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Abstract:

Aiming at the problems of high discretization of aircraft’ s backscattering points, complex background in-

terference of surroundings in Synthetic Aperture Radar (SAR) images and weak representation of shallow semantic features

of aircraft by existing algorithms, an Attention Feature Fusion Network (AFFN) was proposed for aircraft detection in SAR

images. By introducing Bottleneck Attention Module (BAM), this article constructed an attention feature fusion strategy con-
sisting of Attention Bidirectional Feature Fusion Module (ABFFM) and Attention Transfer Connection Block (ATCB) in AF-

FN, and rationally optimized the network structure so as to strengthen the abilities of extracting and discriminating shallow

semantic features of aircraft. Based on a self-built Gaofen-3 and TerraSAR-X mixed aircraft dataset, AFFN was compared

with several CNN-based general object detection methods and methods designed for specific objects in SAR images. The ex-

perimental results illustrated the accuracy and effectiveness of our method for aircraft detection in SAR images
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2% (Convolutional Neural Network , CNN) BN F . XU
Hk09, 101533 F M58 2 %P 5 Canny 557 M SAR &
SR ERECH B Y] R, TR S 9 CNN TR B AR
TR SCER 1] S DL TE B % (Constant False
Alarm Rate, CFAR) £ il 5 i 2 1 W 76 19 RMLIX 3k, 75
XoF 12 DX i AL AT S0 5 A7 I 0 . BE T Reti-
naNet > [ 45, SCER[ 13 ]8T T 24 2 i 45 BUBL T
I A BR T B AR B Y 1 SCRRAE 2 — 2D i
SCHRL 14 J 3t 1 5 T B RAL E AR R I A . A5 5
X HbRIE SUE B A5 R RAE , T CNN 3 5%
GuAE W T T X SAR EME R E Ar Y A
3. T RALTE SAR G 35 B o, HUN R o AT
e BE BB (AN 1 BT 7 ) R R RRAE I & H AR R
YT ZFRRAE . SR, DA B 3T NN 158k 256
XF H AR i J2 o SCIE BRI, T H AR R 25 B2
P R A B, 33X 55940 T 350206 B bR i dEsA F 51

FA1 SAR R CHLEIUN i A B Al

BEXE bR )@, A SO T — i 1 = AL
i AF Bl & X 2% (Attention Feature Fusion Network , AF-
FN) 1) 35 3] 33 (1 SAR EHZR ML B AR 553 . Sk
O 2N TR B R g A A B BB (Attention Bidirec-
tional Feature Fusion Module , ABFFM ) 5 73 & J11% §ai 1%
A (Attention Transfer Connection Block , ATCB) #4
BB R T RRE R R . o ABFFM ARG b
1 2 1 SCRHIE FE 53 Bl TR | s AL X RALZ 218
FEAE (0 B 05 00 . ATCB FEZ xR )2 1 A5 B kT
(Vi3 S 0 7 N2 A /v 1 I IO~ Rl = 9 )
Gaofen-3 55 TerraSAR-X T2 IR A CHIL H A7 550 %L
PEAE , SRR AFFN 5 58 TR 2% ) iy 3d 1 B Fr A i
DL K SAR EIMGEE B AR K B 64T 1 X L, A
BAIE T AFFN Xt SAR I8 AL B AR I A4 v v 5 g
RE .

