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Nearshore Ship Object Detection Method Based on Appearance Fine-
grained Discrimination Network
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Abstract: Offshore ship object detection is a very challenging task and has received widespread attention from scholars and ex-
perts. Detectors based on Convolutional Neural Networks (CNN) and attention mechanisms have made significant progress in off-
shore ship object detection. However, the problem of false detection in the detection process is caused by the apparent similarity and
background interference of ship targets. In order to solve this problem, this paper proposes a detection head module for fine-grained
appearance discrimination implemented with Faster RCNN. This module includes a category fine-grained branch and an efficient
full-dimensional dynamic convolution localization branch. The category fine-grained branch mines and utilizes category fine-
grained identification features through global feature modeling and flexible perception range. The efficient omni-dimensional dy-
namic convolution positioning branch distinguishes objects and backgrounds through the efficient and flexible perception of ship
boundary information, thereby reducing false and missed detections. Through experimental verification on the offshore ship public
dataset Seaships7000, the proposed algorithm reduces false detections and missed detections and improves detector performance.
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Fig. 3 Omni-dimensional Dynamic Convolution (ODConv)

& Transformer 5 #4 v, 2845k 23 [A] 48 FE e ~F- 19
iy AN FRAE FOm o — AR A, V20— fhg
fE (LayerNorm). M {¥ & J7 # 1 (Self-Attention)
DropPath 15 ] /1 [ 43 4iF M e RO", Hir | Self-
Attentionf??%f/ﬁAﬂﬁ%}/\?ﬁﬁLLQﬁr/\jﬂNiﬁﬁ
BRI WL H S =y, R4 BT, R I
Q\%K\ﬁVOQKVﬁ IR L PER R, A
Jo 23 4 TR R s AR BRI AR B, AT A
KRR N:

— T
M .= Softmax(Q"K" v, “4)
Vd

o, MRS IS TR, d N
EE, —BIBCH KA., b T ERR, A3
145 W& T LayerNorm Ml DropPath, M Fl%i A H5fiF
F'F ) T Transformer 55 — /> 5% 22 A He 1) i i1 1) 1
P, 8 ARl LayerNorm ., 22 )2 B HL

Transformer Self-Attention
Output
T Output
— +
| Mat mul
Drop path I
|
MLP Soft max
Layer norm
Scale
- t
I Mat mul
Drop path i
( Se]f-Atltenuon/J Q K v
Layer norm [ [ I
Input Input

B 4 Transformer #= B 4%, 1% & 71 AL

Fig. 4 Transformer and Self-attention mechanism

(Multilayer Perceptron, MLP) il DropPath ¥4 1% ,
MLP i & WA 21— AR RS s g, 7]



2024 43 H

E M E F +5-

DU AT A 5(5) %7 -
P.=f,(Pw,+b,)xw,+b,) (5)

Ho, PR IASICE L MLP S %
wy, by FRoR G — LR AR 48 23 A B Al 5 ]
T, Wy, by RS AN LR AR )7 A R B AR
B, () FNIELR RO R, MLP B 4
T PANES — A Bk 2SR o 1 e PR, T4
TAFRZER i e i Yo

CFGB 3L T Transformer FZ5 ), HEWE X 2X
ARG T4 )R bR SO, AR TE Ry %
ZRFNIRAE, XA B TR B G b PR AN [ S
PRy i 5 B S H A B B E R, 5ok, R
T 288G, Getl R H3E s mys Fl, il

- .
;'zw-m-tn EH= 09:03:27

17-01-05 EHIY 07:56:07

2017-08- 19355 19:19:59 i

% B are

=]

SEATAAAR LS WL Ak 2 8] 35 1) 22 S 1k, A BT
RT3 5 Xk 2 UUAR ISR =22 [R50 BE T

2 THHER

i T B AF FDNet 593% 9 A &0, AR SCHERATTE
45 4E Seaships7000 L AT YIZRATNK, W&l S BF
o B SEA SN T YOLOV3® . FCOS™. YO-
LOv7" SSD"Y. Libra-RCNNP? I Faster-RCNN"?
LM 5 A SCRE R FDNet,  MUTTSGHIE T FDNet 1
HbE, ZJ54y 3% CFGB #1 LBDC i 4T 11
Al SR 1A ST IS ) A E 3 S X8 A i) A
7 B R E AR B A A5OME N R 4 ik sh A B U L
b Y SNt T e

