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The objective of this dissertation is to propose the,novel of frameworks in order to
improve the quality of facial image reconstruction which providing the High-Resolution (HR)
from the Low-Resolution (LR) image. The contents contain-the newest technique, called Adaptive
locally linear embedding (ALLE), referred to a modified version of LLE was proposed to apply
with frontal view face hallucination; it uses a-threshold of similarity for selecting the neighbors of
each point. However, frontal face is barely-captured in the real world: Therefore, this dissertation
proposes a novel ALLE for multiview face hallucination. The main objective is to generate high
quality of frontal and non-frontal-face)images. The processing steps, according to the proposed
method are operated as-follows;\first, LR face in one‘of front, up, down, left or right views is fed
as an input; then, the other views of such an LR image are generated by ALLE, which applies a
threshold of similarity for selecting the neighbors/of each point; and HR face images in all views

of the same input-object are achieved afterwards.

The experimental results show that the proposed method yields the better image quality

of the reconstructed frontal and.non-frontal face images over the baseline methods.
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p(0,1) p(L.1)

p(0,0) . p(1,0)

p(x.,y)
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H ] 9 $ ) 1
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p(xy) =2 Faxy’ @.1)

LY = Q‘{ = g’/ 1 o 9 [ dy
910 (2.1) Maulseans ¢a. ) INIKuA 16 alagauisamuia ldain 16 aunisaall

1]

#(0,0)= p(0,0) = a, 2.2)
fL,0) = p(L,0) = a, +a,, + a,, + aj, 2.3)
£(0,1)= p(0,1) = ay, +a,, +a, + a, 2.4)

f(1L1)=p(L1)= i _z:aij 2.5)

f,(0,0)=p,(0,0)=a, 2.6)

f.(1L0)=p,(1,0)=a,+2a, +3a, (2.7)



f.(0,1)=p,(01)=a,+a,+a,+a, (2.8)
3 3
f(L1)=p,(L1)=> > ai (2.9)
i=1 j=1
f,(0,0)=p,(0,0)=a, (2.10)
f,(1,0)=p,(L0)=a, +a,+a, +a, (2.11)
f, (0,1)= P, (0,1)=ag +2a,, +3a, (2.12)
3 3
f, (1) 5 pp(11) =YY a,j (2.13)
i=1 j=1
f,(0,0)=p, (0,0)="a (2.14)
fy, (1,0) = p, (1,0) =, + 2a,, +3a,, (2.15)
f,(0,1)=p,0,1)=a, +2a, +3a, (2.16)
3 3
fi (L1) = p, (11) =Y aij (2.17)
i=1 j=1

p, (X, y)=> Y aixy’ (2.18)
p,(xy)= > axjy’" (2.19)
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0 0 0 0 0 0 O 0 o (@1
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0 0 o 0 0 01t (10)
-9 9 1
3 f, 0.1
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0 o,
0,0
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-4 1_ ny(O’l)
C. gy

311 2.3 Megenmluniinad191aedF Bicubic Interpolation



11

2.1.2 Reconstruction Based

I ax 9y A = Y = [ [ Y
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2.1.3 Learning Based Super-Resolution Method

3 ax g ¥ < = °o o A Y A
Fudsmsn s mdndunnuaziBeadmsuiurasmmieadanunANY
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azideag Fan i la i uudesegluniwyaifieani (S. Baker, T. Kanada, 2000; CeLui and

others, 2001; S. Baker, T. Kanada, 2002; Wang, 2005)
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2.1.2.1 A Two-Step Approach
g ax I o A Y A =
TUABUIT Two-Step (UM IHAUUNOMIATNAUNINANNALIDIAGA
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= (3 1 o =
AnANY0955 1Y 910N INAI0819T 1 IUN S
) = 4 9 ° = v
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Tag | M09 MNANNAZIBEATY h HU1BDL N THANIWAZIDAM
I AUIUINFUMNMS
1. 851 st
I(a,b)=+ h(sa+i,sb+) (2.22)
S i=0"j=0
° 3
Tag s MUY TIUIAY

= an 1R s a 2
n UV ﬂﬂﬁhluwxiﬂﬁgﬁ\iﬂ‘ﬂlﬂﬂﬂlucluﬂ']w

Tasmviuaou lu
h ﬁ@ n,=d
| ﬁ’a m -d

I'4
n A8 m-d NN (m'=n/s?)

