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Redmon 1 Farhadi, 2017, 2018). RetinaNet (Lin
45, 2017) 4.

Z PG B (Liuds, 2018; Wusf,
2020; LuZ, 2019; Dai%s, 2017) W%, #
5 B bR 4 & el (Zhou %5, 20215 Yao
45, 20215 YuZF, 2020). M4HETHEEH SAR K%
H A i 0 5 v 2 AR P A 2R AL A A |, D)
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Fig. 1 In the same scene, the comparison of optical images, SAR images, and SAR-like images after style transfer
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FEFIHRSID (WeiZs, 2020) HiE il seu s 5t
FExf b, EB T IRAT AR LA — R
HIBAS TR T GE

2 AL
S T SAR PG BK (1 (9 ML 3 5 3 11 4

Local-Level
Modality

Discriminator|

TEARBRE , LA B SAR MG EAE 3R ORI AR 12 R XE 5
FONGREARAN R SFENE, $2H T ML T 2R
B X 55 1Y SAR 4 A A 4G 0 55 7 MCMA—-Net,
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Fig. 2 The overall framework of MCMA~-Net algorithm
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Fig. 4 Query—key—value structure of neighborhood attention and global self-attention (For a single pixel)
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o B 1) 6 Ff G I 39 . Faster R-CNN  (Ren %5,
2015), PANET (Liu%§, 2018), Cascade R—CNN
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(Cai 11 Vasconcelos, 2018), Double-Head R—CNN
(Wu%§, 2020), Grid R-CNN (Lu%%, 2019), DCN
(Dai %%, 2017) #ATXEL, R 1R, SLHE5HE
W], AT MCMA-Net 045 748 T HAth JL A
BRI B SEEGAE R 96.6% mAP, A TAE —
= DCN B, AR SCR L RR U AE ARG B I e
4.4%, EFRWAELNEIHEGHEM . R Tk
— DR WA SCRR L ) e S, AR SR T
HRSID B4 b ibAy 1588, 4Rk 2 . W]
DIEt, 5B B ek kA, AR
2 MCMA-Net /5 58 WA T e o (R RS0 DRSNS
A LLIR B 87.4% ., 545 FE 25 — s i K DU 5515 DCN
AL, FRATARG SR T T 5.4% .
F1 FEMEEIESSDDHIBE LRSS

Table 1 Experimental results of different algorithms on

SSDD dataset
WRES d f p r mAP/%
Faster R—-CNN 0.904 0.130 0.870 0.904 89.7
PANET 0919 0.132 0868 0919 91.1

Cascade R-CNN 0.908 0.059 0941 0.908 90.5
Double-Head R-CNN  0.919  0.131  0.869 0.919 91.1

Grid R-CNN 0.897 0.123 0.877  0.897 88.9
DCN 0930 0.138 0.862 0.930 92.2
MCMA-Net 0979 0.153  0.847  0.979 96.6

®2 AEMEEEHRSID HiEE LHXRER

Table 2 Experimental results of different algorithms on

HRSID dataset
ik d f p r mAP/%
Faster R—-CNN 0.819 0.186 0.814 0819 806
PANET 0.829 0.188 0.812  0.829 81.6

Cascade R-CNN 0.822  0.129 0.871  0.822 81.2
Double-Head R-CNN  0.833  0.183  0.817 0.833 82.0

Grid R-CNN 0.809 0.172 0.828  0.809 79.4
DCN 0.834 0.186  0.814 0.834 82.0
MCMA-Net 0.889  0.196 0.804  0.889 87.4

g er, A8 A T A SCE L S AR
DR RS B, R I ME 2 LU R,
FARTRATHRE I B BRI AR RN, (HEY
HAWB MRS, Z2HIFAHE ., Hd, 7
SSDD B4 I, AN SCHR Ik 1) 2 2 R AN L SE 4 v A
Faster R—CNN /5 2.3%, {3 LA RS B2 55 — 1) DCN
5 1.5%. 7€ HRSID 04848 b, A SCHR 0 i %
AL HE FE LA Faster R-CNN 5 1%, X LGS kS B2

55 1 DCN &5 1%, {H & 55 FHo At ir 45 5005 A L
MCMA-Net [ £ 1 A K7+, Kb, 78
SSDD ¥4 4 I, AR SCHR i A K R bl AR AR A
Faster R—CNN & 7.5%,  HGAS A 565 1% DCN &
4.9%. T HRSID Hdla4E I, FRATHYBE LA 2%
b LR AR Y Faster R-CNN & 7.0%,  HUAS RS B2 56
T DCN 5 5.5%. Bk 28 8 FH b IR 2301 ok
BRAT BB BRI, T ATE R 22 5 AN K
[Fi) B i R I 1) B TR 238, I I AR SO AR v 4 1 g
T B S FIE 6 S T A Sk fE SSDD diE
A2 FN HRSID 040 45 1 (4G H 5 i 2 3 22 1) 15 )
I ROC M4k, 7] LUF HiAS SCHR L MCMA-Net X L
18 3 €0, 1 2 A AH ) R 8 230 A 1 00 N R R e v
PR B RN KAEAHZE A KT O T, R AR R
S KT HA it 2, HA R A

