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Abstract: At present, the Level-Set image segmentation method has the problem that the initial con-
tour is greatly affected by human factors. The target segmentation and the target and background gray
values are close to each other, and the ideal segmentation effect cannot be achieved. Aiming at this
problem, this paper proposes a priori level set image segmentation method based on the Faster-RCNN
network model to determine the initial contour and region information of the target, and builds the

Caffe deep learning framework to train the Faster-RCNN network model. The TAILD data is obtained
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through supervised learning. The training model is assembled, the target building is detected and the

outline of the building is initially extracted and combined with the shape-priority Level-Set algorithm.

The experimental results show that the proposed method solves the problem that the initial contour of

the image segmentation result is greatly influenced by the artificial marker frame selection in the Lev-

el-Set algorithm. It can better complete the segmentation of the occluded building, and achieve better

segmentation effect for the target building and the background gray value.
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Fig. 2 Partially remotely sensed images of the Chi-

cago area

7K VERIEE (1 250 5K (A 4E (1 250 5K)
3 SRIRB

3.1 F|H Faster-RCNN [ 2% 1 B f UK 45 R 74
E VIR R R
7E H A5 g 50 09 L 42 BB Be, 2R ] Faster-
RCNN M4 T # VGG16 BRI H Ap X 38t 17 #2
B, b FE A E 3 s,
( N

Fil FImageNetiL B ¥4k 4L I Z-RPN(M1)

& J

l

( N\
Fll i tmageNetf U g5 /4. FIRPNF= 4 [P 1{E
Sk A IZ5Fast-RCNN

N\ J

}

s N\
Fl| FFast-RCNN ® £ 2 3@ 4k — 1 Fr i
B (M3) » A pRERINX IR

|

p
EEFEMLER. RiIZFast-RCNNE £ %
BEBIIRSHT

-

A 3 Faster-RCNN ¥ £ 45 71
Fig.3 Faster-RCNN network model

(1)RPN M £& I 25

% W 2648 ] TmageNet 1l 25 4 52 50 39 47 %)
Ak, 2R 5 AU 2 8008 47 D 2k U kb A1
T EARWEZE R 0.01 1Y 1= 7 43 A5 Rl AL 46 16 e
B E D GONER M1, F—# ] M1 4
B X P,

(2)Fast-RCNN £ % £ 1l 2k .

Fast-RCNN il (X £& F) ] TmageNet 7l £k
B 2% 4] 15 16 Fast-RCNN & B, fifi f 55 — 45
RPN A 5 g i X 3 P43 B IR AR M,

HEE T

RPN Fll Fast-RCNN P # B 5 B — A Ji Ui
TESR I 28100 0 I b — 25 1 W 2% 1)1 25 15 3 1Y
600 X 26 400 s A DX 3R 2B B % . FH M2 /IR 4k
RPN Y145 (1945 B4 4 M3, I A4 a3 X 5, P2,
TR M3 BL K P2 Y125 Fast-RCNN 758 31| fr &
READ MA , AN [] 1 25X — B BE I 2R [ e T 4 =
(1446 BUZ 0 S 800, SRR DX 38l A ol ) 6% 1) 4 3% %
Z. B EYIZEa] 1, RPN I Fast-RCNN #x &
A G ] — A 5 R 2 T 4%, 45 3% 75 3 > 42 B
TR 3k P 2 46 o B 2 1 4 FRGE B, BRIV AT 58 B A iR
PGS B M AE B — G — 1 2%, B ff e T LA
T A A B B[] S 5 A 18 O 25 ] 8T, g — B B 1Y
BB 1 PR,

% 1 Faster-RCNN & B BRi% R 7 #

Tab.1 Number of iterations of each phase of Faster-RC-

NN

Y2k Bir Bt ) 2% EXIN/S
1 RPN 40 000
1 Fast-RCNN 20 000
2 RPN 40 000
2 Fast-RCNN 20 000

3.2 MHHBEEARIFAEESER
3.2.1 BT A k5 4 Bl 4R,

PRl #E K 4R B b L 0 B AR R L RE AR 4l 45
R R ) AR L T ) 4R 0 i 2R 0 20 4 R H AR
X sk ok & 7 T H A XA R, AR SCRA T
Faster-RCNN % £ 155 510 3 H R 1) 25 21 ok iff
YW R R ML, X — LR e T
Level-Set 58 A0KS B,

3.2.2 BIEREH KT EEA

HY T IR LR R 7K P B2 4 b R [ R, 30K
S/ B P E /SR A (o) S A a VR T R
VA7 T JC IR, 1 38 I 4 o 4 1k P R
IRV AR T 25 1 3 A R BRI 8] 2 M, n SR e Y i
FRE w0 I BEGCKS 8038 VA 43 ) 52 i AH 2
AR E 25 1k L R BE IR B X H AR A A B4 sk



