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Abstract: Considering the limitation of single scale Convolutional Neural Network (CNN) for ship image
classification, a self-adaptive entropy weighted decision fusion method for ship image classification based on
multi-scale CNN is proposed. Firstly, the multi-scale CNN is used to extract the multi-scale features of ship
image with different sizes, and the optimum models of different sub-networks are trained. Then, the ship images
of test set are tested on the optimum models, and the probability value that is output by Softmax function of
multi-scale CNN is obtained, which is used to calculate the information entropy so as to realize the adaptive
weight assigned to different input ship images. Finally, self-adaptive entropy weighted decision fusion is carried
out for the probability value that is output by Softmax function of different sub-networks to realize the final
ship image classification. Experiments perform on VAIS (Visible And Infrared Spectrums) and self-built
datasets respectively, and the proposed method achieves average accuracy of 95.07% and 97.50% on these
datasets respectively. The experimental results show that the proposed method has better classification

performance than those of the single scale CNN classification method and other state-of-the-art methods.
Key words: Image processing; Ship image classification; Multi-scale Convolutional Neural Network (CNN);

Entropy; Decision fusion

WY 2020-02-11; SRl : 2020-10-28; %6 HHAR:  2020-11-16

MEEEHE: BA jieyang@whut.edu.cn

FETH: HEERFERES (51879211), ESZE sl & v1kI(2020YFB1710800), #W1R % 2 H /TR 28 7135 H (18C0900)

Foundation Items: The National Natural Science Foundation of China (51879211), The National Key Research and Development
Program of China (2020YFB1710800), The Scientific Research Project of the Hunan Provincial Education Department (18C0900)


http://radars.ie.ac.cn/CN/10.11999/JEIT200102

%5 ARG JE T2 RUBEG AU 22 00 25 1) 1 AR ISR SRR 5 M AR R 93 907 7% 1425
1 58 SRR AL R DUSCEUS A AR B R 1 ks B 0 2R, RIS

AR MR oy S8 e b 22 2 FIAT A B e i — A
HE N, BTN T RAMZERES ), s
bRz S AR A 2%, AE DGR R
FE o A A o R R A SR, DR AT A
B oK g O R U BT A R L —

A AR AR R 73 S T7 70 203 N T AR GURFALE
(153 RITEMEE T B R K1) 53 K T7 k. (B4
R 3 EA 7 WA B B 7 Bl (Histogram of Oriented
Gradients, HOG)Pl, REEAARRFEA 4 (Scale-In-
variant Feature Transform, SIFT)W P f& 3 —{&
#30(Local Binary Pattern, LBP)P/& . (& GikFE
& H AR R AR, 7ERIK BRI RE ) B
RIERYE, JF H R0 L 5 i, maZE. i
R, AR SIBORK PR KR, HRRE M
#%(Convolutional Neural Network, CNN) B AV %
FENV R, JER s HERE K. Bis
RN TEL S AT AAS IS4 . SCHR[9] 4 Y AlexNet
HIRR R 27 SIS & 173 257772, #EFleetmoomfii
BG4y RUERA A IE B 1 94% . SCHR[10] 42 HL
ZAMERA S BRI SRR IR AR, R AR AR 7] &
A NIRFE I EER RN, SRR 73 A
SCRR[11] 52— A B 2 R IR A G B 22 X 2% (MEE-
CNN) X it 2 38 S A R R 2R AT 70 2K . SCik[12)
P H 2 3 PR ONN X TerraSAR-X B G 2E 47 M An
33, AFRREEEREA R PR RGEE, B
A mE H A 2.5 mif g3 23 5 F1128 x 128
R RN o AH BB 93 3 26 10 A8 A 2 T e 5 1
CNNW#BIEHK, EFZEHTELZHRLR.
BR[13])4 H “rhb—3 Btk ” CNNAT “Hi5t—3
AL " CNN, X TR AE AR R BEAT 70 28, 72
o @ BRI R UER AL $192.8%.

LB T, AR R REZ K CNN#E4T
FERAIEMER I3, XA ERN R IRE A 73 28 B AN
EVE, SrRUEM R R PR Ak, R
Rl R 32 PR GRS 22 i ok, FL ks
BB U ) B e SR A RAE R S PO R AT ORI AL
O R AR R, (EARRE G TR L RN K AR
TEREIT AT D0 BRI, AR SCE X B — R
CNNTE A G 73 28 b I kG B2 5 B — B St 1Y)
o] @, A2 REECNN Y H S AL ik 2
AhE ARG K. fEZTEF, e 3A
AN 7 P 2 4R B 2 RO R I BB R, JEA)
H Softmax b #U t FOMERABETHRAE B0, ORUEXT
AN [E I AR BRI T & AL E s e Je X 34
ANTR] T 1 45 ¥ Softmancii B BEAT H & N5 AL Tk

iRt E R e E A E . B 5 AT vE
HIXTEE, RISk Re IS B A 70 R .
2 % RECNN

LIMA M4 (CNN) & — 2 ZRAHL, EH
SRR ERAIAUE S =07, AT LRI 25 2R 2 8
PIE . B— R CNNLEPAT BHE 73 BAT 55 I
2 TPNEVE NSO S CRR T ST Z 8 el
KM R Z A . BIRTT LZ S 46 T35 Tl 2
R BRSO NCNN R Z M KN, HIX e
s R ) R . EERIERE T, B2
FEAFE T BB S ER EEAR], SRR ER S
AT B E R BINRHMEE B FE, HAEE L
S R SR AR, N RGT B EHER R AT 5 AR R
E 5 15 31 ()47 T e B8 4 b Sz e B4R 1) 4 RV AR AIE L)
DAL b A SR A58 FH 22 ROBE CNINOREAN [A) RS- A i A
BRMTRHMESREL, PR BITE Z UG, JRiid
Softmax B RAF AN [F] R AR G 1% H B AE .
2.1 ZRECNNEARLEMIIT

