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Abstract: In view of the problem that the efficient detection model SSD-MV2 (Single Shot Detector MobileNet

V2) has low detection accuracy to underwater multi-scale targets in Synthetic Aperture Sonar (SAS) images, a
novel feature extraction module Extended Selective Kernel (ESK) is proposed in this paper. ESK has the
advantages of channel scalability, channel selection and few model parameters. At the same time, the basic
network and additional feature extraction network of SSD are redesigned by using ESK module, which is
named SSD-MV2ESK, and a set of reasonable expansion coefficient and multi-scale coefficient are selected for
SSD-MV2ESK. On SST-DET, the mAP of SSD-MV2ESK is 4.71% higher than that of SSD-MV2 when the
model parameters are basically the same. The experimental results show that SSD-MV2ESK is suitable for SAR

underwater multi-scale target detection task in embedded platform.
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MV 2ESK FI R I B (8] 53 BE S 5K R AR 36 i A
R B TikRHETI0. ZREZHSET
LB SSD-MV2ESK [ Kl A B 5 47 5k RS T4,
% R BE 2505 T AR SSD-MV2ESK 4% Wk i It
KA (SE51), AR SHOLIAE30.5 MB,
B T ik BB T4, 2 R REEE T4 SSD-
MV2ESK# M 2%12.6 MB. #t)ifin, SIRIG A

H IEA) TR (1) ¥ ok REAEHR R SSD-MV2ESK R Ml K &, (E A
FIAE T H bR 103 8 RUZEG 3G Nt O BE R S5, 6 AH (] ARG WIARS 2 2% A1
el 275 30 T, AURFER Y 5k REWSSD-MV2ESK L 5K
B 255 33 RENZ R R B G ISSD-MV2ESK Z A} i 5
Bt 633 71 ZIAERE 2]
% 2 BRMEREREEL R
LAY BERH X 4% FRAESR PR HY ) 45 mAP(%) FEAI 24 (MB) I [7] (ms)
SSD-SQP! SQNet OAN 58.90 6.6 11.25
SSD-MV1! MobileNet V1 OAN 67.46 27.7 10.47
SSD-MV 22 MobileNet V2 TRBAN 70.37 12.5 17.90
SSD-MV2ISK? MobileNet V2ISK ISKAN 72.87 59.4 79.63
SSD-MV2ESK MobileNet V2ESK ESKAN 75.08 12.6 46.67
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5 74.39 14.9 31.34 2 71.81 12.5 36.29
10 74.72 30.5 31.36 4 75.08 12.6 46.46
15 78.32 52.4 3177
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W, 2 REERE R 0 8 2SS E KRG T 1710
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N TP U HESKEEH K~ 2 R H AR
W&, #EMobileNet V2 3Eat |, Al FHESKAR
BeBeiE3 M AL H bR 7> M4 MobileNet V2_4_1,
MobileNet V2_4 2fiIMobileNet V2_4 4, 3/
BB K /B T4. 2 RERESHA
1, 2F14. T o3 FMA L5610 & AL BUE K T 2
R Hbr oy K545 £ NSAS-DET H 70318 K 1%,
H AP GHEAREANL63MEEME, MR EL =
6508 F1% . BRI ZiBatchsize2s T-32, %3] H4k
F0.01. IEMRREZET100. 103783 MR LA 100K
R R I R R, SRR AE R ANRE PR .

*® 5 ERSIEHE(%)

7rRIM 2% MobileNet V2_4_1 MobileNet V2_4_2 MobileNet V2_4_4
HIZTES 72.72 77.27 78.78

MFESAT LRI, MobileNet V2 4 45
e R thMobileNet V2 4 1f1MobileNet
V2 4 250 5lE6.06%A11.51%. T3
K RBOHE, RG22 REERE A0 3G R K
FRAERCE E —FE, B B2 R MobileNet
V2 4 2FfIMobileNet V2 4 4 # R MobileN-
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3.6 it
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