444 W5 B

o5 34 4

Ay M E 1B AR B 2 0 6 H AR 4R E 2
256 I (A IR KO AR H R AE HEAT TC AR (18 A L 55
THEIN T AR IB AT BB R SAS . AR SO B i
TR AT DA AR 10 A~ B 4 I 6 J 26 X6 B 1 &R
B ARV 10 ASE Y J7 28 /8 T B — € (19 15
(ERUB S AW 2
3.2.3 44 Level-Set F ik 52 3L B A 45 tm 4L 5 &)

ME 4 FTLLE H FIH Faster-RCNN 43 %
(1) 3 B I A — SE /N SR, o LA TR R AR
TCIEAE B B A B A — /NI S S8 43 7658
TR BRI B T . P AR SCEE A Level-Set %,
X ATSCH FH Faster-RCNN 431 i 2 58 9 56 56
FRR AT &) . BARLBRaNE .

(1) 4 BBUEE 5 79 %0 B A A 0 i o WAL S5 5
F AR K g m 24

(2) #4012 X B AE B R AF B R AR #4740
2, A A

(3) 45 LAk R T
ANHE DX, I AR 9 2 Bk
X 3

(4) 58 WA ER W SIUT #E4T X305 TF

R UAIE R B URAR o —
AT eI e s e HE e

building 0.953 | =

b

“Ipuilding 0.956" 7
L !

b |

| blilding 0:741
1! building 0.888

I biilding 07962

4
8 o —

0.783ing 0.987

Kl 4 f#i F] FasterrRCNN W 4% 45 A I 2% J5 649 1] 3%
Ep
Fig.4  Test results after training using the Faster-

RCNN network model

4 FEBHERLLEEH

AT A R o B AR AT T 2 IR
LSS IE H o FIOCR

S 1 R o R RAR R AL A O R A
SWIEAR S 2 SRR O3 B Y L 1A 5 32 s 0 e A T
. B 5Ca)SVM J5 ik i TS B B4R A &
MR R AE B TOEH F AR A o 575 I 5 (b) K-
Means J5 ¥ X W 75 5 50R% B2 31 T 8 SRy - 3

Wi 8 5(0) kR T Faster RCNN HE 42
T VGGL6 R R 17X #E 514 (190 25 11 50 5 48
B, 1B 5 () 550 B i 26 76 1 B A i1 3z 80 1Y 1)
BF - A Level-Set 45 40 43 #) . it Faster-RCNN
HEZE Y Level-Set 51 45 & I b 4 3 25 1) dE S
IEHRERECH K. 8 1 F M. i TR Faster-
RCNN £ B 5509 04 97) b 8 8 {45 AR SC 7 ikl
PATE A 040 #0930 55 1 B As 2 504, I X g
B,

(b) K-Means 73 #4553
(b) K-Means segmentation result

(a) SVM 43 Bl
(a) SVM segmentation result

L' bullding O,S?b,lnq

L I !
Biiilding 0,820 .bmldmg 0.870 P

BUTIding 0.890 k-3 CUlding0792
q building 0.796 £~
§ < .U
» =) UG 0.994
L -l
Al "bultd

2 B
9~ Jbul
Billding 0034 ={0uilding(0.813

(c) BVGG16HE R G (d) Level-Set HESUELER

WAL R
(c) Test results after VGG16 model (d) Results of Level-Set algorithm
training after convergence

5 92O 1.l A R 008 R SR ) B A S 1R
ORI S
Fig.5 Experiment 1:Segmentation result of building

defect image of remote sensing part with noise

SE 2 Hh A E AR 52 ROR B 5 G Y
MY . 2 s 5 H bR A I IR EAR
Fm, B 6(a) SVM LRI T — 2 I8 & XY
NG MF HIR R, B 5(b) K-Means J5 ik
1% B A B R R G B, 8O0 IE 5
FI R AR @Y B 6 (e, D HTIREM T
HY R BORS (9 28 Y 18 528 H bR R B ik B R
S, B A Level-Set £ 75 #h £ (9 24 A R 5
Y e S e M HE G . B Faster-RCNN [ 4%
R 5 Level-Set 51k 45 6 W] LhKE 6 50 ) w6 3l =5
MR I oy # . S8 2 R, AR SOk AR



Bal

FEAR I 5 Faster-RCNN Al Level-Set 454 1Y 15 43 1% B AR 13 FL ) 2 1L 445

IEH 73 #] 18 IR AR P B R [ R O P
Y.

