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Spatial Feature Selection for Underwater Object Detection
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Abstract Keywords

Due to the high error detection rate in the underwater identification task, we introduce multi- undewater objection
scale feature selection and center and boundary feature selection for a fully convolutional one-stage detection;
object detector ( FCOS) to make the high-quality underwater object detection. In the adaptive fully convolutional one-stage
weighted fusion feature pyramid, multi-scale spatial feature selection can be realized by setting object detector;
learnable weights to integrate all feature levels. In addition, in order to solve the feature coupling underwater dataset;
entanglement between the classification and regression task, and separate the shared features a- feature selection

mong different tasks, a feature decoupling detection head based on spatial feature was designed to
realize the feature selection of center and boundary regions. Experiments are carried out on the un-
derwater datasets URPC2018 and UWD2021, comparing with other object detection methods. Ex-
tensive experiments results demonstrate that the proposed method shows extremely excellent per-

formance, achieving 82.7% mAP and 83.3% mAP on URPC2018 and UWD2021.
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Fig.1  The flow chart of the underwater object detection
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Fig.2 The adaptive weighted feature fusion pyramid network

(b) AWFFPN

HARRAL, 1% 25K ResNet-50 i H 4 4FF1E )2
(Cs. Cy. CONEREFIEMEE A, 33—
MERA 1, BEREKR/NAG 3 <3 (ERZ, 1533
P, P, P5, Pyt Ps it — M KN2, BEREK
/N3 x3 MERZRE], P, W Py 225t —4> RE-
LU ZJG, i —1 RN 2, BREKR/N N 3 x3
WERITRARE] i, FERrh s MER, N
TWME R RS, I HaE e F BT, A& A
Al IE S FIE MRV T 5 Al iRGE, 7
BIXFIL S A4 FIE TR D X A AN [ E 14K,
BT M Igrmiii, If BAEREIA R Z 5K
ARRAE S N, BT AR o 1% M 4% )2 1) 4
Al AR

Out, =w,P, +w,P, +wsP; +wyPy, +w,P, (1)
Horr, Out Rz M8 R, w XR&ZH ]
E L RE Y A
1.3 AR ih FAFIEERE

KSR B ARE A T ARG B¢ E S, H i
KR K071 12 1% F RetinaNet! ™) (it 4k 5246 00 3k 45
ta, FCOS WAGIHb B AT A AR [F] A AR J2 R AT
SYZERBIEESS, 20 T SR 55 R RAEZEK 1) 22
Stk FREERRAE I A A Sk AR WOIE W = A R0,
EX AL i TR 5, T AR R 23 264 55 [ml A E:
55 Z IRl 2 9

IAh, KN AR AR E A KL Y, ASRESE 42
B g LR I e, AR, HERY D 2% X B K
BT REERF, ERBAE TYIRMH%E



2 34 Bk, A JET A RREL PR KR B ARG 5 vk 217

Bo RAHODRFESNG, 582 L BRIEA I Sl il
P PR Z s My A b, X 88 B AR AR R AN 5 B
fo FERZEUBOLT, 0T 55 Al 4T 55 L —
AFHIEJZ , IR TR TR . 2 AR &
LA S, PEF RO B BRSSO, X AT

FOLRHIEREAT
Sy S HETI

HIEEFT

PIEAMTE st R ik . AR5, 1 3RA% SR o
9 FAR AL, AP O F AR A FhCo i) S X SR
g, FHRHERLSG . Wik, AR DR
RIS GO RFE, (815 0 SOR L FRRAE, 4n
K3 R

e X3k
ARSI BATIE
e
SUE- PR B
AT HESH

K3 =S RFAEE A5

Fig.3 Spatial feature selection structure
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Fig.4 The structure of the boundary feature extractor

WS B, S8 G b R 3 SCIL LS
MEFRIR 53 ST WURRAE R T S, 43 5 3k S R AiE
2, FRBR AT S M AT 55 Z [ ARG Horp,
H W 23 548 Rk ] = F e o
14 K EE

FIrE B KT B ARAS N X 48 AT LA S B 2] g 114
ek, ik AR S

N oty +hp+ ) ()
St L FRAFIR Lo Lop BN BUFTBR,
L R FERUR, 43 5E ) Focal loss, GIOU
loss, GIOU loss ., 3¢ X4 #t 2% ( cross entropy loss)

L=




218 55 3 51 %

x4

HxW%256
FEAIE

H*xWx256

ENFRERT «, y BIBREL, «, v 0 2R B {E A
HHH

2 RE R

ASC#E URPC2018 i1 UWD2021 " ¥4 4E -
T S, G, FATAE URPC2018 FXxf #LA 1Y
KRR AT T i, SRG, B rig i iy
S5 TEK N AR i JURR d e A I 2 2R A T T
PbAt. fohia, FETH RS A3 BT 1 5 e e I 45 1k fig
AR
21 XWiEE

