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3.1 HEAREFHMESHETLE

I HEATREASERIE , 7850 I BUA B
£ AID'"™®'  NWPU — RESISC45'%) | ¥ 4% % U0, 1 i 7
FERAE T S ORE A . R A28 TR B A
(B =5 Google Earth 2 m 73 38 JEFEAR ) |
MREE N T H AL UM A I AR A A IE AR AR,
AR SRR RIS (R) B i R
A ARAREAAE TR 7800 2% 18 A R R b X AN [+
6 Jr) AN [ BUAS ) A £ 1) 25 S AR 45 R/
— TVERREA RN 2 A P45 B, HEATAb 2
K/NGE— g 224 x 224, BEAELEANER 2 iR, Xf
TR I X R AR A T AR B, oy S 2 /K i

S K, R AR K i R A7 G b XS B, S B 5
(L LIPNF RS

R2 BHAHE
Tab.2 Number of samples
AR i Ms(E)  JE fis A
REAR L/ 1032 1104 1300 1 008

3.2 B REIIZ

D) REART o0 550 50k o AR AS 1) 2 Bt 22 AR VI
GRAEA R, [R) AE B 25 S AN () 3t Jel R A 1 22 S
PERZ AR Dy BT I50 48 A A, DI 2 28 g >R
HBRILIRE S e E AT A S . B NS4
DX PN T L 28 EL AT e BE AR BL P, DRI D R AR



A TR, 5

B0 73 () 2 SRR 5 TR 22 10 2 Z2 W0 22 RUBE A 37 5 U <77 -

i [E A, DI 2R R0 I ok 4 E A e AR . FE R
A3 G AT R A I, 52 B8 8 2 11 b il BE AL R 43 o
IREASTHEAT T WG HL BH % A0 Bl ML e 5% 4, IR 4T
AL R

2) MK S E R B 5458, R4 R A
ResNet50, 38 1 X 7 ImageNet 045 4E b Il 2l 8y
ResNet50 2% i 17 S )8 B8 87 25 A0 X S 80 2
BT B E LR BN vk, ShE - 0.9, it 4b
BN 64, I Zrad B kAR B 200, 2R FAE X
TR PR, 22 2] BRI E R 0. 000 1, FFAR ¥ 1%
FRURECRN 42 1 WS S5 B R A 2% ) 0% A YR 0 2
IRk 10 £ 3R 3 AN ZI UG,
s CE) T 4 S 0 o RS R
PENCIE: S/ k- iR S

(a) XIR—2Riess

(d) IR 2 JRAea a5 5

(b) DXIH—JRyafe A I 4

() DX —Jm oG 22 2

x3I MBINFER

Tab.3 Network training results (%)
Ei=ta) mdes S (s) I B i H
Litilea 99.5 96.3 98.8 97.8
PN S 100 99.2 99.4 98.4
R 0.5 3.7 1.2 2.2
TRER 0 0.8 0.6 1.6

3.3 MdERIAAELR

WAL VI GRaRAT 4 BB M Al iy
(B) BRI P, SR ik 2
T PEAT M A 2R 2 JBEASE DN, IR FH 355 i = )
7 LT s A B M) 2 1] ) 2 (AT R, 4
NARRAF AT R A R S SERH S K
7—9 Sy AN [R] 52 58 DX 0 A 00 ok e A 45 R B A B

AR

(o) KL IS

(1) BB 4 A IR

7 IHERREREERES
Fig.7 Display of the results of the study area in Jiangsu Province

(a) 2 Jateiss

(b) JRRAG 55 5

() GREHIE

8 HAMRXFBERES
Fig.8 Display of results of the study area in Japan

(a) 2Jeaes

(b) JRERRmZE R
9 HEWRXEERETR
Fig.9 Display of results of the study area in Korea

() GBI



.78 A % %

R e AR 1.2 TR AT 2SR SR 2 m R G
SEFLARBEAT WA TR 0 I KA £ 4 SRy 3 S AG I ARE £
JFEBCEAE 400 ~ 600 53R Z [] 5 J= B 0F G AR M AE 1<
JE BB AE 100 ~200 {53 2Z [8] o ik b P AR B b))
TG AL , K 7 88 Bl K B B A B
(KLY Rl xt RARIAERY 1/3) o SR AR R E
N7 iR T AR R R A AR M BR . fe )i, R
SiaYm 2 ROER PRS0 R ARG H G T7
ORI G225 (8] B B 2 s AT A I s 6 1