AFFN (8546 Qe 2 i . 8 R I] b B4 i 1] J
T, L VGG-16 M 4% AT A SAR G 4 BBORS Bl R ALE
FFHh BN 2% convd 3 conv5_3 UL K conv7 5 FH 2 1 i
HEATRLG  HARRAE 23 8] RT 43 30 i AR 1 8 .16
32AE T RAE . BEJT L 3X =R ARE R 8 A A Bk
DA B 0RE AR B A HE , I XoF IE AR A 8 A AE 119 7 B A7) 25
EIE . TER ERAAE & IR I, i1 T conv7 J2 9T SURFE
5 TR Z R 22 50 8K, AR T H 22 )2 468 AR 1 i A% A
JERIEE Feat 3FFEIE], JLRSE 10101805 . S fbxt
TCHLHLS AR )21 E B Al 5 ] AR BE &
JIBEH(BAM) , AFFN B3 T Hi ABFFM 5 ATCB #4 A1)
TE T JTRHE Bl A S . b ABFFM AR convd 3
conv5_3 UL} Feat_3 4R 1F K ml & 4246, 15 8 R~
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B FEERZFAEE Feat_1. SR HARKIBIELE Feat_
1 Feat_2 DL} Feat_3 A 4l AL FRAE ] LX) B bRk q 7450
5L 0, 28 AR AR ] 55 5 A FRERAE W] 15K
BLH bR 465 I 45 2R . 580125 LASE XA (Cross Entropy
CE) 5 smooth-L1 1 2% 73 5l LAk 8 a5 240 A6 A B (Anchor
Refinement Module, ARM) 5 H #6455 B (Object De-
tection Module, ODM) F () 4 1] 5 57 & 1] U1 o9 4%, FF:
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(D E R ST . B TRE RS [ 8 6T SAR K%
5 BRAEAS 5 M IEECN ¢ (4 ARRIE R X 442 1
A (Global Avg Pooling, GAP) LI} N 41 SEER
(FC)-HLIH—1L)Z (BN) -Relu 376 pR £ A i 5, AT 538
EECH ofr B9t 5 FHAE £, 2 BHE & 2% 2 (FCO R
fif R T A5 55 A A R AE X EL AT A () 18 R 1A )
R C. (2)= MTER ). T SAR ER AL H br iy L
SR 03 A B R S L JE R T AR, X & T
(convolution) PA & N4 “ % FH )2 (Conv) - it H — 1k |2
(BN)-Relu #1 PR BT, v £530 38 00 ofr ()25 [H)
W IFHE g ZAFHIE LB ST, 115 5 X HATH A
AR IEECH 1 S BNEREIRGES. &% ,C5
S FHFEFH- 28 Sigmoid PREL(8) BYAE LR LS, W AR A7
BN EA, DIAEAY XZICEHTRIT sk 2%
2, AT IMAUE i R ] 0.
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TE 9 3 J2OKE Al Ak R AE B Feat 2 BF L, 51 AT
conv4d_3 VR JZFHEE BTt T &l 4 s T B ) B A) FE
TR GBI (ABFFM).

ABFFM HHFRRAE R RAE 4332 1 RRAE AR #5332 2 DA S
FORBEAY S 3HLAL . A3 1.2 TP BN 2] X AN TR R
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Oy el oy
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Y REAE I — A A B2, 5 A RRAE Bl 4 A 12 i 3 1)
KIS, 53 33 UM MR E 5 BRGS0 B R
PRAVEXT Feat_3 FRAE 5] SR AF , AT — 2 A5 ok A vy 4 4
AiEH K& A 23 A . convd_3 . conv5_3  Feat_1 HAFE 43 5l 48
X Ay S IB TTE AN, AT A A Bk 256 4k BRS A
ﬂCﬁﬂA%ﬁ itk — iﬁﬂlﬁﬂﬁﬂ@ﬁﬁ{nu AT

Il 2. 2. 1/J\w)XT F ?Ea&ﬁﬁm_. F%%%ﬁ/\ = \{%i{ﬁ
PRBIO PG 8 J5 R AIE B LSS, T4 Feat 2 K5 40 ALRFTEIA] .
2.2.3 EERENEEEEEDR

TF RefineDet BT, convd_3 5 Feat 2 )24 F& K
5 BT 7R A% B 1 A B (TCB) n] £33 2 45 AE 1] Feat 1.
SR, BT Z FRAE DL AL, Feat_1 PRl B 302
WESHOE B X BAs A SR EE s T8 . ik, 183
#%BAM%I/\@JJE!I TCBAEHLp  IF LI FoRAE-BH R
BB RBEREI5 A BN EXHERAE T — LA 3, fy 7 T
T 55 G s i BB (ATCB). ATCB (19 45 ¥4 tn 141 6 it
7, AT JEAR TCB RSk LA B A HERR T

K6 ATCB%iHy

2.3 HAER

BT RALHARTE SAR G 5 AN Bk &
JE 0l UHE 5 EL(H ) S B 97l U HE I LL ) R A, HL
SAR & RALIY L A5 OB By, L He ) H AR e Aot
BT IO B (4 2R S B 22 BOR . A A Y
R A B 55 T, AFFN DL RefineDet )5 £ 40 fL A5 B
(ARM) A1 H AR KA L (ODM) XF RAL B An b7 290 4
50 & B . FE AFFN 7, conv4_3 . conv5_3 DA M
conv7 FRIE B % A ARM DATERR K& A REAR , I X0 IEAE
A4 S HERI B WA )T, Feat_1 . Feat_2 5 Feat_3 }¥%
TE M E% A ODM LIRS B AR A 7RS4 Ak Y A [ 5 5
LSiln
2.4 KR
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F AR ARM 5 ODM #5851 43 37 . 28 SR 4 2K bR
B (D) i, H, N — IRt b i8] 78,
v, 5 p, 5 BRI F AL E AR G AR LA K 9 4% X6t
ZY R R CALE AR . SR smooth-L1 #512R A1
b ARM 5 ODM B 47 ¥ [71 94357 . smooth-L1 525 W=
(2) 7R o R 45 TN 5 EAE ) D 2

1
LclS:—NZyi log(p,), i=1,2,3,...N (1)

0.5x%,

|x|—0.5, otherwise

if [x]< 1

smooth-L1= (2)

