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Abstract: Aiming at the problem of low accuracy of dense optical flow at low texture complexity,
this paper proposes a dense optical flow optimization method based on adaptive texture complexity
to improve the accuracy of optical flow navigation. According to the statistical graphs of image op-
tical flow accuracy and texture complexity in three different image blur levels as well as under
three different atmospheric conditions, it is inferred that the accuracy of dense optical flow has a
linear relationship with the texture complexity of the image. By establishing a direct relationship
between image texture complexity and dense optical flow accuracy, the contrast of gray level co-
occurrence matrix is used to evaluate the texture complexity of the image, and the least square
method is used to fit the function relationship to obtain a dense optical flow optimization model
with adaptive texture complexity. Based on the optimization model, the simulation experiments
are designed. The results show that the calculation accuracy of dense optical flow in low texture

complexity can be effectively improved based on the model.

W fs H 5 :2020-02-12; 11T H 83 : 2020-03-26
ELTE A& WM H(41417070401)
EHEBN: TE (972, &, T+ Bl 2 /M4 S0, FENFLR R ERS ZE F s,

E-mail: wx_may@263. net



36 ALE £ 5

2020 4E 7 H

Key words: Texture complexity; Dense optical flow; Visual navigation

0 3

M JUAE, TC N HLAE ZE YRR B 403 34 A 38 K&
Ji& AR ZE 058 B IR 38 R RACHR I L e A A
Sl T D 2 S SRR R T AR Y . B B IR
AT AL T ML 7 125 32 A AR 1 3 A &R 8 (Inertial
Navigation System, INS) DA } 4 BR %€ {7 & 4t (Global
Position System,GPS)#47 i, (H & i T 150 S At
B FEAE A R IT R 25, Bl AT w46 1L
I GPS {5 54 5 Z B I P AE & TIRER R
S BT LUK R AT AAMEE S 3 F GPS N 2 1A
i A o EHE

AWK, 538 LA K B H BB A ' 3 ot 1)
PR S I 3k A5 L T LR OGRS LB TS AL
TN MR N E T SR Z e KT
AL DL R A2 L 58t T & O A, a4
FTBAE Y Lucas-Kanade 8.3 #1 Horn-Shunck &
E AR SIFT SRR G AL 48, o i
WG A TR A L T AR A O It R 1 R
KA e Ah il AR O R AT SR R
PR, W SRR AT B B 3 32 B 6 SCHURIXT LY A
S FRE AR T TR SRR E
B DI A RRAE S, BT DO AR R K AR A AN ]
B, SRR T IR i T R

BB G I AEJEAT 42 JRy TS, 32 3 KR Se 3 i
S U W, PRI AR SCHR Y T — b R T A
P AR SO AR 2% B 3 T O TR BE /Y O 3k 3% ik il it
R A 5 X AR B3 5 O B A i P T
Farneback JG it . 8 i fie /N — T ¥k @ 37 03 5 I
JE 55000 A 22 1) 1) BRI BOC AR L T o e pR OGRS
A AR T 55 SO G b OGRS B 1 T4 5
A G S RS L

1 BERYIEE 3 EX LR R0

JE U R =4 =3 8]z B i) " 4E 80 W)z 5
I, HAE A AR R 58 2 [N AR A2 b OB TR
A X i PR s By as Bl AR Al O 2 TR A
Jei ot 2 1) F) 45 2R A IF ] b % 728 A I H AR S Al oR
5 I W2 18] A — — R S 5 A%, 3 7 SR At A it 2 (1]
YA 2 B 5 L X R T B O s

BAE ¢ I 20 Bt PR AE i (e s ) B SETE(EA

il

ECx. y. o). 18 ¢ + 1 W2 BB E AR 8 LR R
(da s dy) s ATSRAT AP H 2 17 BE 500 8
u=dx/dt (D
v=dy/dt (2)
S B0 ARAVN i Nl 121 1 B e s o VA= o i D VA S - A
E(x+Ax, y+ Ay, t +Ar), BT ER AR
PR, i BT Taylor 24508 IFS
E(x+Ax,y + Ayt +A1) =

