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Line Drawing Generation Algorithm Based on Direction Field Regularization

LI Jing-Jing' XU Jian-Lou® XIONG Jing' ZHANG Xuan-De'

Abstract Image style transfer has attracted much attention in the field of computer vision. Its research goal is to
transfer the input image into an image with a specific artistic style by computer. Line drawing as an ancient paint-
ing, it outlines the object through simple lines, with a simple, abstract style. This paper proposes a line drawing
generation algorithm based on direction field regularization, which consists of four parts: 1) Non-local means filter-
ing is used to preprocess the input image; 2) Calculate the direction field of the input image, and the Tikhonov reg-
ularization of the direction field based on the self-representation idea, in order to improve the speed of operation,
the Sherman-Morrison-Woodbury formula is used to accelerate the regularization algorithm; 3) Using a regular dir-
ection field as a guide, the pre-processed image is filtered by difference of Gaussian filter; 4) According to the non-
linear characteristics of human visual system, the perceptual thresholding algorithm is designed to process the res-
ults of the Gaussian difference of filtering and obtain binary line drawing image. The simulation results show that
the algorithm can transfer the input image into a line drawing image with smooth lines and can effectively express
the main information of the input image.
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Citation Li Jing-Jing, Xu Jian-Lou, Xiong Jing, Zhang Xuan-De. Line drawing generation algorithm based on dir-
ection field regularization. Acta Automatica Sinica, 2021, 47(3): 685—694

BERA ARG L. AR, T SE R i\ &
BT PRIE I ARG FAL S R T TSN SE 082

— LR, AT 2 A i LU, e &
R ALFEANERIE 7 AR Sl EARFATF 41

B2 I IR 1 O ORI A AN R KU A
i G P KB I RS /7, TP — B J AR iy 41

ek F#A 2019-05-20  3%A1 H 1 2019-06-27

Manuscript received May 20, 2019; accepted June 27, 2019

K AR R34 (61871260, 61603234) ¥

Supported by National Natural Science Foundation of China
(61871260, 61603234)

A TAEE FHIRY

Recommended by Associate Editor HUANG Qing-Ming

1. BRPiRHE R BT B S5 N TR A0 64 710021 2. 3]
FIRHR 2 5 S0 R VR 471023

1. School of Electronic Information and Artificial Intelligence,
Shaanxi University of Science and Technology, Xi’an 710021 2. Sc-
hool of Mathematics and Statistics, Henan University of Science
and Technology, Luoyang 471023

I AR, U RS H4 4L (Image style transfer, IST)
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KA 35 2 NI — 1 BRI B IR BR i s Hidls, 2
TR Bk 32 B B RN B N AR R SR E B A
B3 JLER (Meaningful elements), 28 f5 2T K&
(12 RIS | — KU AL B, U AL
(G e DR 0RO 2 R R A 2 3 T R
2004 4F, Santella 251 & B HR sh 4RI UE SR [3] H
R SR SR B 1 A B TR I H AR,
2008 4F, Kyprianidis 560 $& i —Fp 3% T 4544 5 1& B
TEE ) BG4 B R R A —
BR R A TR G, JF LLEE A 5K B 8 RO B T
) M) 277 I D 51 5, SEBONT BB o 38 B i
JEUE. 2009 4, Kang &80 SR F XU g o0 B D)
LIt e, JER DS I 2ok 5] 3 Ak Ak
k. 2015 4, Qian 257 &t — MR T 4 1) e
Kuwahara JE 3 FEA LA 506 B KRS AL 712,
Horp Kuwahara I RERAT-Hb 5o IR DL 8 i e 1)
B IERE DB AR L TL 2 OR 4 7 TH ) JR) PR AL

A ET7E B TG 07, RERERE T HCH
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4 A )% (Direction field regularization
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L

(a) B
(a) Helan mountain rock
painting

(b) Line drawing work “Horse”

