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Patrol Terrain Estimation Method Based on Uncertainty Analysis

GUO Jifeng, BAI Chengchao
( Harbin Institute of Technology, Harbin 150001, China)

Abstract: Accurate perception of detected terrain is the prerequisite for autonomous exploration of the extraterrestrial
celestial patrol. The environment measurement based on vision and lidar is easily restricted by illumination, dust and other
conditions. Considering the uncertainties in the detection process, we proposed a vibration/gyroscope coupled terrain estimation
based on multi—point ranging information. Through the analysis of measurement uncertainty and motion uncertainty, the
terrain renewal model is deduced. In order to verify the correctness of the algorithm, the lunar simulation environment based
on Unity3D/ROS is tested and analyzed. At the same time, the accuracy of Terrain Reconstruction in indoor Optitrack assistant
environment and outdoor soil environment is tested in terrestrial environment combined with unmanned vehicle. The results show
that the algorithm has a high reconstructed capability at a given scale, which can provide support for high precision autonomous
path planning of experimental platform.
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Advancesin Super Resolution Reconstruction of Optical Remote
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Abstract: The related research in the field of super—resolution reconstruction of optical remote sensing images is
comprehensively discussed and prospected. Firstly, the degradation models based on multi—frame and single—frame remote
sensing images are introduced, and the solutions to ill-posed problems such as super—resolution reconstruction are analyzed. It is
pointed out that prior constraints should be applied to the solution of these ill-posed problems. Then, the classical algorithms in
the history of super—resolution reconstruction technology and their applications in optical remote sensing images are summarized.
Finally, the existing research problems that need to be solved urgently are summarized. The review shows that super—resolution
reconstruction algorithms and applications based on optical remote sensing have entered the era of intelligence, going through
the research of maximum posteriori estimation, iterative back—projection, convex set projection, deterministic regularization,
sparse representation, partial differential equation and deep learning.
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Fig.1  Principle diagram of optical remote sensing image degradation model
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Visual Odometry Algorithm Based on Monocular Depth Estimation

GUO Shuang

( School of Astronautics, Harbin Institute of Technology, Harbin 150001, China )

Abstract: Among the visual sensors used in various visual odometry methods, monocular camera is more suitable for
the application scenarios of small mobile platforms due to its low cost, light weight and low power consumption. However,
monocular cameras cannot obtain the depth information of the scene, so all kinds of monocular visual odometry or SLAM
algorithms inevitably have the defect of scale ambiguity, which greatly limits their application in actual navigation scenarios.
To solve the above problems, a semi—direct visual odometry algorithm based on monocular depth estimation is proposed in this
paper, added a monocular depth estimation module into the semi—direct visual odometry, which provides a good initial value to
the depth filter. In this way, the inherent defect of scale ambiguity is overcame, and the accuracy and robustness of monocular
visual odometry are improved.

Keywords: Monocular Depth Estimation; Visual Odometry; Scale Ambiguity; Deep Learning; Navigation and

Localization
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Table 1 ~ Comparison of localization accuracy on KITTI dataset
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Table 2 Comparison of scale estimation on KITTI dataset
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05 1.052 10.073 8.997
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07 1.036 6.102 14.535
08 1.034 9.572 7.267
09 1.041 15.995 9.818
10 1.055 15.270 21.658
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Adaptive Cooper ative Detection Method for Unmanned
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Abstract: Unmanned planetary vehicle have important significance for human development and utilization of space
resources through the detection of extraterrestrial objects. This paper proposes an adaptive cooperative detection method for
unmanned planetary vehicles, which endows the planet vehicles with self-learning ability. First, the detection environment is
rasterized; then, the convolutional neural network is used to process the detection environment information and the lidar data to
extract the environmental features; the reinforcement learning method is used to learn the strategy of detecting the environment.
During the learning process, the reward function was designed in detail so that the planetary vehicle can detect a given area
quickly and without collision. At the same time, the detection information can bhe shared between planetary vehicles to accelerate
the learning process. Finally, simulation experiments were carried out in Gazebo. The experimental results show that the
planetary vehicle has a certain synergistic ability and can detect the given area quickly and effectively.
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Resear ch on Autonomous Obstacle Avoidance method
of Finite-Thrust Spacecr aft