4 LR AT

4.1 IHEEREHEE

FI AT 2 Ff il I 2% 0 AlexNet'™ 2 VGG16'
SEXIRT AN FHAE AR SCIRESE P, O T 35 31F ResNet50
FEA P 2 L6 M A TR P A R, 4390 2R A AlexNet
FIVGG16 WL AR RIVE Jy SERE N 45 , (5 FAS SC 5 )
YL M A EA T TR, A5 I 5 R I 2 45005 AR
Pt SEBRIGOUHORA , LIk BN e R . SR 45 R ik
TR A MR BRI ERNE 4 iR, WUE
i, AlexNet F1 VGG16 FEfith ) 26 15 1] 45 5 1) g %%
e R A FHA IR VL BAR I X 4368 1A B, 151
BORAN ResNet50 P £5 1557

x4 ETAAEMMESERKIAEAMDIRRER

Tab.4 Recognition results of shipbuilding enterprises
in Jiangsu Province based on different

basic network models (%)
FLR ) 2% AlexNet VGG16 ResNet50
NG T 46.63 42.36 87
VEAGIE 73.17 69.92 85
FE AR 53.37 57.64 13
NS 26.83 30.08 15

DL ResNetS0 {1 Bl 45 , {8 A< SO0 1R 5]
AL IR A o A an &) 10 B Xk g S0
121 A, HoIEAS 105 A4S 5546 16 A, ks 18 4>
M. SR IR S .

& 10

IHREMESHHRLIRANER
Fig.10 Final recognition results of the distribution of
shipbuilding enterprises in Jiangsu Province

x5 IHEMRORIERATRET
Tab.5 Detailed results in Jiangsu Province
RAA AL A W

IER SR

e RS

Tt

iE—25 5T, RILIES UM S5 R A5 K
TRUMAR LA SCRFAE 55 Ay B 308 1) /0N TR 9 4 R M 0 A A2 5
FERG SR F BN ORI T 5 Ik 320 Re
AN SRR RN FIRE LR A A o
4.2 BSMRREBBEIRINERS T ERBEITN
4.2.1 B AHR KX

HASHIE S8 X — i A R 25 R AN 11 (a) iR,

(a) Kif—
11

(b) XIk—
HA# R KIS r AR IR SR

Fig.11 The recognition results of shipbuilding enterprises in Japan study area



A

TR, G A5G A [ LU A U 22 9 4 22 8 2 RUBE S (3 0 79 -

A 5 AL L, Horp 4 A IERR 5L T A
R . HARHEIE X R 45 3 s 11 (b) fFF
N IR 17 AR INAE , Horp 16 AN IERE, 1A
BRS, IFAFAE 3 Ab TR . X HAS 2 S BIFSE DX A
PV RAATGETT, H ARSI XA U3 RS ol
BEN 91% , RNy 87% , EER ] 9% , IEFH
13% , UERA AR B4 A 4 P AR Bl e Fn 2000 22 RO
JHER T A XIS A AR, 3 6 ig R H A
6 BAMREMREASERATRT

Tab.6 Detailed display of recognition results of shipbuilding
enterprises in Japanese research areas

KRB A A AN

IERZE R

FER AR

/NI A

(a) Xi—

FEX BN RSB, Tk — > FILFN P/ N A,
AR U LT R
4.2.2 FHEAFLER

B EWEE RN S5 R N 7 A 12 frs . b
FEIX A 6 AN IER S (& 12(a) ) o #EHFIT
XK 16 DoV IER 5, 4 DR R,
FEAE 2 AT AT A (1B 12(b) ) o 3 [ BIF 5 DX A
(R AR RS TR BE Ry 85% , B IHI5R Ky 92% ., XitiR ]

