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【Abstract】In order to address the issue of sensor configuration redundancy in intelligent driving, this paper constructs a 
multi-objective optimization model that considers cost, coverage ability, and perception performance. And then, combining a 
specific set of parameters, the NSGA-II algorithm is used to solve the multi-objective model established in this paper, and a 
Pareto front containing 24 typical configuration schemes is extracted after considering empirical constraints. Finally, using the 
decision preference method proposed in this paper that combines subjective and objective factors, decision scores are 
calculated and ranked for various configuration schemes from both cost and performance preferences. The research results 
indicate that the multi-objective optimization model established in this paper can screen and optimize various configuration 
schemes from the optimal principle of the vehicle, and the optimized configuration schemes can be quantitatively ranked to 
obtain the decision results for the vehicle under different preference tendencies.
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1 Introduction

The perception technology of intelligent driving is a key 
way for vehicles to obtain information of surrounding 

environment, and it is also the primary link of the 
intelligent driving[1]. The mainstream perception routes in 
the industry include the multi-sensor fusion route 
(hereinafter referred to as the fusion route) and the pure 
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visual route. Narrowly speaking, the pure visual route only 
includes cameras, so it has a higher technical threshold 
due to algorithm capabilities, hardware facilities, data, end 
other reason. Currently, only Tesla has truly achieved the 
pure visual perception solution. The fusion route is still the 
perception solution adopted by the vast majority of 
carmakers. Although the current fusion algorithm is still 
dominated by the visual processing of cameras, the 
existence of radar enables the fusion scheme to deal with 
more long tail scenes, so as to solve the problems of the 
failure of camera (night, rainstorm, and other scenes) and 
misjudgment (scenes with the change of complex light) [2]. 
At present, the common practice is to pre-embed hardware 
configurations, and later push software updates and 
functional upgrades through Over the Air (OTA) technology. 
However, a major problem brought about by this approach 
is that it can easily trigger an arms race. The hardware-
first strategy significantly increases the cost of Bill of 
Material (BOM), but cannot maximize the advantages of 
hardware at the software and algorithm levels. Taking 
LiDAR as an example, as the most expensive sensor in 
high-order intelligent driving systems, its point cloud 
information is currently not used in most perception 
algorithms developed on actual vehicles.

From the perspective of the optimization of the 
vehicle, cost, coverage capability, and perceiving 
performance are three important aspects for measuring 
intelligent driving systems in the vehicle. In fact, the 
different types of the vehicle will affect the cost of 
configuration schemes, and indirectly affect the coverage 
capability and perceiving performance. From the 
perspective of the optimization, the optimization directions 
of cost, coverage capability, and perceiving performance 
are conflicting with each other. Therefore, establishing a 
methodology for multi-sensor fusion configuration based 
on the optimal principle of the vehicle is of great 
significance for the selection and decision-making of 
configuration schemes. There is insufficient academic 
research on this problem. Some academic teams have 
conducted research on the optimal configuration of 
individual sensors, such as LiDAR[3-4] and ultrasonic 
radar[5]. Meadows et al. proposed a placement optimization 
method for multi-LiDAR systems and demonstrated the 

effectiveness of the proposed method through data 
generate, training, and evaluation[4]. Kim et al. proposed a 
genetic algorithm based on layout optimization (position 
and orientation) method to improve the point cloud 
resolution and blind spot size of LiDAR[3]. To address the 
issue of lane changing collisions caused by blind spot 
monitoring, Jamaluddin et al. analyzed the impact of the 
position of ultrasonic radar on the driver reminder 
function[5]. Some scholars have also studied the joint 
optimization problem between different sensors, but there 
are some limitations and shortcomings. Zhou et al. 
established an integer programming model that considers 
cost, coverage, and redundancy to determine the optimal 
number and location of multiple sensors, and solve it using 
the IBM ILOG CPLEX solver[6]. However, this model 
transforms multi-objective problems into single objective 
problems for modeling, simplifying the problem while 
sacrificing the model’s generalization. In addition, [7-10] 
and other literatures have also studied the configuration 
optimization problem of different sensors, but most of these 
studies still take the sensor layout location and orientation 
as the optimization goal, and unable to establish systematic 
constrains and decisions at the level of the vehicle.