3 XB5ESH

3.1 LWHEE

H T H AT JCA B SAR EME S H Bk i £ s
£ R A SCR AT B 25U 8 X7 AFFN 4T 7 9F0 . 3%
YR E AL K A Gaofen-3 5 TerraSAR-X T &1 119 5+
a5 ARk 23 FEHLY 1 A L2 9% SAR % . b 1400
Y HERLIN 0. 5m 5 1. 0m 1Y B EU B4 72 515 47
L SR L bR TE IR RS BB, JEIREL T 2136
k& CHLHFRIR R RSE R 320%320 /D0 | S, M
EHLE KR Z7E 25m B 70m 22 18] A L F AR 3776 4L .
W SCLA T : 3 1Y LU AR ECHE S 400 23 S I 244 5 AR O
K IR LU BE AR 4 ek VBRARRTRR REE DT R A5 R X
YIZRGEHATY Y . K7 o T B 5 U1 LA
SRR AL H AR BAE . Horb (o) 18] i & H Gaofen-3
SHEEE, (b)WY 2k A TerraSAR-X A K% .

(a)k F Gaofen-3 A EE Y] (b)3K A TerraSAR-X #Y EUZU) i
P71 SAR MR CHLEUIRE 5 Gy H AR ELE HE

3.2 MEBSHEE

CRSEETEE S WAL ES | E NGRS S &y IES
JEn . R N 45 U2k B 1A B AR K L SR Warmup
FEARAETT 44 JE 0 B3k 2 2D SRS A . 0 465 B
104 XSRS B TR FRAESS 10048 s~
2 RGP R JERT Y 0. 15, At — 2 XA kA T4
WK Pytorch 1. 5. O TR 24 S HEZR 45 7E L AT CU-
DA10. 23 PERYHLAS b 52 it .
3.3 ¥MiEtR

R FE Sy VRN A AR M RE S50 R RS R (P) LA [
H(R) F1 57 B UL BT 200G BE (AP) 48 b R A 1t 553 K
DUPERE . SR MR (FPS) MR SR (Params) I 12

E I 14 2021 4F
F1 MEBSHELE
i FRERGT 32,64,128
G il SRE L A5 1,1.414,0. 707
r (BAM) 16
BAR IR AL (Epochs ) 200
/PHEYR (Minibatch) 12
%k [ GBS Se-4
AL Adam
(& A1 le-4

St (FLOPs ) e il i 518 5 B e 4 DA Kit
AL AL, S 2t 1A [R5k B R -4 [l
R (Precision-Recall, PR) fi £ I @7 T K AL H Bras i 4%
BB RS A RN (3) | (4) frE S, HP TP,
FP GT 43 SRR L E A Ak il L K BAE HAREL .

P = TP/(TP +FP) (3)
R =TP/GT (4)

F1&P5 RFFIVFNFERR, i (5)E X .
F1=2PR/(P+R) (5)

AP ARG R - R A 2R (PR) 5 A& A il it ] 1t AR
i, n=X(6)E X.

AP= | ;P(r)dr (6)

FPS i 1 3k A o B, an =X (7) e S, e

t AR R R R A AERT
FPS = 1/¢ (7)
PR SR (Params ) R 2% 15 2 W 45 )2 B S 8008
LA T AR Y S AR IR 5 R, W= (8) e .
Lrp K, Cl Coor il B B2 RO i A i i

mk

?2&

D
Params = Y K,°xC,_, xC, (8)
=1

77 412 5 (FLOPS ) fli 5 1 A% AY 77 i 38 S B,
FCWe T OB R A AR A R, an s (9) B X, Horh
D,M,K,,C, ,,C, o35l M2 B 250, 55 12 5 R
i, B R Rt L R i A LA e fi t i 1

FLOPs = i:M,ZXKlszF1 xC, (9)

3.4 #ERE5SMH

SEIHE AFFN 5 35T CNN A8 FH DL &% SAR 5 4%
FE HARS I B AT T X B, S5 SR an g 2 Fras . X kil
FH B BRAS I B3 A RIS B 7 T, B AFFN B4 46 0 RS
W% (P)E LRFAK, 2 0. 856 4h , B B M (R) L F1
Iy BCLL K APAE 3 = T A F B, 435 oh 0. 873
0. 864 DA J 0. 871. A I 3 i 5 BI 8 S 447 1T, AFFN
BRI B A O1FPS , A A S 400k L K T 132 B 5 0 )
32, 190M 5 39. 215G, 5 X} Eb 14 5 B BE B3 L BBy
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R2 AEEENSAR EG N BRMKE R

