1.00 0

Travel time for a specific distance (s) 0 1.00 1.00
Average rate of throttle change (%) 0.50 1.00 0

Standard deviation of engine speed (rpm) 1.00 0 0.50

Relative distance to obstacles (m) 1.00 0 0.92
Maximum distance from lane centerline during 0.02 1.00 0

lane maintenance (m) ’ ’

Peak yaw rate (deg/s) 1.00 0 1.00

Peak lateral acceleration (m/s?) 1.00 0 0.75
Peak longitudinal acceleration (m/ s?) 0 1.00 0

Peak vertical acceleration (m/s?) 0 1.00 0.67

Then, according to Formulas (9) and (10), the dispersion coefficients of the indicators
were calculated, as shown in Table 5.

Table 5. Dispersion coefficients of indicators.

Indicators Discrete Indicators Discrete
Coefficients Coefficients

Avoidance safety distance (m) 1.170 Relative distance to obstacles (m) 0.868

Speed when avoiding (m/s) 1.150 Maximum distance from lane centerline 1.680
Headway distribution effect 0.969 when lane is maintained (m) )

Duration of lane change (s) 0.970 Peak yaw rate (deg/s) 0.866

Travel time for a specific distance (s) 0.866 Peak lateral acceleration (m/s?) 0.892

Average rate of throttle change (%) 1.000 Peak longitudinal acceleration (m/ %) 1.735

Standard deviation of engine speed (rpm) 1.000 Peak vertical acceleration (m/s?) 0.917

Finally, according to Formulas (11)—(15), the conflicting quantized values and amount
of information were calculated, as were the weights of indicators in the index layer. To visu-
ally reflect the weight calculation results for each indicator, the total index layer calculation
results and the index layer calculation results are unified in Table 6.
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Table 6. Indicator weights.
Total Index . .

Layer Weight Index Layer Weight
Avoidance safety distance 0.39
Safety 0.41 Speed when avoiding 0.39
Headway distribution effect 0.22
.. Duration of lane change 0.66
Efficiency 0.14 Travel time for a specific distance 0.34
Average throttle change rate 0.50
Economy 0-15 Standard deviation of engine speed 0.50
Intellicence 0.05 Relative distance to obstacles 0.34
& ) Maximum distance from lane centerline when lane is maintained 0.66
Peak yaw rate 0.25
Peak lateral acceleration 0.21
Comfort 0.25 Peak longitudinal acceleration 0.35
Peak Vertical acceleration 0.19

4.1.2. Evaluation by Two-Level Fuzzy Comprehensive Evaluation Method

In this paper, 20 experts from the CATARC Automotive Test Center, Jilin University,
and other research institutes were invited to score the automated vehicles. The scoring
standards are shown in Table 7.

Table 7. Scoring standards.

Scoring Standards
Excellent Good General Poor Bad
9 7 5 3 1

Due to the different technical levels of the experts, it was necessary to evaluate their
comprehensive abilities based on four factors (driving experience, driving level, profes-
sional skill, and driving style) to determine the weighting coefficients of the experts. The
scoring standards for the comprehensive abilities of experts are shown in Table 8.

Table 8. Scoring standards for the comprehensive abilities of experts.

Comprehensive Abilities Scoring Standards Score
More than 8 years 10
Driving experience 5 to§ years 8
&P 3 to 5 years 6
Less than 3 years 4
Skilled 10
Driving level Familiar 6
Unfamiliar 2
Familiar with the working principles of vehicle systems 10
Professional skill Understands the working principles of vehicle systems 8
rotessional skl Has a cursory understanding of the working principles of vehicle systems 6
Not familiar with the working principles of vehicle systems 2
Stable type 10
Driving style Radical type 6
Rough driving type 2

The 20 invited experts were evaluated according to the scoring standards in Table 8,
and the comprehensive ability scores of the 20 experts were obtained, as shown in Figure 12.
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Figure 12. The comprehensive ability scores of the 20 invited experts.
According to Formulas (16)—(18), the weights of the 20 invited experts were calculated.
The weight calculation results are shown in Table 9.
Table 9. The weight calculation results.
Experts Weight Experts Weight
1 0.0145 11 0.0064
2 0.0097 12 0.0097
3 0.0137 13 0.0121
4 0.0153 14 0.0088
5 0.0080 15 0.0113
6 0.0105 16 0.0105
7 0.0064 17 0.0056
8 0.0097 18 0.0064
9 0.0072 19 0.0072
10 0.0137 20 0.0080
Then, the 20 invited experts scored 13 evaluation indicators in the index layer. Accord-
ing to the scoring results and Formulas (19) and (20), the judgment matrix of the two-level
indicator set was obtained, as shown in Figure 13 and Table 10.
- B Excellent]
0.40 — ® Good
E A General
V¥ Poor
0.35 | © Bad
0.30 —
0.25 — ;
0.20 —
0.15 —
E ]
0.10 —H
0.05 —
A B C D E F G H 1 J K L M

Indicators (Index Layer)

Figure 13. The judgment matrix of the two-level indicator set.
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Table 10. The judgment matrix of the two-level indicator set.

