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Underwater optical image feature extraction based on lightweight SuperPoint network
Liu Yan, Zhu Changsheng, Yu Bin, Huo Guanying
(College of Information Science and Engineering, Hohai University)

Abstract: In view of the poor robustness of feature extraction in underwater vision tasks such as image registration and 3D
reconstruction caused by the decline in underwater optical image quality, an lightweight SuperPoint network was proposed. This
network addressed the common challenges of detail degradation in underwater optical images, including color distortion and blurring.
By leveraging an attention mechanism, it constructed a frequency —spatial dynamic attention fusion module that integrated feature
information from both the frequency and spatial domains, thereby enhancing the network’ s capability for feature extraction in
underwater degraded images. A residual feature enhancement depthwise separable convolutional module was constructed to reduce
model complexity and enhance the feature extraction ability of the network. Verification results demonstrate that, compared with the
SuperPoint network, the network proposed in this paper achieves a 13. 8% reduction in the number of parameters, an 8. 0% decrease in
computational complexity, and a 31. 7% improvement in frame rate. Meanwhile, its repeatability rates under illumination variation and
viewpoint variation are increased by 2.3% and 2. 1%, respectively. In addition, the network exhibits excellent robustness in feature
extraction in the performance evaluation of feature point detection and matching on the SQUID and FLSea datasets.
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Fig.1 Lightweight feature extraction network framework based on SuperPoint
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Table 1 Improved shared encoding layer structure
AE PRI B Hig) AR iy R
Conv WxHx1 WXxHx64
951 Bk Conv WxHx64 WxHx64
MaxPool WxHx64 W/2xH/2x64
Conv W/2xH/2x64 W/2xH/2X64
FSDAFM W/2xH/2x64 W/2xH/2x64
952 BB
RFDS W/2xH/2x64 W/2xH/2x64
MaxPool W/2xH/2x64 W/4xH/4x64
RFDS W/4xH/4x64 W/4xH/4x128
953 BBt Conv W/4xH/4%128 W/4xH/4x128
MaxPool W/4xH/4x128 W/8xH/8x128
RFDS W/8xH/8x128 W/8xH/8x128
24 BBt
Conv W/8xH/8x128 W/8xH/8%128
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Fig. 4 Image examples of enhanced SQUID dataset
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S T I IR R IR 42 T, KB RFDS (95| ARESE A R M 4 1y 2 54k, il /2 SE iR ok, R
& FSDAFM ZxH4 A SRR SEORH A R 4% (H R T RFDS MIPLARAE T, A SC 48 AHE T SuperPoint [
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2.3.2 ARSI 6 R RO £2 ZWMEHERLRESR

XEANTR] J5 R AL i T A R AT B ’ IS Table 2 Ablation experiment results for each network
T PG A 28] 0 AR 1T a5 250 BR AR b iR A A2 Ak W S0 - IRk Wk
TE T — K B LA Re i gk 2] g5, 1HA SuperPoint 1304 6.2 ™
RN T SRR b ASREAE A5, (5 PR A R SuperPoint+RFDS 1.088 55.8 291
(DCREAR{b 3 50 T BRI 1 R B SRy B R B ) B Dt ] SuperPoint+ FSDAFM 339 .3 245

AT 1. 124 60.9 253

) OB i SR 3 AR 48 J5 7 R b A A X I S
4 B L P D2, P 6 1 B ®3 ETEORERELE
Hl. kS 300 ’ BB (N 3 (R 2 K TR R Table 3 Repetition rate of feature point ﬁor each method
fle WUAE fb, 7R BRI B SQUID Bl 4 1 ik e
R g 25 2R WK 3, SuperPoint! 1! 84.2 72.9

F e 3 Al 7E K F 5, SuperPoint [ 26 A DZ-NBl[:] 63.6 29.1
N I R Y e o SO
TR O G S e, 5 IR 2= 3 O T e, EdgePoint2" ! 78.5 48.1
ALIKED W & 78 9 ff 42 4k 5 18 0 7% g I8 T SIFT!! 48.5 57.6
SuperPoint 45, {6555 4 KL J7 e K F 352 o o 0
i, b T MR R e A 30140 AR 53 S 7 FASTT 502 6 3
PRSI , (A5 REAE AR A2 75 TR | 2 350 SuperPoint+RFDS 85.2 74.0
1iF 55 K, SuperPoint+FSDAFM ¥ 45 75 R 1iF S“““ZQ%F;DAF M :‘6‘; ;zz