R [ £ %4 F% P R Fl AP Params(M) | FLOPs (G) FPS

i - Faster-RCNN''! 0.736 0.790 0. 762 0.749 136. 689 149.228 14

ﬁ%ﬁf;; cascade-RCNN"” 0.707 0.733 0.720 0. 697 304. 076 179. 934 8
FPN'"*! 0.778 0. 810 0. 794 0. 814 120. 690 134. 150 16
sspt! 0.798 0.778 0.788 0. 820 23. 801 30.570 250
RFB"™" 0. 854 0. 764 0. 806 0. 838 31. 471 34.422 100

W H H AR LRF™" 0. 899 0. 740 0. 812 0. 809 65. 774 48.114 91
AR B YOLOv3" 0. 502 0.791 0.614 0. 630 61.529 32. 687 15
RefineDet ') 0. 856 0. 806 0. 830 0. 843 33.915 37. 426 90

RetinaNet' ') 0. 837 0. 764 0.799 0.789 135. 366 111. 994 28

PADN'! 0. 820 0.777 0.798 0. 806 102. 163 123. 562 33

DAPN' 0.789 0. 830 0. 809 0. 831 128. 230 167. 733 12
:ﬁ;ﬁﬁ SCHkL9] 0. 520 0.315 0.395 0. 189 4.314 0.328 0.5
- k[ 10] 0. 544 0.238 0. 331 0.132 6. 158 11. 661 0.5
Skl 11] 0. 706 0.235 0.353 0. 200 134. 309 37.279 0.4

ik 14] 0. 644 0. 807 0.716 0. 741 102. 357 97. 549 2

AR AFFN 0. 856 0. 873 0. 864 0.871 32.190 39.215 91

B (U1 LR, RetinaNet 45 ) PEREBE A ; % L SAR &
P ARG IR 1L, AFFN &8 35 T IR B 2 &) Bk (A
PADN . DAPN) DL R R B 55 1% Ge R A AH 45 & 1 S (an
SCHER[O~11, 14 PR3 g i 2% .

HH I AT A3 U R 4518

(1) 72 7 R AF il A SR m s AL T 53 RL B ik
AT A5 2 YRR B FRAE 5 2 HI 88 J7 . X Heal A H AR
R 51k, AFFN B9 ABFFM 55 B 76 #4 2 Feat_2 BF5| A
T BRRARL R R AE A 1R 2T R BT LA R S
PE . ATCB 7T 28t B AR TR 218 SCERAE , I 7 2 55 1F
P v (1 ] B 4 T 6 . X6 B SAR R i B A ki
5, AFFN 3SR [9~11 1 nT $23 H b 2 45 R SUfE B
4 PADN \ DAPN B i1 5 1 H Ar & 2 FRAF . B4R Sk
(14 LA RAL H AR R $2 00 D EC X H bk 4040 %5 51
HZ R AL s S22 S T — 2
FERRAR T B IE Mz ke

(2) & B R AF 4 38 45 0 W] A5 R8O 5 A [R] 4
W SUE BRI 2 R BARRRIE . T ' LA
B R DL BAR TC /0 BRI 22 5, SAR B CHL H Ar H
A —EMZ RERE. M3 F FPN,DAPN.YOLOV3 &
TR 4 T 4% 45 A, AFFN A 8 T A AL 5 Feat 1,
Feat_2 5 Feat_3 WRFIE 4 738 , i B AR [ 4 B o A
BN . E SR Faster-RCNN ., Cascade-RCNN % £
FUBE S i HE SR m o B AR AT mUE HEACR A T T
W 25 1) e J2 R L, X6 7 208 SCRRAE I R 78 20 A1
SSD .RFB it = H T[] T FRRAE 4 F 3454, 3 H bn
TRIZ 5 2 SUE B SRl EAMNRE ) 4 2%

(3) H br 22 K 0 5 W 7T 45 S8 BR f AR AR, #2715

VA BRR SRGIRS . AR T A s s, AFFN G
5/ A ARM 5 ODM, #9% T HArZ g Aa il HLH] . ARM Xf
7 RE AR A 51 HE 11 T8 975 15 A0 0 T AR A B A HE 116 400 2 (o]
T, W AR ODM X H AR A48 & 25 (8] 48 7+ T 3300 Bk
A7 [ 5 5 5 S50 e o

(4) sty 1) ity 19 Ak L7 2 5 05 17 100 ) 4 235 4 A1 T
PR SR 5T R R I ARIE T Bk R e .
W FHEIEA L, AFFN JF oK & A W B B Aa s R ) AR
Ak 45 /E (U0 ROI Pooling . ROI Wrapping . ROI Align-
ing) , WEGE T ML AR S AL FRERAE SRS L
Hb, AFFN & BB T A B 55 0 46 25 4 fiff B &5 AN 3t
T BB BB (RS T S S E A M 5 5 SAR EMGRE
B L, AFFN 32 3CHR[9~11, 14 ] H £ 3 21 i 4 4b 2R
AEJ1, B PADN \DAPN (1) [ 4% &5 b BEORS ], B0 S 50 i
B/ AR AR AR