(o) BEImZAE S CRIFITZS) (d) FFIEMER CHENEIEES )
(c) Picasso’s work “The face (d) Feng Zi-Kai's work
of peace” “Zhan-Zhan's bicycle”

B Zdim &
Fig.1 Line drawing

HF. Sobel HF. Prewitt & . Roberts H 14, H
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TET KRB, Wil 2 fros. AR 35 % FH R BAR
381, Sobel HFF1 Prewitt 5 T#8 0] LA & /KAl
TEE AT AL, {2 Sobel 571 Prewitt 5
TR O E R RIIMER. Roberts H 1 E &
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(Non-maximum suppression) >R iH gL ; 4)
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Kl 3 FE 4 23T UM A S i &5 K K
% Baboon fl Lena b AL M &R . Mk 246 I 1
AT, FIH Sobel -7 Prewitt 517 Roberts
HAR2IMiA% (HnZ%E 3(b) ~ (d) FE 4(b) ~
(d)) #AFEIR A A & WS A E L1 0 @, T
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(a) Sobel HT (b) Roberts 5T
(a) Sobel operator (b) Roberts operator
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(c) Prewitt 5T

(c) Prewitt operator
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Fig.2 Templates for several edge detection operators
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N1k, N 7 EEHIERE, SRH Sherman-Morrison-
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W 5 B, R — D ERIE— R
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(a) Baboon K& (b) Sobel HT (c) Roberts 5T

(a) Baboon gray image (b) Sobel operator (c) Roberts operator

(d) Prewitt LT (e) Canny HT (f) ACEE

(d) Prewitt operator (e) Canny operator (f) The algorithm in this
paper

3 JURHAGAS I 7 ARSI IRAE Baboon L IRCR T LL

Fig.3 Comparison of several edge detection operators and the algorithm of this paper on Baboon

(a) Lena K% (b) Sobel HF (c) Roberts T
(a) Lena gray image (b) Sobel operator (c) Roberts operator

(d) Prewitt 527 | (e) Canny H-¥ ® ﬂ:}tﬁ&‘

(d) Prewitt operator (e) Canny operator (f) The algorithm in this
paper

B4 UGS T MASCRIEAE Lena EHIECRYT H

Fig.4 Comparison of several edge detection operators and the algorithm of this paper on Lena
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Fig.5 Block diagram of line drawing generation algorithm based on direction field regularization (Note: In order to make

the regularization effect visible, the direction field is dimension-reduced and displayed only on the local area of Lena)

BERREG. WU@) TRRN
> w(i, V()
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JEQ
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— AR, RAEAUE 2 R 1. 385 B

wlivd) = ewp (-2 ®

U (i) (1)

Hor
d(i,j) = IN(@) = N()I5.a 3)
He, N(i), NG) mlERUE R, j R0, F
PN FRIBBEY || - 13 Fonmiliciit, hislsH.
NLM Sk, SR OCIE T S8 h fl 4%
W, howRE ML B d(i, §) ST RUE w(i, ) K5
WARRRE, KoK, d(i,5) X F w(i, ) BRI /N, A
TTHEWE T RE SBR[ 2, b/, SR BO6TE
FEREMIE/N. ¢ Yo 2 5B G R A4, B8
(T FE R BB ¢ (T3 K. MG RUA e 4k 1l
A O GG L SR BRI R ¢ (REL
fE#REUN. X BEE A =8, t =5.

2.2 FHEHHENL

22.1 FHEIFWITE

2t HL 1) Sobel. Roberts. Prewitt 5 — i 5 5
T HRE SR A B A 5 AR, (H BT
TWAAFEENZ M. A, REFE 4 A
J7 AR, R/ — 18R R K 45° 5 ). dE
B WL 135° J7 a3k 4 A7 i 77 1 S 4. 7 1S
HoE BARCE R, PR BB A 6 Frs.