ZHAO Yu

( School of Astronautics, Harbin Institute of Technology, Harbin 150001, China )

Abstract: Based on the analysis of the maneuvering method of rapid orbit maneuver in small range for spacecraft, the
maneuvering timing decision and thrust direction control of a limited thrust vehicle during autonomous obstacle avoidance in orbit
are studied. An on-line autonomous decision—-making method for obstacle avoidance planning with limited thrust is proposed.
Based on reinforcement learning theory, the change rule of maneuvering opportunity and motion state of orbiting vehicle
during obstacle avoidance is revealed. An autonomous obstacle avoidance decision—making training model of space vehicle is
established, which is based on ‘offline learning and online decision-making’ frame. Study on typical parameters of orbital
maneuver, the evaluation mechanism of reinforcement learning based on time as reward function parameter is constructed. Small
range orbital maneuver planning with optimal energy method is founded. Comparison and analysis the finite thrust trajectory
planning with traditional Gauss pseudospectral method, the method of autonomous obstacle avoidance maneuvering decision—
making presented in this paper is better in solving speed and operation performance.

Keywords: Spacecraft; Finite—Thrust; Autonomous Obstacle Avoidance; Reinforcement Learning; Autonomous

Decision-Making; Energy Optimization
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Research on Spatial M ulti-obj ective Recognition Based on Deep L earning

WANG Liu

( Intelligent Sensing and Autonomous Planning, Harbin Institute of Technology, Harbin 150001, China )

Abstract: With the rapid development of intelligent perception technology and target recognition technology, spacecraft
which is mainly represented by satellites, has become an important military resource for the extraordinary success of space attack
and defense in various countries. Accurately identifying the type of satellite and pinpointing the components of the satellite’s
windsurfing, nozzles, and star sensors are important prerequisites and safeguards for space attack and on—orbit maintenance.
In this paper, the deep learning—based convolutional neural network YOLO model is used to identify the space satellite and
its components, and three—dimensional model and physical model image set of the two satellite models are trained for close—
range front view, long distance, occlusion, and motion blur. Satellites and satellite components are identified under different
conditions. In some cases, the accuracy of satellite and satellite components is more than 90%, it is of great significance in the
field of on—orbit services, space attack and defense confrontation.

Keywords: Deep Learning; Spatial Multi-Objective; YOLO Model; Target Recognition; Satellite Component

23 [8) F AR S 2 25 18] 25 45 O 1 5 22 G
5 HAbZ A =GB, BAERNZES

WA K2 SR AW A S S 5e 4, A IS el 2 ) AR U 3R 2 ) bR AR
EINE O R ZaPiir SRS ER TR, 6, SHS0 . B8 AR I T4 80

1 5l

i’

ek HIW: 2019-04-02; &R HIY: 2019-05-09
HEWH: EEARREE (11672093)

Unmanned Systems Technology | 49



Yl EAZZER | BARHR

FEG . T, F AR R 5 R U O
T, ALFFC A I IR A A o RN, MR
BRI S5 I AR BE . EARRRAE . K FH A A
RAUZFEZFA R, MERNEE R BA R
AHEYE, as | BARRAIA R 2 PR . B
Je, A1) H AR Y [ A R AR 2300 R P B 1 A (]
B, NSRS BAR. RmAPRE Rk, B
AN HFRPEREARHE B R —e 25, Bl TH
PR L T SRR AR R, AR
BRI A, 6l E AR AR S SRR

XAEEVE TR BT A V0N SR B %
AWRR, —Fh ARG APk, FEEETH
PR BRI T OB EARERIE 0, X
B EARIESE A IX B TRAE SRR, SR AEsE
WA HZ . 208 WA (BfLgs ks B
AR IRIEZ A, MELAN 23 ) H AR R8T
Prtlo R RIETIRBE Tk, IR
222 ( Convolutional Neural Networks, CNN ) X415
ICAIEUSRHIEA TN, 5% pRE(E AW, AT
13RS E PR IRUE.