IE IE IE
E(x,y:st)+—Ax+-—Ay+ At +e (3)
91 ay 3[

203X (3) o B o g5 /N [Rl I RCE A S R
N IR ) — H AR 7R A [ PRt v 9 5 5 A
AT

JEiﬁEdi JE dy

T3 e & 7y E:Vng (4)
IE IE IE . .
é\: ,r:,) ’ }‘:T’E[:T’ E‘l‘TﬁEILHjlﬁYJﬁYZE
ax dy at
R FEA Ty FE
E.u+E,v+E, =0 (5)

SR T FE VA BB o Ao BMH

HRAE 3R U 1 52 =X AT, o RS B R A R
TR BEA BRI R N IH G o 5 ECSCE, 2 A S8 BR N
FH ebp R 52 G T RS B I . — R A R
S TR B RER IR Ak B B R OR AR 4% P 6T O I RS
(A5 T, 3 FH 4% 356 oA 5000 B0 AR B i T TR A
AR Ak DT 6 370 RS B A2 20 52 Wi 5 2 AH [A) 45580 R
PO B AR AR S A ) SO R P 3 50 0 6 T K
JBE M SE I X BT R R B e = S0 3, MATTT 5 310
PR A6 B A I 3 O T 3R RE 1S 3 FLARL A 45

ARSI TOPS 5 5 LA I R RAF
) 32 SRR P A%, K BH i B #R ol 53.85°, B[R] Sl 14200,
il AL AT R 3 3B 100 2 52 56 /4% L g w0
B VEIURNZ 0 500 X500 B X B EAT A,

TR AT R AR b B X O TR W A 1 LS
By o e TR Y o B R R BR h AR R AR S AL
Jil MR AR B B O BCE 3, o R B A R
FUEE B rp0 1R R I A BN 3l S A Y
ANWTEE B, i D7 A A AT R i T AR R
JIT UAAS SCATE FH o 307 A5 A0 A5 400 AN ) R A5 M 3R b %o
JEFRE BE R, (R 1 Ca) BT R B K 4 EENME
HEAT O BLSE I R RO R AR 2 ARt ZE 1,480
3R [RIBR AR BE F 100 41 BAS 0956 37 8 Y0k 1



543

T [ 3 NS S 2% Y 7 A LR S A 5 R S 37

e PR RE JBE 55 06 RS JBE 10 S A7 A0 OC 2R B M) 7 38
G L OGRS BE B, LR ANER 1 TR
*1 BEGEMEESLRBEXR

Tab. 1 Relationship between image blur level and

optical flow accuracy
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Tab. 3 Effects of different scene images on optical flow accuracy
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Fig. 1 Remote sensing images under different atmo-
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spheric conditions
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Fig. 2 Comparison of different scenes
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Fig. 3 Relationship between texture complexity and optical
flow accuracy of the Gaussian blur image in

foggy atmospheric conditions
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Fig. 4 Flow chart of optical flow optimization algorithm
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based on texture complexity

4 (HFELW

T TOPS St s HAAEF- 65 . 5 B = Fb
BB AL TR B A = Fh R AR 5, W T O e
2% BE W G TR BE AR ROR BEAT T 05 H S S 90k

FEAR — AL B S5 v, 3 B K 3k R AE A
i B 5 AR 5 B . AR TG A HIL AR B 18] 455
i BEE Ak R 300m R A B2 90°, BV L 18] T
FABE, H T 73 BE AR 0. 3m, FAR MU 10 Mi/s, & A7
BE 15m /s, fh T a0 R I A 3 B AT 4R v o0
500 X500 Y DX IARE S S 86 PR R REAT 1~3 I
HrRH , BE B AR 2 bR ERE O 1L B S 4
e 6 fim .

Es5 BXERESG

Fig. 5 Remote sensing image on a clear day
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Fig. 6 Gaussian blur images with different degree
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Fig. 7 Relationship between texture complexity and

optical flow optimization coefficient
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Tab. 4 Comparison of optical precision flow in

three different blur conditions
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Tab.5 Comparison of position error results in three

different blur conditions
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