-1 (0] 1 0 (-1 |2
2102 110 |-1
-1 (0] 1 2 (1|0
(a) KFF (b) 45°75 7
(a) Horizontal direction  (b) 45° direction
-1 |-2]|-1 =2(-1]0
010]O0 1101
1 2|1 0112

(c) EHE 5

(¢) Vertical direction

(d) 135°75 [
(d) 135° direction
6 IHHETT IR ECR H IR

Fig.6 Template for calculating directional derivatives

PL My, My, My, My 73 W3R~ E 6 B ik
SFL 450 J7 Al 3 BT ) 135° 5 ] FASEAR, T U fY
HHFBEANG =U My, d=1,2,3,4, Hth “®”
FoRBRUISH. LLGYG), i e QR U EER R 50 4.
d 771 ERTT R E, W (i) = [GH(3), G2(i), G3(i),
GA()|" MR fi T R R & 7 R R i
T BB RS, T BB AE A R 3 S AL T R
KA {g(i)|i € Q) B T BB T 3.
2.2.2  FEAK Tikhonov 1E N1k

RN BUR B AR B o] DL— e A2 B e
5 1) SO T 7S A, (H B A TIAL 3 5
TSR M AR BN, It HID A K5 1 B,
R AEL, WK 7 (a) Fion. N T IREBURY 2k
%, XHEETHFR OB, FH Tikhonov J7 2%
J7 AT IENWAL AR B, B R S0 TR EN
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(a) IEMMLHTIOTT 19137 (b) IERIAL S5 8977 17137
(a) Direction field before (b) Regularized direction
regularization field

7 JTEIE NSO (8T R A R T
R, XS T7 34T 2 b 3 LR AE Lena Joy i X8 _E 8 7R)
Fig.7
In order to make the regularization effect visible, the dir-

Directional field regularization effect map (Note:

ection field is dimension-reduced and displayed only on
the local area of Lena)

g(i), BLi At t PRI J7 488 Q, h T AR &R
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AR S R TP AR AE KB BB, g(i)
A g(j), j e tEFonr, i
(2t+1)2
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Hr, gj,5=1,2,--- (2t + 1)* Ron KA Ko GE
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(5)
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(6)
Horb 8 1 BUNEIREE L I (Fitting fidel-
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g() ZIEMMLAERF1EME g(i) = (G (i), G2 (i), G3(i),

GHi)T, M g(i) = G x w.
2.2.3  IEMCEERME

55 2.2.2 FH X 17137 ) 1E A 75 B A5
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Woodbury!™ i f 8 45 X
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34 (9) TNt (7) TS
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I, 2 ¢ BUEBORE, R (10) A7 RN 5.

= (6) AT, 4 IENZ4 A~ 0 I, Tikhonov
IEMAGIB A Ay /s 3R ik, X2 S ECE UM, A
FIEMACHER; B2 (10) AT 0L, 2 A oo B, 28
MELRRI R EA & o PRS- N EGTHE, X
{8143 Tikhonov IE AL EAT AL T B (E g IR,
SREIRTT 18137 () TG 4544 R 1T BERE ORI 77 170 37 [
ARG, XREX 7 34T — % [ AL AL 2.
EHUESEIE R, BN =25 . 7 28T 35 1E
Mk R B AT I, 2 IER AR S, 5 13
B9 IR

IEN 7 =75 | SRS EE 2R

H IR G, 8 SO R IILZ06 BK FEA AL
B ) DX DRIk, BEA B I SO RNIA %, E
o i BB B AE I K FEAE AR AL SR L, P
A7 (1 vei 3 i 5 # AT DAL B K LA (A2 A X HLik
— Y T ZE IR BOR B, DoG Y LT I Y
B KA I PR A% PR AL

2.3
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9.0 == () (2
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THEF DoG BB B R E 1, BUE Se P #
SCHR [16] FA% R L
K(r) =ga1(r) = (1 =€) - gaz(r) (13)

FHEL e = 0.001.