ARSCHET CNN, - DIRAT 55 B0 TR (Satellite
Tool Kit, STK) Fiii 1L Rl LA SR A
£, P TR K TR R RR A A T U ARSI . I
PEAESIERSE, KRR . ARDEIAE
P8 IBEBRISEARA T TR SRR RCR

2 =EERFE

SRR R A R B L RAME . R
28 R BN L TR $5 3 ) A 3 A 5 o T
AP A, T LTRIE s AR

TR AR, 8 035 0 AT 2
B, XA FTAE LR AR XA 5 s 3R AR A
I/

R B PS5 kg K B i b M A B e e
TR 1 22 (R R B R EnT 43 o 1 X K I
Ao W TR, AR S TR IR E
wRZ, ARIUKSEESUFIEETT I, 672

50 | EARGHRAR

FRVEI A BRI 194 625 S S5 4 P 25 1 g AR 31 0 4 5
X TIP3, R T Ak 22 Sy 00 14 6 T
AR, H2 M e S R B — e i g,
DRI A B B T L R X 2 5

TR RS KRG ARk . BBk
WL KR . R SR . AR R Ak
A, TR IR HARATAE 55 R [ 2 585 R [ ) R
2, BB AL, Hrb R g R L 4
RN, (EC A B ) RS s B TR R
SRR S o W TR A TR Y LA R H R
— P o SR I TR A TR — A S
A R 5 MR R A1 49 P S 240 2 25 (L — A
XIS TR Fe . PRI, AT TR B A S i
SRR B ) A AR

— e TR R A AR AT R TR T i
MG, 2 DIRE TR R I B 22 0] 43 LA
TILZE (1) B4 000 152 50 28 0 485445 4
B R IRER . OB THRIRS . BRI . R, 4
SR SCEEBESE 5 (2) 15 BRI TLE BEAF 48 1oy -
FEEFAMIHL . ZIEBCEAAL . R AT . AL
RS, LML (3) 5B Em%
TR WS RS R (4) 1
B TR T . BLOLERRIL. BOLR
R N

3 ERGRBIARERY

3.1 ZEZBIRRBIIRE

FEXF CNN HEAT YNGR 258 M /N B {EDE 3
TTER YNGR L BEAT M S AL BE, 571 CNN
TR T B 2 (1) 2R3 o A T PR A T R
SRR HARGR AN 1R

HEAE TR AOREA A, X T S AR 2k
FbRE o ZJa MH N ZREE RS et (9 CNN 2471
Y5, AWE R4 2 CNNAUE, HEAHZ
1R F PSR AT R, B dee ) %
P PR N R BEAEAS RS PR A T I ZR 23R



PR EOR
3.2 MEBREIRIT

CNN YOLO 25t R qn 1] 2 firzn , Asd AU 5
UNERIZE . 4MWALZ R 2 g2 O
VR R R 530 Sx SH M A% . Wk —4~ HARRY
HOIEARR T, Z RS RIZ s, B
AN - T s S FZGN FAHE R EAR . BRI
REMDFAERQL S - DMEBRWEFE, H
P(Object)* IOUg& #/, Hrt P (Object) %5 24
HIO S — D TAEMER, WREA s, B8F
EHAFE . J34h, A BRI B A5 R A R i
HEWER (Intersection Over Union, 10U ) #H[E], i

I2019/@

S 5 A TTH B AR (% v, w h, P(Object) * 10U,
Oxy ) AR ik T BN A5 2 B9 T2 ol TR Bk
FER AR, (w,h) S TR sl TR S i FE
B v A . N 2&d Je A% A Sx Sx (B x 5+C) 4
BER ki . Hoh BIS I AER I, CHR 2% 2
MHIZEHEL

