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Adaptive Spacecraft Situation Analysis System

LEI Yutian. YANG Jiachen, MAN Jiabao, XI Meng

(School of Electrical and Information Engineering, Tianjin University, Tianjin 030072, Chian)
Abstract: Based on the monocular visual system and the spacecraft image with the marker, this
work uses the Convolutional Neural Network (CNN) theory in deep learning to accurately
measure the three-dimensional attitude angle of the spacecraft, the distance from the shooting
point and the offset from the shooting center. We take the advantage of machine learning theory to
realize the network autonomously learning characteristics of samples, which will greatly reduce the
error of dynamic measurement. At the same time, this method also avoids the complicated process
of manually extracting features, realizing arbitrary, accurate and rapid measurement, and plays a

key role in the attitude estimation and distance measurement of the spacecraft during assembly and

launch.
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Fig. 2 Convolutional neural network

1.3.2 AR N 45 i 22
GRME M FEEaEm AR, B2, ik
B AR 2, A I X O R A
FI 2 R B S FEA TR
GREZE RN E—)Z2 0K R #1746 RERAE. M
BT — A U P A Xk AR BE AT D B A R X R
FRAE R (feature map) ,
WAL 2 SRR Ry R A, IR WO YR R KRB R
R H Rl R AR B R AR (R, W T
AR, JIF B w1 U e A 1) AT AR
PE. R T HE 2D e LA Y ) A, B TR R
fd ] dropout (BEMLEFEM 48795 50 ik, wILLf#E
P2 TTREAL IS o AT B AR Al 28 5T 22 [ (4 A HAK
1
WO R B B A W g SRR LA, R
e A 20 T 2 AR R I O e AR L T LT DLGE I AT
PRI, —BH FH S PR BCA sigmoid., tanh., Re-
LU fl ELU % s %K.
sigmoid PRELIFRIEA N
1
1+e*
Arb,e EHRWE. HMEN 2.71828; z EHE
L, PUEEE Y RSB . xR R Ik AR A 3
Fros
tanh PRI KN
0 — o
e e~
PR AT AL SR 2 N T 0 B, A
Bk [-1. 01 M A = KT o8t HWEEEN
[0, 1], HXpWRBEGRANE 4 Pros .
Sigmoid B&ECKH A AR BEES 2 0~1 1)

f(z) = @)

f(z)= (2



1M HIE N RSB RE 59
1 5
N R R M 45
o8t ;
07 »
O :

S O S T 25
= H H H H i i =
- :
0.3 [ e 15
0.2t 24 |
0.1 0.5
0 0

-5 4 3 -2 -1 0 1 2 3 4 5
X

3 Sigmoid & E &
Fig. 3 Sigmoid function

1
0.8
0.6
0.4
0.2

-0.2
-0.4
-0.6
-0.8

ST 3 2 0 0 1 2 3 4 s

B 4 tanh HEHE %

Fig. 4 tanh function

T A E A 2 00 B A R /Y M J7 B R L # T 2%
[F] B A i AR J& 0 ¥9ME . tanh PRELVT LLUFE R
& sigmoid BREY R, (H R kit 1 i B E A
O BT R T X (B Y 3 T B P22 Sig-
moid PR ECA tanh BRI A7 7E BB BT K 10 R) R
Rel U R H A 0 # HT A SOTG sR 8, ARG b ik
ﬁTﬁEﬁ%%ﬂm»ﬂﬁﬁ?b%E*%%%

YRR, I DA B R R A S AR R e, (R
RelL U pRBAT 88— B A 248 0, X4
T BURE  B28 T K A8 AN 23 B O 3 A 2% R T
TR . M ELU pRECE X 33X A [l @A 1 ek, 7E
bR — o By . (E B A R A A
Hefs J3E 6 R ) 1) R

ReLU Rty #1500

0,2 <O
f(z) =max(0,2) = e =0 (3)
FEX B AN 5 BR

-5 4 3 -2 -1 0 1 2 3 4 5
X

B 5 ReLU & E %
Fig. 5 ReLU function

ELU s £ RN
Z ez >O
f(z) = (4
ale® —1),2 <0
K, e B—NKT oS5, HT R ZREAE

= <O I AY R BB AR o H R 3k R AP 6 BT

-1
-5 4 -3 2 -1 0 1 2 3 4 5

B 6 ELUEZHE®
Fig. 6 ELU function

1.3.3 g P g il

H TG G0 J2 1 22 I 46 . 22 R A% i0E 4T 300
JRLeMERIL, BORSCEM T 9 JZ MM 424540,
B 7 P . m T IRSS ar it S aE T A BR . O SCi A
JEREH 512256 R Fr . M TASSCEE A T 2R B AL 4
AR IRY . 7 B S S RGBSR
Tﬁiééﬂ%ﬁ?a“mﬁéﬁzﬂ%{a@%ﬁ, THREH T Feh
IR RN 3 X3 By BUZ TR SR T e B
WAk, WALJZAZIIR/N Ty 22X 2, XA AR B3
NS WETENA , AR SO T B AR S S5
bt — A W AR, T DL R S5 — J2 S0 BRI
PR, XN AR N

£#¢ Linear P



60 8 AR

2020 4E 1 H

f(2) =az (5

3%*3 conv, 256, ReLU

AP A
!