*x7 BEMRARMEORFNERETRET

Tab.7 Detailed display of recognition results of shipbuilding

enterprises in Korean research areas

KA A A

IEREE R

AR R

(b) X~

12 SEMREKEMAEIRAER

Fig.12 The recognition results of shipbuilding enterprises in Korea study area

SERIIHTIRAN B T B 1 ARG T B D /N
I

I X H AT 5T DI A PUR R 25 2R 0 A, m]
JRA SCT i m] ARGy oxk sl DX 7 s A iR
TN B A 2 2L I K O M RS (AT BE R L) s
CRAFT5 5 E A AE 22 5, i ) B
R B EHNE T H AT A ) P

@ [, HERRTE X b AR A By 25 ]
A SRR
5 ik

FOO A SR R AR R R AR SY
MATORZRE 2 EhfRER =_E T
— T2 5 () B S 2R Y 22 A 22 ROBE Al A



- 80 - B % OB oE R 2021 4E
%ljjj‘zg o )I%izjj‘zim}fﬁ T [j:] ﬁl\ﬁﬂ:% B:j)j?‘ﬂf,/f—?ﬁg{h\ ognition[ M]. Berlin ; Springer Berlin Heidelberg,2012 :730 —743.
N s ; — - [11] Weng C Q,Wang H X, Yuan J S, et al. Discovering Class — Specif-
P!, SR A RAUE ] 1 AR SO i i W] A7 PR A5t
;\ ’ et NN A ’ ic Spatial Layouts for Scene Recognition[ J]. IEEE Signal Process-
ﬁmﬂgﬂﬁﬁ:\ﬁi IETJ ﬁﬁ‘%ﬁ ﬁb%ﬁﬂﬁfz Hbﬁ?} N F): ing Letters, 2017 ,24(8) ;1143 —1147.
ﬂ%ﬁ%%{%%xmﬁ%%m*ﬁj ° [12] He K M, Zhang X Y,Ren S Q, et al. Spatial pyramid pooling in
deep convolutional networks for visual recognition[ J]. IEEE Trans-
. actions on Pattern Analysis and Machine Intelligence, 2015, 37
2% 3Lk ( References) : (91904 - 1916
ok | — L fg i . - . | SR IgR . .
(U)o W5 REAMAAT LR BEDITELD ). i s Bl KA, [13] Xie L,Lee F F,Liu L, et al. Scene recognition; A comprehensive
2007 survey[ J]. Pattern Recognition,2020,102 ;107205.
Yang Q. Research on the shipbuilding industry cluster in the Yan- (147 T A e 2 ob R Tl 4% 2018 [ Z]. [, 1] < A
dlspp " S . SPE(sPE L & . . L]
gtze River delta [ D ]. Shanghai: Shanghai Maritime University, i .
Tl A7 % 4 %2 23 ,2018.
2007. " L Editorial Committee of Yearbook of Shipbuilding Industry. Year-
sl g . ARl 23 ) = 5k R S o
[2] % ké’ SO 8 K AR A R book of China shipbuilding industry 2018 [ Z]. [ s. 1] ; Editorial
ZY . -
[” ’ ,I(?,C.i{ﬁfg!é,ZOW 37(8) '?9 107. Committee of Yearbook of Shipbuilding Industry,2018.
Liu H, Shi Y J, Zeng € S. Spatial layout and development strategy [15] He K M,Zhang X Y,Ren S Q, et al. Deep residual learning for im-
. ] ) ) i ) S s ,Ren S Q, et al. Deep res 3 g
of the ship - related industry in China[ J]. Economic Geography, age recognition[ C ]//2016 TEEE Conference on Computer Vision
?017 ,,37(8,> 99 -107. o ] and Pattern Recognition ( CVPR). Las Vegas:2016 IEEE Confer-
(3] Zhou Z H,Zhang M L, Huang S J, et al. Multi — instance and multi ence on Computer Vision and Pattern Recognition( CVPR) ,2016:
— label learning[ J]. Artificial Intelligence,2012,176(1) ;2291 — 770 - 778
2320. et e . . . N
[16] B 7. B T4 PR 22 19 45 1) 38 SRR L B AR IR 0 BF 5T
[4] LiZL,XuK,Xie ] F,et al. Deep multiple instance convolutional CDT. A e R B A2 2018
AR E R ,2018.
neural networks for learning robust scene representations[ J]. I[EEE Yan L. Research on airplane targel recognition in remote sensing
) i i .. Researc cet rec > sensing
Transactions on Geoscience and Remote Sensing, 2020, 58 (5) : images based on convolutional neural network[ D ]. Hefei ; Universi-
3§85 - 3702" ) ) ) ty of Science and Technology of China,2018.
[5] Liw WH,Li Y D, Wu Q. An atribute — based high ~ level image [17] Zhou Z H. A brief introduction to weakly supervised learning[ J].
representation for scene classification[ J]. IEEE Access,2019,7 . National Science Review 2018 .5 (1) :44 53
4629 - 4640. ) i ) [18] Selvaraju R R,Cogswell M,Das A et al. Grad - CAM ; Visual expla-
(6] Khan N, Chaudhuri U, Banerjee B, et al. Graph convolutional net- nations from deep networks via gradient — based localization[ J ]. In-
work for multi — label VHR remote sensing scene recognition[ J ]. temational Journal of Computer Vision 2020 ,128(2) ;336 —359
Neurocomputlnjg,2019 :337:36 —46. ] ) [19] Xia G S,Hu J W,Hu F,et al. AID: A benchmark data set for per-
(7] Chen Z M, Wei X 5, Wang P, et al. Multi - Label Image Recogni- formance evaluation of aerial scene classification[ J ]. IEEE Trans-
tion with Graph Convolutional Networks [ C]//2019 IEEE/CVF actions on Geoscience and Remote Sensing, 2017 .55 (7) 13965 —
Conference on Computer Vision and Pattern Recognition( CVPR). 3081 ’ ’ '
IEEE 2019 ) ) ) ) [20] Cheng G,Han J] W,Lu X Q. Remote sensing image scene classifi-
[8] Clement M, Kurtz C, Wendling L. Learning spatial relations and cation: Benchmark and state of the art[ ] ]. Proceedings of the
shapes for structural object description and scene recognition[ J]. EEE '2017 105(10) ;1865 — 1883
Pattern Recognition,2018 ,84:197 -210. [21] Krizhevsky A, Sutskever I, Hinton G E. ImageNet classification
[9] Lazebnik S, Schmid C, Ponce J. Beyond bags of features: Spatial with deep convolutional neural networks[ J]. Communications of
pyramid matching for recognizing natural scene categories[ C]// the ACM,2017,60(6) :84 —90.
Computer Vision and Pattern Recognition, 2006 IEEE Computer [22] Karen S,Andrew Z. Very deep convolutional networks for large —
Society Conference ,2006. scale image recognition[ J]. arXiv,2014.
[10] Jiang Y, Yuan J,Gang Y. Randomized spatial partition for scene rec-