3.3 IRERHRIT

K FSRANSE 5 1 25 5 /N R B A rRBUCR AL
KN ih SAES R, WU NE AR A . Y2k
By B e s g Loss sk (1) fizn . B LOSS B
Byl = Ay ARbRR (T ), 4k
(R Py ), EAEIR (e —30 ),

PEHECONN | RS || AN || AU || RIS IESE
" T B REAR FF IS iR 1 ST
4
LR | “ Lo
TS PREL L BIE?
&
FIFIRI 45
FiIRS T ivalll]
K1 = iE) 2 AR U AR A
Fig.1  Spatial muti—objective identification flow chart
448
7@
5 _
112 _
] e
448 E I I 35—\
3 1413 7 N 7 7
112 5 3&:] >< ><
28 14 3
| 7 7 7
3 192 256 512 1024 1024 1024 4096 30
BRUZ BRUZ HRE ERUZ B LRUZ BRI
TXTx64-5-2  3x3x192 IxIx128  1x1x256 1x1x512 3x3x1024
x4
ALz ALz 3x3x256 3><3><512} 3x3x1024 }Xz 3x3x1024
2x2-5-2 2x2-5-2 Ix1x256  IxIx512  3x3x1024
3x3x512 3x3x1024  3x3x1024-5-2
LRIz BRI
2x2-5-2  2x2-52
K2 CNNEIAIZSHY

Fig.2 CNN model structure

Unmanned Systems Technology | 51



Yl EAZZER | BARHR

s’ B ) .
LOSS= Aa 2, 2 17106 = X)* + (¥ =

i=0 j=0

Y4 s S S 1 — 3+ (=)

i=0 j=0

(1)

+221°*’J(ci—éi)zmmbjzzf;wj(ci—ci)2+21°b1 > (p©-p©)

i=0 j=0 i=0 j=0

PG sRE BT B bR LA AR (xywh), &
fEME . 2K = A5 A BRI - . R4
WG T LU A D (1) Ak i 26 A2 5451 2k )
FHEEWRAGH; (2) R AW a DA
AR (— IR RS IR Z ), IBAmtss
W0 S P At L R ) A (RN B 0, AHEE TR
DA TR S, Xk S R B 2R
FEH B R

X CU) MBS (1) EE MR, 7
AR BRI BT T T R AAUE , IE1E Ao » TEAR
PRI R 55 (2) X TR R R/ IN 20 A 0
FAEEF R0 FRE R — A, /N300 FORE TN g — p B
AR o FGRARIXA R, K 300 FEAE (% 58 Ty
W%ﬁﬁﬁ%ﬁ%%ﬁﬁﬁ;m>ﬁ&ﬁﬂé$w
B 0 32 FHE B AR B R T N AL, 18K
Aooty , TEAS LS HIRE R 0.5,

X TR AR A U 5 R e TR A TR
RrIAR L, Ao 2 H SO0 )RR R X
AN, U XERE B o 33843 FH A CNN i 1
&Rk

(1) X T RFAIEATIUN, B aRE w1
A R DERZ RN SR HEIL ( Batch
Normalization ), M RAHGE TUKSGHEE ,  [F]I )
TR TE WA R AR

(2) X TEFRAFHEATAIN , A AR5 3R DX 4l
AN, TEE R PR R AR H ARG I
W, 2 ] Image Net Tl il 5 3k (145 780 45 Hie

FFE, WS AlexNet W45 H A& -, T 43 5
SIWEARTERN JE 256 x 256, SEAMPFRAE, 4
RS oA DRI o S I 1 O 4% 3 e o T 5 4
FEMIZE 1) 73 BER R 448 x 448, JFTE ImageNet £
£ LIIZR 1058 . XA B 26 AT 2 08 Y IR 1) 25
TV 3 BRI