K 8(a) (b)) WISy AFFN 5538 FH H bR i 5
B2 DA B SAR BIMGAE i B0 K I 235 51 ) RS 1 - 44 1]
RHZXT LR . AXER H B A 1] 35 T (A 2]
ELRHLECE N ) , AFFN (2T (5 fh 28 ) 1 i s Hofth 53 %
AL T RAAE , W] T AFFN 8wt H A% 5 1
R RE ) B

FO~11 R T AR = Fp i g 5 Fp KL H
o ARSI 5 5 | e b i B AE Sy bR B, 21 (A S 5k
) B AR BUE , AHER

(1) AFFN A] A5 500 I A i B A 59 HL B B i A
0 RHL H AR R AN . AE 9 b, TR U AT A A
BN BRSO SR P AT, TEALIE AR R I 2K
R ELJE BRI R A ) 50 TP . AE AN TR 3303k
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FA K6 I 25 SR v, Faster-RCNN . SSD . LRF . YOLOv3 . 3Ciik
[9~11, 141Dk K PADN &3k Y08 384y CHLIR 6, Cas-
cade-RCNN 55 RefineDet 5. % AWK IEHES R AY KAL B b5
YERA X 43 (AN 9 ML A 55 B). SRifij, AFFN n] B ik =28
TCHLAERR A B IAE 5 B s A w25 5/ . X R
B TRV BRI Al G SR LA Y X 45 S5 A LA
Ko BWR 22 9k SR ms A e T T X R AR AR B
FRAGHI (1 A 1

(2) AFFN A A5 8806 RT3/ B H B U454 1X 53
FEARH CALHERAS I . & 10 5, KL B AR B R
AN R HER B S YRR AL BT B AR IR Z R R R
ICRE A R LA BBl PR 85 5 ROPIL B AR B 4 i, B 22 %)
o B K ) B iR 4 A B bR (4 Faster-RCNN | Cas-
cade-RCNN ,DAPN . SSD ., 3C#ik[9, 10145 ). PADN ., Reti-
naNet LA K¢ FPN 83 B nl R H AR IE AR A, (H H bR A5
JEREARERAG . R, AFFN R{CKE T A CAIL I ARG L
X B AR T B A R

(3)AFFN 0] 4 806 SAR BHUE R BT T4 5 CHLIHER)
FUA . AR, AL R R e 2R i S
TRALEBAE AR AL R R . AR AN TR B A I 2 SR
Faster-RCNN . Cascade-RCNN., DAPN. SSD. RFB. Reti-
naNet DL M SCHR[ 9~ 11 V375 Bk M iR i QAL 3 4
CALHE LRF 5 YOLOV3 Bk K . 4R, AFFN 0] X H
FRUERAAGI , H % PADN RefineDet . SCHR[ 14 %5 H AR
o I A5 e
4 iTie
4.1 FENHARESREBIRR

SIS AFFN /Y ATCB #4624 TCB, ABFFM 4y
TCB, ATCB 5 ABFFM 2% 4ty TCB, Jf-44 18 B 1% 530k
it AFFN-ATCB . AFFN-ABFFM UL &2 AFFN(TCB). %
3 M LA RefineDet A3, 4L 5 AFFN 5154} SAR &%
AL H AR IR S

#3 EBNSEREFMEIE LN

Params | FLOPs
[ 2% 24 F% P R F1 AP FPS
(M) (G)

AFFN 0.856|0.873|0.864 |0.871|32.190 | 39.215| 91

AFFN-ATCB |0.850(0.869|0.859|0.870|32.172|39.201 | 95

AFFN-ABFFM | 0. 842 | 0. 886 0. 863 | 0. 871 | 30. 402 | 38. 504 | 95

AFFN(TCB) |0.840|0.857|0.848|0.865 | 30.385|38.490 | 100

RefineDet | 0.856|0.806|0.830|0.843|33.915|37.426| 90

%T . AFFN-ATCB . AFFN-ABFFM L &% AFFN(TCB)
= PR A A I 25 S T 45, ATCB 5 ABFFM 34 1] $2 7t
LT TRAL HBRRFAE SR ES 0 L 2 R — R 2k
B, o5 — AR R AR R SRk TR R, 2 S
Jemf, Bk RE N R 3 . X b AFFN  AFFN (TCB) |

RefineDet 25 5L T 15, M40 B A5 8l SRR 0 DL A 3 11
FA) O 2 235 4 AT S-S [) 4 i 0 SUA B, o B A T
ey At = HE . L4k, AFFN AFFN-ATCB , AF-
FN-ABFFM . AFFN(TCB) . RefineDet 2 % = Ffi A [7] 17
Soh KA B AR R 25 ] 12 EIE 14 PR, R
il

