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Abstract Aiming at the problems of conventional detectors in detecting underwater objects, such as difficulty in feature
extraction and missing detection of objects, an improved CenterNet underwater object detection method is proposed.
First, a high resolution human posture estimation network HRNet is used to replace the Hourglass-104 backbone network
in CenterNet model to reduce the amount of parameters and improve the speed of network reasoning; then, the bottleneck
attention module is introduced to enhance the features in the spatial and channel dimensions, and improve the detection
accuracy; finally, a feature fusion module is constructed to integrate the rich semantic information and spatial location
information in the network, the fused features are processed by receptive field block to further improve the multi-scale
object detection ability of the network. A comparison experiment is carried out on the URPU underwater object detection
dataset. Compared with CenterNet network, the detection accuracy of the proposed algorithm can reach 77. 4% , increased
by 1.5 percentage points, the detection speed is 7 frame/s, increased by 35. 6%, the amount of parameters is 30. 4 MB,
compressed by 84.1%. Compared with the mainstream object detection algorithm, this algorithm also has higher detection
accuracy, which has higher advantages in underwater object detection.
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Fig. 1 Model structure. (a) HRNet; (b) BAM; (¢) FEM; (d) detection module
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Table 1 Backbone network structure parameters

Net Stage 1 Stage 2 Stage 3 Stage 4 Resolution
1X1,64
3X 3,32 3X 3,32 3X 3,32
Subnet_1 3X 3,64 | X4X1 X 4X1 X4X4 X 4X3 4X
32X 3,32 32X 3,32 32X 3,32
12X 1,256
3 X 3,64 3 X 3,64 3 X 3,64
Subnet_2 X4 X1 X 4X4 X 4X 3 8X
. 3 X 3,64 3 X 3,64 3 X 3,64
3 X 3,128 3 X 3,128
Subnet 3 X 4X4 X4 X3 16X
3 X 3,128 32X 3,128
Subnet_4 BXSEN0Nxs 32X
nonet- 3% 3,256
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Table 2 PASCAL VOC dataset test results

Algorithm Bacbone nework Size GPU mAP /% FPS
Fast R-CNN VGG-16 ~1000X 600 Tian X 70.0 0.5

Reference [ 21 ] ResNet-50 RTX 2080Ti 72.6
Faster R-CNN ResNet-101 ~1000 X600 Tian X 76.4 5.0

SSD300 VGG-16 300300 Tian X 77.1 45

SSD VGG-16 320X 320 Tian X 77.5 11.2
YOLOv3 Darknet-53 554X 554 Tian X 79.3 26.0
RetinaNet ResNet-101 ~1000X 600 RTX2080 S 75.3 8.8
Proposed algorithm FA-HRNet 384X 384 RTX2080 S 78.1 7.0
FA-HRNet 512X 512 RTX2080 S 79.5 6.7
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Table 3 Comparison of detection accuracy and speed with CenterNet algorithm

Algorithm Net Scallop /%  Holothurian /%  Starfish /% Echinus /% mAP /%  FPS

CenterNet Hourglass-104 57.4 71.8 86.0 88.5 75.9 5.2
Proposed algorithm FA-HRNet 60. 2 73.3 85.6 89.7 77.4 7.0

#4 5 CenterNet FyE BRI 4T A% B XT L
Table 4 Comparison of model complexity with CenterNet algorithm

Algorithm Net Ipout size Size /MB Params /MB GFLOPs /10’

CenterNet Hourglass-104 384X 384 765.7 191.2 164.5
Proposed algorithm FA-HRNet 384X 384 123.0 30.4 32.6
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ZEKTT H w5 PRSI B bR, T i B A A ) S
J& CenterNet A9 1.35 1%, &b F+ B & A9 £ 3, & B
FA _HRNet ] b Hourglass-104 J& 5 i 4% & 2% 14 4 4%,
AT I R A TR () i B R

MG AT LUE AR A SC B0 e B O, P 4
VALK /N B S 4 7 s i (GFLOPs) it
ik T CenterNet 53 , B K /N AL 642. 7 MB, & 4

holothurian

83.9% , 145 Y 2 K it % K 160. 8 MB, HE 41 84. 1% , 7%
JIB AR AR 1. 319X 10", 458 80. 2%, X ¢ B fr 4
R B R R IR R ) B 4R B AR SRR N e
BAL#

8 Ay W o B 3k 7E DU A b X 4 288 A 1 A A%
e BT 5 2 A1 CenterNet 55 1 BE K I 1) K358 4 B Fr
{FLPIE B2 50 0 A T X RO B 4 AR 0 e K R BRI K
)T 22 H px, AR T T X 4528 B bR A9 R 1
F A A A 2 /N ) A

