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Target detection network based on multi level information fusion of
radar and vision

Zhou Zhiwei  Zhou Jianjiang Wang Jiabin Deng Kai
(Key Laboratory of Radar Imaging and Microwave Photonic Technology of Ministry of Education,

Nanjing University of Aeronautics and Astronautics,Nanjing 211100, China)

Abstract: In response to the problem of poor detection performance of some high-risk moving targets in autonomous
driving perception tasks due to complex road environments and insufficient fusion of onboard radar and camera data,
this paper designs an object detection network MLFusionNet that integrates radar and visual multi-level information
based on Centerfusion. Firstly, data level fusion is added to the input layer, which concatenates the radar echo features
with the image in the form of pixel values, and then inputs them into the encoding and decoding network through a
secondary residual fusion module, enriching the input information of the network; then, a bottleneck structured
context module was designed between the encoder and decoder of the backbone network, which obtains broader
contextual information from the feature map through a multi branch convolutional structure and reduces the number of
parameters through compression channels; finally. a parallel attention fusion module was designed to solve the problem
of insufficient feature level modal fusion. The experimental results on the nuScenes dataset showed that the NDS of
MLFusionNet reached 46.6% , which increased the mAP of cars, trucks, and pedestrians by 1.4,3.0 and 1.5
percentage points respectively compared to the multimodal network Centerfusion. This indicates that the network pays
more attention to high-risk dynamic targets in the driving environment,
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Table 2 Comparison of performance of different network models of target detection on Nuscenes
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CenterNet C 0. 400 0.338 0. 658 0.255 0. 629 1. 629 0. 142
FCOS3D C 0.428 0.358 0. 690 0. 249 0. 452 1.434 0.124
RadarDistill R 0. 437 0. 205 0. 461 0.263 0.525 0.336 0.072
CenterFusion R+C  0.454 0.321 0. 655 0.271 0. 460 0.520 0.153 245
MLFusionNet R+C 0. 466 0.333 0. 646 0. 260 0. 429 0.521 0.148 250

M 2 WY SEEG25 T LLE AR SCAT T A9 M 4% NDS
A HE 2 2l L W 4% CenterNet™ F1 FCOS3D™ #5351
6. 6% F1 3. 8%, B4R FCOS3D B mAP ft T A& XM %, 8
1 B R 0 L A R R RUBE A T O T R R i 22 AN g g
TN ARSI . AR SO R 45 NDS Xt He f 0 i 4l S
77 % RadarDistI™V £ T 2. 9% . ¥ HRE A 2R M
#% Centerfusion &4 SCHY FE 26 ) 4% , NDS F1 mAP #B #
mT L 2% It A E R RALE R A RS e AT,
T A P 28 9 R /MU I T 2%

F3FNINT M LERTA I R R, /T LLE N,
BT 22 J2 Tl A ) 2 % 56 B B v B o fa e i sh 4 H
PR TTHEESMRE, BRERE . FE . UKTANK
R B A HE B 2 A M 4% Centerfusion 43 5l #2 F+ T
1.4%.3. 0% 1.5% . iX#5 25 F MLFusionNet £ £ 45 2%
FURRAE A 2 G P AR Rl & T 22 K I 35 15 10 8 = 50 , T
SRR ST H AR RS ) R 2 ) R M R AR 4T

X sl A HAR., IF H MLFusionNet 7E il 5 45 B
g 1T R HLE X TE B 32 R b AR A T A 1Y I
NS R N EOR < 1 =3l B = N I < B o i 4 SE SR T IR TN
FRIVEE A4 o 7 58 2 SR i 8 114 5 PERAS: 2 L

LR LTIk AR ST BT G N 45 25 G 1 e X b 4 Sk 1Y
HREAME RAM IR LI, 2SR
Centerfusion tJEA SCHY baseline WA & B MEREIR I+, %
WA T E R P &S EREN SIS BAR, XWEME %
A PEH T K

AT N WA B % MLFusionNet A4 B Fr A i 5 5
7 A4 T AR TR 38 F 1 CenterFusion il MLFusionNet
SORER A Sall L FIN

TR 1A RAETW KA ERAF ST T LLE 2 &
MLFusionNet HE 1 i o o I 1] Bl 58 5 45 8 73 09 B 46 4 4
EBAFBIEEFE . B 2RISR 3 Y o iR 0 R i E R
173 Ay 5% , MLF usionNet Rg9 FRAR 4 i) o ) 3] 328 B 25 9

+ 115 »



55 AT W F

o

=3

2

#OAR

R3 TEMKEE A RE KA BRGNS EX

Table 3 Comparison of detection accuracy for different Categories of targets by different network models

%) 28 f5i 7 PR Car Truck Bus Trailer  Const Pedest  Motor  Bicycle Traff Barrier
CenterNet C 0. 484 0.231 0. 340 0.131 0.035 0. 377 0. 249 0.234 0. 550 0. 456
FCOS3D C 0.524 0.270 0.277 0. 255 0.117 0. 397 0. 345 0.298 0. 557 0.538
RadarDistill R 0. 540 0.153 0.113 0.295 0. 055 0.092 0.153 0. 009 0.217 0.423
CenterFusion R-+C 0.526 0.259 0.337 0.132 0.039 0. 392 0.283 0.235 0. 554 0.453
MLFusionNet R+C 0.540 0.289 0. 340 0.133 0. 057 0. 407 0. 300 0.236 0. 560 0. 466
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(a) Centerfusion test results
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Fig. 7 Comparision test results
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Table 4 Ablation experiments on each module

#4 RFB BsRFB Z %4 PAFM mAP  NDS
N 0.321 0.450
N N 0.322 0.457
J J 0.323 0.458
J J 0.327 0.463
N < 0.327 0.460
N NG NG < 0.333  0.466
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