Thus, a mechanism model for multi-sensor fusion 
configuration based on the optimal principle of the vehicle 
is proposed in this paper, and a multi-objective 
optimization problem with cost, coverage capability, and 
perceiving performance is established and solved. In 
addition, a decision preference method combining 
subjective and objective factors is proposed, which can 
assist decision-makers in selecting and making decisions 
on multi-sensor fusion configuration schemes.
2 Basic Principles

At present, camera, radar, and LiDAR are commonly used 
in intelligent driving perception schemes. The advantages 
and disadvantages of all kinds of sensors are very obvious. 
The camera can recognize the geometric features and 
shapes of objects. The visual algorithm is mature, and the 
cost is low. However, it is greatly affected by the change of 
illumination, and there is the risk of failure in harsh 
environments[11]. Radar has all-day, all-weather detection 
ability, and it can achieve accurate ranging and speed 
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measurement. The algorithm of radar is mature, and the 
cost is low, but it does not have the ability to measure 
height and recognize the stationary objects[12]. LiDAR has 
high precision and wide detection range, and can directly 
obtain high-density 3D environment information, but the 
cost is high and it is easy to be affected by weather[11]. In 
recent years, 4D millimeter wave radar (hereinafter 
referred to as 4D radar) as a new type of sensor began to 
rise. 4D radar can solve the inherent defects of traditional 
radar, such as height measurement and stationary objects 
recognition, and it can also output high-density point 
cloud information for subsequent processing links[12]. It can 
be predicted that 4D radar, as a cost-effective sensor 
between LiDAR and traditional radar, will play an 
important role in the autonomous driving of L2+ or L3 level 
driving in the future. A statistical comparison of the 
characteristics, advantages, disadvantages and application 
scenarios of the above four sensors is given in Figure 1, 
and each item is measured on a ten-point scale.

SemanticRecognition

CostSevere Weather

Positioning

Speed Measure

Range Measure Illumination

Resolution

Night Performance

Camera
Radar
4D Radar
LiDAR

10.008.006.004.002.000.00

Figure 1 Statistics and comparison of characteristics of various
                    sensors
3 Modeling Methods

A model for multi-sensor fusion configuration based on the 
optimal principle of the vehicle is proposed in this section. 
Further, a decision preference method combining 
subjective and objective factors is proposed to calculate the 
optimization results of the multi-objective model 
mentioned above, in order to obtain the optimal ranking 
result of the configuration scheme at the vehicle level.
3.1 Scene Model
In order to describe the problem of multi-sensor fusion 
configuration in this paper, the vehicle and surrounding 
coverage range are first modeled, as shown in Figure 2. The 

Region of Interest (RoI) area Pz is divided into ten areas, 
namely Pz = P1 ∪ P2 ∪ P3 ∪ P4 ∪ P5 ∪ P6 ∪ P7 ∪ P8 ∪ P9 ∪ P10, 
and each RoI area can be assigned different perception 
weights. For different types of sensors, the possible layout 
areas are considered according to their respective 
characteristics, there are, c∈{ }1,2,⋯,C =C, r∈{ }1,2,⋯,R =R, 
and l ∈ { }1,2,⋯,L = L. Where C, R, and L represent the 
potential placement space of camera, radar/4D radar and 
LiDAR respectively, which are represented by boxes of 
different colors in Figure 2. In order to facilitate modeling, 
the orientation angle of the sensor arrangement is not 
considered in this paper, and it is assumed that the sensor 
is placed at an angle perpendicular to the horizontal 
surface of the vehicle.