HAREMBAE T ERA “& Rk e, KE
(B3 W 7E 510 L B 7 ) BARGOK, TAE ik 5t
SPATHITT A AN AR SR T IR g (i) =
[G1(4), G2(i),G3 (), GA()]", X AN BN HERT
PG AE KT 450 L 3 H.L 135° J7 MBI RK FE AR 4k, G
8 (a)Fin. TEE 8 (b) W, g(i) I 4 D& 4
S B K T AE (1) 77 18 R A2 A B K ) 7 1A), e M
max(g(d)) , TATHHE AL i K IR T7 )k T4k 2 R
VE—4E v i 22 70 DB, T B AR SE I f b, 75 B0
DoG JEB % R B AT B L. L3R DoG IR AE&F
MEEIIFERH T FRE §(i),i € Q R UE
W5, B AR A IR M 5] 3
DoG JE¥# (Regularized direction field guided dog
filter, RDF-DoG)”. JEJ {45 HicE

B(i) = DoG(§(i),U), i€ (14)

8 (¢) 1B T RDF-DoG #1155 %, M
HronT DL R 4 S R R e R GO B AE )
L.

G'(i) G°() G*() DoG ¥ max(2(i))

7 (i)

~ i~ =3 T
(b) WAL ER R T [ % T Ab 2
FEAE 51 /) DoG JEi
(b) DoG filtering to guide
the preprocessed image
along the direction of
maximum change

i VEES L
(@) B & & i TR EE

(a) Direction vector at
pixel point i

(c) RDF-DoG JEJ 25 1 &
(c) RDF-DoG filtering
resultgraph

K8 RDF-DoG e #RIEREE
Fig.8 RDF-DoG filtering operation diagram

2.4 RHSE

FALF AR, 5+ RDF-DoG 3% 1) 45 SR 1t
AT BB AL BE gl T DA 2) 3 38 R R A 4, X AR
A N R BE 2 G 1) AE 2 PR RS ROR T R B
RDF-DoG I8 45 R L& KA, & T
HWE (MR, ZOWARE), 111 HVS BEEIRA4
JET EE (OLBRE, BN, k9 Fras. AR
JAER, NSEPTA R R G, G4 R L0 R
G M RS R R G W R, ER AR R
gt AW AT RO B S TR A N SRR AR Gt
FIEREEAT T T2 B FL. —BoA R AR 1
KARGHRA QLN RO PRS2 G £ 7
WREEN B, R ERIRE (FALE) 5 NI
CRRRRE” (EME) Z IR R, NMEERIKREEARR
NI IS ;R E R I B — e R R, A
THIGA B ESE; LRI, B8 SR BE AN, N\ = vt
PR BRI (E 2 #h i FEIE B — 5 B, g vk
B, NA A ER R (B EA YR,
HVS W IR FEAE AR A RN B A B, R A4
B FEARACIE B — ERE LY, 4 RER HVS IR
B, MO, B ORI OK, HVS 02 138
WBE 23K, (R B WAL B — 2 B, HVS /&
R PR A A B AN 2 LA A 0 i P S 4 .

RDF-DoG ft AN B AR 1L
S 1AL FHE

E<SUh=% IVSEE
YR N2

I H(B()), iEQ

9 HVS X T KA B e
Fig.9 HVS perception process of grayscale changes

N R G B B AL MR 5 S b JX
HNE FR A AR AR LA G, IR PR R AR K
AL TR TR R 3 ER X 1 BT R BOR B 2
WK FE A4k (B(i),i € Q) 5 HVS BH1 2 1484k 2
[ 20 &, BT

H(z) =tanh(z)+1= i

R
K10 F&oR 1 H (z) BIEZS, R H («) ATREE W
RIS EE.
N T A EE X R G%, RENERE
(HVS EAZIA240) BEAT BIEALEE, KA T
Y R PR K

+1  (15)

0, # H(B(i) <t
threshold(B(i)) = , 1€Q
L &0
(16)
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TR A B B R 2 [ 58 R
The relationship between objective grayscale
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