@

A a 9 X
aunIsn 2.4) sl Taaadl

| =Dh+n (2.23)

A9 | AIUNUAYDI MAP A1U0d h Miizigaannsnntla lae A1gegaued

armezilun P (h/1)

h =argmax P (I/h)P(h) (2.24)



Down-Sampling Model
h=h®+h'
mwlunih

h® Ao 7N 1AB3IU (Global Image)

| A A A AA Voo '
h A9 .ﬂ'IWﬂlﬂaﬂﬂﬂﬂ’liq%ﬁﬂﬂﬂ’lﬁnﬂﬂ’lwfJfJfJ

13

(2.25)



14
2.2 Patch Based
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1 [ [ [ <3 9 1 axy o 1
udeya tavsiuwulzuaazuruiaenwdunmluvin uanmsIsmsiukulzaeny
9

1 ] [ g’; = Y o 4
Huszinadaridsosnosenataunude a9UuII193501591 Overlap  Patch  tounteii
fanan

g

Sl ¢1)/ /;'ﬂ s :—1\/

¥ (i-L7) / (H)/ / Ko li-1.7)

NG / ', .
[z %/ /-

Yili-1j+1)

% (i-1 1)

-

Smoothed & Downsampled

. - —— ——-—-—_-
—h——

la—— ——

gﬂ‘ﬁ 2.6 ﬂW\Iﬂ’NllﬁiJWu‘ﬁi“"H’N\1ﬂTINﬂ’ﬂlla°’LE]U@]ﬁﬂlm“’ﬂ11ﬁlﬂ’ﬂllﬁ°’m€lﬂﬁ1
Taelddumia G, j)

ihE Xiang Ma and others, 2010 : 2226
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317 2.7 mwlunii Patch Matrix

Y

N

1 o I ..
ngili 2.3 dmuaa v dhuuy RachMatrix {¥° (i, j)!
p=1
Tag N 11099 $142UV09 Patch Tunw v
= P . . =3 . ° ] A " W )
1ngUN 2.4 Y°(i, j) vHWDEPateh Matrix TAgdWHHIUBY Row NAUMIAY |
AUWHUIVOI Column UAWMINY

A @ 3 A a = ' v
913UN 2.5 anyazved Patchazumviagulvwaaminy nxn YIANTN

U

a A g = o . . A [
nsanRlunINAMaZIREAG (Low-Resolution’ Image) Patch Matrix NAUNINUY
N N3 o { o 1 4 9 [ @
V(D)) Tas @ n Aty Patch dyumisi v (i, ) szdouivuiadauny
p=1
unuily Tasliving A% [(n=1)/2]
A g = B . . o g A4 A A
nsdlitiananuazdeagd Y, (i, j) anyuved Patch wilumnrasuiivinag
1IN gn x givgAmN azFouiTDALd AUz TaoTiaua (gn)x [a(n-1)/2]
R o 1 o 1 { o U 1Y) ]
Tag'dr n Tanilugataug Patch dwmiiad v (i, j) ssdouivinsdiuduuniuily
< 1 [
Tasfiving nx(n/2)y BuihnmanuaziBeage v7 (i, j) seliivnaniny gnxan
9 o [ o 1 =~ A
00N sedounuunauiuuruly Tasliuine (an)x(an/2) mﬂgﬂ‘w 2.6
o ] o 1 @ { g °
A10819 MUUAYUIAVDI Patch 1NN 25x25 9ANTN nIANTuNINANNAZDYAG
AINTOMUIMMIFOUNVV NI ULHUE (Overlap patch) 1INAUMS N x [(n-1)/2] 9
= T @ ] ~ 9 9 1 = ~
AWMy 25x[(25-1)2] Taguunaveanuls AdouiuuNdIuazliuua 25x12 3010 N3l
I = o Y 1w o
Wuamanvazdeags Mruali g MIAY 4 NTIAUIUNTUNT (gn) x [a(n-1)/2]
& = T W 1 d' 9 [ 1 =
FIPAUNINDY (4x25)x[4x(25-1)/2] Taguu1avoauH U NFDUN VU TIUILHUUIA 100x48