A3 AT B W 2% 2 e B LR 7= 1 22
REECNN, 1+ 45 50 48 B STk [17] 7 42 s
L%, % NCNNL. SCHR[12] 9 15 A p
W%, i 4 HCNN2LL & AlexNet !9 (fir %4 A CNN3)
RARBAE AR BB 2 REFRFE. RN F R34 4%
AN EUE RSE AN, a8 s 7/ RSE S RS
MRRSTEUE, WESREANE, R AR — R
AFEAREBL R A A B LA F BRHIE . a0 S
HAR W 25 #H fResNet-34. GoogLeNet. VGG-
16MVGG-1955 R Z M5 A1, BRI 2% BAT R4
b SEEDEN A

(1) CNN1: CNN1H4 A BE RS ZER N
56 x56 AN, HANERE, 2Lz,
N EEEE, 14 Softmax/Z, BIEL KN, i
WESK 2. ML BAASHIER2E R, &
TR R4 T 2 2 A FH IS oR O 8 TE e B
(Rectified Linear Units, ReLU) K%, #HLLSig-
moid Mtanh 55 H0E B, ReL UK HUHA AE 48

Softmax

i HH AR AR L
CNN1l |——
Softmax
AL . it B A
LD Pl ik p— i tH AR AE 2

Softmax
it RE R 1R 3
CNN3 |——

1 2 RIEZEB2M 4%




1426 R =

o

=] P

5| i 43 %

o
¥

WS A SRS . E29 Convl-32@(5%5)
FORFEINGRZ IR AN HCON32, BRRT
A5x5, Max Pooling1(2x2) &7~ 5 145 KAk 2
IR KN 2% 2, FC1-384F R 1Mk 2
B AN B TS BVRHE IS 415 213841 1< 1 4E 1)
P2 TG, Softmax-6(4) %78 H]H Softmax ik (15 2
6Tl AAN A H PR SRS, 60453 T B SR AN
HE RN R A H (W5.1717)

(2) CNN2: CNN2# % A\ B RS E RN
128x 128 M ANIE G, FANGRE, 4/MbibE,
INEERE, 14 Softmax /2, HBRZL KN, i
WELK N2, ML B ARSI ESHIR. 4
TR JZ A0 FH B 30E BRI Sigmoid R 2R

(3) CNN3: AlexNet7EA L HHCNN3E IR,
CNN3R 2% 4 N R R ST ZER 227 % 227 1 AH
K&, B5MEZ, 3PMME, 2MhaEEsE,
14 Softmax/z . 2 R4 32 2 18 F O30 R 4L
NReL UK % .

A LLE H BL B3NS F IR I e — A e )2
)48 F Softmax B R #E4T 402K, Softmax pREL 1)
WO, RO T H R,
3 BENEMBURERMEEE

H KB H MR 26 e SR 7 ¥ A — Tl e T L P
TR A TTE, ZJT I AN [F] o SR i A
ST H R AR 1 U 2R R N\ MG s A I BT
ol N FEREAS 73 S AR 0 R R R e KB HH I
=250 b, vesRas R a2, SR, BEE M
RIBA, PRI BB IR KA . X Fh 757

WAV B A AT PR A I BT 5 AL, AR
AR 73 228 AT 7 (R A B W 3 VSR Bl B (1) 4y
KR, ARRSFHEG SIS 2 RECNNIREUY
FREANFE, FFHFEARBRA—ERIRELYE, BroAFRE
il 8 — AN & S AN EUR e S 7%, 1T 3R AR A A
(5> 2 RE . ASCAE A EIE RO IR e S @A v
A FEANANE G T A FREBCE, 3E—D3
TEEER B UERA R, RN AR B T A A
EMEFE . AH 2 RECNNZH3TMCNN
SRS, BRI AR N R oy 2 gl Rt e 3 A
Softmax R £ (14 HE 2R A BEAT B IS R IA B 3
A G 1S B R R BARE H IE R B R 5
AlE SRR

K % R CNN 134> Softmax 5 % 347 %
i, AT DATS B A AT EUR IR f R R

p11 (x) pi2(x) - pin (T)
P (z) = | pa1(x) paa(z) - p2n(z)
P31 (z) p32 (%) - pan (¥)] 35,