52 | EARSGHRA

ceclasses

(3) ZEPU SRR SIS 2 mp, S is sk
R, fE% Faster R—- CNN ") dif) Anchor AR . 7E%%
FURFIE BT I R, B rho O I 9 b AN [
R/NFEC B EIRE , BT, R RES ALE
HAT LIRS 9 AR 58 e . AR AR Anchor
30 [e) A H R IO D A PR R R — A X
THEGRAT LR, RIFWRESEFER,
Tie 2R T 18 B A A R B BT 7 A P A — —
XF L o R FBTI R %o i % JBA 4 T Al A, 7
Pizgz], RIBER 2z, @ Anchor HE 25
1 A

4 SIEMIXSER

4.1 WERELSEHIRE

Batch=1,

gItG# > % Learning Rate=0.0005;

T AENI . Decay=0.0005;

TEEFAE : Angle=5 (I BEATLIER M E -5°~5°
AU ZHEA);

Subdivisions=1;

T ANEE . Saturation=1.5 ( 38 37 8 5y A1
I~ 15 AR A B AR )
B2t : Exposure=1.5 (il 5% Rt =

1~ 1.5 fffe A i ZREAR )

@i Hue=0.1 (LB EM 1~1.1 K4
ﬁﬁ£ﬁ$%

2528 60000 IR IIIEFRIEAC, 2% 1 % S8

ﬁ[ﬂ::

SEEIIOU: Region Avg 10U=0.8996 ( fR&ih 5
HE R A S EFIAE R L, R T 1 );

] Class=0.9032 ( bRy AR AI FOMER
WEIZMEEIE T 1 );

FRERAIHESR . Obj=0.8887 ( W1 iZ{H 4



T 1);

S HEF . Avg Recall=0.8530 ({4
T 1);

PHBA: AvgLoss=2.9641 (BIEIZATEAIET0),

4.2 BirddEE

ARSI HREAEAE =, 43R STK
AL DR | Cartosat—2 T2 BRI F]
F; SolidWorks 221l f At T EAEAL | Cartosat—2
TEBRIE A Jb TEBRL . Cartosat-2 TL&
AR SERIARLE Fr o A bRl 1 ik 2e ] R i
B Wbk, K, Wi APl RS,

4.3 Bl

IR M 26 F I TR B 2 2 TAESG LA 44~ GPU,
GPU i KRB M e, THEACEZECPUR
JUHA%, AT RE J1ig & F CPU . 3l 8 R UG,
GPU IR 838 A7 5 T L A3 T 3 1 4 1T i
7, @A IR MBEIRE AT . TR
TAESG S T “CPU+GPU” BhlalHE s, fiE
GEABOTE IR, RoBBotaR, AW
. ATEE . RUEMITERE, TR GNU 4nik s g
C/C++/Fortran, MKLJ% L 2 OPENMPL, MPICH )
FFATIH B, R Caffe, Tensorflow., Theano .
BIDMach, Torch ZF R E 2= JHESL, 38 i 415 Caffe
1Y) Python Fll Matla %542 1, & B/SZEA S0 H a7
PRRYDEA TR BE M2 I AN 25 . IR

TR TAES N 3 R .

K3 BREE: ) TARRAMER

Fig.3 Deep learning workstation

4.4

! 2019/ E
RBIZESR

(1) 5B R iR 54
TEULIE 4-7,

8
=
L

5
=]
=]
-]
&
o
o
]
-
-

K4 Cartosat—2RYSTKE iR as
Fig.4 Cartosat-2 STK picture recognition results

REEANID = e G0l

FS bl iSTKIE F iR gt

Fig.5 Beidou STK picture recognition results

6 Cartosat—2 3DHEAE I TIZE R
Fig.6  Cartosat—2 3D picture recognition results

@
3
-
]
B
]
[ ]
2]
B
1]
lal
a
&

F7  db3l3DEA I 4

Fig.7 Beidou 3D picture recognition results

Unmanned Systems Technology | 53



Yl EAZZER | BARHR

IS TR BRI 0 29 95%, A 1l
LK 92%.