1.0

0.9

0.8

0.7

0.6

0.5

0.2 0.3 0.4 0.5
S
— PANET —— Faster R-CNN — Cascade R-CNN
—DCN  — ET7iE — Grid R-CNN
— Double-Head R-CNN
Pls  ORIFISER:7E SSDD $edii 4 1 i ROC 28
Fig. 5 ROC curves of different algorithms on SSDD dataset
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Fig. 6 ROC curves of different algorithms on HRSID dataset
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R T i B R FRATT AR L Y B Y SR v
WMl , dfE [ BG4 SSD3 kAT T LG,
S RIME IR, ATUAEH, RIMMEE
MCMA-Net BUS T S A0 ARG 00 1 L G Y0 A 2 3k
F T 89.2%, HILLEA A Faster R-CNN 5 10.9% .
SNSRI EE PANET AH L, FoATT kS B2 2
T T 93%. FAEMFEEMIE, A SSD3 Bl 4E I,
FAT IR 7L MCMA-Net [7] i 31 A7 5 8 4G 1 S5 A
FARM A, it T HAL T A B, WEN T
FAT S B A B

R3 AENEEESSDIMIFEE FHTHRER

Table 3 Experimental results of different algorithms on

SSD3 dataset
ik d f p r mAP/%
Faster R—-CNN 0.837 0473 0527 0837 783
PANET 0.853 0416 0.584 0.853 799

Cascade R-CNN 0.803 0.285 0.715 0.803 78.4
Double-Head R-CNN  0.837  0.357 0.643  0.837 79.6

Grid R-CNN 0.825 0.505 0.495 0.825 76.0
DCN 0.850 0.419 0.581 0.850 789
MCMA-Net 0.895 0.153 0.847  0.895 89.2

H X S S BG 45 0] DIAS 4508, ARG
LT AR — 4 JRy T 3 0 (R AIE 58 B 45 BE A% T 4
(R F2 4 AN [ 901 )RR AR 2 LA BT B 40 g A ) 25
R BRItz A, B UulB T IRATE T 2 GBS X
FREH ST R R {F B L5 B SAR EI& 17
R, IR 25 TR ISR 13T

BRI Ah, AT HE A AR SR I R
IR, WE 7 s, FATE Faster R-CNN 7% |
Double-Head R-CNN. DCN % ¥ 5 & i1 i 5 1%
MCMA-Net [R5 R AE 4T Tl ik, nTRLE
Tt KRR H bR /N bR, X F I ABSA
AT RR R 22 AR, FRATAY B LT # BE G
TE B LRI o, A9 25 FRRATTIE T I JE T 4R
Ik — 4 JR T B T A R E BT L 0 2% B A B AT RN 4R
BURTA B B B RRIEAS B . BRI Z A, FEE A5
T, RSO B AR B E AR IR, HiR s
WK R FEAL, X 22 B30 o 1T B8 24 15 8 3o
SAR FIM& MR E 7, A7 B T I 4% T8 4 1) 2L i
SARBEASIIRFAE, 27 2 H—AN TR R AR
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(d) MCMA-Net
O BFFMES g O g

7 AR SCR S HAD 3 Fh Ak iy m] AL AL 25 SR A

Fig. 7 Visual detection results of our method and some comparison methods on SSDD

3.5 HRASEE
N T Bt U W B AT B AR R A A AL
FATI X 2 Hh 19 MCMA-Net 835 3647 17 18 il S 56
SRR APTR, W, AT T TAR N —4
Ja TR R IE 22 B 45 NGAN [ HERE, T LUE
o, ARECTREREAC YT, 7E A NGAN Bk 2
G, ERK IS BT T 1.7%, HHEERER] T
NGAN 5 5 BE % 5 A7 25 09 42 4 AR SAR P18
MEfE R . SULRINy, ARETREREIYIT =, e
A MLMA B e, SRR IS BE 42T 1 0.9%,
XUEH] T MLMA AR A 5230 1 R0 2 B R E LT
MR SARBLZEH, A THRTI M4 tEfe. &
Jei s Pl B Ak BROFBA T
FRRRCR, W2 B AR AR 45 AT AR 2 3R TH Y
AR T AR S, SR T T 2.7% RO RIS
T R IE R 1 FAT] 30 1) & B
&4 MCMA-Net HiHBIRIN 4R
Table 4 Ablation experimental results of MCMA—Net

NGAN  MLMA d f P r mAP/%
X X 0953  0.155 0.845  0.953 93.9
N X 0968  0.179  0.821 0.968 95.6
X N 0.961 0.172  0.828  0.961 94.8
N N 0979  0.153  0.847 0979 96.6

