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Abstract

With the development of cloud computing technology in remote sensing data processing, container cloud technology
was applied to remote sensing data processing, remote sensing intelligent processing algorithm image was deployed
and storage services were distributed in the computing cluster, shielding complex environmental dependence problems.
And management through configuration files was processed forming an overall technical route from development
to deployment, which provides an efficient and reliable new scheme for the integration of remote sensing intelligent
processing algorithms. Taking several typical remote sensing intelligent algorithms as examples, the efficiency of the
scheme in the integrated development and deployment was proved, and the feasibility of the new cloud mode of remote

sensing intelligent technology was explored.
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©  unetvggpod default 1011711 Running
version: v1

@ unetpod default app:unet  version: vl 10.1.17.11 Running
app: pytorch

(] net101-pod default 10.1.17.83 Running
version: v1

@ yolov3pod default app:yolovd  version:vl  10.1.17.83 Running
app: mmdetection

@  s2anetpod default 1011783 Running
version: v1

CPU Usage (cores) m:::)” US30®  Created ¢

A e
B, T e

0.00m -zmmesaoo 2
N}Om -mmmsm H
B e

2022015-13

13 Dashboard L BB RE



TOPIC @&

71

= FRE A

= BRI

= BREH = B

0
PIEEALL AL AL
g

PEHLL IR EEHL3

SR SRy =

PPN EEHL2  HERAL3

R, PIERAL B e SR N AR 2R A B
LB AT HE AR I HE ARSI 25 SR BT AR 2%
Y Fsf () o 396 B 10 O 5K 430 2 e . 1 A ofe T 15
BTG, M S5 SR A 16/ 7, A AL R
R G E R, D ARR BN SR s
T, B4R FP (s) o Docker REE 54
HIALER B2 38 F 7 ROR AR — 5 (HRAEHTI
WL HR 22 50 8 AL 7 BB I, AR LL AL
R, DockerZ¥ & BR AT A e 25 /D fic '
IR AR AR, JrERR P T E H,
2457 J SRR BN AR BT 7 T N 1] o

4 EFiE

T SRR T RO R A S PR, T
WIS T YN ZR B, 2 TF R R e Sk
MRS B o SRTT, 18 R TR I BR B%
IR, 15 G T PR 5 A L R 33
TR A, 2 i U IIR B, SR
FIRCRAR, HARIF R AR 4.

A FEBEEEGH 4 Kubernetes &
M AREITWISS, £ H TS TR 2

14 BEIIEE

>J B SRR B AR IR B R T S R R
AT SR ME | T B R )
e HY T AR A A 1 2 SRR SR A e R
ZRA, SR T MLYEAL | TR AL Y B SRR T
FIEBIT R, LT 2 R
T R RE MR S L I AR, SR T R
AP EC . PRI EER Rzl BRI 2R
RACRTEZIAE, 46568 T B IR 22 S 5k
T4 i 10 o 12 HE 2 T 3 A2 B 22 ™
an 2R TR IS 3K, O PR E AR 1 S E
fEEECARM G — RS %,

8E it

(1] &R2E, 2f2, Xk, S5 BIRA T B

PURSRE]. & FBEEMR, 2015, 26(5):
95-100.
LI 7 J, LI X J, LIU T, et al. Remote
sensing cloud computing: current research
and prospect[J]. Journal of Equipment
Academy, 2015, 26(5): 95-100.