(2) SRR 25

ARSCAE I FE B IE AL . AR BGHERY L 550 B4R
E TR X6 T 2H S () A S T A R R AT AG I, G
IZE ST -

BT MR B GEPS Z5 4 N Cartosat—2 TR BRI 45 S
Fig.11 Cartosat—2 recognition results under side and occlusion

conditions

00 Rz 3 P4 4% F T T L AR AR ) o 1 Ry
90.2%, HI%HK87.25%.

K8 AT B IEAAEAE T LSRR U 4
Fig. 8 Beidou model recognition results under close-range

conditions

K12 §0ERRA A N AL TRAARIUZE R
Fig.12  Beidou model identification results under weak lighting

conditions

K19 JEEE B EMAAA T Cartosat—2 TR BRI 2,
Fig.9 Cartosat—2 recognition results under close—range

conditions

VT HE B TS5 R T A R R v A R Ny
96.6%, 3% }97.3%,

B3 S8IEIE P T Cartosat—2 TURBURHILE
Fig.13  Cartosat—2 model identification results under weak

lighting conditions

SOERRRE T TR FIER %4 90.09%,
B A 77.52%

T 3T TR 15 B0 % R AR A ) 3 )
R R R, IR E 96.6% . MITEIERY . 2
SRR L IO IR R 5% A5 M s PR BT T HE A R RS AL

B0 DIRE RGBS 26 T LR U A5 2R

Fig.10  Beidou recognition results under side and occlusion jigu 90.1% ZE‘E - AL ﬁﬁj}ﬂj{ﬁ” é}%#%}jﬂi"%aﬁ_l:
conditions E‘J#j—‘%%r/ﬁzﬁfﬁﬁo

54 | EARGRA



5 4HiE

AR SCHTF CNN YOLO AR X P 24 55 ] T2
(Cartosat—2. dt3F ) R (bR . REURSS . X
2. WUE . MIHLAE ) ML IR IR AL . R G
P4 B BB R S RO, U0
WRIGIRE] T 90% LA o ARSCIFFERT 2 [IAERLIR
% . AHEHH BAREUINA EESEME, A
STETR A IR RIS B
g CNN WAL E Je (8 5 45 A AR MR BB 14 1) 4k
P, XHR 2240 PRECRI N2 25 F A TIB A . (HARSC
{URTEH PGS T X — 5 45 LU i TR AR A TR
B, REFETARZE . AR AR
B, AR FHINE 22 R 2 IR . AR
3, HEEhFE ST TR RN R A
&, JEIATT F O LA RS SRR R B sl B
e MENE ESlgsi | N 21 B i s AT R (N =B
KA TREE T I R U A i

2E XM

(1] wopt, 2= RS BPREGAHT R (1] s
Besgdle, 2015, 26 (4): 71-76.

bIE3

[2] Simonyan K, Zisserman A. Very deep convolutional networks
for large—scale image recognition [ J ] . Computer Science,
2014.

[3] Furfaro R, Linares R, Jah M K, et al. Mapping sensors
measuremenu to the resident space objects behavior energy
and state parameters space via extreme learning machines
[ C] .The 67th International Astronautical Congress,
Guadalajara, Mexico, 2016.

[4] Linares R, Leve F A, Jan M K, et al. Space object mass—

I2019/@

specific inertia matrix estimation from photometric data [ J ] .
Advances in the Astronautical Sciences, 2012, 144: 41-54.

[5] Hinks J C, Crassidis J L. Angular velocity bounds via light
curveglint duration [ C ] .ATAA Guidance, Navigation and
Control Conference, 2016.

(6] M, /M, Jbbk bR i o 23 1] HARRHIEL
ARBFFERERE [1] FlFiEdfk, 2017, 62 (15): 1578-1590.

[7] Payne T, Gregory S, Luu K. SSA analysis of geos
photometric signature classifications and solar panel offsets
[ C] .The Advanced Maui Optical and Space Surveillance
Technologies Conference, 2006.