P8P7

P4

P1P9

P3

P5 P6

P2 P10

Figure 2 A bird’s-eye view (BEV) of the scene model
The RoI area covered by the perception is divided, 

and its possible layout area is constrained according to 
different sensor types. The green, blue, and pink boxes 
represent the layout areas of the camera, radar/4D radar, 
and LiDAR respectively.
3.2 Multi-Objective Optimization Model
The multi-objective optimization function established in 
this paper can be expressed as:

min  F ( )n,ω,κ = [ ]J1 ( )n     J2 ( )n,ω     J3 ( )ω,κ
s.t. n ∈ N,ω ∈ Ω

（1）
where J1(n)、J2(n,ω) and J3(ω,κ) represent 3 sub-objective 
functions: cost, coverage capability and perceiving 
performance respectively. n represents the quantity vector, 
ω represents the arrangement vector, and κ is used to 
represent the influence of the perception algorithm. N and 
Ω represent the quantity space and layout space of the 
configuration scheme, respectively, which can be 
expressed as:
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where n i = (ni1,ni2,⋯,nik ) represent one of the quantity 
vectors, ω i = ( )ωi1,ωi2,⋯,ωik   represents one of the 
arrangement vectors, and i∈[1, m]. 

The cost is mainly determined by the number and 
price of various sensors in the configuration scheme, and 
its objective function can be expressed as:

J1 ( )n =∑
j = 1

k

p j ⋅ nij （3）
where i∈ [1, m], p is the price vector, and it represents 
the price of each type of sensor, which satisfies p i =
( p1, p2,⋯, pk ).

The coverage capability is mainly determined by the 
sensing area and resolution of various types of sensors, and 
its objective function can be expressed as:

J2 ( )n,ω =∑
j = 1

k é

ë

ê
êê
ê ù

û

ú
úú
únij ⋅ σ ( )ω ij ⋅ ( )S  jhor

θ  jhor
+ α ( )j ⋅ S  jver

θ  jver
   （4）

where Sihor and Siver represent the horizontal perceiving area 
and vertical perceiving area of the jth sensor respectively. 
The perceiving area mainly depends on the sensor’s Field 
of View (FOV). θihor and θiver represent the horizontal and 
vertical perceiving resolution of the jth sensor. σ (ω ij ) is 
the weight of the perceiving coverage that can be obtained 
by the placement. α ( j ) is a binary decision variable used 
to distinguish cameras from radars:

α ( )j = ì
í
î

1, the jth sensor is radar
0, the jth sensor is camera （5）

The reason for defining the variable α ( j ) is that the 
image processing of the camera is in a two-dimensional 
coordinate, so the perceiving area of the horizontal range is 
mainly considered. The point cloud processing of the radar 
is in the three-dimensional coordinate, so the perceiving 
area of horizontal and vertical ranges are considered at the 
same time.

The perceiving performance depends on the type of 
sensors and algorithms. At present, the vision algorithm is 
still the main perception processing, but radars are used in 
the fusion route. Radar and vision fusion processing can 
improve the robustness of the perceiving performance and 
enhance the coverage capability of the perception scheme. 
In order to effectively measure the perceiving performance 
of different configuration schemes, this paper introduces 
the mean Average Precision (mAP) of various typical 
algorithms. In addition to visual perception, the mAP of 

fusion algorithms, such as radar and vision fusion, LiDAR 
and vision fusion, 4D radar and vision fusion, are also 
considered, and sensors of different configuration schemes 
are combined to finally obtain the quantified evaluation 
results of perceiving performance. The perceiving 
performance can be expressed as:

J3 ( )ω,κ =∑i = 1

o

β ( )i ⋅ κ3D
i ( )ω ⋅ σi +∑

i = 1

o

β ( )i ⋅ κBEV
i ( )ω ⋅ σi

2
（6）

where o is the number of RoI, σi is a weight value 
representing the importance of each RoI, β ( j ) is a binary 
decision variable that represents whether the 
corresponding RoI is within the current perceiving coverage:

β ( )i = ì
í
î

1, the ith RoI is covered
0, the ith RoI is not covered （7）

where κ3D
i  and κBEV

i  represent the mAP of various 
algorithms under 2 types of 3D and BEV object detections. 