Horr, F—4TARRINT ML 1 Softmax pf HOH i A\
FEAz P2 H A, nRoRMimam s, &—17
N B K P HIRRED N REAS T 28 11 Soft max bR 6T
AR . AR T8 — KR
1B AR sS0Ks 0 o e e P AR e, Bk, iR
ARG ) 22 BN 53 SR AN T o A AR
T 5 e K (RN A0 A e 28 1) 22 Bk, D) 43
e T EE . Fk, Aa ANn=l(2) s s
S U8V HG () Sk R A i N FE A 3 5504 1 N 45 11
Softmax PR 73 AN 2 P o

(1)

— —~
— N — (] —~ —~
0 X ) X ) 10
X ™ X ™ X X =
w = 2k I~k e e < I~ =
< ] &b © 2 Q © ! S i
- PP EFPISFPIE PRI PP AP E
F i [} i Qo / T O &) g
— o [ o [l < = = &=
AR RE :
S} % 5] % o o n
O = O = o O
= =1
Bl 2 CNN1 % 45 125
—~ —~ —~ —~
—~ ™ — ~ ~ ) — ~
) % ) X © X ® X
X £ : £ = & % 8, <
B, = B, S = @ > 3 2 k-3
< Q %0 Q 2 © 0 g e ©Q o -
o = x g < g g H H
ST &
— S N <} ™ o) ! o) = =
> =1 > 2 > a, ¥ 2 &£
= = = = o
% " % = % A
Qo =i Qo o] Q =] 3 o]
o = o = O = O =
= = = =

& 3 CNN2W %% 45 Ky F1 55



5 1

ARG JE T2 RUBEG AU 22 00 25 1) 1 AR ISR SRR 5 M AR R 93 907 7% 1427

Hi(:r):prij(z)logwij(x) Li=1,2,3 (2)

Hrdr, pij ()RR i F W 44 1 Soft max B ZCK 4
ANFER2HINE TIRMMER, WRIEADS TR
Softmax PR £ 115 B FE O, 70 A A e P
HLER R, MUZ N 2% ) Softmax BR UG i AN FE A @ 1)
DRI ZE, %ML 1 Softmax BREUN HiT AN FEA
cHIFA A E RN, R IMA. Rk, 2 RECNN
[ Softmax PR EL 1 H & M H A AR TR A XN
exp (—H; (z))

T3
> exp(—H, (x))
p=1

7i:13273 (3)

7

HEIEE R EE, (1) s IR H AR
B P (2)f1 R — 4T e LABLE, 43 258 IR ME 2 4 Hi 46
[P’ (2)
wipir () wipie (x) - wip1n ()
P’ (z) = [wﬂ?zl () wapaa (z) - wap2n (x)] (4)

w3p31 () wapsz (x) - wapsn () 3xn

B P! ()4 5INBER AT, WIS R AN S 55K

EHERER A TSRS AR, X (5)Fw

3
label () = argmax [Z_; wiPij (m)] (5)
H & N IR R S & FE 78 o F & T AR
I 5 [ Soft max bR E5OR AH [R] 70 50 A FE A0 BEUE 0 43 25
P REAN ] BA S 7] — /> 7 X 2% 1] Soft max BR 254 A [
I MR EG F r RrEre A 22 5 ke, BiE
7 1t Xof A 7] 8 A\ A BB T B R 6 B IR R AL
&5, [FFE T B R CNN B T Softmax bR £
HH PR 23 A et T T o P 1 40 2K [
4 ETZRECNNRBEENEMBOR KR
EREMAEIG S AT A
ARCHE B 7V R B FR I 2R RN O A
I e SR A It A2 . BARSEIan R -

RHAESRHL

(1) R HE: A “MKFFHINE” (trai-
ning CNN network from scratch) {771 ZR3/F
W2, YIZRHH 2 FREMNSE, s/ Mutik
PR BRI IIGAEA (W5.175) Zad TiAb 3 /5 45
MIENSANCNNHFEATRFEREE,  F) FH Softmax bR
045 B0 AR AR TG0, ST S i bR 2 A
FSRRAIARE Z AR ZE, I S ) 5 3 ik R 1R
BUBEFMRZE, R 2 e/ Mb s 19 34N [F) 7 X 45 11 B
PR AT ORATF

(2) B IE R A e sk at A o A2 IR
AWM 5, FANE 2 RECNNHIERURFIE, 4
SV IR 3 T A B3R T, 7531 Softmax
O, B SR E IS RO IR R S A
BRI R R . AR B R AR R
El4PTR .

AR SR 3 VR A B T 1 A R A e AR B R
/No XFFCNN1, CNN2HICNN3, ¥f E% 5 il Fi kb
P64 x 6415 5. 147x 14715 ZF256 x 25614 &,
Wt N B L3479 2 B I 2R R A 4y ) Bl AT 3 BY
HN56x 561525, 128 x 1281 FK 1227 x 22714 % ; Wl
REREAMAE RO X ZGREAR AT RENLE
B, AR M ZREAE, PRUERE A BEHLYE,
WA, THHARE T EENEEEE. FE,
PAHEA A T BENUKC R SRR v, i —
PETHE R A PR AN A R
5 SLIREERKR ST