NN
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2.3 Linear Combination

. . . I A o
Linear Combination 11u33msadnaunimanuazideageninmsiuiininaiy
= o = A 9 A g ] 9 9 A as dy ]
azReamn R Tagnazlenminueglugiudoyamaineaunin Jwmstzminz auny
o [ 9 Y a1 A 9 [ [} Qy A
MsaunuMwlurduns iy swluvinvsusiegiauiuanuaaieny ¥y a2 110 3o
& 1 ~ a vy & 9 da Yy o 3 A A ~ v
a1 uau uamsnseeinnluninaminnuanuadienuiluizoge1n (Hed1nNAUAAEY
[ 1 [ Y] ] Qy = 9y [ Qy A 2 o J 9 =
Tuuaazaru TumIAy 1951 A291992UANUAMEAUAIVOIAUDIY 5 AUFIFAAIUANUAAIBI
1 1% ~ =~ Y ~ = 9 ~ =\
ANUUANANNY AUTN 1 D199LUANNAAY 10% AUTN 2 D1TVZUANNAAY 20% AUTN 3 D199
Y A ~ Y A a Y = o
ANUADTY 25% AUN 4 BIVILUANUARY 30% LAY AHN 5 019ILUANNAAY 15% FI9L 1IN
I Qy [ @ 1 A < 1
adradlunmnain v wie d10819 A5nsamaluwraudie wieldsunsunldluns
<3 < ~ 1 1 7 ~ 9) 1
ainannnazinisuenaiIuagvedluvintaisulseumeundiuadie @y ayn 1in A

A I v Y =2 o 1 ' A 9 Yy & '
HIo AN L“]J‘HGIL! ua:muumazmu‘nuﬂamsﬂawmmmﬂumMmJ

VBE B

IR

IR
3
|,

IR

B

3 19 2.11 Linear Combination for Multiview Face

< v ¢ o ¥ ] ™
anlunrhezuaauiuneduinnaeivesuIuganmnue Iuegiunu
o [ o @ a
ameaaanuedInsedin Taggllunihaunsoduasizd laeldmsswnunuusaduves
1 Y
sl lunmsindulinuszuu amluwrhluyguuesaeg ssaunsaadeiulnilaeldms

swnuuuuFaduvesnmluwiou q TuyuueuRerny mindauns

I, =W_L (2.26)
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Ty
A Y = o A
1, Ao mwlunihanwaziBeadiiyuued p
W, o AAud A uedgan INveINNes p
L. feo amdlslumsdnduldszuunyuues p

p

) A ° v
mwﬁluwuﬂuwmmauq ﬁﬁJﬁﬂﬂ'lu’)ﬂ!llﬂmﬂﬁiJﬂﬁ
I, ~W L (2.27)

Tag
" 9 o 23 A
1, Ao mulunianuazBoamnylyeous

L, o mmiilFlumstinduldseyuiiytesdun
2.4 Locally Linear Embedding (LLLE)

Locally Lifiear Embedding (LLE) ( S{T. Roweis and L. K. Saul, 2000) 35mM35aaiauuy

[ Y ax dyd a dy [ dy
"lummu Tﬂﬂ’)‘ﬁﬂﬁﬂi]ﬂ’)ﬁJﬂﬂWl!jﬁTuﬂ\‘]u

i
I=

1 Fjaui’é’ﬂymz@uﬁumamwwmﬁﬁmmﬁuﬁuﬁ Tﬂﬂﬁﬁ'ay,amwwﬁ (Local Data)

2) ﬁ’ea&amwwﬁ (Lood] Da)dlanvaziihuFudunse msre uduale (Patch) 7'l
FuFadunsa (Nonlinear) e Tt} L T IS IATREATRAY, (Plane) Lﬁaﬁmmmﬁﬂ

3) Foyana TINGTobal Data) liihu@aduass marzifluzi I8 (Curve)

= o v o 1 ] a
4) YoyavzlinnuduiusnundnizeganazSgi (Space)
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o
5 b (@) sSelect neighbors
o] O--ee .
o ° o h
9 Xio °
°
o]
Oo s (o] o
4 o o
-~
\ @
Reconstruct with
linear weights

-
.=
-t
......