MR FALT SuperPoint W 4% U HAE A f A2 1k
()3 B SRk B i i, e FSDAFM RES A 8500 6 7K T &2 4355, 42 R A5 B A /KR R A 5 4G 4T 45 v
E R, SuperPoint+RFDS M8 7E S8 A3 T/ 766 I ALK F g sch  HEEZ R T
SuperPoint 4%, F ] RFDS 114 FEAiF 3 5 F1 5% 22 7% 32 AL 1 0 52 68 08 $2 T AR E S BB 01, 455 RFDS HI
FSDAFM (AR ST 2% e CIEARIE N 2 81 T i sy M R OR , BARAILAR B 4L T BEAIK T SuperPoint+FSDAFM ¥
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Fig.5 Feature point repetition rate for each method under different thresholds
2.3.3 AT ACLE R BT
I3 FIREAS SC 2% SuperPoint FJ£% D2-Net P24 R2D2 M 4% ALIKED %%  EdgePoint2 [ 2% L M A5 55 )
ORB J5#k SIFT J5iE7E FLSea it 4 H1 SQUID Hudfn 4R b HEFTRAIE m DL RCI it
R B WA S0 A AR AE AT IR AT PR RE | SR PR AT DE BCHER R A PR8I | 148 b i £ DT RE 12

PSR A TR AV I, 15 B AR AT S AR VE BC BI{E R 0. 8, e KA IUARAE S0 H S 1000, VL 25 5 03 4
M 5, HFHT A B RR RS AR K T S b A Rl e 21 5 B AR MR B 3 e I R AE AL G2 iR
TR R KT BUG b, o1 DL B (2 B O SR AR RN, HE X o P e et i 22, - BOUC L o
BREAR . AN UL AE FLSea 05 HE I SQUID Hdi A - A VT it iR RS- Y (B 20 Bk B 24. 0% 1 51. 4% , B
SRTETR 32 LR IR B A AR VL FC % | (H A SCIN 2% 19~ 4 DE B HERR 55405 /5 T D2-Net (2% R2D2 %%  ALIKED
W25 L} EdgePoint2 45, #5J7 IVCALZS SR AN 6 Fim , 7K R R AR MG | 4% SCI 45 R0 B R AE A 45
Z , A ¥hs)  DRVCHEC I 0D XHRRAE 2 DG P 25 55 04 s A0 R T 900 437 3 B, A SO 45 2 B R AE 3
TR LA T A DX A B e A A LA S AR A D P i

4 FLSea HIREP &7 ENEAR TE EREITLL BT %
Table 4 Descriptor matching accuracy for each method in FLSea dataset unit: %
FLSea #(4#4E  SuperPoint''®?  SIFT!®] ORBI! D2-Net!'¥] R2D2) ALIKED!  EdgePoint2[7 A%
Canyonl 26.7 16.9 6.5 20. 1 21.9 28. 1 28.0 28.2
Canyon2 25.7 17.4 8.8 18.9 20.9 26.0 25.4 26.5
Rock_gardenl 25.5 18.0 8.5 20.7 21.0 25.1 25.8 25.2
Rock_garden2 14.5 13.3 6.2 13.1 13.8 15.3 15.7 16.2
&R 5 SQUID HiE&EH & T EM MR LA AR R B %
Table 5 Descriptor matching accuracy for each method in SQUID dataset unit: %
SQUID ##i%E  SuperPoint! ') SIFT'®) ORB!"" D2-Net! ' R2D2!1%! ALIKED!) EdgePoint2!!) ARSC RIS
Katzaa 64.0 41.7 14.9 49.4 45.2 63.9 55.6 63.0
Michmoret 44.5 45.3 19.1 39.3 37.8 44.8 47.1 46.5
Nachsolim 35.2 20.4 7.5 25.6 20.6 37.5 36. 1 35.5

Satil 57.5 37.8 11.8 41.0 45.6 57.1 60. 1 60.7
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