AFFN AFFN-ATCB AFFN-ABFFM AFFN(TCB)
P12 AFFN X RCT B0/ HL A B U 4 A8 X3 BE IR B RBLAS: I 45

RefineDet

"UAFFN  AFFNATCB AFFNABFEM  AFFN(TCB) |
[ 13AFFN XSS S0 4559 H B morh FE 2 i i KL 235 21

RefineDet

AFFN AFFN-ATCB AFFN-ABFFM  AFFN(TCB) " RefineDet

E 14 AFFN XTI A OCI B Ik H 23 A 25l S T 45 21

(1) 7218 A5 BT SAR 4 CHLAY i ) 51 =
CHEE T R RE R A 3R T A RO R R R A [ vh
H AR U S5 B R T 3RAE 3271 T 38E X AL E AR
Y e

(2)ATCB 5 ABFFM £ 7] $2 F+ 5335 %5 H A5 i FFAE
M F R T, P E AR E AN, LR T AFFN X
SAR EME CHL B bR g s

(3) & B X 28 5 ¥ 1 11 AT Ry i 3 )RR AR Rl O
W& MR REIG &L . AFFN A 1 b ISR 2 19 CNN i
SCRHIE A7 2 0 R AR G SR e T H bR 2 )2 AR B
FAE T4 .

4.2 FEANHERSRE

K 15 5K 1643751 M Squeeze-and-Excitation(SE)LZM
Y Convolutional Block Attention Module (CBAM)!>! L
BT BAM S Fl 2 35 8 B ML . o, SE AL E
T VR R S HLH T E ACERAE X ANA, CBAM 0 LA HR 47 A 1
18 5 25 (8] 1 2 ML ARRAE XA . S5 DL
BAM .SE .CBAM M {F B SR 1) AFFN 435l 44 4 AF-
FN(BAM) .AFFN(SE) . AFFN(CBAM) 3 DA A & AF4i] 1
B AL B AFFNAE R 3 6y 44 4 AFFN (Basic).

FAR T A[ERJIBCE I AFFN X SAR E14
RHLA I SE R . R XEF Y, AFFN (BAM) # AFFN
(CBAM) 5 AFFN (SE) % AFFN (Basic) [ 42 7} 5 Ky
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FC
x GAP Ixixc IxIxe \o o
= (7777
7 :
h
s w

K15 SEZ5#y

p
=
iy )\C

X -

16 CBAM%5#

A, BT AR RS AL AR RUPE 33X PO AR R
WSS R E T A DA RGN S 2 /N . AR
CBAM (S50 /0 HH B AT AL 1 3 B I LRI BEAIS T
TR IATIE BRI T iz B

£4 FEEE AV EEEEER T

Params | FLOPs
) 2% 44 Fk P R F1 | AP FPS
v | (6)
AFFN(BAM) [0.856(0.873|0.864|0.871|32.190|39.215| 91
AFFN(SE) 0.835]0.865|0.850|0.868|32.189|39.197| 98
AFFN(CBAM) | 0. 846 | 0. 872|0.859|0. 867 | 32. 172 39. 198 | 85

AFFN(Basic) |0.856|0.853|0.854|0.865|32.155(39.197 | 100

& 17~19 7R T AFFN(BAM) .AFFN(CBAM) .AF-
FN(SE) LA K AFFN (Basic) % = Ff A ] 50 RALE K
bR S {3 A S 1 WA 2 A N E I € e | P
I, AFEN(SE) 5 AFFN(CBAM ) Y26 4 BBl i a5 46 H
b, AFFN(Basic)# H bl ; 76 18 18 Hr, RALER IR
ROCHRBEAIR B A 8. i o= X H bR 2 R FRAE Y

AFFN(BAM)
FEI17 2 AL RO 4 /0N EL A 485 41X S AR 1 ROMLAG U0 1)

A0

AFFN(CBAM) AFFN(SE) AFFN(Basic)

AFFN(BAM)  AFFN(CBAM) AFFN(SE) AFFN(Basic)
P8 T BT B s O BE A L2310 8 B " BLASTI Py 32 )

A WU, AFFN (SE) 5 AFFN ( Basic) 4 T U HE #£1 /NF
H bR EAE . AFFN(CBAM) X} H A5 5947 B B 5 EAH A7

AFFN(BAM)  AFFN(CBAM) AFFN(SE) AFFN(Basic)
P19 TR IIAILHINS 22 YR B B RBUAS: I A4 32 )