®

Map to embedded coordinates

p| U 242 Locally Linear Embedding (LLE)

7131: Sam1. T. Roweis and Lawrénce'K. Saul, 2000:2324

2.4.1 YUNBUVSIITMT Locally'Linear Embedding (LLE)

24.1.1 MuIUN13282 i InaNgA1n9a Data Point (x) Deganaula (x) Taw

1935113 Euclidean Distance
CY o dad . , d
2.4.1.2 AABMIANNMIIN (Weight) NANGAVDALAAE Data Point 91n3AN AU 1D

A A o q ¥ Ay A
on W, amly £ anaums (2.28) UMUBINYA

2

N N
=Y T WWw,C, (2.28)

j=1

9
Tag N ﬁi’) NUIUAIDYNNINUA
A v A (3 1 ~ ] 9 A
N Ao L%@]m@ﬂﬂ%um@ﬂﬁﬁﬂﬂ]ﬂ%@chﬂai]‘ﬂ‘l/lﬁu%]
A
fl

K fio Siwudregnieglndgananlak = [xPlas K < N
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Muaaauulslsiusiuanaums

C. :(xi—xj)~(xi—xk) (2.29)

jk

A A 1 g Y (3 1 A 1 Y A =W 1w 3’;
IﬂﬂlINE]‘L!VI,‘Uﬂ@ wasammmumuﬂmmm:Jafmmgina@mﬁu%%mmmmu 1 4DNAINUU

v 3 @ (J A A g
ATHINTUNUDIAIDYND U Ay 0

>w, =1 (2.30)

jen
Uag

Wi=0, j¢ N (2.31)

. 1 g v 9 -
Taens Normalize A1 Hinalg: O = > C.l naangs

N
jk
J:

j=1 k=1

-1
Z C jk

W, (2.32)

Q

o 1 J A o Y a .
hmanunsalsausiundiuia Idnldunssuu¥adu (Solve Linear System) 91nauNT

CW =1 (2.33)
MUIUMIAT W INTUMNT

w=Cc'1 (2.34)
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2.4.1.3 Ut Low Dimensional Vector Nangalumsasiesduninan
! %’ Y { o { . a
anhmiin w, idman sy subspace y Tae y, fie 9afiaule (Data Point) TuBnf5ga

(Space)

2

(2.35)

K
g=>
i=1

N
Yi— 2 Wy
j=1

€

)
=
=).
) I8
e
@
Lo

2.5 118 NNY

@ dy Y as = Yo a 9 [ 1 1 A
‘]ji]i] U ﬂﬁ’(’]\ﬂﬂi@?\?ﬂiﬂﬂ ]1@15‘]_1ﬂ'J'llluEJllGl"]NTLlﬂuﬂEJNLLW?JWEHEJGI,H’HQWJETEHUVI
! 9 Y o IFGTA Ao o = 9
HUH TUINTT 31U LLASAT1UIDATH ﬂﬁ?hﬂﬁ@ﬂﬂﬂlﬂﬂﬁﬁﬂﬁ?ﬂi‘gh?ﬂ ﬁ?ﬂﬁ%t@ﬂﬂﬂlﬂﬁﬂWWiUﬁHW
Ay Yo Y ax a o o o No o ! =~ Y Y
Vlulﬂ'i‘ﬂﬁ]"lﬂﬂﬁ@\nﬂT@ HANNTAYFANITUNITIEYAIYAND Lm“luwmfmsm ﬂ"l“l/‘l‘l/]llﬂflﬂﬂ nas
A ' Y A A Y oo o q Y Y !
N%sﬂﬂ"lwmmsaszu"lﬂ IHUBIIN mmazgaﬂﬂmmmwﬂlm«mm m11w1uwu1unmumm
% [ cg:J/ d’ Y Y Y d‘d = d’ A [ % 9 [
AIMUANTA AU U LWﬂalﬁhlﬂﬂlUﬁu"lﬂﬂJﬁTﬂﬁzlﬂﬂﬂ 5 AR PRINARIRE] izumﬁu”lﬂ Iﬂﬂ’ﬂ?ﬁﬂﬂTW
ANNazBead (LR) weeniu g 14 unsgdwatinmanuazideage (HR) Tasld
MANANITEAI “Fate Hallubination” 1130 “Eéce Super-Resolution” (X.G. Wang and X.0. Tang,
A o 1 Pl Yqg A Ao o ' ! 7 '
2005) IﬂEJWIﬂ‘LlﬂﬂQﬂﬁ?ﬁhlﬂuiﬂﬂsb'cll‘lli@\iﬂﬁiﬂﬂg U DTN TINNINDITUNNY DITDIYNTN
~ 9 & % Lg [ g 1 Aax
ATUNYY TUUNADIINDT Llﬁ$fnﬁﬂuw“ﬂ’JHJﬂ)’WUUﬂJ’ENﬂ”IWTJi%’N]ﬁ”IﬁﬂiLﬂ1 I5N13 Super-
. < a Y A = = A o
Resolution LﬂumﬂuﬂiuﬂTiﬁiNﬂuﬂW‘Wﬂ’NﬂJﬁgl’t’)ﬂﬂq\i( HR) AWAYINIDIIUIUNAININ

