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Underwater Object Detection Based on GA-RetinaNet

YUAN Ming-Yang, SONG Ya-Lin, ZHANG Chao, SHEN Xing-Sheng, LI Shi-Chang
(School of Software, Henan University, Kaifeng 475004, China)

Abstract: Automatic underwater object detection methods play an important role in intelligent marine@ﬁsi'ling. To address
the problem that the existing object detection methods are not accurate enough for underwater bielogical detection, this
study proposes an underwater object detection method based on the GA-RetinaIzIet algorithm. Firstly, according to the
existence of dense objects in underwater images, the study introduces group convolution to replace ordinary convolution,
which can provide more feature information without increasing the complexity of parameters and thereby improve the
accuracy of the model. Secondly, according to the characteristic that underwater objects are mostly small objects, the
attention-guided context feature pyramid network (AC-FPN) is introduced. The context extraction module is used to
obtain more receptive fields while gflarénteeing high-resolution inputs and thus extract more contextual information. The
context attention module vand the content attention module are utilized to capture useful features for the accurate
positioning of the object. Experimental results show that the improved GA-RetinaNet algorithm enhances the detection
accuracy by 2.3% compared with the original algorithm when the URPC2021 dataset is selected. Compared with other
mainstream models, the GA-RetinaNet algorithm achieves better detection results for different types of underwater
objects, and the detection accuracy is greatly improved.

Key words: object detection; underwater images; RetinaNet; group convolution; attention-guided context feature pyramid
network (AC-FPN)
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TEIBE T (1-p) — 0, BEAR T B R A RO R LE I, 24
P> O, LIV R A B 4 T 5, B4R 36 U A

86 R4 ¥ System Construction

(1-p,) — 1, SR REA 5 5 LL ), A2 T340 7 1A
SR AS 57 2 B3], {56 99 28 B8 0 55 v TR B AR AS ) 2 2
Fik X o, M1y SR FALIGME 0.25 F12.0.

4 SIS RS
4.1 BWESTNIRE

ARSCEPRHR H RZK T B bR il 7 5 HEAT SR B0IE,
B R T 2021 45 4 [ K N HLES AR 38 i) 22 IT 5L
fi4E URPC2021, %40 45 6038 7600 TRA A R~ fi7k
T B LL S G B I i S48, 04532 (holoth-
urian). R (eclfinus)\ 5 UL (scallop) ¥ (starfish)
X 4 B AR HE i 8:2 1 LLIBENLI 4 S I G A
UFRE. T RO A o R A RN —, R 4
PRGN 512x512 B&, BENLERIIZE ¢
UG AT B, T AR bRk oh, Xt E G
17 FeAb AL 2.

AR BV ARBR R P HK5 FE (average precision,
AP) T~V 48 B #5{H (mean average precision, mAP). *F-
YIRS R 25 E A RIE (recall, R) FIHERf 2 (precision,
P) FIVERETR bR, T X508 BE S ME 2 % B ARSI T30
H-FI5ME. Hoe st (14) FxX (15) FioR:

AP =" (Ry=Ry-1)P, (14)
n ? y
ZAP
AP= = 1
" N(classes) (15)

s £, Al (2 (16) R (17)) 43 BIFRE 0 A
MR 1 7 [ S R 2, IV Rl B 12K 3 8
B, AP (R mAP R, V5 LR TR RSB

TP
R=—— 1
TP+FN (16)
TP
P= a7
TP+FP

TP Fon IEFRT IR KT HAREUR; FN ZoniR
7K~ BAnEs; FP RmEINK T B AR,
42 LWIMERIGRE

ARSI HAR SIS IR B 4N SR 1 B, 7E1I1Z% URPC
2021 HdiE 4T, AR SGD 1E N L8, wliG5 )
FHEN 0.005. momentum &K FH 0.9, weight-
decay B E ZE K T4 0.000 1, batchsize W& N 2, &
HIUIZREE N 50 %2
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K1 SEIGIAEE

B JE M
R4 Ubuntu 16.04
CPU Intel(R) Xeon(R) CPU E5-2640 v4 @ 2.40 GHz
GPU NVIDIA GeForce P100

CUDA 10.2

oS CentOS 7
N7 128 GB
o PRI BT PyTorch 1.7.1+ Python 3.8

SRR AT

(1) K HE T 4% 8:2 BN 2 I S S B £ 5%
Gr— 3 PR RN, BENLE L — I GREE AN A B I 25 5
FIG T B0 .