3%*3 conv, 64, ReLU
3*3 conv, 64, ReLU

Pool,/2

3%*3 conv, 128, ReLU

3%*3 conv, 128, ReLU

Pool./2

Dense 1024, ReLLU

Dense 6, Linear

LR DA WS& A

Pool,/2
3*3 conv, 256, ReLLU

B7 SHRMERNEREN
Fig. 7 CNN structure

AR SCAE T A 451 2k R RO B T AR Ik 22 (MSED
B ORI AR — 2850 A R A T S
SFE I AP B D R B O 1 289

RN ,
](w,b)—ﬁzljuy—a“ (6)

SRS R I f) 45 2R S B Y R 22 T 2 IR
B WA BB B

2 KBWER

A5 AT ILA 28 D FIH 3dMax
B AR SO R B 4 5 2) X I 2 4R RN ik A
WATAR AL A FIAL BE s 3) W FEARSE bR A M
2%, YNZREim M p 2 g AL BE AL 4) I 2
A TR T 0 3 ) RN S R, IR S5 AR
AT, srbriR2E,

AR SO 2 JT 75 R A 14 3R BN AR 2 Ak Qi i BT 3R
X A 74 A A0 3 A AR [ %) 5 B 99T 4 2. PRI L
B A7 e Ty BRI, A< ORI IR 2R Y 640 X640 K
INEY R AR e K /NE 256 X512, X & — N H I
Bl RN A S R AR Ry i o i AT X B S
M TR 55 an vk R 4 st B, B I 2k 50 % o i i
Xt e se s, oY %l 2 2 50 580t ZEM
P 0 4 2 28 7] ARSI 2 — AR IR A 45 2R

KRGS [R) X 24 XoF o7 B RN 23S 2 80 A 1 1 5
Wi 5 52 38 FH T SC IR e 5, ASCEA T 9 2
GRMEML, 15 ZEHMAEME, 50 )20

ResNet M %%, 152 2 9 ResNet M 2% F1 DenseNet
(SISm0 W= W NI i | 2 = 3 T R A
AN RERNFE 2 in, (MEIRZRA N
m, AEIRERNMNSK ), FED

x2 AEAMEWANEEFEHIRE

Tab. 2 Six dimensional mean error of different networks

XX 2% a/m b/m ¢/m d/ ) e/ ) f/

CNN9  0.00677 0.00498 0.00667 0.02614 0.22633 0. 04068

CNN15 0.02628 0.02729 0.02731 0.24902 0.24954 0.24993

ResNet50 0.03224 0.02724 0.03151 0.07590 0.19321 0. 12423

ResNet152 0.36356 0.81113 0.43364 0.52685 1.70016 0.53663

DenseNet 0.03219 0.02675 0.03061 0.07680 0.19534 0.13085
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Tab.3 Six dimensional mean error of different activation functions

WG RS a/m b/m c/m d/ ) e/ ) f/ )

ReLLU  0.00677 0.00498 0.00667 0.02614 0.22633 0.04068
tanh NAN NAN NAN NAN NAN NAN
ELU NAN NAN NAN NAN NAN NAN

sigmoid 0. 02758 0.02679 0.02650 0. 25509 0. 24686 0.25190
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Tab. 4 Position average error of different learning rates

2 2] iR a/m b/m ¢/m Ave
0.01 0.00724 0.00811 0.01081 0. 00872
0.02 0. 00854 0. 00485 0.00698 0. 00679
0.03 0. 00677 0.00498 0. 00667 0.00614
0. 04 0. 00990 0.00358 0. 00551 0.00633
0.05 0.01182 0.00338 0. 00563 0. 00694
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Tab. 5 Attitude average error of different learning rates
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Tab. 6 Position average error of different image input sizes

i AR/ a/m b/m ¢/m Ave

512 % 256 0. 00677 0.00498 0.00667 0.00614
480 * 480 0.01099 0. 00455 0. 00560 0.00705
640 * 640 0. 00849 0. 00563 0.00684 0.00698
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Tab.7 Attitude average error of different image input sizes

EWE d) O e/ I ® Ave WMAKN A/ O el O f O Ave
0.01 0.01947  0.23105  0.06651  0.10568 512% 256 0.02614  0.22633  0.04068  0.09772
0.02 0.02477  0.21899  0.02870  0.09082 180 % 480 0.03459  0.22309  0.03870 0. 09879
0.03 0.02614  0.22633  0.04068  0.09771 640 % 640  0.03688  0.23135  0.04396  0.10406
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