NAMNANNAIDIAM (LR) iadg5pn 1w 307 INANVAZIDIAM (LR) MWiAg7

a v 2 . . I~ o ax
UMM ISUPEr-Resolution Reconstruction ( SRR ) lasiimsiinaue 2 35 fe
1.35M5 Reconstruction Based 2.95115 Learning Based 35015150110 1MANAZI08AA1 ( LR)
o = & @ =~ ] o Y A 9 A =
NUIUNAIE N NEIUMNIagReIN WY MW T e A3 1IAUMNANYALIDEAFY (HR)
A a I an =
Tuvagi M3 Leamning Based vzidudsmsadwaunmainmsonivesszuy Taold
° 9 R - Y an . A P
TIUIUVDIVDYAAIDEIIUND AT 1AUNIN UDAVDITTAT Learning Based 1D MIATNINYAAD
~ o X g a Aa ' ..

NNNNANVALBIARININALY Fuilunatinfisend1 “Face Hallucination” (Elad, M. and A.
Feuer, 1999; S. Baker and T. Kanade, 2000;2003; Y. Hu and others, 2011; Gao, G. and J. Yang, 2014)

Y ) o Y v Y Jd o an A A 9 o Aav 9 dy
vilud s ums lsnuamluninveauy s T1ULazITNMINNGIVINDNUITINIIAIU

Yo dy Y Aa a A A = v Aax 4'
"lmummau%umw waz IMramsnaaosniuseansnn WBMNMIUNUIBTNITOUS
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= v Aaw . Y as 9 A = Y
Tuil 2009 11398 Xiang Ma laiaueiinisadisauninanuazidoags lagld

AU UUDLHUE (Position Patch)(X. Ma and others, 2009; 2010) tioUSU1l59nan 1m0

= Awv A o an d’l X 9 A Y = R

Hauaseiniie snst Il ldlumsadeauamlunihanuazideage (K. Jia, S. G. Gong,

2008; Zhuang, Y. and others, 2007; Wei, L. and others, 2005; Park Sung Won and M. Savvides, 2007;
Y

Fan Wei and Yeung Dit-Yan, 2005; 2007) Taglunszuiumslumsarasdunamlumiiniu ada

9 a Y] ~ ° ~ A ¥

VINYATOYANINANNAZIDIAY HAZYATOYANTNANUAZIDEAM NINAUAZIBEATY N 1A

A A @ 1 9 49{ o [ =} % ] 1 ~ Y

ABNEUD AINE QNEATIVUDINAIMHUAABINUVBILHUYE (Patch) Vosazn W 1 1un1s

Aneluldszuy

HA9INNITNARDILAAITIAAUMNYBIRIT A AN N TR eAd1IT 0381 18uA
Cubic B-spline Wangs Eigen-transformation method (X.G. Wang and X.0. Tang, 2005), Changs
Neighbor Embedding (H. Chang and ‘others, '2004) ttaig Zhuangs (Leeality Preserving method
(Zhuang, Y. and others, 2007) uag Iy 1398 Tae 1atiaInity bilateral patches (Zhou and
others, 2012) 1115 114911433% 11az K néarest neighbors (KNN) lanannynldluns luanniselu

v YA Y 9
AU MITTRAUMNIVHINAY (Yu, H. and others, 20141)