(2) B I BRGSO A ST N 4 AR AT 1 A
BRI

(3) TEREANFE YRI5 45 TR ) K 0 UF 2 B G N\ 3T
i X 28 A5 T8 T ST A R 3 !

(4) TSLPHR (2) AR (3) HELHE L.
43 TWHERSHH
4.3.1 Weshih ot

{8 | GA-RetinaNet /W Z8 #81 /E URPC2021 %#
8 F VNGRS, T2 S 28 Bl 1% A U H ) 28 450 it 2%
Wil 7. B 7(a) ARk R R K, B 7() kRS FE
Mz, BB 7 mTRLE Y, 9 ATT A6 I 25 2 kAR 31 56
10 KIS, BRI Y Sk, $ 2R (E A 1.4 2 R FER] 0.5
A, B AR A W e, B (B I8 T
BRAAH. B RREUE B 40 A A R FEA L F
R, S 2R SO A AL 45 R {B O 0.244 89. GA-
RetinaNet A5 RS IDRS P Bk 4 Qo 50 3 hnagidn E 7t

AT REE, AT A RS IS EIA 2 61.23%,

432  A[EREES AT

AR Faster R-CNN, SSD. RetinaNet. DG-
YOLO. AX-RetinaNet fll kGA—Reti:mNet X 6 M 4 A5
AI%F URPC2021 i A 24T W, Xif HE A [7] o) 28 5 7Y
(R RE A 46 B, LS 45 Bk 2 .

Faster R-CNN, SSD, RetinaNet Z¢ £ A5 8 X i
FH bR OG0 435 SR bL e AR, (EL K T R8T Al 1) 1 4
7, KT HA AN BARR . R B
LR R 2 H AR IER S B2 45K B bRA I >R A
M, WNFE 2 s A LLF Y, Faster R-CNN, SSD, RetinaNet
XK H BRI A RS 2 430 9 51.8% 53.06%
F1'59.02%, F AL FEAE . H Faster R-CNN, SSD
PR 00 T A 0. 1 B R B A T EL R N KR

FARASEIN, 75 ZEEE XTI B A i mdE AT R G, 32
e HAR IR L

Loss
=)
o0

Epoch
(a) Loss

-

0.60
0.55
0.50
0.45
0.40
035
0.30
025 F
0.20 E

mAP

Epoch
(b) mAP

K 7 GA-RetinaNet [P 2% A5 700 0k & il 28
F£2  ANFEIMKEERILE URPC2021 yE4E A6 5=

AP (% T
A A4 _ P (%) L L omapP LRl
holothurian echinus scallop starfish (%) Af (ms)

Faster R-CNN 22,6 788 443, 666 51.81 143.13
SSD 352 750 343 678 5306 71.05
RetinaNet | 872 768 527 694 59.02 61.18
DG-YOLO — 364 655 424 555 4993 131.58
AX-RetinaNet ~ 21.2 723 448 627 5027 67.11
GA-RetinaNet ~ 38.2 784 571 715 6129 6842

DG-YOLO B8 7K HArfar il B8y, (Hi 5 A AE
for U BT iE A WQT £ 14 58, K ve . I &
AR S Z AN G — S, G — 1 s B4 A
TAFE G 2 e 22 5, fem T BRI RUR. 2
ARSI AN B R EE AT WQT £z 58, BIAXT /KR
IR AT R R AL B, A4 A [R) 3 5030 55 1) B AT
2% BN SRANIAR, B H bR AR A, Ui BB AR
M AR AN [F) 7K T BRI ) S s B .

AX-RetinaNet {2818  Bao 25 NP 7F 2022 4
5T HE H 1 RetinaNet 2844, J8 it ¥ N SE-Net I X-
module R 1) 77 7% SSeit WX 4 AR R FH SR E sl S AT
A R L. BT AX-RetinaNet P28 #5174 )
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J8 AR R B ARK I, L2995 B /KR H AR
FITEARAE s T SR8 22 B AR, TR I 12 I 2% A 7R 1)
SO FEANE /K B ARKE I, FOART IS B R AN R AR,

Bz HoAih JUFR P 28457 | GA-RetinaNet 1574 £ X
K B ARSI —HF5k 7 5, % RetinaNet P 2% 3£ 47 2
Bk, I A0 A B AR AC-FPN AR, FEAK K N f €2
o R 3 B R R, AN i8S S B SRR I H AR, IF
AR Z KT/ H AR, 680 H bR B4 RS B AH 5L
TS AR LAY, G AN RIRE FE 32 T, Pk
MKEEEIEB] T 61.3%, A4 1 m IR IR B2, 7E 32 Mk
UK FEE 14D ] s A 0 328 5 s A5 IR, A 68.42 ms.

