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Abstract: As one of the inherent properties of objects, sound can provide valuable information for target
detection. At present, the method of target positioning only by monitoring environmental sound is less ro-
bust. To solve this problem, a multi-modal self-supervised target detection network under cross-level fea-
ture knowledge transfer was proposed. First of all, in view of the teachers network and students at the
same characteristics of network learning ability of the limited problem, design based on the integration of
teachers across level knowledge transfer loss, through the way of attention fusion deep and shallow charac-
teristics of students, more efficient learning to the corresponding teacher middle layer characteristics, to ex-
tract more knowledge, combined with KL divergence, realize the alignment of teachers and students net-
work alignment. In addition, in order to solve the problem of missing localization information, localization
distillation loss was added, and more localization information was obtained by fitting the distribution of the

teacher. With the network trained in the multimodal audiovisual detection MAVD dataset, the mAP val-
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ues improve by 6. 71%, 14.36% and 10. 32% from the baseline network at IOU values of 0.5, 0. 75 and

average, respectively. The experimental results demonstrate the superiority of this detection network.
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Fig. 7 Example images of MAVD dataset
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FA 15 142 04 470 18 X3 A 28 3310 %) S 2494
AR CHHF T ToU 4 0.5 F10. 75 B B mAP, L &
ToU [ {8 M 0.5 %] 0. 95 [a] b A 0. 05 B i) 3F 1
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FoRBMEE R N T L RN RRER ., TUE
ARSI A4 TOU A T 1 mAP{E K T4
W4 . £ RGB BT, MCFT i 2% #H 4%
T MTA ik 76 IOU {4 243 0. 5 F10. 75 1 1E
S F mAP fA 43¢ 0 & A T 6.12%, 7.80%,
6.78% , 0 BE B CDx R CDy 43 B B AR T 0. 68
0. 41, TERBREZHINEAT ,MCFT it & A5
F MTA i 2k 7€ IOU {4 F 3 .0. 5 F10. 75 B 1%
#L N mAP A 43 Bl 48 T T 7.76%, 9.44%,
7.95% , BB CDa A CDy 20 51 AR T 1. 28
MO.61. 7F RGB FTR B M SIS T, 4 3C
FEAETOUAE A 0.5 81 0. 75 15 5 K mAP
1873 9 62.23%,82.63% 1 61.49% , #HE T
MTA % 53 514 10.32% ,6. 71 % F1 14. 36 % Y
B TF, RO EE B CDx F CDy 43 B FE AR T 0. 12 Fil
0. 06, Ut B A SC 5 v 76 B £ T+ 5 AR U B
R TRT B, 9 A ARG 2 1o 5 B o
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Tab. 1

Results comparison of the method and the baseline network under different faculty modes

- EAQIETES mAP {H Gi K ) rPCs BB G/ )
RGB ¥ mAP@Avg mAP@0.5 mAP@O.75 CDx CDy
StereoSoundNet* N — 44.05 62.38 41.46 3.00 2.24
N/ — 51.45 69. 22 49.07 2.97 1.72
Baseline'”’ — N 40. 54.09 38. 45 6.08 3.28
NG N 51. 75.92 47.13 2.07 1.11
NG — 57. 77.02 55. 85 2.29 1.31
Ours — N 48. 63.53 46. 40 4. 80 2.67
N/ N 62. 82.63 61.49 1.95 1.05

R VFAR AR SC 7 v I SEEE P BEHL T Faster R-
CNN, SSD, Yolov3, Yolov5 i% JLA~ 4 # i H ¥
e 0 1) 26 AT T B AR, R A R R T TR (frame
per second , FPS)/E S SEmf PEIEAN 6 b , i A 15 1
YT — 9K RTX 3090 &~ b 347, Bl HLEC /Y O
Az OO LR /N ) B A B RS W B il £
YR B 4, e 2 g R 2 iR . w L
F )R SO AT YOLOvV3 Fil SSD 81 B 45
2 M3 T Fast R-CNN, Yolov5-x 22 B 32 i

X BT AR SO T Y I 2% 25 44 2 EfficientDet-
D2, M # T LA SE I S 4 5 SSD Y OLO M 4%
YE A5 2 , (B 78 [A) B DL EfficientNet-B2 /E A & +
W 25 115 LT, AR ST 125 Y S IR i

TEAS RS B2 b EfficientDet 19 R 3 505 78
JUA] BRI A TR A G LR AT AR e RS R X
T PERAR A LT 58 67 4T 55, EfficientDet i 5
B MR R e A B O G aE . ANl 8 s, SSD
FE/N B ARk DU LR 3855, YOLO £E K B Ar ks
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Tab. 2 This paper compares the method with classical object detection networks
A FPS/(FPS) 15875 FPS/(FPS)

Faster R-CNN VGG 16 18.41 Yolov3-m 94.81
Faster R-CNN ResNet 13.15 Yolov3-1 66. 89
Yolov5-x(EfficientNet-B2) 43.82 Yolov5-s 118. 17
SSD300( EfficientNet-B2) 44.41 Yolovs-m 93. 20
SSD300 121. 39 Yolov5-1 67.04

SSD500 84.16 Yolov5-x 48.33
Yolov3-s 96. 90 Ours 49.91

SSD

YOLO

Efficient
Det

B8 A [l P 28 2240 T b G BE 7 Lo A

Fig. 8 Comparison of object detection capability under different network architecture

