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Evaluation of vehicle extraction algorithms based on satellite videos
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[ Abstract] Video satellite is a new type of earth observation satellite, which obtains dynamic information with high time resolution
in the form of videos and provides data for moving object detection and analysis. However, because of the wide view of satellite
videos, the moving vehicles are very tiny, showing weak distinctive color and texture information. Under complex and dynamic
scenarios, the background presents uneven movement at pixel level or even the sub—pixel—level, which poses a challenge to the
moving target detection algorithm. Due to the different characteristics from traditional ground surveillance videos, the commonly
used moving object detection algorithms will perform differently on satellite videos. Based on SkySat and Jilin—1 satellite videos,
this paper compares and evaluates the precision, recall and ¥, scores of six commonly used moving target detection algorithms. The
algorithm evaluation in this paper also analyzes the characteristics, as well as pros and cons of each algorithm, providing a useful
reference for algorithm selection and improvement in moving object extraction from satellite videos.
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Fig. 1 Schematic diagram of two—frame difference algorithm
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Fig. 2 Schematic diagram of three—frame difference algorithm

1.2 SHESEE

FHHR A SR (GMM) Bk R B 3 iR,
GMM F3k R R — MG R R S A IR A 8 B 3
A7, T 1o AR R g 00 28 R 2 A R O — A e A
RUTE AT REXT I Y /T AR R, ANFF A 451 o s A 1)
BRI, A IS ES 5T K8
Ky 4 A ARG AR 2R ) e R e v T )
O Ta =

HA et 37 PG Y

o ! DIHEGEI gy o
WE g eRakmn O

Hi A
3 BERARDELTEE

Fig. 3 Schematic diagram of Gaussian mixture models algorithm
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Fig. 4 Schematic diagram of K—Nearest Neighbor classification



4 o i w5 MM

12 %

1.4 BEMEFEESRFIEE
FI 38 R PR T 557 > 535 (ASBL) AR 4 g —
Wit EHEAN R B AN W R Sh &, MR R - Be A
[] (27 > 2 BAR R BB SRR T S i S
SRR 2E 5 5 A N B (R T LU, 23R
R,
WRRENFTEN a, (x,y) B2 DI
o, ,a, BB, THHEAXILA(6) .
a,,(x,y) =0 o +o,aq (6)
B, o, Mo, 7508 o, fla, FE, H o, +
w, <1,
oy BT SR ARG 2 R 2 i it 2 ) ) 2 5
ZEF R, W o) U o BUR TR R KN 5
GRS I ] A2 ]S W o, B
1.5 MRETFRRMEE
LTS SR BUA L (ViBe) B TLEE X TR M
Bl S — AL R IBOZAR R ST R R
(AR AT A5 B8 3R B AR A B B SRAEAEL; 5 45
—HTHR R A S AR BT LU B, PO AR R
{48 TSR R R,
ViBe FIE B RQ R AEALLANIE 5 Fron, &1 5
H H v(x) FORTENLE « A AR AE, Bl 2 s E] 1)
R ZAL R SRR EM I — DR/ N S 5
FEASE M (x) |, B Ris AT E N,
M(x) ={v,,v,, -, v} (7)

Se(v(x))

v(x)

C
B 5 ViBe EiREAREERE

Fig. 5 Schematic diagram of vision background extractor
PLMETE R v(x) NELD, R N4, FEZSH)
PR R T — N EER Sy (v(x)), XAERIR ST

SOREAEE M () WECEMITRNMEIC A (8)
{Sk(w(x) ) N {05, NS (8)

18 v(x) BEDHE 5 AT SEEARSE M(x) 1,
XL B AL, THRORR R B R A SR
M(x) FREASHYEE B AR EE B/ R, % SR IR
IREA 5, AN A AEAS S0 T min, WEHT Y

BRI 5  EHAE  8 2 ol S U A1 25 i) —
HOPE BRI, XA AT SR

2 EiEiEm

2.1 iEMIERR

LB NE RN DR Rl R (EPRPURSIE N I
KR 4 Fh, 4y 5 JE . EIFE 25 (True Positives,
TP) . H 125 (True Negatives, TN) | fi 1 2& ( False
Negatives, FN) fR1E2E(False Positives, FP) .

PEMT SRR MR RE W ] 3 DS B A HESR A (1]
FMF, G SCPRURIFRINTE R I,

(1) KEUEF (Precision) o %S WA A HERA
P, BIAUI AR 1 128 3 TR B0 R S Y Fe 3],
PR o AR BRI .