Kl 8 R T AN M4 1581 7E URPC2021 i 4E

K2 F . T PLE Y, GA-RetinaNet A3 78R v ARG
S5 S INE, ST FLCAR AR, W 8 LLAERR TR,
5 GA-RetinaNet £ 15 R AH L, Faster R-CNN. SSD.
RetinaNet. DG-YOLO Al AX-RetinaNet #5754 35 17 4E £1
BEA MR, REME. WK 8(b)-K 8(g) Fiw, H
Tl KA RO E, (R ARAKT B sFEAFFE
JEE R €, A b VR R0 RE AR A A RGN HE SR )
15 00; an &l 8(b) MEL 8(g) A, & A v 1A [T 52 38 4y
e, B0 56 I GA-RetinaNet 24 7
K T RO R S A, B T 4 5 A

BRI 6 %{3 IﬁJ‘é%‘@ I Hs GA-RetinaNet K 2

S ___&

% . (a) FAEE (b) Faster R-CNN
‘o' B

(c) SSD (d) AX-RetinaNet

(e) PREEIEIE

() DG-YOLO

(g) RetinaNet (h) GA-RetinaNet

K8 REMLHAILE URPC2021 Hidi 4 EA IR K

433 JHRESEES AT

SN 7843 Ut B A ST VE SR H ) SO B K H AR
R 24Pk, 25 SCAE RetinaNet 28 REAY 145 YR 78
BB, 6H# ] G ResNet50. AC-FPN AR 347V
RS, S b SGEE R S A TR FR ARG I B, L s 4k SRk

Hetnge 3 B, Y

%3 RIMGBYHE URPC2021 URAE Rl

AP g N T map E

| 47 o
Y 2 FR holothurian echihgs scallop starfish (%) /& (ms)
RetinaNet 3'7.2 L 768 52.7 69.4 59.02 61.18
RetinaNet+

39.4 75.9 54.2 68.7 59.80 61.20
G_ResNet50
RetinaNet+

36.9 77.4 56.4 69.1 5994 67.11
AC-FPN

GA-RetinaNet 38.2 784  57.1 71.5 6129 6842

Xf b RetinaNet MIZE AR ] G_ResNet50 £
Wi A AKX P A S5, 7T DA 5] N A R R A
T IRLIIRSE FE PR T 0.9% A1 0.7%, {EiEZ A1 DL
R IKS FE 3R THE T, 2008 2.2% A1 1.5%, P60k g
W RFIEIRTE T 0.88%. Alli# fZ 5 RetinaNet 4%

88 R4 % System Construction

LD N ER o o J#X%Nfﬁiﬂﬂiifi‘%ﬁ&gﬁ%ﬂﬂ. yiibus
[ P £ B o 5 A AR, a;ralilyr BRI %
WERURAE, 1338 AR R IE BT U e T 5 %
RS ﬁﬁﬁl ‘ %EKTEWM‘EKQE%Q%
AFAERY WK I RO RS, 7 T AR,
T X EE RetinaNet W 4% A5 8 R 7R RFAIE & 35 51N
AC-FPN X2 525, v LA 51 A AC-FPN g fiH
R JEL PR A P R RIS, %% 0.3%, X i 2 A1
DLRIARS MRS BE 2 A 0.6% A1 3.7%, ~F 30K RS i 32
T+ T 0.92%. (RS I AR WY 2% FEAEK 5 ms, 15EHH AC-FPN
A2 5] Nk Z 15 & K EG A AR I E bR R
N, T 2% ZE AT Fil £ I B B KR 0 BN, A7 E
AN B 22 AR/ I 2R, PR AR EARUK, 38 B H FRfar
DUPKS P2 FEEALC IR I L. 5 7 ) 25 A5 8 N AC-FPN,
PRIFRAAE B 73 FER ARG OU T, A [F] R sz B rh 4
A bR S0 KT RS, IF B LR
SRAERA RO, BAE B, 2 B ARkl (kS FE.
XTEG 4 Tsaeas T LU H, [FR 5]\ G_ResNet50
A AC-FPN (][00 8 8 B X5 BIAIK T B AR RS
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i EN RSN