R RSB s xR AT o PR R AR

BRUCZ SN, O TIEBIR R R S TR E R R Z
AR AN R, BATR AT T — I RS 5,
B HO R R IR BEAT S A ) L U IR R R AR
PEATES RS "7~ LA ) B ) J2= R AR MR 2
MEATES RS 2], MRS PR . SLE s RRUITE
BEA R I NGAN #EH (3 T 284k — 4= R i 1 9
PR . RZ%) BITEOL T, A JZ R AR 2T 85
BEAS 2% ]  mAP R 94.3% , (UK IR 2 FRAE BEAT 25

B 2T 1 mAP 2l 94.2% ,  [F] i % ¥ J2 R ALE TR
JERHEFEAT B S 7 2T B mAP Ol 94.6% , K K
BERE T RIPIRN SO0 o Hy g T DL R P J2 R Ak () g
PEATES B X FF RO e, BIERJZ FRIEFIER 2
FREAFTE AME , S — 20 AR T AT Y
PRI ST 1 MCMA-Net (194 FRHE:
RS MNRGKBEFEHTEERSEINIRER

Table 5 Experimental results of cross—modality learning

for high—level and low—level features

®z K2 d S p r mAP/%
x x 0953  0.155 0845 0953  93.9
x N 0955  0.166  0.834 0955 942
N x 0959  0.167 0.833 0959  94.3
N N 0961  0.167 0833  0.961 94.6

TN FR A AR BRI s xS A AR A

4 & ik
ARSCPEH T — P T 2 HBIS X 5510 SAR E

LA RS I 549 MCMA-Net, 38 2 4 S5 22 B
TR E M ERE R B SAR B, AR T
H1 T SAR [RGB /D ELRFAE 7R AN BDWLHT R 1)
P ZE R E SRR T A — 2RI
FAEACH 25 NGAN, X8 R 45 A ik 2 LA [R]
(14 4 J2 JR A R 2= R R BOAS [] A 3 B T LA
FETE T B T M XA RIS AR AR S BUPERE , 58
Iz e HACGR I OB RRIE, A B TR 2R A
B IR FFROR o A RIS REE X SR,
i 1 B AR FOL AR S SAR LS Z TRl AU RS AN
ARFRN, A BN R S R RS, AR AT
AE 0% T 4 3t A DG 27 B S Y 2 & AR IR 4b SAR
FIE R FRIE R A L o B R HEAT SE B0 B0 I iy 42
WAL RA RE, SRR, S BORAMLL,
ARSCHR SR RE S Bl R AR R I PR BE, S RA
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From optical to SAR: A SAR ship detection algorithm based on
multi-level cross—modality alignment
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Abstract: In recent years, interest in Synthetic Aperture Radar (SAR) ship detection has considerably grown. Its distinctive strengths

position it as a pivotal player in numerous fields of research. However, the inherent characteristics of SAR images have presented a range of

challenges. For instance, in contrast to optical images, SAR images have counterintuitive feature representation. Additionally, owing to the
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constrained number of SAR image data, achieving satisfactory results with existing methods that depend on a substantial number of
annotated SAR images might be challenging.

How to effectively train a high-performance SAR ship detection network with a limited quantity of SAR images should be investigated.
Given that single-modality SAR detection algorithms have inherent limitations, other effective modalities that can assist the SAR modality
in completing tasks are needed. For instance, in SAR image target detection, optical images can serve as supplementary data sources. A
knowledge-rich model can be developed by utilizing a large volume of optical data in training with SAR data. Hence, reasonable training
approaches for effectively utilizing images from SAR and optical modalities should be explored.

To address these challenges, a SAR ship detection algorithm called MCMA-Net, which is based on multilevel cross-modality
alignment, is proposed in this paper. The MCMA-Net enriches SAR feature representation by incorporating valuable knowledge from
optical modality. First, we propose a neighborhood - global attention-based feature interaction network (NGAN), which employs a
neighborhood attention mechanism that enables the local interaction of low-level features and a global self-attention mechanism that
captures global context from high-level features. When the ability of global context modeling is considered, the encoding ability of local
features improves, NGAN enables the network to focus on corresponding information at different levels and can promote the subsequent
multilevel modality alignment. Second, we propose a multilevel modality alignment module (MLMA), which aligns features in the different
hidden spaces of the two modalities from three levels. MLMA facilitates the model to acquire modality-invariant features, bridging the
modality gap and realizing optical knowledge transmission. Valuable information from the optical modality can compensate for certain
deficiencies in SAR images. With the aid of these two modules, we have incorporated optical superiority information by leveraging SAR s
inherent advantages, achieving an enhancement in the performance of SAR detection tasks.

Our algorithm is superior to current detection algorithms. Notably, whether on public SAR image datasets or our own SAR image
dataset, the MCMA-Net consistently achieves optimal detection results, which indicates the model’s stable performance and robustness. The
visualization results indicate that the MCMA-Net achieves excellent detection capabilities in complex scenarios. The ablation experiments
demonstrate that compared with the baseline model, our algorithm achieved a 2.7% increase in mAP on the SSDD dataset. Various
experimental results have consistently validated the rationality of the MCMA-Net.

Key words: remote sensing, SAR, target detection, cross-modality, feature alignment, attention mechanism
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