Take κ3D
i  for example, the perceiving performance of a 

certain RoI region depends on the algorithm, and also 
depends on whether the region is covered by multiple 
sensors:

κ3D
i ( )ω = [ ]κ3D

i1 ( )ω ,⋯,κ3D
ij ( )ω ,⋯,κ3D

io ( )ω （8）
where κ3D

ij (ω )  can be repressed as:

κ3D
ij ( )ω =

ì

í

î

ïïïï

ï
ïï
ï

mAPC
j ⋅ υ ( )ω + [ ]mAPC

j ,mAPMulti
j ⋅ ξ ⋅ [ ]1 - υ ( )ω

mAPC
j ⋅ ξ ( )1

mAPR
j

（9）
where mAPC

j and mAPMulti
j  represent the mAP of visual 

algorithms and fusion algorithms, respectively. mAPMulti
j  can 

represent the mAP of visual and radar fusion algorithms, 
visual and 4D radar fusion algorithms, visual and LiDAR 
fusion algorithms, visual and 4D radar and LiDAR fusion 
algorithms. ξ represents the weight distribution of vision 
algorithms and fusion algorithms in the perception task. 
υ ( )ω  represents the coverage ratio of the visual perception 
within this RoI, which is determined by the placement 
vector of the configuration scheme.
3.3 Decision Preference Method Combining Subjec⁃
tive and Objective Factors
Technique for Order Preference by Similarity to Ideal 
Solution (TOPSIS) algorithm is a common comprehensive 
evaluation method, which can be applied to the problem of 
schemes selection when there are multiple indicators[13]. 
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Therefore, this paper will use TOPSIS algorithm to 
calculate the optimized data, so as to obtain the ranking 
result. The type of different vehicles often has different 
preferences on configuration schemes. For example, there 
is a cost preference for medium-low models, while there is 
a performance preference for medium-high models. 
Therefore, this paper introduces the entropy weight method 
on the basis of TOPSIS algorithm, and calculates the score 
by subjectively introducing the preference weight and 
objectively calculating the information entropy. Finally, the 
ranking result of configuration schemes is obtained 
considering the influence of preferences.

First of all, data forward transformation is carried out. 
Since TOPSIS model is generally calculated on the basis 
that all indicators are extremely large indicators (the larger 
the data, the better). While in the multi-objective model in 
this paper, the cost is extremely small data (the smaller the 
data, the better), so the data of the cost in the optimization 
results need to be processed forward first. Generally, the 
following methods can be used for processing.

ì

í

î

ïïïï

ïïïï

x̄i = é

ë
êêêê

ù

û
úúúú

1
xi1

, 1
xi2

,⋯, 1
xim

x̄i = max ( )x i - [ ]xi1,xi2,⋯,xim

（10）

where i represents the index to be turned forward, x i 
represents the vector to be turned forward, xij represents the 
corresponding data, and j∈[1, m]. x̄i represents the data after 
the forward transformation. 

Secondly, in order to eliminate the dimensional 
influence between different indicators, the normalization of 
the forward matrix is carried out:

zij = x̄ij

∑
i = 1

m

x̄2
ij

（11）

Then, the entropy weight method is introduced to 
calculate the final score. The probability matrix is 
calculated using the forward normalized matrix:

pij = zij

∑
i = 1

m

zij
（12）

Calculate the information entropy ei corresponding to 
each index:

ei = - 1
ln ( )m

⋅∑
j = 1

m

[ ]pij ⋅ ln ( )pij （13）

Further, the utility value di of each index is calculated:
di = 1 - ei （14）

The entropy weight ωi of each index can be calculated 
by the following formula:

ωi = di

∑
i = 1

n

di

⋅ υi
（15）

where n is the number of indicators, υi represents the 
subjective preference weight, and the sum of the weights of 
each indicator is 1.

Furthermore, the ideal best and worst values are 
determined for each indicator:
ì
í
î

ïï

ïïïï

Z+ = [ ]max ( )z11,⋯,z1m , max ( )z21,⋯,z2m ,⋯, max ( )zn1,⋯,znm

Z- = [ ]min ( )z11,⋯,z1m , min ( )z21,⋯,z2m ,⋯, min ( )zn1,⋯,znm

（16）
Calculate the Euclidean distance between each 

configuration scheme and its ideal best and worst values, 
taking into account the entropy weight. Define the distance 
of the jth scheme from the maximum and minimum values as:

ì

í

î

ï
ïï
ï
ï
ï

ï

ï
ïï
ï

ï

D+
j = ∑

j = 1

m

ωi ⋅ ( )Z+
i - zij

2

D-
j = ∑

j = 1

m

ωi ⋅ ( )Z-
i - zij

2
（17）

Finally, the relative proximity S of the ideal best and 
worst distances is calculated and normalized to obtain the 
final score result S͂ of each configuration method:

S = D-
j

D-
j + D+

j
（18）

S͂ = Sj

∑
j = 1

m

Sj
（19）

4 Model Solving

For the multi-objective optimization problem constructed in 
this paper, the optimization direction of multiple objectives 
is conflicting, and the optimization of the cost is at the cost 
of the deterioration of the coverage capability or the 
perceiving performance, and vice versa. Therefore, there is 
no single optimal solution for the configuration scheme, and 
the different positioning of the vehicle will inevitably lead to 
cost differences, which in turn lead to differences in 
coverage capability and perceiving performance.

Therefore, the NSGA-II algorithm is adopted in this 
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paper to solve the above multi-objective optimization 
problem, and the Pareto frontier is obtained[14]. The Pareto 
frontier here is a set of optimal solutions that 
comprehensively consider the three objectives of cost, 
coverage capability and perceiving performance, and none 
of the solutions can be improved without reducing the 
value of other objectives. The steps of the algorithm are 
shown in Table 1, and the framework diagram of the 
NSGA-II algorithm is shown in Figure 3.

Table 1 Steps of NSGA-II algorithm

Algorithm NSGA-II

Step 1 Initialization: The random algorithm is used to generate 
the initial population P0.
Step 2 Non-dominated sorting operation: Rationality judgment 
and non-dominated sorting are carried out for all individuals in 
the current population. a. Determine whether each individual has 
a reasonable scheme; b. Pareto grading is carried out to each 
individual; c. The crowding degree of individuals in the same 
Pareto level is calculated and sorted in descending order.
Step 3 Selection: Select optimal individuals from the current 
population Pt, and perform crossover operations and mutation 
operations to generate sub-population Qt.
Step 4 Merge: Merge populations Pt and Qt to produce combined 
population Rt.
Step 5 Instead: Conduct rationality judgment and non-dominant 
sorting operation for the combined population (same as step 2). 
Select the optimal individual, and produce a new generation of 
population Pt+1.
Step 6 Judgment: Judge whether the end condition is met, if not, 
jump to step 3; Otherwise exit the loop to get the optimal solution 
set.

Combinationpoopulation
Rt

eliminate

new population
Pt+1

F1

F2

F3

subpopulation
Qt

Non-dominatedsorting

Non-dominatedgrading 3

Non-dominatedgrading 2

Non-dominatedgrading 1
originalpopulation Pt crowding degreecomparisonoperator

Figure 3 Basic framework diagram of the NSGA-II algorithm
In order to obtain objective and quantified 

optimization results for perceiving performance, this paper 
fully surveys various typical algorithms in 3D and BEV 
object detections, and uses the mAP of the corresponding 
algorithms to the objective function of perceiving 

performance shown in equation (6). The quantized values 
of perceiving performance are shown in Table 2.

Table 2 Quantified perceiving performance of various
                    typical algorithms

Types

Camera

Radar/Lidar

Camera+Radar
Camera+LiDAR

Camera+4D Radar
Camera+4D Radar+LiDAR

Algorithms
FCOS3D[15]

DD3D[17]

FUTR3D[15]

PointRCNN[17]

SECOND[18]

RV-RCNN[19]

PointPillars[20]

Part-A2[21]

Voxel R-CNN[22]

MVX-Net[23]

FUTR3D[15]

SMURF[24]

M2-Fusion[25]

Performance[mAP]
3D

32.60
41.80
41.20

11.40
18.02
22.08
20.49
13.76
18.71
11.69
43.40
32.99
49.85

BEV

18.74
31.01
39.88
38.21
21.47
31.26
20.36
51.20
40.98
61.24

5 Result Analysis

In this paper, a multi-objective optimization model is 
constructed to study the configuration mechanism of the 
fusion route. The 3 objective functions of cost, coverage 
ability and perceiving performance are considered, and use 
NSGA-II algorithm to generate the optimal configuration 
scheme of the vehicle. In addition, this paper puts forward 
a preference decision method combining subjective and 
objective factors, and uses TOPSIS algorithm and entropy 
weight method to determine the optimal solution under 
different preferences.