P AT SRR T, 15 B I 4 BT B, 340 KA
S 2.3%, KIS 8 RIS 7.24 ms, 38 it W R RAIG O
IR 2 7 A RS R U A B YR T X 4 4 2
SRS T SR, Wb B AR ORISR, R T 7
IIHERRIK IR BT 2 1A, 1438 P R 2 R 2 L,
GA-RetinaNet W28 AY %K N H Frta 4G 5 55 AERA 11
KRR

4 ARG RT S /E URPC2021 B 45 Ltk
A5 bR 240, Params A I 44 45 70 T 75 2 MO8 B,
GFLOPs MR () 1H 5 &, ] DA R flir & vk 1 R 2
B ] DA ARSI SRR BN — 5 B4R (+17.34M)
BT LR, GRS A B AR T (+2.3%), LAt T
PR B 44 (+0.56 GFLOPs), A& ll3# [ 5 RetinaNet
BB REOE T (FK TR & RN IR, 55 s 0
AT, RIS R BT 4
SEARAL I AT SRR

0 JR T sk BB 7E URPC2021 Hdindi |-
a2k B, MR AT LR H GA-RetinaNet A5 246 ]
L1 P B B30T SRR/, 5 RetinaNet [0 28 K071 A e,

(2) B2 IR

(b) RetinaNet

3

(c) RetinaNeHG_ResNitSO

BN G_ResNet50 F1 AC-FPN & # il Hi 1 H R4k
H 2, (HRE . IRk A e Sk B v A R H AR 1
DAY 2 AEAE, NN /S BEHI) 25 B s BAR. W] 9(c)
B VATHI I T AAEFT R, IO HAG RS H IR A I
F, 1 T A BRE L% i od) #1477 F
HAHERTR, M AC-FPN JG /=4 2 AN B /) 2 ik
HE; anBd o(c) A 9(d) 28 2 1T AL HEAL TR, BEALH)
N AP AG I k. Qi 9ce) WHES 147, B Rt [ HHE
PN gt v, D TR 7)%{&1‘?1@1‘5&*@5‘] i) e,
E B AR SO0 i mr L ﬁmf_ﬁ PR UCTC 3] 25 3 1) 4
HE; 40 9(e) 56 f?,‘GA—RetinaNet TR B v A 2 A 0
e O X B K £ 500
XJL?LE HVREAE 2% ). R AR SCHE I 5 Va0 7K T G
FRVAS D R BE 4

£ 4 RIESGEEBYE URPC2021 Myt 4E L PEAEIE 55

[ EEA mAP (%) Params (M) GFLOPs K& £ (ms)-
RetinaNet 59.02 3617  13.16 61.18
RetinaNet+G_ResNet50 59.80 36.17 13.16 61.20
RetinaNet+AC-FPN  59.94 5351  13.72 67.11
GA-RetinaNet 6129 5351 1372 68.42

(d) RefinaNet+AC-EPN (¢) GA-RetinaNet

9. ARG URPC20ZL BRI I RS

. o

5 GERE g L
ACT F R DR ] (e A A 1 I A, L
FERTEARRSE B . PRBU A, 2 FL AR
BE SR, ASCBER T S AL T 80U RetinaNet 17K T H
FRA 5% GA-RetinaNet, S 4 4L % U8 i@ %
0, I ZERFE 4 35 P A AC-FPN Bidh, @i kR
SR EURE = T VSR L, R A B B
A5 7, 45705 P24 R FRT R G FE. 9555
RKIR, GA-RetinaNet W BRI K T H br -F 35K
SURERT I 5] 61.3%, RERLINH 2 AR H A,

SE 0
1K EHE, AR, RKT, &5, JRIRNHE A AR A SO W i BRI A 2

Rt R, BB EEE SRR, 2022,
47(3): 3-6. [doi: 10.19758/j.cnki.issn1673-288x.202203003]

2 XBERA, A %, T K R HLEE AR R IR 5 K Je i 4R
F¢. BHEH 5 £ 7= 71, 2018, (6): 19-20. [doi: 10.3969/
j.issn.1674-9146.2018.06.019]

3 Papageorgiou C, Poggio T. A trainable system for object
detection. International Journal of Computer Vision, 2000,
38(1): 15-33. [doi: 10.1023/A:1008162616689]

4 Olmos A, Trucco E. Detecting man-made objects in
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Machine Conference. Cardiff: BMVA Press, 2002. 517-526.