113) 2010 Xiang Ma lateruedsms lunisds eaunwlunrivateyuues (X. Ma and
others, 2010) Taglaeuniavoatnule (X Ma and others, 2009; 2010) 33U VITAT Locally

1 Y '
Linear Embedding, (LLE) #3133 m3sigsiuanlumsadwaunimlunih dufio madiua
?,’ o A A =< AaloA o ) 2 g v v [ o Yo
minfimnzauige 39 lumalgiamvivdoyarsahminainanazimua laglgimou

v
=

~ ~ Y v ) @ n v o A FY ~ [
asnvosgan Inanuyanauladwsinnge T ldmszdnuvesganlndnuganaulluuaas

q a

L} 1 % d’
ﬂu"lmmmmu’au 9
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Y
Tuyntihaue sautinauidse Taenszuiumslumsiise Useneuale aiu
v 9 A A = P 9 9 ' = v ¥ A

usniate 0 3.1 9zeu1ene myadngmdoyamwluniueeaune diui 2 iadeh 3.2 vz
EUONTZUINMS IUATINIT (Research Methodologd) daui 3 ¥i00h 3.3 azeTuiend I3m3
[ 4 v
Ninauelun13vi1I9e (Adaptive Locally Lincar Embedding) U9 4 54Rgaunoun131i1a1g
Py Y S o . . v I v Y A
Fruannluninnivaleyuned (Multiview FaceHallucination) 11379007 34 uazyivon 3.5

a5 U0DIBMIUTZHIUAMNINYOIAIN AT
Y Y Y
3.1 myad g deyamwlynthvosnuIng

Y 9 Y R g o P o A qu
ﬂﬁﬁﬁNjTuﬂJ@lJuaﬂWWiUWM"I“NLﬂHﬂ”IWigﬂ‘]JWH Glmgmmmmﬂmmu LWE]KIGH
LNEJLLWS'GL‘L!QTL!L’}\SJEJVIN%Gmﬂ”liizﬁl‘uunl”ﬂﬂa lligfllﬂl ﬂTW‘Vi‘LT”IG]N mwﬁ’wf;’w mwﬁ’umm NN
Y Y 9 = 1 ! Y =2 Y Y
DUHUT LS HIWNYHRUN Tﬂﬂmzﬂzmaizmwmamm%ﬁm 0.8 A3 izﬂzmmqwamam

11195 lagudasnnogioermnna1eni22.5 89 (W. Gao and others, 2008:150)
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Uy I 9 ' = 9 1
mw*n”lﬂ%zrﬂumwﬁl‘uwuwemu"hnﬂiﬂﬂtlﬁazﬂuﬂwmwwumNﬂlmguummﬂG] 59N

Y ' 1 1
mWﬂuwﬁ}ﬂmngmmm 5 ﬂ']WLLazﬂ']WNfJﬂﬁ}fluHN1]@\1@1\1“] 59N IﬂﬂllﬁﬁgﬂWW%gﬁﬂlu"Iﬂ

360x480 ANTN

% ]

311 3.3 dapgrgnmlunih luyuueaaien
3.2 ASTUIUMSIUNISIN IV (Research Methodology)

3.2.1 Yayamninldluanide

Y
aAav A

~q U I 9
3.2.1.1 ﬂTW‘ﬂ[lGD'GluQ114’3%EJ‘LJL’IJuﬂiWﬁﬂﬂjWﬂﬂl@yjﬁﬂ1WMWﬁ§§1u (The CAS-

PEAL-R1) (W. Gao and others, 2008) Tagaziflunimszaumiiuua 360 x 480 30w Fanni

3 { {1 @ o 1
TFazidunmlunthvesauniiyuuesiannueenly $1uau 5 o laun smmihase am
v 9 Y Y

Yy Y
U NNV UV ﬂ"I‘ngllﬁJWl!"l HAY NWNINUT TUIUNIAU 1,011 Ay
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AMNHINATA
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MNHUUIN
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ANENIN
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2