Table 3 shows parameters of sensors and algorithm 
parameters used for simulation analysis in this section. The 
parameters here are only an example and can be changed 
according to the actual situation.

Table 3 Simulation parameters

Sensor types

Front radar

Corner radar

Parameters
Price/¥

Horizontal FOV(°)/resolution(°)
Vertical FOV(°)/resolution(°)

Detection distance/m
Price/¥

Horizontal FOV(°)/resolution(°)
Vertical FOV(°)/resolution(°)

Detection distance/m

Values
300

30/1.6
10/1.5

250
200

150/8
20/10

20
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Table 3. Continued

Sensor types

4D radar

Monocular 
camera

Binocular 
camera

Three-lens 
camera

Rear camera

360-degree 
camera

Side-view 
camera

Front LiDAR

Lateral LiDAR

Algorithm
parameters

Parameters
Price/¥

Horizontal FOV(°)/resolution(°)
Vertical FOV(°)/resolution(°)

Detection distance/m
Price/¥

Horizontal FOV(°)/resolution(°)
Detection distance/m

Price/¥
Horizontal FOV(°)/resolution(°)

Detection distance/m
Price/¥

Horizontal FOV(°)/resolution(°)
Detection distance/m

Price/¥
Horizontal FOV(°)/resolution(°)

Detection distance/m
Price/¥

Horizontal FOV(°)/resolution(°)
Detection distance/m

Price/¥
Horizontal FOV(°)/resolution(°)

Detection distance/m
Price/¥

Horizontal FOV(°)/resolution(°)
Vertical FOV(°)/resolution(°)

Detection distance/m
Price/¥

Horizontal FOV(°)/resolution(°)
Vertical FOV(°)/resolution(°)

Detection distance/m

σ (ω ij )/σi

ξ

υ ( )ω

Values
2 000
30/0.3
10/0.2

250
300
120
250
600

60/120
250/50

900
28/150/52

250/60/150
300
50
50

300
190
20

300
90

100
6 000

120/0.2
25/0.2

200
6000

120/0.2
90°/0.2

30
[1,0.6,0.6,0.6,

0.8,0.5,0.8,
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Figure 4 Pareto frontier results obtained by the NSGA-II algorithm
                  to solve multi-objective optimization model

Figure 4a shows the result of Pareto frontier obtained 
by the NSGA-II algorithm, where the population size is set 

to 100, the number of iterations is 200, and the crossover 
probability and mutation probability are 0.8 and 0.05, 
respectively. The Pareto frontier here includes 72 kinds of 
optimized results. Further, considering the empirical 
constraints such as layout habits and quantity upper limit 
of the current mainstream configuration schemes, 24 major 
configuration schemes are extracted from the optimization 
results, as shown in Figure 4b. Each circle in Figure 4 
represents a configuration scheme. X axis, Y axis and Z 
axis represent the cost, coverage capability, and perceiving 
performance, respectively. In Figure 4b, the 5R11V 
scheme is used as the boundary, and 24 optimization 
schemes are divided into medium-low configuration and 
medium-high configuration. 

The two-dimensional view is shown in Figure 5. The 
size of the circle in the figure is positively correlated with 
the relative cost in each category.
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Figure 5 Two-dimensional view of the results shown in Figure 4b
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The perception schematic of 24 typical configuration 
schemes and the numerical results of the three optimization 
objectives are given in Figure 6 and Table 4. Further, 
based on 24 typical configuration schemes obtained by the 
optimization algorithm, the decision preference method 
combining subjective and objective factors proposed in this 
paper is used for decision calculation and ranking. Two 
kinds of decision preferences are analyzed in this paper, 
they are cost preference and performance preference. The 
analysis results are shown in Figure 7, and the specific 
scores and ranking results are given in Table 5 and Table 
6. It can be seen that when considering different decision 
preferences of cost preference and performance preference, 
the final ranking of configuration scheme also shows an 
obvious tendency. When the cost preference is given 
priority, the top five options are 1R1V (scheme 1), 2R1V 
(scheme 3), 3R1V (scheme 4), 4R1V (scheme 6) and 5R1V 
(scheme 7). This indicates that in the medium-low models 
with cost as the first, these schemes are the best schemes 
for the vehicle. When performance preference is given 

priority, the top five options are 5R12V (scheme 19), 
4R1R412V (scheme 20), 4R1R411V (scheme 16), 5R11V 
(scheme 15), and 5R11V1L (scheme 17). This indicates 
that these schemes are the best schemes for the vehicle in 
the medium-high models with performance as the first.