Indicators (Index Layer) Excellent Good General Poor Bad
A Avoidance safety distance (m) 0.13 0.2 0.26 0.23 0.21
B Speed when avoiding (m/s) 0.29 0.16 0.25 0.17 0.13
C Headway distribution effect 0.29 0.21 0.19 0.18 0.13
D Duration of lane change (s) 0.38 0.23 0.17 0.13 0.09
E Travel time for a specific distance (s) 0.34 0.28 0.18 0.14 0.06
F Average rate of throttle change (%) 0.32 0.21 0.20 0.13 0.14
G Standard deviation of engine speed (rpm) 0.16 0.14 0.16 0.14 0.28
H Relative distance to obstacles (m) 0.26 0.21 0.20 0.21 0.12
I Maximum distar}ce frgm lfane centerline 016 018 0.27 023 016

when lane is maintained (m)

J Peak yaw rate (deg/s) 0.29 0.23 0.20 0.17 0.11
K Peak lateral acceleration (m/s?) 0.12 0.17 0.12 0.21 0.28
L Peak longitudinal acceleration (m/ s2) 0.26 0.18 0.20 0.21 0.15
M Peak vertical acceleration (m/s2) 0.24 0.22 0.21 0.17 0.16

Then, according to Formulas (21) and (22), the judgment matrix of the one-level
indicator set was obtained, as shown in Figure 14 and Table 11.

0.40
B Excellent
® Good
0.35 A General
v Poor
Bad
0.30
" 0.25 A
E
<
>
0.20
0.15
0.10 A
0.05 T T T T T T T T
Safety Efficiency Economy Intelligence Comfort
Indicators (Total Index Layer)
Figure 14. The judgment matrix of the one-level indicator set.
Table 11. The judgment matrix of the one-level indicator set.
Indicators (Total Index Layer)  Excellent Good General Poor Bad
Safety 0.2276 0.1866 0.2407 0.1956 0.1612
Efficiency 0.3664 0.2470 0.1734 0.1334 0.0798
Economy 0.2800 0.2150 0.1950 0.1600 0.1500
Intelligence 0.1940 0.1902 0.2462 0.2232 0.1464
Comfort 0.2343 0.1980 0.1851 0.1924 0.1690

Finally, according to Formulas (23) and (24), the comprehensive score and membership
of automated vehicles were obtained, as shown in Table 12.
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Table 12. Comprehensive score.

Excellent Good General Poor Bad
Membership 0.26 0.20 0.21 0.18 0.15

According to the membership principle of the two-level fuzzy comprehensive evalua-
tion method, 26% of experts evaluated the comprehensive performance of the test vehicle
as excellent, 20% of experts evaluated the comprehensive performance of the test vehicle
as good, 21% of experts evaluated the comprehensive performance of the test vehicle as
general, 18% of experts evaluated the comprehensive performance of the test vehicle as
poor, and 15% of experts evaluated the comprehensive performance of the test vehicle as
bad. Combining the above, the score of each indicator (total index layer and target layer)
was calculated and obtained, as shown in Table 13.

Table 13. Virtual test and evaluation results of the two-level fuzzy comprehensive evaluation method.

Indicators Score
Safety 54.9
Efficiency 66.2
Total Index Layer Economy 58.5
Intelligence 53.1
Comfort 54.0
Target Layer Comprehensive 56.7

According to the above analysis and calculation of automated vehicles in different
test scenarios, evaluation results for safety, efficiency, economy, intelligence, and comfort
were obtained. Specifically, we found that, in terms of safety, when an automated vehicle
meets the vehicle in front at a low speed, it changes lanes and continues running without
collision. Additionally, the speed was found to be reasonable relative to the average speed
of the traffic flow during the avoidance maneuver. However, the safety distance was still
small when avoiding traffic. For example, if the vehicle in front suddenly decelerates, the
braking time is relatively short, which can easily create a dangerous situation, indicating
that the safety of automated vehicles during driving needs to be improved. In terms
of efficiency, the duration of lane changes and the travel time needed to cover specific
distances in the three scenarios were found to be relatively short, thus meeting the efficiency
requirements. In terms of economy, the standard deviation of engine speed was relatively
large, which needs to be improved. In terms of intelligence, the vehicle could identify the
target vehicle in advance, with a relatively long distance, and was able to avoid a collision
over a relatively short period of time. However, during lane maintenance, the distance from
the lane centerline in the first and third scenarios was relatively large, while the distance
from the lane centerline in the second scenario was relatively moderate. In terms of comfort,
the peak yaw rate was determined to be 12 deg/s based on the experts’ opinions, and the
yaw rate of the automated vehicle was far less than the threshold value, thus meeting the
comfort requirements.