Precision = P (9)
TP + FP

(2) HIPIR (Recall) , 5 [ WA I A 4 1] T
J& , RIEFRTI R 1 1E 2 3 T A SEBR ISRy H i, X
PRR A4 s SCA BRI .

TP
TP + FN

(3) F, 780, KEHESRH B2 [ i R
Gy 5T T G TE s AN TR Yy, TR 25 P i
1M Fy 7380 F, = Score) SR T IV Y01 Iy Aok
LRGN F\ 3 0RE S A b A 5 TE A AS 1 T
RORF, A BOBUR, TR0 A8 R i, o AR EAR
LI

Recall = (10)

Fl—Score=L (11)
2TP + FP + FN

2.2 Ground-Truth &

H TR ARE 0 ot J A5 3 A it gk 22 I ELR ARt
H i IE S T AR R BN AR AR I Z 8] B A i
B2 WAL R G, AR MEZ it L T A 1 Y Bl Y
(R AT A, R b T T AR i S ARG B, BEAILIE R
FEARMTHATIRUE

TG, K538 3 A G I 45 SR ) (R S 0 R
R LT RS E A0 [R] I B 5002 2l H AR 78 5 i 515
LR AR IC s Hk, N N R AR B R iC 45
R BIMAFRIC A BRI 235117  Hil4E Ground -
Truth BTS2 545 R4
2.3 MREALIE

H T 1 P P A7 8 X DA 48 SR 27 AR R 52
W), PR HCPE A 7 B VP Z R S AT, o,
BB T AR, K/ T T AL (A H AR



5 8 1]

IBER, 4 BT TLRIUIRAR A 4 R BOR T A 5

B, 0 T Ak S5 R 0 AR
i g LA PRV 3 B e MR

b T2 A BB /N 2 WU T B e 3
NG AL 1% BB TR (5 %
a m, SEH EAFREAR AR w0 m x L m, 2K
ﬁﬂ%&ﬁk¢d§¢@ﬁ£ﬁ§i%@igﬁﬁ
Z TR RN E B 2 2.5 mx
3 m, EDSFTERH 1.1 m i 47 (SkySat—1 #LA 1A
AR 1.1 ) , 5 7 0 3k A 24
By 480 MR AL WL IE] 9 AR 122/
T DT A et 0 P 5 b 0y
e, 5 B A

W T A N B L A 45 5, S S 0 T
B AR 5 7 1 18 1 % AT R
P EIR AT (0T SR

3 ZWESH

BEAIL I8 SO MRS T 285 SRAE PN A, i
T BB min - size, ¥§/NFHEFBER HER" K
JEMEFE PEAT IR , S AR B9 Ground —Truth & 4T %}
b, IEBRAYIE 3 H Arbric 406, #5352 i bR id b B
o AR B ARk i, i BUR S PPN R AR L
.

ARICHET 6 FhE IR AES RIAT I, 0135 HE
o MY 52 2 Wk (ASBL) Wi 22 7012 ( Diff2) |
=I5 33k (Diff3) K- 4855 (KNN) | = iR A
BEAL(GMM ) FAL 58T 5 J2 UL (ViBe ) , E T FI
SE = TR A I PERE
3.1 SkySat-1 DEMSXW ELER S

2013 4F 11 A, %[ Skybox Imaging 2\ 5 &5 T
SkySat—1 A &t BB B KRG TR AT+
PSR HER A 11 m R A TR, ASLE
FHR DRI T 2014 45 3 A 25 H #5355
PIITHE T (Las Vegas) Hu X Jayff, BG4 T2
SRR ARG ], 6 Fh 44k D45 R anie 6 P

R ] 6 2 A 0 235 S el o) EE A5, AN T
()T IR AE— B R B L RIS ARG DR A
— A TP RS T, TR R TR AR
YIRS A= 2 @AY T B8, r= R T RE
B EAR, Tk H br 202 /N 00 A YR BT S
RN, — 7 1 is g R I B N s 3 B
FRANEIRR, 55— 5 T, JE A 2F b Bl 72 v o] RE 20
RS AT IR

©
a

(a) PEFFET Stk

I
3

(b) PiliZEsrik

(e) =Wk

(d) K- 4B5k

(e) ik A

() BLBEH SHHE 0L
Bl 6 SkySat-1 LENT 6 MEEEREMLER
Fig. 6  Vehicles detection results of six algorithms in SkySat-—1

satellite videos
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Tab. 1 Quantitative comparison of six algorithms for vehicles detection in SkySat—1 satellite videos
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Fig. 7 Vehicles detection results of six algorithms in Jilin—1 satellite
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Tab. 2 Quantitative comparison of six algorithms for vehicles detection in Jilin—1 satellite videos
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