5.1 SLAHEMMERBIESE

SIS IR NInter(R) Core(TM) i9-7980XEQ
2.6 GHz, MW1£32 GB, & KNVIDIA TITAN Xp
Pascal, K Python3.5, Pytorch#EZE4m 2 SLH Ar
AL

AT SR 1N s 4 2 VATSEL R 41, £
15286518 EME (162318 P AL BB, 1242084051 &
8. ZEIEEQ MRS, A Amediu-

ms “other” ships, merchant ships, medium passen-

Softmax1 {41 R AH 1

______________ i ONN1 [—
| MAEG r |
| : g e CNN2 :

Softmax2 {2 (L2

H I R A
B SR&

ey
FE5R

| g A | |
L CNN3 —>

Softmax3 % H LR AE3

_________________

K 4 AT B AR TR



1428 B 7 5 F

2 %

43 %

ger ships, sailing ships, small boats, tugboats. 4%
A FE AL R, BELGE L8 731 Dy I 25 I8
B, FIART50ME MR, IZBEMP LA
HEWMLRIR. F2NBEELSH2EEEY, &
FEO000 & A5 Mh R o B dm 4R B 4 M 260,
SRR MY R B DL I . AAEL
PSR BENLIEROL 201 N IZR R, RIAR17991E
FMR G, IZREEFINN AR FE AR S & R 27
5.2 TN IEHR

ARASE H 3 FAETEZE (Accuracy, Ace) w7
FEASKL . BRI B AP AE SR U T LA K VR 35 R P SR P
WA EUR 7 AR . 43 R UERA 202 4 R IE TR
M REA AL L, 0 (6)FT

TP + TN

ACC = T E TN T TP 1IN (6)

Her, TPRNEIER, FPRABIER, TNRNERH,
FN B o

R BFEAREE BB SRR ZE (1 — Ace) [
e TRIEHEFER IR 70 28 A HE £ 73 2% ] I 3d
MIRIETE L, BZR R TIZEA], NhRos m sk
Al WHAE RN R G R RN
5.3 SLINLER M

REEA ST VERA B, MRS —
JUECNN G K775 UL I JLAEARR M 1 LA 7 2%
JTEAEAR R SEB0 25 At A T Eei . AR S B AL
JE TR B 5 (SGD) S /M A XU H R e, IRARE
GRS o AS[F] 7 25 )1 2575 B B LA
M SHEWT:

1 VAISBESEMINGHFAMMRELRE

Fr5 K4 e Mk
1 medium-other 99 86
2 merchant 103 71
3 medium-passenger 78 62
4 sailing 214 198
5 small 342 313
6 tug 37 20
it 873 750

XTSRRI AN R4S, CNN1, CNN2#!
CNN3 22 £ 35°80.001, ZhESHI M09, it
Wb PRI A EY B (batch size) 332, ZEF % (dropout)
¥IN0.5. AEIZENT T VAISEHE S, CNNI1IAL
H IR EN0.0005, 2] I HITN269. CNN2AI
CNN3FIBE Z I A FH°80.0001, 2= A 315 5
RBT2RI276, X T HEEIEE, CONN1FIAE
ZHH0.0005, ] FHIH97. CNN2FICNN3H
B ZEIR R H04°80.0001, 24 ] & #1435 N 70130,
5.3.1 58 —RECNNS$5ERNTEE

F3MF AN — RECNNIF KL KA Ty
TRAE TN BOE 5 1 10 20 S o S AN T A
FRIESR B PR My FE. TLAE ., ATk
oy K, FAZ RECNNIRE |3 3
B A0 B RRAE I H R SR SR 5 R T %N T 4%
[ Softmax bR E &% AN [\ 45 ANAE A 73 14 BEAS [R] 1)
Rk, #hw T E NSRS E, BT T TR
WA, BT LA S5 0T A0 BEUE R T4 e 2 L
(1)1~ 357 I6F [H) 9 #E bU B — RO CNIN 43 2K 07 V6 B R AIE
PR RS, {H0.391 msFI0.396 msfHIHT A 1 #E
W2 LU, TERTHESZ Gy, SERR R A
SRR KR o

N T B IRAEA ST RE, KR5GS
T R CNN 2 871k AR U AR AN 5L
PEAE B — I RUER R . LB AR S 72
Eb B — RO EEONN/» 28 5V B SR A i 40 25k e, X
TVAISEHREE, ACT775% T Brmedium-passenger
Z AN ARSI R 1 o SR R e e, K
medium-passenger [} 7 K H L CNN2 Al
CNN3Jj k% medium-passenger ) 7 ZE HE R KA $2