X B ¥ £ g
(b) K-Means £3#155 3
(b) K-Means segmentation result

(a) SVM 43 HIG5 R
(a) SVM segmentation result

WA buildingl0.936] &
- YOI, e

- F 5
Blilding 081871119 0BT, 6.
R ; = T
building 0 85ing" 0.935 iding'0

e
buifding 0.951

building 0.835:F 7

N Building 0

(c) ZVGG168LRIZ 5 i
WHRLER
(c) Test results after VGG16 model (d) Results of Level-Set algorithm
training after convergence

(d) Level-Set BB ER

Bl 6 SEE 2% 32 40 A B 5% 3 Y 0 50 W 5 AR 7 B
FUR R AR
Fig.6 Experiment 2:Image extraction process and

results of buildings obscured by trees

S 3, R B ENR g S ok IR
A WY RE B T BOE S 5 S IE DL X 4
7(2)SVM J5 % 32 2 A i g 5y T3, ok o
B PR 4 — AN T 1 7 (o) J7 12 o 2 S 4 14 9
SR H bR S I SR R o F B 7 (el dD
J5 ¥kl 3 Faster-RCNN R 51 $ B 2t 50 9 %6 3
Level-Set P #E47 4% 20 43 1 1 0 1) 42 B B b 282 50
S 3 R AT IR REAS A A S E G AR h
BEIEPS Y H AR Y 22 28 Soh 5 H AR K (E
IR BAR R B M /N

2R SCHE I X EG B Y Level-Set B3k DA

2 % X #:

(b) K-Means £}H1%5 R
(b) K-Means segmentation result

(a) SVM 3B R
(a) SVM segmentation result

o .
bullding 0.968 ,fiding 0.964

= 3
building 0.952 building 0

o)

’ id) Level-Set E?‘iq&ﬁfl}ﬁ R

(c) ZVGG16HE ML /F 1
WAL R
(c) Test results after VGG16 model (d) Results of Level-Set algorithm

training after convergence

Bl 7 SC8 3. 4540 #) B AR 00 A Y = 1] K 0 O Y
1548 B F 5 45

Fig.7 Experiment 3: The process and results of im-

age extraction with close connection between

buildings to be segmented

M Faster-RCNN HEZL T /) VGG16 Ay 455 AL ik 17
WEE, IF 45 th 173K W & 456 2 5 1Y 8 S i MU
R, 3 o SRR I 4 5 X e oy B B 1R AT
TSR UL, O 5 L 4 0 B AR R U
AR LA, 25 L W OR AR SO $ 1 45 & Faster-
RCNN HEZE T By VGG16 R Level-Set %
0T T 1R 43 38 TG AR (1 2 SR ) B BBUSOR BT i
T Level-Set Bkt EHR 43 %1 45 A0 6 %6 85 2
N SRR IE HE 3 1 5 Wi 55 K DL B Faster-RCNN AE
ZRTC VAR o 2 M B A e B A ), S I R W A 4
T I8 5 A SR R 55 5 S5 DK (R 30T ) B
ST %7 1 RE A% T A b 8 O H R I 4R
W, BRAE ST TR R A3 SR AR B A A B
DI S e 1 I 2 A5 780 v B0 AT 48 O SR 0 8 D5, L
A v UL RS T I R A

(1] s, 32, £AR.F. ROHRBREGSF LRI ML S = 58 k245 8,2014,(10) :44-49.



W5 B 5 34 %

446
LIU C, HONG L, CHU S M,et al. Research on high resolution remote sensing image segmentation method [J].
Mapping and Spatial Geographic Information s 2014, (10) :44-49.

(2] #& 2. 2 REHIRESRT 89T A 305 20 P 308 202 B2 A I LD 1. s #8 « 74 B 528 K, 2018,

ZHENG D Y. Object-oriented high resolution remote sensing image change detection in multi-scale segmentation
framework [DJ]. Chengdu: Southwest Jiaotong University, 2018. (in Chinese)
(3] mye, o de 042, 4 IO In) X R0 5 40 B 308 G 1000 IX A SR 0 AR IO B [ ).l 4 52 41, 2010, 39 (01)
39-45.
TAO C, TANY H, CAI H ], er al. Object-oriented hierarchical extraction of urban buildings from high resolution
remote sensing images[ ] |.Journal of Surveying and Mapping , 2010,39(1) : 39-45.

[4] KARANTZALOS K, PARAGIOS N. Recognition-driven two-dimensional competing priors toward automatic and
accurate building detection[ J]. IEEE Transactions on Geoscience and Remote Sensing » 2009, 47(1): 133-144.
(5] R4, RER &S, FIETRES MM 2 /N BARRIL) ] % & 5 257 ,2018,33(09) :793-800.
LIANG H, SONG Y L, QIAN F, et al. Aeronautical small target detection to ground based on deep learning[ ] ].
Chinese Journal of Liquid Crystals and Displays, 2018,33(09): 793-800.