BB J1 855, EfficientDet P 25 76 K 6E 1 & M A
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HLAT B0 1 FRAE B HURE 77, BIFPN I 4% fi6 B0 4 2%
b Rl A T T4 A AN T RUBE B SRR AE X
TR AR R Ao v X T o ) J2 AR AE A A A AN
4.4 THELEIG

B MCFT 4528 Al LD 2% A A3 R, %
R G HEAT T S, S5 R IR 3 TR .
T LD 452K 5 (19 M2 A5 R e oA i FH AT ] 352 2%
1 M1 KL ZE mAP {5 K1 0. 5510, 75 if 43 51
A 3.28% ,4.63% F14.83% By TF, fEh RS

CDx Ml CDy b3 Bl BEA 17 0. 18 F1 0. 1, fdi JH 1
MCFT #8121 LD 451 2% ) M4 A5 8 25 5% bb AV i A
MCFT # 2k i M3 A5 B 7 0 B 25 CDx 1 CDy
L SRR T 0. 03 F1°0.03, 7E mAP {4 0. 5 Fl
0. 7543 BT T 0.04% F10. 11, UEWI LD #12%
RE$2 TH H AR R 09 52 RS FE o fEHT T MCFT it
2% M3 A5 R LY R A AT ] 45 2K 79 ML B Y 7
mAP {4 F ¥ 0.5 0.75 8 2 545 9.71%,
10.18% i 11. 34 % My $& F+ , 76 .0 R 25 CDx I
CDy by BIFEAR T 0. 71 F1°0. 43, 3FE W] MCET #
2R Xt 0 v ] 2 R AR B A R

Fx3 WMHIRKNERAR
Tab.3 Ablation studies for both losses

- ik mAP b B
MCFT Loss LD Loss mAP@Avg mAP@O0. 5 mAP@O0. 75 CDx CDy
M1 — — 52. 68 72.05 50. 04 2.69 1.51
M2 — N 55. 96 76. 68 54.87 2.51 1.41
M3 N/ — 62.39 82.23 61.38 1.98 1.08
M4 N N 62.23 82.63 61.49 1.95 1.05
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Shy AR B M AR A A 0 S, A xS, B R
A S IMEIEAT TR SR . £ 445 H
T ok 1. OBF AN A5 BT A I 265 46 RS B, &
54 T 60N 1.0,8 40,0050, AR A E T
W 26 6 A R . N 4 BT R, ZE AU MCFT
PABTER T, 2 6=1.0,4p=0.005 mf %

mAP A fie i, B0 BB /. ISR 5 R, #E
A LD K Mg T4 0=1.0,3=0.005,
W A=0.25 i BB mAP i i, H b I E
/N

O 7E Il 2k it 4 0=1.0,8=0.005, 1=
0. 25, A B A DS B2 5

R4 BEBYEHBSHOMAHIHBAR
Tab.4 Ablation study of loss parameters & and /2

e 2 mAP fE rhC
0 A mAP@Avg mAP@O0. 5 mAP@O. 75 CDx CDy
1.0 0.003 52.88 72.85 50.77 2.65 1.57
1.0 0. 005 62.39 82.23 61.38 1.98 1.08
1.0 0.008 53. 86 72.49 51.74 2.81 1.61
1.0 0.01 50.43 69.12 48. 44 3.11 1.80
1.0 0.03 51.55 69. 56 49.82 3.06 1.75
1.0 0.05 59.29 78.97 57.52 2.25 1.25
1.0 1.0 49.97 67.24 47.87 3.22 1.82
x5 BMEABHHPESHEO,LFANERAR
Tab.5 Ablation studies of loss parameters &, 8 and A
HEH mAP ff L B
0 B A mAP@Avg mAP@O0. 5 mAP@O. 75 CDx CDy
1.0 0. 005 0.005 50.13 66. 40 48. 27 3.52 2.06
1.0 0. 005 0.06 51.17 70. 89 48.76 2.87 1.65
1.0 0. 005 0.01 52.22 71.67 49.80 2.86 1.64
1.0 0. 005 0.25 62.23 82.63 61.49 1.95 1.05
1.0 0. 005 0.3 50. 95 70. 24 48.97 2.92 1.71
1.0 0. 005 1.0 55.79 78.13 53.40 2.28 1.29
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Fig. 9 Schematic diagram of different fusion modes
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Tab.6 Ablation studies with different fusion methods and loss calculation methods

VRES mAP {f e

5 4% g rsC BRIEE L mAP@Avg  mAP@0.5 mAP@O. 75 CDx CDy
— — KL 51.91 75.92 47.13 2.07 1.11
— L2 52. 68 72.05 50. 04 2.69 1.51

N — KL 58. 36 78.02 56. 97 2.31 1.27
N — L2 56.13 75.33 54.74 2.67 1.48
N W5 R KL 62.15 81.84 61.13 2.04 1.13
NG A L2 58. 68 77.97 56. 44 2.28 1.28
NG e KL 62.39 82.23 61.38 1.98 1.08
NG e L2 61.74 80. 54 60. 45 2.05 1.11
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Fig. 10 Qualitative comparison of vehicle detection capa-

bility with or without LDLoss
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Fig. 12 Qualitatively compares the vehicle detection capabilities of the baseline network and the method presented in this paper
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