3 TEGEEVAISHIRE LA XK ERENN T BIEEGAT
FHEFR B B9 TR (B HFE

Jiik S RHEER (%) HFAE S EUR 18] (ms)
CNN1 92.13 0.104
CNN2 90.93 0.045
CNN3 90.67 0.092

AR T5VE 95.07 0.391

*® 2 BEBESHNIINGHEETNREARE

® 4 TRIFZAEBRRIEE LS XERIRMTEREGAT

== K4 W% ik HFAETR B PR B) A
1 B 1385 346 WiRrS A3 HUETZR (%) FEAESE IR 8] (ms)
2 SRAAIMS 2381 595 CNN1 96.50 0.047
3 i 1632 408 CNN2 94.61 0.048
4 AL 1803 450 CNN3 96.16 0.071
&it 7201 1799 AT 97.50 0.396




oM PRk FET 2 RUZ B2 2% 10 1538 S 05 AL R SR 5 i MR 23 28071k 1429
=5 TEIFEEVAISEIRE LG — XM T IERE%)
. el
Jrik - ; -
medium-other merchant medium-passenger sailing small tug
CNN1 80.23 87.32 88.71 94.95 94.89 100.00
CNN2 83.72 87.32 70.96 93.94 95.85 90.00
CNN3 81.40 94.37 75.80 100.00 89.78 85.00
AR5k 87.21 94.37 80.65 100.00 96.81 100.00

* 6 TEIGEEBEBER EXE— LI FHEHE%)

RT AXFESHMFGEEVAISHESE X

- K DEEIHEMIR T LR
PR TRRm om0 ik RMETR ) R
CNN1 95.95 95.97 96.56 97.56 SCHR[3] 7% 87.47 94
CNN2 89.60 96.30 96.81 94.22 SCHR[20] 59 90.27 73
CNN3 94.22 97.48 93.14 98.67 SCHR[13] 592 84.80 114
ATk 96.53 97.82 96.57 98.67 SCHR[12) 7 00.93 68
SCRR[21]) 592 86.93 98
F, EKT CNN1J7 ¥ medium-passenger 1] 53-28 SCRR[22) 7 90.00 75
HEHER . JE R ZCNN2FICNN3 /7 % F medium- B RS S i A i 94.80 39
passenger [\ 7 FEHERH R 5 e AT HARS 1) 43 K HE EZ (e 20 94.00 45
R AR 2 AR, HEAT% T medium-passen- AT7 95.07 37

ger 1173 R UER 2 5 CNN1 714 T medium-passen-
ger 1 RUEM R Z 1 2 xS HAhS I 73 v
WZRACA SE M, ULBH AR Sy i ] DURE I gt o e —
JEECNN W 4% B T Soft max bR i H 198 R (5 1T
Rk SUNITB G2 A RSl 1P P O R & (8 /T S
ARILTTIEXTHUOE G . SRR (0 0 eI R 4R =
%o
5.3.2 S5iEJLERTMRS L FEARIXTEL

R T B IIEA SN ER S, AT
5 JUFARRIE B0 K713 T TR, g5 R WAk
M8, METHMEIRLLE H, 5HAth)LFh 7%
b, ARCTERI S RERE RS, R R
i B BRSOV R S AU T AR IR 25 1)
Fr RV R AR RS AD BRI BEALYE, A ARG
GOl T AERMERE, Wik T2 RER AN
EUR B 7 RS, EMEIR K07 T AR B
RIS o
5.3.3 AXTTEM T AKERIEFERE

5 A AT ALV ATS Bt S A0 B i it 4k b
B R RWREHFE. E5(a)F: 0medium-
other; 1’Nmerchant; 2¥medium-passenger; 3°4
sailing; 4 ¥small; 5Atug. KE5(b)H: 0AETLM;
URNSEIEFEMY; 20 M S MG, MIES(a) T LLE
H, BEFEREAEFORMEALZE, F2A
FIRZIA LS 2N 4K 2 [A] . VAISE A
fImedium-other #i i1 $ifishing, medium other;

® 8 AXNFGESHMFEERRRIES LN

SAETIRFIR S LHRERE
WA/ IR (%) R

SR [3) 77 1 89.16 195
SCHR[20) 71 93.72 113
SCHR[12) 07 94.61 97
SCHR[21) 71 92.94 127
SCHR[22) 7 96.22 68
SCHR[13]) 071 94.11 106
TR K HH R TR SR 2 97.11 52
EZ Cie S 96.83 57
KRILTT 97.50 45

smallfiHfiH L Fhspeedboat, jetski, smaller pleasure,
larger pleasure. K, —2%smallfimedium-
other A R & FIAH AN o BHE A A Lemedium-
passenger flsailing ) EUE B 1), —Lmedium-
passenger flsmall 0 AU . BRI g S b & )
A medium-passenger {144 44 73 Hsailing Flsmall
MBS (D) AT AR W, RBIE FERAEEFORMEL
KA, FBIRME2RK LN, By Hbe i e e
FEMR IR KARED, A BB I A AR 2 A R 2R 0.
FAN, AR AT BN 78 B B F AR

HKAeko



1430 7 5 F B % MR 43 %
300
0 F 75 0 1 1 9 0 0
250 500
1r1 67 0 3 0 0 400
w2r2 0 80 5 5 0 " W
& =)
f’é 150 %—i 300
H3lto o o 0 0 g
o 00 2 200
4 4 1 3 2 0
50 5 | 100
5+ 0 0 0 0 0 20
L L I L 1 L 0 L L L 0
0 1 2 3 4 5 0 1 2 3
TR ZEAE To bR ZAE
(a) VAISHiE 4 (b) HEHIEE
B 5 ARSI 28 RIIR I FE R o
6 gﬁ;ﬁiﬁ' electro-optical satellite imagery[C]. 2015 IEEE International

AW T — R T 2 RECNNE H & A
IIA P s Rl S M AR BB 2807 TR e
AN A CNN 15 2156 N FE A (1) Soft max BRI 5
HNERAE, SR8 B IS R I S fl & 7 AR
PR ARG R BIE N IR 3R A mT P
&2 e AN A W 48 A Softmax BR U6 S AN RE AR 1 49
ReERWIARE, BEMNHEE T HRA RS A
B N TIRUEARSCTERA B, fEVAISEE4E
AE A E G EERE L AT TSR, SRR
gE LR, 58— RECNNGRI LD LT JLAE
REEBEERITTIEM L, RS ER 73 R A R
et LRI, w2
G AR S5 T ) A .

