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Abstract

Environmental awareness is the key link of Advanced Driver Assistance Systems (ADAS), and camera
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and millimeter wave radar are the core sensors of environmental awareness. Using the complemen-
tary information of different modes of multi-source sensors can significantly improve the autonom-
ous sensing ability of vehicles, and help vehicles better cope with the target detection task in complex
scenes. Due to the sparsity of the millimeter wave radar point cloud, the existing camera and milli-
meter wave radar fusion algorithms do not make full use of the millimeter wave radar point cloud
information and lack of robustness. Aiming at these problems, this paper proposes a data-level fusion
algorithm based on point cloud expansion. The algorithm first uses the proposed nearest neighbor
frame synchronization algorithm and spatial coordinate mapping to align multi-source data in time
and space. Then, the proposed Enhanced Center Fusion Net (ECFN) based on point cloud expansion is
used to enhance the features of millimeter wave radar data mapped to the pixel coordinate system,
and the 1 x 1 convolution kernel is introduced to reduce the dimension of the input data to realize
cross-channel information interaction. In addition, ECFN also introduces new velocity and depth fac-
tors into the loss function to enhance the use of radar point cloud information by neural networks. The
experimental results show that the average accuracy of the enhanced central fusion network ECFN is
better than that of the algorithm based on a single source sensor and the existing multi-source fusion
network when the inference time is slightly increased.
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1o 0072 S B 2R 0 SR A B AT R Wi 1 DU A R AR AR BE I [1], | T R IRERAE AR I = T
HIPEREAAAEIRER, BBl 5 Bl & AN RS A RS . UL TR At 5 mT UM AN [A A% I 23 1 A5
ST AN, RTHEAN RGN E B VE R 22 e, (R RN a8 BT IR BRI N R G ok TR Pkl . H AT,
RIS RN H A BOC T IA AR ST %, (BB TEOLHERMARE, HFMG LML HILHE
BHRATEREER Y &, WHERM RS, R R R T 2K R A5k
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P I HR I BE S i R RO BRI R N, AT LA R AR, HAS BACBEFT /5 5 A, B e AN
PR TR AL T RS o 110 BBk AE AT T v B A 0 A A DK FE PR (RIS RT AR H ARBE G . S B AN
PRI AT S5 TE SCUIE B, T B H A5 23 25[2] .

AT B8 Sk R B A 2K PR I I B S ZE R AR, B, il A i & 2 8 E Bt —
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RGBSR, IR K E ARG IS B AL .

2. BRREBASEELMEEN
2.1 BRFE IR

KL TARE KPR T %, HIARTEH Y 30~300 GHz, H 3= il X 73 A b 5
Ui mlie, i WAT I E)(Time of Flight, ToF)¥AZRX H el B 45 5, FFAH] 230 8 B SR H bR a0 A2 7 &

FEAE B[17].
I

Va

v

B
N
x

Figure 1. Millimeter wave radar receives objects velocity
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Table 1. Millimeter wave radar sensor output dimension
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Figure 2. Image information acquisition
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Figure 3. Data-level fusion
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Figure 4. Feature-level fusion
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Figure 5. Decision-level fusion
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Figure 6. Flow chart of frame synchronization of nearest neighbor frame matching algorithm
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Figure 7. Spatial coordinate system relation diagram
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Figure 8. Radar and camera coordinate mapping
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Figure 9. Radar point cloud expansion
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Figure 10. Enhance center fusion net
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Table 2. Hardware equipment and manufacturer

F 2. BARERBIER

B 5 (1) 1 )
gk ARS408-21(Continental AG)
LV S G LI-USB30-AR023ZWDR(Leopard Imaging)
S GTX2070s(Nvidia)
CPU Core™ i9-9900K(Intel®)

AT KA RA B AAE B 3 flras.

Table 3. Relevant environment information
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Ubuntu 18.04LTS
Python 3.7

Ros Melodic
Pytorch 1.10
Cuda 11.3
Cudnn 8.2
OpenCV 4.5
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Figure 11. Frame matching algorithm frame synchronization filtering error and recall rate
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Figure 13. Camera calibration
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WA FE b ¥ F- 350 K5 2 (Average Precision, AP) [ VT AL {8 FHHu T E 1) 2D A0 BE R do A28 IEHf
Z(mean Average Precision, mAP)ZEMELT- 2D HAn il 1] AP &, (HITECHES# A loU £ BEV “F
T b A 2D H0EEES . Wk 21 PR, mAP SRIEE P40 28 € DU D = {0.5,1, 2,4} X VYR AR BE B B T
) AP SRR