FE—E 225, FHL6 H AR T B 15 B A1 s 2 & 19
CHIMLE 5 R 3 AN A 2 BT, B CHLREE 3 (F
X 35 ) Bl A 4855 . AFFN (SE) 5 AFFN (Basic) ¥ H A%
FE B R RALE X B A 0 0 5 B R 25 K, HL
AFFN(CBAM ) X} H g 1 0 AE 55 EARATAE — 2 (i 25
XF H % BAM . CBAM . SE = Ff A [a] 7 75 1 HLH 1 AF-
FN XF SAR B4 CHLAY K 25 5 n] 45, BAM H 471k 1)
1 I 5 23 6] V18 CBAM L SE % H bR B8 ik i
LA W i SN 5 DR RE g, % H ARG A A TR (Y
SERE SRR Pt A

5 s

s ==]

B SAR EME KL H R s s e fE B v, |
o JE R PR S5 e 7™ i, 4 i B T A N AR AT S5 ), AR
SCHEM TR I RHIE RS 4% (AFFN). Gl 5] A0
HEE L (BAM) , 38 SCHE AFFN H it T fiid & ) i
[ FEAE RS (ABFFM) 5 71 2 07 A% 4 % £ (ATCB) A
A J0 1) 3 T D R AR Rl S s R A T LS AR L L
FRAE ARSI AL R AE 4 235, 5k 17 XF SAR EIMR CHLEL
SR EE UE BB S AR RS T A
) Gaofen-3 5 TerraSAR-X 1R & K HL H #3210 £ 45 4 |
SEEGBE AFFN 5 3% F CNN % 38 F H A5 k6 0 52092 DL R
SAR EUE R B AR BT T T HOBR , 25 5 32 B AF-
FN X5 2% FREE i CAIL H Aok 00 o 2 B, ezl i
FERHR . eAh X T R AL TR W R BAM B
TH ARSI U — A B0 T H4 SAR EUE ML H ARk 28R
TIPS AN B EAEH . Ak, RATEIRALS & Bir
BRI AE 5 2 S5 4 B 1T, F— 25 $E T B SAR &
15 CHL B AR R e

5% Sk

[1] sk, UK, kM5, %5 . Fisher SCBE A0 A1 N 36T UL i i

BB Ak SAR [E115 CEAR Kl J7 i (7], #3127 41¢, 2019,
47(12): 2533 — 2543.
Zhang J F, Yang Z Y, Zhang P, et al. A new CFAR detec-
tion method of polarimetric SAR imagery based on
matched filter under fisher texture[J]. Acta Electronica Si-
nica, 2019, 47(12): 2533 - 2543.(in Chinese)

(2] T, FEF. T L Gamma 431 19 5 43 B SAR [
BRI [I]. 172241, 2018, 46(4): 827 — 833.



9 1 i

BT 1 R LI RRAE @& 2% (14 SAR FEME 6L H bR PR il

1673

Wang B, Wang G Y. A coastline detection method in high-
resolution SAR images based on the generalized gamma
distribution[J]. Acta Electronica Sinica, 2018, 46(4): 827 —
833.(in Chinese)

BARER, B R, XVEE . IR T IR A M 4 1 R
B AL SAR IR 7P JEFE D). HLT-2# 412, 2020, 48(1):
66 - 74.

Wei Z Q, Bi H X, Liu X. A graph-based semi-supervised
PoISAR image classification method using deep convolu-
tional neural networks[J]. Acta Electronica Sinica, 2020, 48
(1): 66 — 74.(in Chinese)

Zhao Y, Zhao L J, Xiong B L, et al. Attention receptive
pyramid network for ship detection in SAR images[J].
IEEE Journal of Selected Topics in Applied Earth Observa-
tions and Remote Sensing, 2020, 13: 2738 — 2756.

Hu H, Huang L Q, Yu W X. Aircraft detection for HR
SAR images in non-homogeneous background using
GGMD-based modeling[J]. Chinese Journal of Electronics,
2019, 28(6): 1271 - 1280.

Zhang H, Hao M X, Zhang C, et al. Aircraft target detec-
tion algorithm based on high resolution spaceborne SAR
imagery[A] MIPPR 2017: Remote Sensing Image Process-
ing, Geographic Information Systems, and Other Applica-
tions[C].Xiangyang, China: SPIE,2018:193 — 198.

Tan Y H,LiQ Y, Li Y S, et al. Aircraft detection in high-
resolution SAR images based on a gradient textural salien-
cy map[J]. Sensors, 2015, 15(9): 23071 - 23094.

Dou F, Diao W, Sun X, et al. Aircraft recognition in high
resolution SAR images using saliency map and scattering
structure features[A] 2016 IEEE International Geoscience
and Remote Sensing Symposium(IGARSS) [C]. Beijing,
China:IEEE, 2016.1575 - 1578.

FIEE, P, G5 BT AR PR 22 I 2% 1 1 03 R
SAR % CHL H AR 5 % (], & ik 224, 2017, 6(2):
195 - 203.