& E x|

[1] ZHANG Erhu, WANG Kelu, and LIN Guangfeng.
Classification of marine vessels with multi-feature structure
fusion[J]. Applied Sciences, 2019, 9(10): 2153. doi:
10.3390/app9102153.

[2]  DONG Chao, LIU Jinghong, and XU Fang. Ship detection
in optical remote sensing images based on saliency and a
rotation-invariant descriptor[J]. Remote Sensing, 2018,
10(3): 400. doi: 10.3390,/rs10030400.

(3] R, M. FETHOGRISVMIMAN A 7 K 50% )], b
TS SRl S0 ST BT 343, 2019, 42(1): 58-64.

WU Yingzheng and YANG Liutao. Ship image classification
by combined use of HOG and SVM([J]. Journal of Shanghai
Ship and Shipping Research Institute, 2019, 42(1): 58-64.

[4] PARAMESWARAN S and RAINEY K. Vessel classification
in overhead satellite imagery using weighted “bag of visual
words” [C]. SPIE 9476, Automatic Target Recognition
XXV, Baltimore, USA, 2015: 947609. doi: 10.1117/12.
2177779.

[5] ARGUEDAS V F. Texture-based vessel classifier for

[10]

Conference on Image Processing, Quebec City, Canada,
2015: 3866-3870. doi: 10.1109/ICIP.2015.7351529.

£58, B0, TR, 5 ETIREEETNAE MM 2% 25 5 1R
REUE K H])). BT EERER, 2019, 41(5): 1098-1105.
doi: 10.11999/JEIT180628.

WANG Xin, LI Ke, NING Chen, et al. Remote sensing
image classification method based on deep convolution
neural network and multi-kernel learning[J]. Journal of
Electronics & Information Technology, 2019, 41(5):
1098-1105. doi: 10.11999/JEIT180628.

AR, MK, A, & 2T A SO PR g Ak bk
PEISAR UG ALY HARRN ). 515 524k, 2019, 41(1):
143-149. doi: 10.11999/JEIT180050.

LI Jianwei, QU Changwen, PENG Shujuan, et al. Ship
detection in SAR images based on generative adversarial
network and online hard examples mining[J]. Journal of
Electronics & Information Technology, 2019, 41(1):
143-149. doi: 10.11999/JEIT180050.

CHEN Yunfan, XIE Han, and SHIN H. Multi-layer fusion
techniques using a CNN for multispectral pedestrian
detection[J]. IET Computer Vision, 2018, 12(8): 1179-1187.
doi: 10.1049/iet-cvi.2018.5315.

B, RS, B, 45 —MCNNEELMAZS & AN
WAJTVET]. BRI T RS W: B4R, 2019, 33(1):
53-57. doi: 10.3969/j.issn.1674-8425(2).2019.01.008.

YAN He, WANG Peng, DONG Yingyan, et al. A
classification identification method of ships combining CNN
and ELM[J]. Journal of Chongging Institute of Technology:
Natural Science, 2019, 33(1): 53-57. doi: 10.3969/j.issn.
1674-8425(2).2019.01.008.

. R B2 SR 72 RECRWETE[T]. MUBERL=H0AR, 2019,
41(7A): 142-144. doi: 10.3404/j.issn.1672-7649.2019.7A.048.
CHEN Xingwei. Research on ship classification technology
based on deep learning[J]. Ship Science and Technology,
2019, 41(7A): 142-144. doi: 10.3404/j.issn.1672-7649.
2019.7A.048.