(2] MK BN TS A BE A B S SRR
TFFEID]. %5 8 #ELIKZ, 2017,

2022015-14



72

BIG DATA RESEARCH A#ifE

s} /s

e

o

fisk /s

g

~—

5

Pi——%n I 33— r
—— YL 30k —— YL
20+ ’
2.5r
b = 20f
E
10} & 15t
]
1.0p
0.5F
0.5f
0 2IO 46 6IO 8IO 100 2I0 4(I) 6I0 8(I) 100
35K P 4 W B B R %
(a) S2ANet (b) ResNetl01
20} —— Y3 30} —— N4 k
U —a— YL
2.5
1.5¢
©220r
jroyg
=
1.0 E 1.5
N
1.0f
0.5F
0.5
0 2b 4(I) 6IO 8(I) 100 0 2l() 46 610 86 100
IR P 4 B 5k WK B B3k
(¢) UNet (d) UNet-VGG

2022015-15

[4]

[5]

B15 YENLBENEENS B SNERETAFRENE

LI P F. Research on key technologies
of remote sensing cloud computing
infrastructure[D]. Qinhuangdao: Yanshan
University, 2017.

ST, IR RS B R S R LT
HBURAAR - FERAM, 2018, 43(12):
1861-1871.

ZHANG B. Remotely sensed big data era
and intelligent information extraction[J].
Geomatics and Information Science of
Wuhan University, 2018, 43(12): 1861-1871.
R, B, ARG, 16 I A R S N,
JUL PAENA, 201509): 7-11.

LI D R, MA J, SHAO Z F. Spacetime big
data and its applications[J]. Satellite
Application, 2015(9): 7-11.

B, X IERL AR — AR ]
%, 2019, 23(4): 567-569.

GONG P. Towards more extensive and

L Bk E

(6]

(71

[8]

deeper application of remote sensing[J].
Journal of Remote Sensing, 2019, 23(4):
567-569.

BT, SRR, R, BIEOREE B34
WS EURIZIE ). ML 224, 2014, 43(12):
1211-1216.

LI D R, ZHANG L P, XIA G S. Automatic
analysis and mining of remote sensing big
data[J]. Acta Geodaetica et Cartographica
Sinica, 2014, 43(12): 1211-1216.

R, RR. BT RS R PR
SR FAENI]. M2 84, 2014(S1): 108-111.
GAO C X, SANG N. Deep learning for object
detection in remote sensing image[J]. Bulletin
of Surveying and Mapping, 2014(S1): 108—-111.
BrRAow, ERC. BT HAA AT 5 AR RE iR
PRI b g 2/ L HORI 42 0], W2
SH[AHLELE S, 2010, 33(4): 6466, 69.

XU Y B, WANG S W. Land cover and land



TOPIC @&

73

[10]

[11]

[12]

[13]

[14]

use classification based on earth sciences
analysis and automatic interpretation
model of remote sensing[J]. Geomatics &
Spatial Information Technology, 2010,
33(4): 64-66, 69.

KHAR, #HEe, #EMED]. 2T 4
PERBIGAR T RBFE . Je 54, 2016,
36(4): 0428001.

LIU D W, HAN L, HAN X Y. High
spatial resolution remote sensing image
classification based on deep learning[J].
Acta Optica Sinica, 2016, 36(4): 0428001.
g, F5E, THER, & B GRS
ML LRIR[T]. PEBESREIE A4, 2015,
20(12): 1561-1571.

TONG G F, LI Y, DING W L, et al.
Review of remote sensing image change
detection[J]. Journal of Image and
Graphics, 2015, 20(12): 1561-1571.

e, KR, IS BRI S IR A e
. [E LR K, 2004, 16(2): 7-10, 15.
YANG G, LIU X N. The present research
condition and development trend of
remotely sensed imagery interpretation[J].
Remote Sensing for Land & Resources,
2004, 16(2): 7-10, 15.

I, SR, . —FhERRT GPUBEIEM
R 25w 2o U], R EG IR 2541
(BSRRLRR), 2017, 24(6): 16—20.

XIAO Y, LU Y Q, XIE S Y. A deep
learning container cloud study for GPU
resources[J]. Journal of Communication
University of China (Science and
Technology), 2017, 24(6): 16—20.

#H T BT KubernetesfW A LRAF R
B A A RS IS SLID]. R’ A
T HUREE, 2019,

DONG N N. The design and implementation
of container infrastructure subsystem
in software engineering education cloud
based on kubernetes[D]. Nanjing: Nanjing
University, 2019.

