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Abstract Line segment is the essential element of geometry objects, which contains very rich geometric
information. Extracting complete and continuous line segments with semantic information from an image is of
great significance for restoring the geometry structure of a scene, yet challenging. This paper proposes a multi-
resolution segment extraction approach, which performs semantic analysis on the line segments to distinguish
the contour and the texture line segments. This approach first extracts line segments with multi-resolution
thought, then combines the deep neural network technology to perform semantic analysis on line segments,
and finally clusters the line segments to get the final result. In terms of line segment continuity and integrity,
the proposed approach has obvious advantages compared with the commonly used line segment extraction
methods. In terms of semantic analysis accuracy, the pixel accuracy of the proposed approach on the test set is
achieves 97.82%.
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Fig.1 Effect of upsampling on line segment extraction results
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4 ZRBALEH

N T RIELR B I E SN E A e B, 7R —
BeZk BOATIE R . B F. ASCREERMITIER
OB BB LR BN 2 B IR B . X HESE I,
PIAN AR SRHE I R R EH I, — MR NE
S TRBRAEFRERE. WK 6 P, @i
KRB R BN ZEIHFNERA 3 4

(1) 2Bz WS f R AN (2) B2 [ 98 P B
ks (3) B2 A TATIBERI RN . X T4
B2 MRS E S, K LB% T Lee 2 LAY
B8 K o (0 P (OB B8, O LM Bk
2R BRI E R, [ 7 AL B 15
B 5E SRR R . RO S B ) B B
. BB dp TAFHE d, M

CERE

PR d,.

><

(a) R/

/
- il

/

(b) 2 B ] §H
6 TLEREHMEZER

() FATIAIEE

Fig. 6 Factors affecting line segment consolidation

7 SLRBEEEXTEHE

Fig. 7 Segment distance definition
F LB I 5 L An 3 (D) fros. Hedr, 052
B LRI L, Z A L] #R%E L ok
FEo AR, LB EREAH B L BT A5

Wiy, BIZEBL e, FILREL sie, Rom [A]— 2 2R BLo

d€:HLj \sin(e) (1)
T ELEE R E XA Q) Bros. R L 1)
KRt LK, W1 L R L (P S
L, EELRIMRE . 26B L, M L, Z (A 3 BB

BE XA L AL ) 2 By Lehmer “FH44.
dvzﬂ (2)

I+,




72 £

BEoOR 2018 4

PATEEE R XA (3) Bron. BB L, 1
KRt LK, 9% L 1 L FREEfIES T
THRNRB Lo BB LA L, ZIRHPATIERS A L,
5L, 2 EMRONEES 1. % L5 L, AN A
i, L5 L Z MBI FATEEE A 0.

d,=min(/,, 0) (3)
ISR AR B TRl R B 9 UL b 3 34
B
d(L,L)=ad,+pd+yd, (4)
H, av po oy NETEEBHRCE, HELLLT
P25
0<a, g, y<l1 (5)
a+ p+y=l1

S8 SUIF 2 B2 18] 1 R B9 ) 5 240 e TR B
W, A SOR 8 B A TR A N A ) 2R 3R
(Density-Based Spatial Clustering of Applications
with Noise, DBSCAN) "Byt 2k B ik 4T R
7. DBSCAN HEFmEMNANSH, a2t
SR JR) A B AR AR R A e X
N ZHARE oy R A B ARG DLBEAT R . it
41, DBSCAN L BA PN I Lhag. [k,
DBSCAN HEARR G G 2B RK.

R TEUE T R R — R L BUEAT &I
BEIRF R BT RER B AN F 7 B R R,
E N7 R R LRI R BORS L S v, s
I I 1B FEZ e T M i 70 3 1 AR T SR B 2K
BT & NTHENTESIFNLBRES
C={L,, Ly L) B 0 B0 B3R 2 28 B 0 L
Ly o FISFI 7] we Jorp, THESFI T BT
i ERIER A TP BT A — 2, B EE M
FLB L, M Ly, H Iy 1A a8 i) A AR E g AR S .
FE BRI RE A, W LR BT B2 B B8 — 2%
LB L, DT IR REF—FRIAT . RE, HRE I
JRE B BRI RS REESHHE 1.

W 8 frzw, JUfHL o A5 v ] LA E
GIEMABRMENEL [, BHES ChE—%

B | B
BN O TFRBIES =L Lo L) X TAERH LE CH L=s,e
Wl AOFEE L

o=st¢

v=sle,.
for k=2,3,---,n do
o=ots,te¢
if v-5,6,<0 then
v=v*skek‘
else
v=v+ts.e,
end if
end for
o=o0/2n
v=v/l vl
L= —©
i =0
for k=12, -, n do
t= osk‘ v
t= oekl v
to—max(t,, 1, 1,)
t=min(t,. . t.,t,)

end for

min

B A LR T B, X B S Al
FERL o IR, 1C7E R o PIIEEES o sz it P
MR s M e, HIDNEIFE 2B S
Zpi. K8, LB L NEIFRINLE

8 ZRAHTEE

Fig. 8 Segment consolidation

5 SIER

5 H AL G L BRI IR, AR



B/E»H ﬁ_{ EA! %:

20 AR B BT 5 S e B MW 73

B AU L R B ROA: IR 2 R R
TNHFATERBARA, FEHEATE it AX i G4
FRECEBLFN SR G By, AR ML IEAl BT 2 Btk AT 15
KEIH, e T ERBRI B MELS . K,
AR NI T T A AT s de e B (1) LB 58
BAERGESNE; (2) BBUE U IR % o
5.1 ZRERHVSTEEMEFNESIE

T PEAL LR B ) S B A A IR S, A
S BT LA AN B 0 SEEAT I, I 5 A G
TAEBEATH R . T3 5 HE CannyLine' Al
LSD'" 2 B3B3 25 e A X 4R B R AT 8 LA T

FIT ATE HEAT 28 B 6 B 4 % 2 M DA B AN 25 PR 28
B Xl o ANE DTSRI A B 45 R an s 9
fime Her, 9 (a) AR, 9(b) ~9(d) 735
4 CannyLine. LSD FIA AR UM £ B 18
SR, A SCTTIESR B 2 B 58 B AE 2k
Py, WIREQBREERD, MR

N T E BV B ) e R EAE S, A
BT 10 5k B SE S v #A7Tl. Hdr, 5
KRNEANG S, 5 KNEIMNg SR FEREX 10 Mk
) AN R 7 125 B B ) 2 B S K R AT S v
SERWE 1 Pras. W& 1 R LLE S, 18

S megmaik

i

i

(a) FNFER (b) CannyLine (2015) " (¢) LSD (2010) "V (d) A7k
B 9 RESFRMLR LR
Fig. 9 Results of different line segment extraction method
= 1 TREIFEKERNERNTE MR
Table 1 Integrity comparison of different methods
CannyLine!'¥ Lspt! A
B RS o o .
LB PR KB PR LB PR
1 641 41.40 1154 32.08 316 67.39
2 393 50.62 717 36.42 298 59.44
EAG 3 442 39.90 595 30.24 272 50.14
4 201 71.21 278 48.04 149 82.22
5 486 37.11 933 22.95 337 46.57
1 608 32.22 1443 24.49 334 46.32
2 456 32.00 568 21.93 306 42.03
EUS75 3 252 34.67 327 24.52 117 49.25
4 316 37.16 604 24.07 312 38.58
5 301 40.22 477 30.55 180 50.90




74 £

(a) NI (b) CannyLine (2015) "

(¢) LSD(2010) " (d) AL

B 10 ZEAMEIMARFAEILERIRMTENSGR
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