Another important conclusion about the LiDAR 
configuration can be drawn from Figure 7. Under the 
performance preference decision, the multi-LiDAR 
configuration scheme (scheme 21, scheme 22, scheme 23, 
scheme 24) does not rank high. This indicates that after 
considering the three important factors of cost, coverage 
ability and perceiving performance comprehensively, the 
multi-LiDAR configuration scheme is still not the optimal 
scheme at the vehicle level even under the performance 
preference decision. The main reason is that the point 
cloud information of LiDAR is not fully utilized in most of 
the current fusion algorithms. Currently, the degree of 
improvement brought by LiDAR to the perceiving 
performance is not enough to make up for the cost brought 
by it to the BOM of the vehicle.
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Table 4 Optimization results of 24 typical configuration schemes

Schemes
1
2
3
4
5
6
7
8
9

10
11
12

Configurations
1R1V
1R41V
2R1V
3R1V

2R1R41V
4R1V
5R1V

4R1R41V
5R5V

4R1R45V
5R6V

4R1R46V

Cost/¥
600

2 300
700

1 000
2 700
1 100
1 400
3 100
2 600
4 300
2 900
4 600

Coverage ability
/×10-6×m2·(°)

6.558 8
6.626 8
6.545 1
6.559 0
6.626 9
6.545 3
6.559 1
6.627 1
6.824 4
6.892 4
6.933 5
7.001 5

Perceiving 
performance

(mAP)
63.56
76.14
59.74
69.36
81.93
65.54
75.15
87.73

132.70
142.26
148.95
323.05

Schemes
13
14
15
16
17
18
19
20
21
22
23
24

Configurations
5R7V

4R1R47V
5R11V

4R1R411V
5R11V1L

4R1R411V1L
5R12V

4R1R412V
5R12V2L

4R1R412V2L
5R12V3L

4R1R412V3L

Cost/¥
3 200
4 900
4 100
5 800

10 100
11 800
4 700
6 400

16 700
18 400
22 700
24 400

Coverage ability
/×10-6×m2·(°)

7.457 1
7.525 1
9.924 1
9.992 1

10.143 4
10.211 3
10.513 2
10.581 1
10.529 7
10.597 6
10.748 9
10.816 9

Perceiving 
performance

(mAP)
297.89
323.05
459.73
484.89
497.26
507.16
498.27
523.42
514.78
534.90
544.80
554.70

Figure 6 Perception diagram of 24 typical configuration schemes
Radar 4D Radar Camera 360-degree Camera LiDAR
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6 Conclusions

Multi-sensor fusion sensing technology is the most widely 
used scheme for intelligent driving, which is composed of 
various types of sensors. From the perspective of the 
vehicle, how to select the appropriate configuration to 
obtain the optimal scheme at the vehicle level is a problem 
worthy of in-depth study.

To solve this problem, this paper establishes a multi-
objective optimization model considering three important 
objectives: cost, coverage ability and perceiving 
performance. Considering the influence of different types of 
the vehicle on decision-makers’ preferences, a subjective 
and objective decision preference method based on the 
TOPSIS algorithm and entropy weight method is proposed. 
Further, the NSGA-II algorithm is used in this paper to 
solve the multi-objective optimization model, and a Pareto 

frontier containing 24 typical configuration schemes is 
extracted after considering the empirical constraints. 
Finally, the calculation and ranking of the various schemes 
is carried out. The cost preference and the performance 
preference are taken for example to calculate the decision 
of 24 typical configuration schemes.

The proposed method can be used to screen and 
optimize all kinds of configuration schemes, and the 
optimized schemes can be quantitatively ranked, so as to 
obtain the decision results under different preference 
tendencies. The research results of this paper are of great 
significance for decision-makers to select and make 
decisions on multi-sensor fusion configuration schemes.
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