( 2017-08-18, ki 190 19

TH#HQ2113k4T,

B'5 Seaship7000 & & =& H
Fig. 5 Illustration of the Seaship7000 dataset

2.1 HIBEEFIIEE

AT T A ARG I 28 T 5 Seaship7000 £
57 000 7 EE 6 AN FEBN (0 1A . HUDT A
fifr . SEASAE AN . MR AT B ), S HEE N 1 920
1 080, 7A<3zfdi ] Python3.9. Pytorch2.0. Cudall.8
S BG IREE , SR —He B 47 K 24 GB 1) GeForce
RTX 4090 GPU, FrAy 5L 5 48 H bs kil HF 95 T. 2
mmdetection® I & 17 . TE M Ax W R A
COCO02014%4, 4355y mAP, AP50. AP75. APS.
APM HIAPL,
2.2 fREIXTEE

F 1B T A SCHER FDNet 5 HAl 45 %1 7E Sea-
ship7000 (1) X} Fb 25 3 . FDNet A 4% T 3 o A 1

JuAb
2 U

Faster-RCNN i}, 7EmAP [F27}7T 3%, 7 AP50
FRTF T 0.6%, fEAP75 FETF T 5.1%, VEHIRE(K
RIS . EHABEENIE, X/ RTS8 b5
APS T T 3.8%, i BH FDNet #7155 /)N H A5 1)
R R AR . X HEsE g AL, Ui T FD-
Net BAUA B THRAE S BCS $248 , X WAL
St A AR

AR SR X SRV AR () A BT T AS [ A 7R 4 B
¥ FPS, 244t Parameters(M) £ FLOPs(G) ¥ kb
B, Horh, FPS R 23 8] 20 HE R K/ N 1024
1 024 19[KI1%, 7F GeForce RTX 4090 GPU ) 52 56 -
B B, BT RS R 1, T LA AR S
IR AH 458 T KL MEAR & Faster-RCNN, 1 B % J&F FPS



“6- REE, BT RYMERLE A ML ITEARRR B AR 73 0%

55 45 555 2 1]

TR T 3.3 img/s, Parameters Fl FLOPs 3 5| il T
23.5 M H1286.8 G, X UL 5 Al KL 73 S A

EHASEPUE NI SCIHE T F8 o0 e BLE T

A1 RFEAEA f Seaship7000 £ 35 1k

Table 1 Comparison of different models on the Seaship7000 dataset
Models mAP AP50 AP75 APS APM APL FPS Parameters FLOPs
YOLOV3 58.8 93.6 67.3 4.2 349 60.3 49.4 3.7 1.7
FCOS 57.5 90.6 65.3 5.1 37.5 58.4 26.1 32.1 202.8
YOLOv7 58.4 93.3 64.8 17.0 40.2 59.4 83.3 36.5 103.2
SSD 64.8 94.9 75.2 3.1 40.8 66.4 61.2 24.4 30.7
Libra-RCNN 59.2 92.5 68.1 5.1 35.4 60.6 31.0 41.2 226.3
Faster-RCNN 64.4 95.3 75.7 11.2 45.4 65.6 17.5 41.6 210.9
FDNet(Ours) 67.4 95.9 80.8 15.0 49.0 68.3 14.2 65.1 497.7
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Fig. 6 Comparison of detection results on the Seaship7000 dataset, with red indicating true labels, green representing our FDNet

model, and yellow denoting Faster-RCNN
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Fig. 7 Comparison results of real image detection
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Table 2 Ablation experiment
Models Backbone 77254y % (CFGB) FEN 4 3 (LBDC) mAP AP50 AP75 APS APM APL
Baseline ResNet50 64.4 95.3 75.7 11.2 45.4 65.6
ResNet50 N 67.6 96.3 79.7 12.3 49.8 68.6
FDNet(Ours)  ResNet50 N 67.3 95.8 80.1 14.0 50.0 68.3
ResNet50 N N 67.8 95.8 80.6 242 478 6838
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