http://dx.doi.org/10.3390/app9102153
http://dx.doi.org/10.3390/rs10030400
http://dx.doi.org/10.3390/rs10030400
10.1117/12.2177779
10.1117/12.2177779
10.1109/ICIP.2015.7351529
10.1109/ICIP.2015.7351529
10.1109/ICIP.2015.7351529
http://dx.doi.org/10.11999/JEIT180628
http://dx.doi.org/10.11999/JEIT180628
http://dx.doi.org/10.11999/JEIT180628
http://dx.doi.org/10.11999/JEIT180050
http://dx.doi.org/10.11999/JEIT180050
http://dx.doi.org/10.11999/JEIT180050
http://dx.doi.org/10.1049/iet-cvi.2018.5315
http://dx.doi.org/10.1049/iet-cvi.2018.5315
http://dx.doi.org/10.3969/j.issn.1674-8425(z).2019.01.008
http://dx.doi.org/10.3969/j.issn.1674-8425(z).2019.01.008
http://dx.doi.org/10.3969/j.issn.1674-8425(z).2019.01.008
http://dx.doi.org/10.3969/j.issn.1674-8425(z).2019.01.008
http://dx.doi.org/10.3404/j.issn.1672-7649.2019.7A.048
http://dx.doi.org/10.3404/j.issn.1672-7649.2019.7A.048
http://dx.doi.org/10.3404/j.issn.1672-7649.2019.7A.048
http://dx.doi.org/10.3404/j.issn.1672-7649.2019.7A.048
http://dx.doi.org/10.3390/app9102153
http://dx.doi.org/10.3390/rs10030400
http://dx.doi.org/10.3390/rs10030400
10.1117/12.2177779
10.1117/12.2177779
10.1109/ICIP.2015.7351529
10.1109/ICIP.2015.7351529
10.1109/ICIP.2015.7351529
http://dx.doi.org/10.11999/JEIT180628
http://dx.doi.org/10.11999/JEIT180628
http://dx.doi.org/10.11999/JEIT180628
http://dx.doi.org/10.11999/JEIT180050
http://dx.doi.org/10.11999/JEIT180050
http://dx.doi.org/10.11999/JEIT180050
http://dx.doi.org/10.1049/iet-cvi.2018.5315
http://dx.doi.org/10.1049/iet-cvi.2018.5315
http://dx.doi.org/10.3969/j.issn.1674-8425(z).2019.01.008
http://dx.doi.org/10.3969/j.issn.1674-8425(z).2019.01.008
http://dx.doi.org/10.3969/j.issn.1674-8425(z).2019.01.008
http://dx.doi.org/10.3969/j.issn.1674-8425(z).2019.01.008
http://dx.doi.org/10.3404/j.issn.1672-7649.2019.7A.048
http://dx.doi.org/10.3404/j.issn.1672-7649.2019.7A.048
http://dx.doi.org/10.3404/j.issn.1672-7649.2019.7A.048
http://dx.doi.org/10.3404/j.issn.1672-7649.2019.7A.048

5 1

ARG JE T2 RUBEG AU 22 00 25 1) 1 AR ISR SRR 5 M AR R 93 907 7%

1431

(11]

(12]

(13]

(14]

(15]

[16]

(17]

SHI Qiaoqiao, LI Wei, TAO Ran, et al. Ship classification
based on multifeature ensemble with convolutional neural
network[J]. Remote Sensing, 2019, 11(4): 419. doi:
10.3390/rs11040419.

BENTES C, VELOTTO D, and TINGS B. Ship
classification in TerraSAR-X images with convolutional
neural networks(J]. IEEE Journal of Oceanic Engineering,
2018, 43(1): 258-266. doi: 10.1109/JOE.2017.2767106.
MR, TR, W, SOl ONN KL AE MR R 3 v i) 82
M), WEH RS, 2018, 39(10): 3228-3233. doi:
10.16208/j.issn1000-7024.2018.10.039.

YANG Yadong, WANG Xiaofeng, and PAN Jingjing.
Improved CNN and its application in ship identification[J].
Computer Engineering and Design, 2018, 39(10): 3228-3233.
doi: 10.16208/j.issn11000-7024.2018.10.039.

LI Xiaobin, JIANG Bitao, SUN Tong, et al. Remote sensing
scene classification based on decision-level fusion[C]. 2018
IEEE 4th Information Technology and Mechatronics
Engineering Conference, Chongqing, China, 2018: 393-397.
doi: 10.1109/ITOEC.2018.8740526.

GENG Jie, JJIANG Wen, and DENG Xinyang. Multi-scale
deep feature learning network with bilateral filtering for
SAR image classification[J]. ISPRS Journal of
Photogrammetry and Remote Sensing, 2020, 167: 201-213.
doi: 10.1016/j.isprsjprs.2020.07.007.

YL, BRUK, KGR, BT RN S 2 RUE S B2 2%
1 22 38 AR BRI 50 [T]. TEENLRI A, 2018, 38(S2):
270-275.

LI Kai, HAN Bing, and ZHANG Jingtao. Traffic sign
detection and recognition based on conditional random field
and multi-scale convolutional neural network[J]. Journal of
Computer Applications, 2018, 38(S2): 270-275.

REN Yongmei, YANG Jie, ZHANG Qingnian, et al. Multi-

[18]

[19]

[20]

[21]

22]

{7kt :

7]

19759718
O

W e

feature fusion with convolutional neural network for ship
classification in optical images[J]. Applied Sciences, 2019,
9(20): 4209. doi: 10.3390/app9204209.

CHEN Wangcai, LIU Wenbo and LI Kaiyu. Rail crack
recognition based on adaptive weighting multi-classifier
fusion decision[J]. Measurement, 2018, 123: 102-114. doi:
10.1016/j.measurement.2018.03.059.

ZHANG M M, CHOI J, DANIILIDIS K, et al. VAIS: A
dataset for recognizing maritime imagery in the visible and
infrared spectrums[C]. The 2015 IEEE Conference on
Computer Vision and Pattern Recognition Workshops
(CVPRW), Boston, USA, 2015: 10-16. doi: 10.1109/CVPRW.
2015.7301291.