(6] RS, S, k4L, 5 5T R &P 2 ™4 i 5 i 2 T WO IEMR BARKE [T % & 5 2 7,2018,33(04):
317-325.
ZHOU Z B. GAO J, ZHANG W, et al. Target detection of transmission line visible image based on deep convolu-
tion neural network[ ] ].Chinese Journal of Liquid Crystals and Displays, 2018,33(04): 317-325.
(7] FF. 052 KA, F T HEBM LRS00 @S RG] # % £42,2018,26(01):200-207.
LI1Y., LIUX Y. ZHANG H Q. et al. Optical remote sensing image retrieval based on convolutional neural network
[J].Optics and Precision Engineering » 2018,26(01): 200-207.

(8] F4hh, TR, Zak. Bl AY Faster RONNMEFH A7 AR 534 [J/OL L3t v o425 & A - 1-16[2018-11-25 L. ht-
tp://kns.cnki.net/kems/detail/11.2127. TP.20180522.0944.002.html.
LIW S, WEI C, WANG L. Improved faster rcnn algorithm for underground pedestrian detection in coal mine [J/
OLJ. Computer engineering and application: 1-16 [2018-11-25]. http://kns. cnki. net/kems/detail/11.2127. TP.
20180522.0944.002.html.

(9] AT, S8, A M T BB A 18RO Rk A [T ]. St 5 4R, 2008, 19(12):3161-3169.

HE CJ, LIM, ZHAN Y. Evolution of adaptive distance-preserving level set for image segmentation[ J].Journal o f
Software, 2008, 19(12): 3161-3169.

(101 KA & &3R50 . 40A% . A0 U il 32 20 oK P 48 D5 vk A o TG 25 MRS R [ .4 SR AL T A2 15 8 L 2008, 44 (35)
185-187.

GENG X X, PAN Z K, WEI W B, et al. Surface denoising model of global curvature variational level set method
[J].Computer Engineering and Applications, 2008,44(35); 185-187.

(11] §®E,ZH4, 290 5T Sk CV BRI E GRS TR LT/ OLLAAR & F 3 A,2018(21):71-75[2018-11-18 ].
LU Y Y, QIANG J R, WANG C. Image segmentation algorithm based on improved CV model [ J/OL]. Modern
electronic technology , 2018 (21): 71-75 [2018-11-18].

[12] JF &4, RAEM HET A KF LI B KT BB HE I7EL]/OL L. B R A 3. 1-6[2018-11-25 . http: //kns. enki.
net/kems/detail/23.1191.U.20181023.1520.002. html.

X1Z H, ZHAO C M. Underwater image segmentation method based on variational level set theory [J/OL]. Ap-
plied science and technology: 1-6 [2018-11-25]. http://kns.cnki.net/kems/detail/23.1191.U.20181023.1520.002.
html.

(13] BAIBA . 23037, M AR 5 L T8 73 K P 42 10 RO SR 2 0 0T ] 4R 4% 5 4R . 2014, 25(07) : 1570-1582.
TANG L M, WANG H K, CHEN Z H, et al. Image fuzzy clustering segmentation based on variational level sets
[J].Jowrnal of Software, 2014(07): 1570-1582.

[14] ZHANG ] H, KONG F T, WU J Z, et al. Automatic image segmentation method for cotton leaves with disease

[15]

under natural environment[J]. Journal of Integrative Agriculture,2018,17(08) :1800-1814.
WA F AT Faster RONN DK Z MR85 G L% 55 058 KAL) 3+ SF AU A, 2017,37(S2) : 85-88.



o554 ZEfR L 4% . Faster-RCNN FI Level-Set 45 & ) 5 40 18 B2 A% 2 51 0 32 Bt 447

[16]

1E& &

DAI C K, LIY. Airfield static aircraft detection based on faster renn and multi-component combination [J]. Com-
puter Applications, 2017,37 (S2): 85-88.

IVANOVSKA T, LAQUA R, WANG L, et al. Fast Implementations of the Levelset segmentation method with
bias field correction in MR images: full domain and mask-based versions [ C]//Proceedings of the 6th Iberian

Conference on Pattern Recognition and Image Analysis. Funchal, Madeira, Portugal: Springer, 2013: 674-681.

AN

ar:
BB 994 —) . B L THMA, R (1962 —), L. H A AL #
T AR5, 2016 AF T 4R G ML K 24 3k B W AR R, 2009 4E T AR L
2R, EEAFIT 1 E AR R 5 = Mol K 2 3R A 2 0, FEB Iy
52 a4 . E-mail: mdfz0907zjh @ ‘( m e BRI A5 R AR 4R . E-mail.
’ 163.com - nefu_rhe@163.com