S5 2 ResNet-50 /E4 3= TR 2%, i
i ImageNet ™ I il 25 B B4 g w0 4 1k, I HL
Y5 36 4~ epoch, X TFAF#K A I 25 Jo] 1 sl (i P HEAth
FT M, SCEn R EplbR IO . X4 R AILAE
TR, ZEBVNZRE K 80% Fl 90% 45 it 41—
U2 2 BREW, SRR FE N Z AT 10 £, 2F2) %
WE N 0.005, FLE M AR 0.000 1, 3K
0.9, Batch Size ¥ K2, fiff: CPU Jy 19-9900k , F7F
FK/NH 32 G, B RTX3090,

22 HIERIEMIER

URPC2018 {315 4 000 5K /K F & /-, UWD2021
£ % 12 000 5K 7K T Bl %, H T URPC2018 i
UWD2021 /K $da S 40 VOC* $odfi 4 rh i3
FRERPEM PR AE, BRI mAP, A SCHRZEIE 1 X Fpds
e FEAREIE R R, AOFRA I BT iR R, A R
fegR . AFCH

> AP,

mApziﬂC (4)

Horp, AP, FR5R i ANRBIF RN, € s Kail]
1155 H B 2B B

BHE

—> IESEgiy

WS RE AR

HxWx256
PlS  RPAE AR A TN Sk

Fig.5 The structure of the feature decoupled head
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Tab.1  Comparison with existing underwater detection

algorithms on URPC2018
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Tab.2  Comparison with other detection algorithms on URPC2018

Bk mAP /% T ™% Hulothurian Echinus Scallop Starfish
FCOS!®! 73.4 ResNet-50 68.1 89.7 51.3 84.3
RepPoints!” 76.5 ResNet-50 74.0 89.5 57.0 84.4
ATSSH! 78.0 ResNet-30 78.5 87.1 62.2 84.3
PAAY! 80.3 ResNeXt-101-64x4d-DCN 78.9 91.9 63.4 87.0
GFocal V2! 79.8 Res2Net-101-DCN 78.0 91.7 62.6 86.7
RetinaNet!'*! 75.5 ResNet-50 71.8 90.2 53.9 86.0
Cascade-RCNN'*! 81.6 CB-Res2Net-101-DCN 80.6 90.0 68.4 87.5
Sparse-RCNN'?"! 78.2 Swin-Base 76.2 89.9 62.1 84.6
CenterNetV2 74.5 R2-101-DCN-BIFPN 69.9 86.9 58.3 82.9
DoubleHead-RCNN 71.5 ResNet-101 74.9 91.0 58.2 85.8
ARSI 82.3 ResNet-50 80.1 92.2 68.3 88.5
ASCH gt 82.7 ResNet-101 80.5 92.8 68.5 88.9
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Tab.3  Comparison with other detection algorithms on UWD2021
Bk mAP /% T ™% Hulothurian Echinus Scallop Starfish
Faster-RCNN'" 78.2 CB-ResNet-50 78.3 91.0 59.6 85.7
Faster-RCNN * [ 71.4 ResNet-101 76.4 89.7 57.5 86.0
ATSS 78.8 ResNet-50 772 91.3 60.5 86.3
PAA"! 79.9 ResNeXt-101-64x4d-DCN 79.0 90.4 63.6 87.1
RetinaNet''*! 77.3 ResNet-50 76.1 90.8 57.6 84.8
Cascade-RCNN! 772 Swin-Large 76.5 87.7 60.6 84.0
DoubleHead-RCNN™ 77.0 ResNet-101 75.9 90.4 55.9 85.6
VFNet 80.7 ResNeXt-101-64x4d-DCN 80.2 91.4 64.3 84.3
FoveaBox'** 78.2 ResNet-50 77.6 90.9 58.4 85.9
RepPoints V2" 78.9 ResNet-50 71.5 91.7 59.8 86.7
DetectoRS" ! 74 .4 ResNeXt-101-32x4d 72.3 86.5 55.1 82.7
NAS-FCOS!#! 78.4 ResNet-50 75.4 91.3 60.1 86.6
ARSIk 82.0 ResNet-50 80.2 91.8 68.0 88.0
Ak 833 ResNeXt-101-32x4d 80.9 92.7 69.8 89.7
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Tab.4 Multiscale feature selection on URPC2018

Fik mAP /%  EEYKRE HhiEiE
FPN 76.2 - 256
BIFPN 76.5( +0.3) 6 160
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Tab.5 Center and boundary feature selection on URPC2018

ik mAP /% {UHOFRIE (GH BURRAE
Jrik 1 73.4 - -
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Tab.6  Ablation experiments on URPC2018
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Fig.7 The detection results of the proposed method
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