5 Barat C, Phlypo R. A fully automated method to detect and
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6 Chuang MC, Hwang JN, Williams K. A feature learning and

System Construction &4t &5 89

© TERERE AT

http://www.c-s-a.org.cn


http://dx.doi.org/10.19758/j.cnki.issn1673-288x.202203003
http://dx.doi.org/10.3969/j.issn.1674-9146.2018.06.019
http://dx.doi.org/10.3969/j.issn.1674-9146.2018.06.019
http://dx.doi.org/10.1023/A:1008162616689
http://dx.doi.org/10.19758/j.cnki.issn1673-288x.202203003
http://dx.doi.org/10.3969/j.issn.1674-9146.2018.06.019
http://dx.doi.org/10.3969/j.issn.1674-9146.2018.06.019
http://dx.doi.org/10.1023/A:1008162616689
http://www.c-s-a.org.cn

i E RSN

http://www.c-s-a.org.cn

2023 4F #5324 H 6

10

11

12

13

14

15

16

17

18

19

object recognition framework for underwater fish images.
IEEE Transactions on Image Processing, 2016, 25(4):
1862—-1872.

EEOR, kM, £88, 5 B TXEEEE 5K k%
1 F Al (a5, 2014, 35(2): 387-397.

LER, H =, 2. K-2E R REEEIR K sta
R 0 G o E0 b S L T SEHLRE S R, 2016,
33(5): 192-195. [doi: 10.3969/j.issn.1000-386x.2016.05.048]
Zhu YF, Chang L, Dai JL, et al. Automatic object detection
and segmentation from underwater images via saliency-based
region merging. Proceedings of the OCEANS 2016.
Shanghai: IEEE, 2016. 1-4.

Zou ZX, Chen KY, Shi ZW, et al. Object detection in 20
years: A survey. Proceedings of the IEEE, 2023: 1-20. [doi:
10.1109/JPROC.2023.3238524]

Girshick R, Donahue J, Darrell T, et al. Rich feature
hierarchies for accurate object detection and. semantic
segmentation. Proceedings of the 2014 IEEE Conference on
Computer Vision and Pattern Recognition. Columbus: IEEE,
2014. 580-587. '

Girshick R. Fast R;CNN." Proceedings of the 2015 IEEE
International Conference on Computer Vision. Santiago:
IEEE, 2015. 1440-1448.

Ren SQ, He KM, Girshick R, et al. Faster R-CNN: Towards
real-time object detection with region proposal networks.
Proceedings of the 28th International Conference on Neural
Information Processing Systems. Montreal: MIT Press, 2015.
91-99.

Redmon J, Divvala S, Girshick R, ef al. You only look once:
Unified, real-time object detection. Proceedings of the 2016
IEEE Conference on Computer Vision and Pattern
Recognition. Las Vegas: IEEE, 2016. 779-788.

Liu W, Anguelov D, Erhan D, et al. SSD: Single shot
multibox detector. Proceedings of the 14th European
Conference on Computer Vision. Amsterdam: Springer,
2016. 21-37.

Lin TY, Goyal P, Girshick R, et al. Focal loss for dense
object detection. Proceedings of the 2017 IEEE International
Conference on Computer Vision. Wenice: IEEE, 2017.
2999-3007. y *

Zhou H, Huang H, Yang X, ef al. Faster R-CNN for marine
organism detection and recognition using data augmentation.
Proceedings of the 2017 International Conference on Video
and Image Processing. Singapore: ACM, 2017. 56-62.

Chen L, Liu ZH, Tong L, et al. Underwater object detection
using invert multi-class AdaBoost with deep learning.
Proceedings of the 2020 International Joint Conference on
Neural Networks (IJCNN). Glasgow: IEEE, 2020. 1-8.

X7, R FE T AR BRI 38 HAP L W 2% (7K T A2
. HHENLS HBTAT, 2021, 38(4): 12401244, 1255.

90 R4 % System Construction

21

22

23

24

25

26

27

28

29

30

31

32

Fan BJ, Chen W, Cong Y, et al. Dual refinement underwater
object detection network. Proceedings of the 16th European
Conference on Computer Vision. Glasgow: Springer, 2020.
275-291.

Liu H, Song PH, Ding RW. Towards domain generalization
in underwater object detection. Proceedings of the 2020
IEEE International Conference on Image Processing (ICIP).
Abu Dhabi: IEEE, 2020. 1971-1975.

