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Abstract; A dual-modality object detection algorithm, based on the dual-scale convolutional block
attention module (CBAM) , is addressed to tackle challenges posed by adverse weather conditions and
low lighting for visual object detection algorithms based on deep learning. The algorithm aims to improve
the robustness and accuracy of object detection in challenging environments by fusing features from vision
and millimeter wave (mmWave) radar. It utilized a dual-branch one-stage architecture, with the image
branch using a pre-trained CSPDarkNet53 backbone network to extract image features and the radar
branch employing a voxel-based radar feature generation network to extract radar features. The proposed

dual-scale CBAM feature fusion module integrated radar and visual features before and after the neck
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network. Finally, a decoupled detection head was deployed to classify and locate objects. The

effectiveness and superiority of the proposed fusion detection algorithm were validated by comparative and

ablation experiments conducted on the nuScenes dataset in challenging environments.

Key words: deep learning; object detection; millimeter wave ( mmWave ) radar; feature fusion; multi-

modality ; attention mechanism
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Fig. 1 Structure of RV feature fusion detection model based on dual-scale CBAM
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Fig.3  Voxel processing of radar point cloud and RFGNet structure
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PR 2. 02 AN E 2 a5, 53X — &5 I FE 43U B A 3¢
T HA
2.4 HRRIRIE

ARSI AR R R R RIEREE T Y S AT A
SIS RFGNet KU BE CBAM FIF# RGN 3k 1A
ROPE, SCERAE R MR 3, R LR 1 HEiid
IR YOLOVS -x; 7% 2 R FETFHRHE P (Concat ) 11
RV FHEFlAHE 7 RFGNet-YOLOVS -x; 7728 3 LT
25 [0 B 1 RV FRAE @l A 17 RFGNet-YOLOvS-x-
SAF; 7% 4 BT Concat SUR JE CBAM F1 YOLOvVS
RISk ) RV RRAE A& 45550 RFGNet-YOLOvS-x; 7%
5 JHETF Concat KU EE CBAM FU#FRAS I 3k 1) RV
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FRAE R G584 RFGNet-YOLOVS-x

1) RFGNet 148 %1

PR3 % 1 R 2 LI 4 R AT
1,4 R FH RFGNet 1E R 47 Jé 19 55 35 4 33K B #
FOIBFRAE , 1L Concat 7 X 5 EMG 47 FR1E fil
Bla, BALLE Test I B9 mAP FH 5 T K& 46 px Al
YOLOvS-x #2 # T 4.75 /> H 43 44, 1 78 Rain Al
Night Z2» 3325 7 0.93 F16.89 4N 40 i, 4%
WKW, 5] A RFGNet A4 A 1Y 75 18 5 1E GE 05 A 5%
2 TSR (4G T B

2) XRBEE CBAM (R4 %tk

R CBAM 75 5 Concat 15 2 fl-& KR 1E /Y
Feah b, gE—20 [ 35 90 L TE Y S B AR AR, A
WA _FNZS ] B Al R IR ST SR A . XL
T3 PHE2 L4 LR R LUE T

XULEE CBAM (1 @il 7 XA EE T Concat Bl , 75
Test I- mAP #£ /& T 2.62 4~ H 43 &1, £ Rain
Night | 2r 51427 7 5.05 A1 3. 13 A 40 4, [A
W, 5255 3 41 SAF fEHe ' YEAT RV FRAF &l A 19 5
P, TE 3 IR - mAP 2B T 1,20,
1.34 F12.57 DA, LHEEREY], BT R
JE CBAM Y RV H#1E Rl & J7 00 T Concat J7 %l
SAF Jrik,

3) ARSI Sk 1A R

3 RS RAMRTNL . 5% 4 R
YOLOvS AU S AH LY, ffdl A A AU ZE Rain A1 Night
ARSI PERE 2 B T 0. 42 1307 AN E 4R
JUEAE Test LRSI MERERS AT B, (A A PR R ZE A
MK G5 AR R i REAS D Sk T3S 5k k1 20
5 A

x3 FRAENHMIBER

Table 3 Ablation experimental results of the proposed method

" N mAP/%
ES IR Concat  XULJE CBAM(3,7)" DH®

Test Rain Night
1 YOLOV5-x 50. 64 44. 81 39.18
2 RFGNet-YOLOV5-x v 55.39 45.74 46.07
3 RFGNet-YOLOvS5-x-SAF 56. 81 49.45 46. 63
4 RFGNet-YOLOV5-x v v 58. 01 50.79 49.20
5 RFGNet-YOLOV5-x v v v 57.63 51.21 52.27

Vo v A o R R
O (3,7) FrHEMEZ N PERZERZ RN,
@DH W fi#FHA 3% ( decoupled head) ,

4) SULFE CBAM S5 #4351 A0 A ik

EFXIRUR B CBAM B4 B KNI i 14T
UGUF S SIS LR 4 SCIR 4 ) 44 R R
R FE FI £ ROFE CBAM ( multi-scale CBAM,
MSCBAM ) il G AE A E T8 1] T R AN [R] 55 i A6
MEE R SEgG el LRI, SULEE CBAM ARG I 1 1B
TR UL 2 RERH, £ XU EE CBAM
BRI HII(3,5) .(5,7) F1(3,7) BIXF HLSE
W R R, E M EE B RE PR E
CBAM(3,7) ik L REFAL .

FH A 9 ST 6 445 SRR R, A SCHR H 19 B A
FEAE SRR LT U BE CBAM B RRAIE filt A5 e A1
SRR Sk A R 2R A B 35 P Pk ik A% TS g
R AT IPERE

%4 CBAM HARSMREMNIRER
Table 4 Experimental results of different convolutional
scales in CBAM

mAP/ %
RUEE BEER/N

Test Rain Night

CBAM(3) 56.88 49.42 50.64
PARE  CBAM(S) 56.42 50.33 48.95

CBAM(7) 57.29 48.71 46.93

WU EE CBAM(3,5)
WOREE RURLEE CBAM(5,7)

57.60 49.37 48.89
57.26 49.46 51.21

MR JE CBAM(3,7) 58.01 50.79 49.20

ZRJE MSCBAM(3,5,7) 56.82 48.62 46.21
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Fig.5 Visual comparison of the detection results between our method and YOLOv8-x
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g b AR SO5 i a2 R A IR R R I R
FIRURUEE CBAM R AIE Rl 15 07 75 RE S 70 08 15 B A
R NHRAME LR B 25 4F T Qi 2 H AR, S 3
TEB R PRI T A4 2R

3 it

1) XSRS RAFLIE IR G R R 215, AL
P T — AL TR B CBAM (98 ik 5 G R AE
Al B ARSIy s, B, AN SCRA T B TIAR
(%) TR IR R AE A D0 £ X B R B 201 T ) R i i
B, DA PR SRR, T 5 BUG R R T 2 RO R
TERLG o FR FERRIERL A B B, (o R R B RURUEE
CBAM X 85 35 A58 S A FRRAE 23 0l A 38 3 1 DL R =3
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