DING Jun, CHEN Bo, LIU Hongwei, et al. Convolutional
neural network with data augmentation for SAR target
recognition[J]. IEEE Geoscience and Remote Sensing
Letters, 2016, 13(3): 364-368. doi: 10.1109/LGRS.2015.
2513754.

RAINEY K, REEDER J D, and CORELLI A G.
Convolution neural networks for ship type recognition[C].
SPIE 9844, Automatic Target Recognition XXVI,
Baltimore, USA, 2016: 984409. doi: 10.1117/12.2229366.

LI Zhenzhen, ZHAO Baojun, TANG Linbo, et al. Ship
classification based on convolutional neural networks[J]. The
Journal of Engineering, 2019, 2019(21): 7343-7346. doi:
10.1049/joe.2019.0422.

. 198844, A, W7 AN UG AL B AR ).
19604F4E, #%, BF 577 N EHGAL 545 R .
s 197644, BaR, W7 A MR AL EE S R )
o 19864F2E, YT, BRI DT M MBS 5 1A R b 3

RIS

SRS T


http://dx.doi.org/10.3390/rs11040419
http://dx.doi.org/10.1109/JOE.2017.2767106
http://dx.doi.org/10.1109/JOE.2017.2767106
http://dx.doi.org/10.16208/j.issn1000-7024.2018.10.039
http://dx.doi.org/10.16208/j.issn1000-7024.2018.10.039
http://dx.doi.org/10.16208/j.issn1000-7024.2018.10.039
http://dx.doi.org/10.1016/j.isprsjprs.2020.07.007
http://dx.doi.org/10.1016/j.isprsjprs.2020.07.007
http://dx.doi.org/10.3390/app9204209
http://dx.doi.org/10.3390/app9204209
http://dx.doi.org/10.1016/j.measurement.2018.03.059
10.1109/CVPRW.2015.7301291
10.1109/CVPRW.2015.7301291
http://dx.doi.org/10.1109/LGRS.2015.2513754
http://dx.doi.org/10.1109/LGRS.2015.2513754
http://dx.doi.org/10.1109/LGRS.2015.2513754
10.1117/12.2229366
10.1117/12.2229366
10.1117/12.2229366
http://dx.doi.org/10.1049/joe.2019.0422
http://dx.doi.org/10.3390/rs11040419
http://dx.doi.org/10.1109/JOE.2017.2767106
http://dx.doi.org/10.1109/JOE.2017.2767106
http://dx.doi.org/10.16208/j.issn1000-7024.2018.10.039
http://dx.doi.org/10.16208/j.issn1000-7024.2018.10.039
http://dx.doi.org/10.16208/j.issn1000-7024.2018.10.039
http://dx.doi.org/10.1016/j.isprsjprs.2020.07.007
http://dx.doi.org/10.1016/j.isprsjprs.2020.07.007
http://dx.doi.org/10.3390/app9204209
http://dx.doi.org/10.3390/app9204209
http://dx.doi.org/10.1016/j.measurement.2018.03.059
10.1109/CVPRW.2015.7301291
10.1109/CVPRW.2015.7301291
http://dx.doi.org/10.1109/LGRS.2015.2513754
http://dx.doi.org/10.1109/LGRS.2015.2513754
http://dx.doi.org/10.1109/LGRS.2015.2513754
10.1117/12.2229366
10.1117/12.2229366
10.1117/12.2229366
http://dx.doi.org/10.1049/joe.2019.0422
http://dx.doi.org/10.3390/rs11040419
http://dx.doi.org/10.1109/JOE.2017.2767106
http://dx.doi.org/10.1109/JOE.2017.2767106
http://dx.doi.org/10.16208/j.issn1000-7024.2018.10.039
http://dx.doi.org/10.16208/j.issn1000-7024.2018.10.039
http://dx.doi.org/10.16208/j.issn1000-7024.2018.10.039
http://dx.doi.org/10.1016/j.isprsjprs.2020.07.007
http://dx.doi.org/10.1016/j.isprsjprs.2020.07.007
http://dx.doi.org/10.3390/app9204209
http://dx.doi.org/10.3390/app9204209
http://dx.doi.org/10.1016/j.measurement.2018.03.059
10.1109/CVPRW.2015.7301291
10.1109/CVPRW.2015.7301291
http://dx.doi.org/10.1109/LGRS.2015.2513754
http://dx.doi.org/10.1109/LGRS.2015.2513754
http://dx.doi.org/10.1109/LGRS.2015.2513754
10.1117/12.2229366
10.1117/12.2229366
10.1117/12.2229366
http://dx.doi.org/10.1049/joe.2019.0422

	1 引言
	2 多尺度CNN
	2.1 多尺度CNN总体结构设计

	3 自适应熵加权决策融合算法
	4 基于多尺度CNN的自适应熵加权决策融合船舶图像分类方法
	5 实验结果及分析
	5.1 实验仿真环境及数据集
	5.2 评价指标
	5.3 实验结果分析
	5.3.1 与单一尺度CNN分类方法的对比
	5.3.2 与近几年代表性的分类方法的对比
	5.3.3 本文方法的分类结果的混淆矩阵


	6 结束语