He KM, Zhang XY, Ren SQ, ef al. Deep residual learning for
the 2016 IEEE
Conference on Computer Vision andiPattern Recognition.
Las Vegas: IEEE, 2016. 770778, ‘

Lin TY, Dollar» P, Girshick R;¥et al. Feature pyramid
networks for gbject detection. Proceedings of the 2017 IEEE
Conference on Computer Vision and Pattern Recognition.
Honolulu: IEEE, 2017. 936-944.

Long J, Shelhamer E, Darrell T. Fully convolutional

image recognition. Proceedings of

networks for semantic segmentation. Proceedings of the 2015
IEEE Conference on Computer Vision and Pattern
Recognition. Boston: IEEE, 2015. 3431-3440.

Oksuz K, Cam BC, Kalkan S, ef al. Imbalance problems in
object detection: A review. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2021, 43(10):
3388-3415. [doi: 10.1109/TPAMI.2020.2981890]

Ioannou Y, Robertson D, Cipolla R, er al. Deep roots:
Improving CNN efficiency with hierarchical filter groups.
Proceedings of the 2017 IEEE Conference on Computer
Vision and Pattern Recognition. Honolulu: IEEE, 2017.
5977-5986.

Duan KW, Du DW, Qi HG, et al. Detecting small objects
using a channel-aware deconvolutiénall' ‘network. IEEE
Transactions on Circuits and Systems for Video Technology,
2020,30(6): 1639-1652.[doi: 10.1 109/TCSVT.2019.2906246]
Cao JX, Chen Q, Guo J, et al. Attention-guided context
feature pyramid network for object detection.
2005.11475, 2020.

Huang G, Liu Z, Van Der Maaten L, et al. Densely
connected convolutional networks. Proceedings of the 2017
IEEE Conference on Computer Vision and Pattern
Recognition. Honolulu: IEEE, 2017. 2261-2269.

Yu F, Koltun V. Multi-scale context aggregation by dilated
convolutions. arXiv:1511.07122, 2015.

Dai JF, Qi HZ, Xiong YW, et al. Deformable convolutional
networks. Proceedings of the 2017 IEEE International
Conference on Computer Vision. Venice: IEEE, 2017.
764-773.

Bao WX, Fan T, Hu GS, et al. Detection and identification of
tea leaf diseases based on AX-RetinaNet. Scientific Reports,
2022, 12(1): 2183. [doi: 10.1038/s41598-022-06181-z]

(B e “F ki)

arXiv:

© MEBERBATHRT

http://www.c-s-a.org.cn


http://dx.doi.org/10.3969/j.issn.1000-386x.2016.05.048
http://dx.doi.org/10.1109/JPROC.2023.3238524
http://dx.doi.org/10.1109/TPAMI.2020.2981890
http://dx.doi.org/10.1109/TCSVT.2019.2906246
http://dx.doi.org/10.1038/s41598-022-06181-z
http://dx.doi.org/10.3969/j.issn.1000-386x.2016.05.048
http://dx.doi.org/10.1109/JPROC.2023.3238524
http://dx.doi.org/10.1109/TPAMI.2020.2981890
http://dx.doi.org/10.1109/TCSVT.2019.2906246
http://dx.doi.org/10.1038/s41598-022-06181-z
http://dx.doi.org/10.3969/j.issn.1000-386x.2016.05.048
http://dx.doi.org/10.1109/JPROC.2023.3238524
http://dx.doi.org/10.3969/j.issn.1000-386x.2016.05.048
http://dx.doi.org/10.1109/JPROC.2023.3238524
http://dx.doi.org/10.1109/TPAMI.2020.2981890
http://dx.doi.org/10.1109/TCSVT.2019.2906246
http://dx.doi.org/10.1038/s41598-022-06181-z
http://dx.doi.org/10.1109/TPAMI.2020.2981890
http://dx.doi.org/10.1109/TCSVT.2019.2906246
http://dx.doi.org/10.1038/s41598-022-06181-z
http://www.c-s-a.org.cn

	1 引言
	2 RetinaNet网络模型
	3 改进的GA-RetinaNet网络模型的水下目标检测
	3.1 基于分组卷积的G_ResNet50骨干网络
	3.2 基于AC-FPN的特征金字塔
	3.3 Focal loss损失函数

	4 实验结果与分析
	4.1 数据集与评价标准
	4.2 实验环境及过程
	4.3 实验结果与分析
	4.3.1 收敛曲线分析
	4.3.2 不同模型对比分析
	4.3.3 消融实验分析


	5 结束语
	参考文献