[E18 AN [ 0 £ A i 25 R AT 1L o (a) (¢) (e) (g) CenterNet43:3% 5 (b) (d) () (h) &5k
Fig. 8 Comparison of detection results of different networks. (a) (c) (e) (g) CenterNet algorithm; (b) (d) (f) (h) proposed algorithm
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Table 5 Performance comparison with mainstream object detection algorithms

Algorithm Bacbone nework Size /MB Params /MB GFLOPs /10’ mAP /% FPS
Faster R-CNN ResNet-101+FPN 552.8 59.5 91.8 73.7 3.9
Reference [22] ResNet-50 72.6

SSD VGG-16 92.61 24.2 30.6 68.6 16.0

YOLOv3 Darknet-53 246.5 61.5 32.8 73.3 15.0

RetinaNet ResNet-101 228.5 55.2 100. 6 72.2 8.8

CornerNet Hourglass-104 804. 6 201.0 453.0 49.0 3.1

ExtremeNet Hourglass-104 794.1 198. 3 229.9 53.5 2.3

CenterNet Hourglass-104 765.7 191.2 164. 5 75.9 5.2

Proposed algorithm FA-HRNet 123.0 30.4 32.6 77.4 7.0

ML S A LLFE Y, R IAS B ok &, B fe Bk
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AR IR G S M A PR B T 404, B TR R
H ¥ A7 B N BART 2 i ) th B3R 3 41 B %
R AR T R OKG B . DA I B ok T £ Bk TR
Faster R-CNN, ExtremeNet, CornerNet, CenterNet A
B G 0 3 B PR, fEAIE T SSD L YOLOv3 , RetinaNet .
B R TR T T SR 55k 1 B T M 4% LU HRNet Jhy L il
P BARS HE T T R DN R B, (H F T R 2% 3 S
AT 2 RIEAFIER G, — E TR b R AR 1 190 45 4f 3
HEE . BRI IR FORFE TR AR B R KN (S
Bkt 37 s B RN 123.0 MBL30.4 MB . 3. 26X
10", A T 2 8 FE Ui B br o I A5 A, 3% WY e 4 e i 1)

2 S — ol kR X R B I 2%, T I 3 U D R R ) B
O REIRA Y AT A B R T I 4 R A T A
W 24 T 7 B 208 Bl 5 i A R & AR T S BR R H .

ESR A  [H 7 7 [ = L = R 12 W B e R 21
R P S TR 2 TR] B R AR 5 e %) AR T SR S A I 1 A
RIS HOR  TER K T B AR B %
3.5.3 Ik

kT 6 UE Ir 2 2l 1 5R B (HRNet & T W 4% \BAM
FFEM) B9 A 20t 2547 7 5 Al 52 56, DR IDRS B2 K
T 3 RSSO 2 B A T R AT TN L A BT, A5 A
P26 B (ARl R et s — ARl
WCHE ) XA ) S 56T B A% 28 I A R TR B2 iR AT
ATAAE S A K 9 s . L5 1483 CenterNet, B T
W £ 2 Hourglass-104, 5256 2 76 5256 1 A9 FE 6l FofF 1
T 4% B 4 HRNet, 5256 3 48 52 56 2 (1% FE iy L flt A
BAM, 5255 4 7F S50 3 Y LAl L34 im FEM..

F 6 AN [F) AL G X A I 4 B ) 52

Table 6 Influence of different modules on detection performance
No. HRNet BAM FFM Size /MB  Params /MB  GFLOPs /10° mAP /% FPS
1 — — — 765.7 191. 24 164. 53 75.9 5.2
2 N — — 115.2 28. 67 24.16 74.7 8.2
3 NG NG — 115.6 28. 74 24.17 76. 2 7.9
4 NG N N 123.0 30. 36 32.55 77. 4 7.0

S 15K 2 45 R R, R HRNet & AR
Hourglass-104 15 24 #  #% & T WM 2 5, 8 KN S
o 0F AT a4 i BEAIK 650. 5 MB L 162. 57 MB |
1.4037 X 10", #5% 70 #f 21 5 B B2 T 3, {0 [ 28 SF 3 4 )
K B REAR 1. 24 E 43 55, R B HRNet J& — Fp 8 i it
B 0 25, ATtk 2 AR ASE 70 5T 4 BB 4 ARG 00 G, 1HL P

T 25 1A 55 (1 2 80 R AE 32 BURE ) s S R I, A6
ORGSR . 900 2 590G SIS R R I L 5 A
BAM J& , BER K /N (S50 UF ST 4y i) 4
0.4 MB.0.07 MB.0. 01X 10°, £ 70 i 31 5 2 W% fa %
A%, AH P B kS BE 4R T 1. 5 E 4> 5, £ W BAM 14
TN T ASE R AT A R R T4 i EE R (K L
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Fig. 9 Detection accuracy of different categories
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