KRR, R, EoIR, & ETAEBERE
RIS LBET]. BRI TR,
2019, 27(9): 21-25.

ZHU T F, LIANG M, WANG J L, et al.

[16]

[17]

(18]

[19]

Design and implementation of deep learning
platform based on Kubernetes[J]. Electronic
Design Engineering, 2019, 27(9): 21-25.
B K, B/ R F T Kubernetesi
AT TensorFlow P& B -5 S280I].
FHLRIZE, 2018, 45(S2): 527-531.

YU C F, CHENG X L, YANG X H. Design
and implementation of distributed
TensorFlow platform based on
kubernetes[J]. Computer Science, 2018,
45(52): 527-531.

Ak, I, BT, S 2R EE G
FATA B AR G T M SEB T, ST AL B
4%, 2016, 33(11): 3334-3339.

LI HY, TANG P, SHAN X J, et al.
Parallel processing system design
and implementation for multi—sensor
quantitative remote sensing production[J].
Application Research of Computers, 2016,
33(11): 3334-3339.

SR, FBA, JEES, 45 DockerZ¥ 4R K T E
JREDERR PR BT ] FEE ST A,
2019, 24(10): 1813-1822.

ZHANG J, ZHENG K, TANG P, et al.
Integration of remote sensing algorithm
program using Docker container
technology[J]. Journal of Image and
Graphics, 2019, 24(10): 1813-1822.

HAN J M, DING J, LI J, et al. Align deep
features for oriented object detection[J].
IEEE Transactions on Geoscience and
Remote Sensing, 2022, 60: 1-11.

SR, e, ZEET S RGO
MIECEYOLOv3 S AR M 5734 (1], Jerh T,
2018, 45(12): 84-92.

DAT W C, JIN L X, LI G N, et al. Real-time
airplane detection algorithm in remote—
sensing images based on improved
YOLOv3[J]. Opto—Electronic Engineering,
2018, 45(12): 84-92.

[20] WANG G L, FAN B, XIANG S M, et al.

Aggregating rich hierarchical features
for scene classification in remote sensing
imagery[J]. IEEE Journal of Selected
Topics in Applied Earth Observations and
Remote Sensing, 2017, 10(9): 4104—-4115.

2022015-16



74

BIG DATA RESEARCH K&

[21] SIMONYAN K, ZISSERMAN A. Very deep 5N, 2019, 55(7): 207-213.
convolutional networks for large—scale SU J M, YANG L X, JING W P. U-Net
image recognition[J]. arXiv preprint, 2014, based semantic segmentation method for
arXiv: 1409.1556. high resolution remote sensing imagel[J].

[22] TMEER, il s4Efs. ZTU-Net &4 Computer Engineering and Applications,
WA GRS W RAALTR 2019, 55(7): 207-213.

{E&E & v

BEE (1998- ), B, MEBAB ARSI A b A, FRRTFET O SR

BIRE (1986- ), 5, L, PEFAFEE KRG EAFH GRS &, LR R o P i S5 B
i ke R TR

BKIE (1989~ ), 55, 1k, iRl be s AR AU H st B B 7 5, SR 587 [ 9 N LA ARAY K F LA
T BRI TR G R

&2 (1968- ), L, MERABRERFE LA AT TRt it RSN, ERATFETT R KR GAL BT
HAEHARIF.

WisEH: 2021-09-29

BEWA: ERAARFRESHYIE (No.41701397) ; FHEFRABEERESEIHHIFEE ARk z 2”7 AAHRIIH (No.2020KTYWLZX03) ;
FRE LR R AR A R B H (No.2019M660852)

Foundation Items: The National Natural Science Foundation of China (N0.41701397), “Future Star” Talent Plan of Aerospace
Information Research Institute, Chinese Academy of Sciences (N0.2020KTYWLZX03), China Postdoctoral Science Foundation
(N0.2019M660852)

2022015-17



	04-21325-uzì.pdf