[8] Viba FJ, Divittorio M E, Hindsley R B, et al. A Survey
of Geosynchronous Satellite Glints [ C | .Proceedings of the
Advanced Maui Optical and Space Surveillance Technologies
Conference, 2009.

[9] Redmon J, Divvala S, Girshick R, et al.You only look
once: unified, real-time object detection [ J ] .Image
Processing, 2015.

[10] Walker G K, Taylor J K. Satellite identification and antenna
alignment [ J ].Molecular Ecology Notes, 1994, 6 (3 ):882-885.

Con] xuslst, Fants, sk, 5. 5 TALSEn iR & m
TEFGEEE: [ C] S8 mh EE R4, 2017,

[12] Wik, REEAR, Wi, %5 ZREBIKER M 2R %
W= DREEEZIUN [1] Jes#ii, 2019, 39
(1) :299-307.

[13] Ren S, He K, Girshick R, et al. Faster R=CNN: towards
real—time object detection with region proposal networks|J].
IEEE Transactions on Pattern Analysis & Machine

Intelligence2015, 39(6):1137-1149.
EEEN:

I Ar(1996-), %, MEHRAE, EZHR T @A
B AREA . AL FAL,

Unmanned Systems Technology | 55



Yl T )\ZGER | BRSSO

ESM BN ENBRSSFIER(C r] &
MXeELEDH

PG U1
PR 3 Ge R 55 TRBITERE . L5 100048 )

ég:

OE. MR T IEAFEURSS R S AL AT AR R A8 TR RS 5t BB T 4% I A UIR S5 i
RS AR RS 5 30T 1 26 IR 55 PRI R A AL TAERUSIERT B, BIOU R 25 1 i B BR B AR 32 e F R AE LIS IE 5
TENAEFNIRSS UK AR L REBIR 5 B34 T 3 = I 23551 Ji R BRSO B R AR AR LI E SR e Ak v FAG i R
AR EIR; BZE TR S R a8 AT AL T S A LR g A AR i R it Wil . WE s =, 1
SRR 2R GEATT S8 S X R AR AL R B ) kS 5

K§E, TERRSAURSS; BT MRS IRSIRRE; FEBullE; KRS B0k

FEDIES: V4769  NEMFIRRD: A XERS: 2096-5915 (2019) 03-0502-06

Development Analysis of Unmanned On-Or bit Servicing Spacecr aft
and Modular Reconfigurable Spacecraft Abroad

JIA Ping, LIU Di

( China Aerospace Academy of Systems Science and Engineering, Beijing 100048, China )

Abstract: The connotations and backgrounds of unmanned on—orbit servicing spacecrafts and modular reconfigurable
spacecrafts are summarized. The basic information and the latest news of on—orbit servicing programs are presented. The
status quo of the unmanned on—orbit servicing spacecrafts of foreign countries is analyzed. For instance, the US servicing and
supporting spacecrafts are in the on—orbit demonstration phase and the European space debris removing technologies have been
demonstrated. The current development of modular reconfigurable spacecrafts is studied. The effects of unmanned on—orbit
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The State-of-Art and Future of the Intelligent Remote Sensing
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(1. School of Electrical Engineering and Automation, Harbin Institute of Technology, Harbin 150001, China;
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Abstract: In this paper, the research in intelligent remote sensing is reviewed and the future development is prospected.
Firstly, the status quo and challenges of remote sensing satellites’ mission planning are analyzed and the methods used in
this field are generalized; Secondly, image processing flow of observation satellites is dissected and the intelligent remote
sensing image data processing method is summarized. Last, the future development of intelligent remote sensing technology
is prospected. The review shows that artificial intelligence technology has the ability of self-learning and reasoning, it is an
important potential technical means to solve the problems of poor real-time performance and low data utilization of remote sensing
technology and can be combined with remote sensing mission planning and remote sensing image processing to develop further research.

Keywords: Artificial Intelligence; Remote Sensing; Task Planning; Image Processing; Artificial Neural Network;
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Fig.1  Flow chart of image data processing
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