Wang S Y, Gao X, Sun H, et al. An aircraft detection meth-
od based on convolutional neural networks in high-resolu-
tion SAR images[J]. Journal of Radars, 2017, 6(2): 195 -
203.(in Chinese)

[10] SB4h, EHEMS, th4 . BEG MR H B EIR WILH

PRATINT]. IR, 2018, 35(6): 57 - 64.
Guo Q, Wang H P, Xu F. Aircraft target detection from
spaceborne synthetic aperture radar image[J]. Aerospace
Shanghai, 2018, 35(6): 57 — 64.(in Chinese)

[11] Diao W H, Dou F Z, Fu K, et al. Aircraft detection in sar

images using saliency based location regression network

[12]

[13]

[14]

[15]

[16]

[18]

[19]

[21]

[22]

[A] 2018 IEEE International Geoscience and Remote
Sensing Symposium [C]. Valencia, Spain: IEEE, 2018.
2334 - 2337.

Lin T Y, Goyal P, Girshick R, et al. Focal loss for dense
object detection[A].2017 IEEE International Conference
on Computer Vision (ICCV) [C]. Venice, Italy: IEEE,
2017.2999 - 3007.

Zhao Y, Zhao L J, Li C Y, et al. Pyramid attention dilated
network for aircraft detection in SAR images[J]. IEEE
Geoscience and Remote Sensing Letters, 2021, 18(4):
662 - 666.

He C, Tu M X, Xiong D H, et al. A component-based
multi-layer parallel network for airplane detection in SAR
imagery[J]. Remote Sensing, 2018, 10(7): 1016.

Zhang S, Wen L, Bian X, et al. Single-shot refinement
neural network for object detection[A]. Proceedings of the
IEEE conference on computer vision and pattern recogni-
tion[C].Salt Lake City, USA: IEEE,2018.4203 — 4212.
Ren S Q, He K M, Girshick R, et al. Faster R-CNN: To-
wards real-time object detection with region proposal net-
works[J].IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence, 2017, 39(6): 1137 - 1149.

Cai Z W, Vasconcelos N. Cascade R-CNN: Delving into
high quality object detection[A].2018 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition (CVPR)
[C]. Salt Lake City, USA: IEEE, 2018. 6154 - 6162.

Lin T Y, Dollar P, Girshick R, et al. Feature pyramid net-
works for object detection[A]. 2017 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR) [C].
Honolulu, Hawaii: IEEE, 2017. 936 — 944.

Liu W, Anguelov D, Erhan D, et al. SSD: Single shot
multibox detector[A]. European Conference on Computer
Vision (ECCV) [C]. Amsterdam, Netherlands: Springer,
2016.21 - 37.

Liu S T, Huang D, Wang Y H. Receptive field block net
for accurate and fast object detection[A]. Proceedings of
the European Conference on Computer Vision (ECCV)
[C]. Munich Germany: Springer,2018.385 — 400.

Wang T C, Anwer R M, Cholakkal H, et al. Learning rich
features at high-speed for single-shot object detection[A].
2019 IEEE/CVF International Conference on Computer
Vision (ICCV)[C]. Seoul, Korea: IEEE, 2019. 1971 -
1980.

Redmon J, Farhadi A. YOLOv3: An Incremental Im-
provement[EB/OL]. org/abs/1804.02767,
2018.

https://arxiv.



1674 H, ¥

s,
2

il

2021 4F

[23] Cui Z Y, Li Q, Cao Z J, et al. Dense attention pyramid
networks for multi-scale ship detection in SAR images[J].
IEEE Transactions on Geoscience and Remote Sensing,
2019, 57(11): 8983 — 8997.

[24] Hu J, Shen L, Sun G. Squeeze-and-excitation networks
[A].2018 IEEE/CVF Conference on Computer Vision and

1EEEIT

BB B, 1996 4F A TREPE I %2, [ )y
RPN LR R e R (o L R E i 1
75 18] Hy 8 S AE B b B, 5 i ALAR IS F bR A 3l
P
E-mail:zy34731@qq.com

BRE(BEEE) L, 1981FEIETE
B P, B B RHE R 5 o R 2 B i B F
X7 1) g i A BAL B, A AL AR TR R H AR A
i
E-mail:zhaolingjunkd@126.com

Pattern Recognition (CVPR) [C]. Salt Lake City, USA:
IEEE, 2018. 7232 — 7141.

[25] Woo S, Park J, Lee J Y, et al. CBAM: Convolutional
block attention module[A]. Computer Vision-ECCV 2018
[C]. Munich, Germany: IEEE,2018.3 — 19.

ENE 9, 19664 4L F Wm0, =i
B RS FRIE B R TR ERGE S E 44
TR BT (CEMEE ) [ 52 5 o5 90 56 8 3042, 1
A U RIS 1) A SRR RS A R L SAR
PEE B ARSI 53]

E-mail:kuangmerg@hotmail.com