MAP =

2.2 AP, (21)

ceCdeD

Xt BT A5 B AP (TruePositive, TP)EE &, i d =2m [{hbiE Bt A, EEREN R 4 iR,

Table 4. True positive metrics
4. BfAMEE

L
||

AR E EEE X
“F-H3°F-#% 1% % (Average Translation Error, ATE) ZHERRA LR RS
-4 RBE % 2 (Average Scale Error, ASE) XS5 5 I =458 IR b
T34 1 J¥ 1% %= (Average Orientation Error, AOE) TR0 B SEAE 22 18] 19 e AMm A 22
1458 i 1% 2 (Average Velocity Error, AVE) TR L2 Y5
-4 J8 P 1% 2 (Average Attribute Error, AAE) 12 @ or NG

XA TP R, AR 22 THEH A28 T3 JLFH M2 (mean True Positive, mTP).

mTP = = TP, (22)
|(C ceC

A ARA I 43 1 (nuScenes Detection Score, NDS)& JL/Ma R4 E, Hit &5k 23 fios:

1 )
NDS = E[5>< MAP + méw(l— min (1, mTP))} (23)
Hrh, TP 2T mTP JEEE S il mAP FEA mTP & F AU K115 NDS. mAP [IALE N 5,
HAe mTP EEMAEN 1.

{§ F CenterFusion X nuScenes ##i 4 R EE ST M, 45 34038 5 Fior.

Table 5. The existing fusion algorithm CenterFusion test results
5. IARAE L CenterFusion MR ER

g AP ATE ASE AOE AVE AAE
LB ] 0.502 0.480 0.160 0.128 0.538 0.870
R 0.430 0.641 0.172 0.134 0.114 0.991
AR 0.576 0.449 0.093 0.123 4.621 0.012
% 0.000 1.000 1.000 1.000 1.000 1.000
TH%E 0.000 1.000 1.000 1.000 1.000 1.000
TN 0.466 0.600 0.260 0.813 0.896 0.186
FEFELE 0.277 0.877 0.330 1.190 0.066 1.000
HATE 0.198 0.542 0.329 0.999 3.512 0.418
AT I HE 0.636 0.398 0.344 / / /
AR 0.000 1.000 1.000 1.000 / /
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fil A ST Hi 4% ECFN X nuScenes #dfls S A ISR BEAT I, S5 R W% 6 P

Table 6. The proposed algorithm ECFN test results
= 6. ASCEE ECFN MIiRLER

& AP ATE ASE AOCE AVE AAE
24 0.504 0.481 0.156 0.094 0.548 0.872
K% 0.401 0.624 0.148 0.158 0.119 0.989
AZH 0.529 0.605 0.099 0.120 4,588 0.013
Hi 4 0.000 1.000 1.000 1.000 1.000 1.000
T4 0.000 1.000 1.000 1.000 1.000 1.000
(TN 0.464 0.588 0.266 0.419 0.887 0.184
JEFEZE 0.311 0.659 0.340 0.969 0.061 1.000
HAT4 0.245 0.659 0.251 0.555 3.456 0.400
ACIEHE 0.646 0.340 0.276 / / /
IR 0.000 1.000 1.000 1.000 / /

A #09% CenterFusion P& A e 03 ECFN (K] mAP & NDS 730 $4s 5 n 7 s

Table 7. Comparison of test results between the proposed algorithm ECFN and the existing fusion algorithm CenterFusion
= 7. AEE ECFN S AREHIE CenterFusion JIXLERITEL

(=A7R mAP mATE mMASE mAOE mAVE mAAE NDS
CenterFusion 0.3085 0.6989 0.4687 0.7097 1.4682 0.6846 0.2981
ECFN (&3 HIE) 0.3101 0.6956 0.4536 0.5907 1.4575 0.6824 0.3128

D 8% (1)1 S50 HE FLIN 8] 4 2 8 i

Table 8. Comparison of running time between the proposed algorithm ECFN and the existing fusion algorithm CenterFusion
= 8. AXHEE ECFN 5 BRI AHE L CenterFusion 1E1THY[E]XTEE

RGN IEAT T[] (ms) I T 4
CenterFusion 48.1 -
ECEN(A&SLHIE) 49.4 2.7%

MAREE BT, AR T35 LA R 1A 115 Bk & 50 ECFN £ A JF 83 4 nuScenes A%
TIA Rl 9% CenterFusion, TR [EIFEZR K 2. 7%, mAP #2717 0.52%, NDS 427+ 7 4.9%.
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