Multi — model and multi — scale scene recognition of shipbuilding enterprises
based on convolutional neural network with spatial constraints
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Abstract; The scene recognition of shipbuilding enterprises is of practical significance for the restoration of the

coastal ecological environment, the protection of water environment, and the promotion of the coordinated

development of shipbuilding enterprises. However, it is difficult to realize the automatic recognition of shipbuilding

enterprises from satellite remote sensing images based on traditional medium — and low — level features. Therefore,
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this paper proposes a multi — model multi — scale scene recognition method of shipbuilding enterprises based on a
convolutional neural network with spatial constraints and the steps are as follows. Firstly, train multiple
convolutional neural network models using the samples of global — scale shipbuilding enterprise scenes and local —
scale docks (slipways), workshops, and ships individually, and conduct multi — model multi — scale detection.
Then, locate local — scale objects at a pixel level and calculate the spatial distance of the objects. Finally, conduct
comprehensive judgment and extraction of the shipbuilding enterprise scenes according to the multi — scale detection
results, the combination method of object tags, and the spatial distance of objects. The method was applied to five
typical shipbuilding intensive areas in Jiangsu Province, China, the surrounding areas of Nagasaki and Ehime
prefectures, Japan, and Mokpo and Geoje cities, South Korea. As a result, the overall recognition accuracy and
recall rate were 87% and 85% , respectively in Jiangsu Province, were 91% and 87% , respectively in the study
area in Japanese, and were 85% and 92% , respectively in the study area in South Korean. The experimental
results show that this method can realize the effective recognition of the complex scenes of shipbuilding enterprises
based on remote sensing images.

Keywords: satellite remote sensing; shipbuilding enterprises; convolutional neural networks; multi — scale; spatial

distance constraint
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