4.2. Real Testing and Evaluation of Automated Vehicles

After completing the virtual testing and evaluation of the automated vehicles, in
order to further verify the effectiveness and feasibility of the proposed evaluation method,
real vehicle testing and evaluation experiments were also conducted on a passenger test
vehicle with automated driving assistance function (see Figure 15a). We selected a road
in Changchun, China as the test road for the test vehicle, and conducted three repeated
actual road tests on a certain road (with a length of 2 km), with each test interval of 1 h.
Additionally, one of the lane-changing trajectories of the test vehicle during the experiment
is shown in Figure 15b.
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Figure 15. Experiments of real testing and evaluation: (a) real test vehicle; (b) real test diagram.

Over three experiments, 13 evaluation index parameters were collected, and the
collected data are shown in Table 14. According to the above evaluation process and
methods, the test vehicle was evaluated, and the evaluation results obtained are shown in

Table 15.

Table 14. Indicator values in different experiments.

Indicator Dimensionless Values

Index Experiment 1 Experiment 2 Experiment 3
Avoidance safety distance (m) 36.53 36.33 36.61
Speed when avoiding (m/s) 25.64 25.73 25.43
Headway distribution effect 0.091 0.094 0.103
Duration of lane change (s) 3.78 3.73 3.62
Travel time for a specific distance (s) 78.43 78.91 78.53
Average rate of throttle change (%) 5.59 5.56 5.61
Standard deviation of engine speed (rpm) 865 858 862
Relative distance to obstacles (m) 94.56 98.65 97.32
Maximum distance from lane centerline during lane maintenance (m) 0.26 0.45 0.36
Peak yaw rate (deg/s) 4.36 4.35 4.26
Peak lateral acceleration (m/s?) 2.16 2.18 2.15
Peak longitudinal acceleration (m/ %) 4.752 4.756 4.757
Peak vertical acceleration (m/s?) 0.051 0.052 0.052

Table 15. Real test and evaluation results of the two-level fuzzy comprehensive evaluation method.

Indicators Score
Safety 54.9
Efficiency 66.2
Total Index Layer Economy 58.5
Intelligence 53.1
Comfort 54.0
Target Layer Comprehensive 56.7

According to the real experiments and evaluation results, we found that, in terms of
safety, the vehicle avoidance distance is reasonable, but the vehicle avoidance speed is too
high compared with the average speed of the traffic flow, and the test vehicle’s headway is
small; this could potentially be dangerous, so the vehicle safety needs to be improved. In
terms of efficiency, the duration of lane changes and the distance passing times are shorter,
and the vehicle has good efficiency performance. It also performed well on the economic
front. In terms of intelligence, the lane-keeping function needs to be improved. In terms of
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comfort, the lateral acceleration peak differs greatly from real drivers’ driving, and comfort
needs to be improved.

5. Conclusions

In this paper, a method was proposed to achieve the automatic generation of test
scenarios, laying the foundation for the evaluation of automated vehicles. Additionally, an
evaluation method for automated vehicles combining subjective and objective factors was
proposed: (1) the AHP method was adopted to determine the weight of the total index layer;
(2) an improved CRITIC method was adopted to determine the weight of the index layer;
and (3) a two-level fuzzy comprehensive evaluation method was proposed to evaluate
the comprehensive performance of automated vehicles. The effectiveness of the proposed
evaluation method combining subjective and objective factors was further verified through
examples. The proposed evaluation method combining subjective and objective factors was
able to more objectively evaluate the comprehensive performance of automated vehicles in
specific driving scenarios. Specifically, comprehensive performance evaluation results for
different types of automated vehicles were obtained, and the application effects of different
control algorithms on automated vehicles were evaluated.

One of the main limitations of the present work is the limited number of experts invited
to participate. More experts still need to be invited to evaluate automated vehicles. The use
of more experts could provide more professional data, which would help us to conduct
more rigorous and comprehensive research on the performance evaluation of automated
vehicles. In addition, the 13 indicators in the index layer could be further improved.
More comprehensive evaluation indicators could be used to comprehensively characterize
automated vehicles and obtain more comprehensive and detailed evaluation results for
such vehicles. Despite these limitations, the proposed evaluation method for automated
vehicles combining subjective and objective factors was able to effectively evaluate the
comprehensive performance of the automated vehicles, thereby laying a foundation for the
further development of automated vehicle testing and evaluation. The proposed evaluation
method, which combines subjective and objective factors, could also be adopted in other
fields, such as robotics, artificial intelligence, and transportation engineering. In the future,
more comprehensive and rigorous evaluation results will be obtained by acquiring more
data, and related research on real vehicle testing and evaluation will be carried out.
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