311 3.4 dregenmeINg udeYa The CAS-PEAL-RI 4110 360 x 480 AN

ad Y lﬁ‘d 2 lﬁ‘d 2 o' Vv
3.2.217% ﬂ1§11!fnitﬁNﬂ1WTINf"I'J13»1QZ!E)EIGIgﬂi]1ﬂﬂ1‘w7|3~lﬂ?l13~lﬂ$!®£lﬂﬂ1 Taal¥nn

Tuvivh viane yaaes g IHFoYAMNINASFIY

NFOUILININAA (Conceptual Framework) Mya3 19U maINaziBeagenivaty

H 9 9
Yuuod 103UN 1.1 ensaeiieruasumsmauauinsssuesnu Taasi
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3.2.2.1 ATLUIUMIABUHI (Preprocessing)

@ o ' Y . A [ Yo '
1) M5IAINAMLHUIVDININ T (Face alignment) oz 1ha g

Y
A A o

yoanmlumihmanmiigdunvimunzanlumsdszuianase i Tagluanideiidimua
o ] g‘/ o ] 9 Y = o o 9 A A o ]
A uana 3 dumuaveannluri veglunuifednulagmaieie (Manual) A AU
NANAIENY duriana1e 919991 taz @miiana191n (X. a. Q. L. Ma and others, 2012)
d flD 520z N NTZHINAWNIINANANMIVDIAT G AZ AT 1971
0 D PANINANYOITLIZHNTTHINA WU HINANAWAVDINT G BLAZ
9
MUV1UN
L A9 520z HNIINYANNE NUBITLUEH 9 TEHINAWMIINE19A19A 109
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< a g (o Y
a, b uaz ¢ 1w imesydsrvinanmluwih
5282910 O 11mad g @39u) muaagauuveaus nanihauls

o w <
RFUS R B IREAT Lo RIS AT ad, BL ttag CL

bL

A @ o ' 9
5UN 3.5 fnﬁﬂﬂ??ﬁ@]ulﬂuﬁﬂl@ﬁﬂ?WiﬂWﬂT
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@ Y
2) ﬂm’WGlﬂmﬁ%mwiuwmmuﬂwﬂamﬁu% HAZAAVUIAAN

9, 1
azBeaupIMN IR LA UNINY DEnR

gﬂ‘ﬁ 3.8 fregannlunThiirunTT LN IHANN



29

3.2.3 TUABUMITINAUMNANNAIDEAM (Synthesizing Other View)

o 9 Y Aa A a
3.2.3.1 u']l"lnﬂﬂlw‘IU‘ViuTV”JﬁaWﬂlJ3131@\‘]1/]1]?]311]'(33&@8@%“1@ 128x96

0NN

H R n=1..-N

v=1...V

3.2.3.2 USuaavuannuazideavesn mliin Ny 32x24 9an N

LR n=1...N

v=1...\/

ANTUNIT

LR! = DHR! (3.1)

ol 9 Y o
3.2.33 ‘Ll'llell'lﬂ'lWGl“UVi‘L!'lﬂ'J']iJﬁm%fJ@Wl'l 1 HUUB Lp
o v 3 7 9 { o 9
32 8 4muamaiivinvesnan (lude 3.2.3.3) ﬁumnwp

Y A = ° 1 1
3.2.3:5 ﬁi']Qﬂuﬂ']Wﬂ'J'lﬁJagﬁl’ﬂﬂﬂ@']clu%!NN@\?G]'NG] VUHUN |V:1___V

INTUNIT

I, =W LR/ (3.2)

3.24 ﬁi'fumumm%ﬁaﬁumwmma:gﬁﬂﬂga (Hallucinating Multiview High
Resolution Images)

' ao’ LY J
3241 mmmmmumuﬂﬁummwsluyumwmﬁ W AMNNINAITY

v=1.-.V

azoai luyunoane 1,

3.2.4.2 A5 9AUNMNANNAZIDEAFIVOINNT YUVBININATNUUL 1 RO

H NTUNIT
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| =W HR! (3.3)
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n=1.-N Gl d tﬂ'd o =S 1 [
HR Ao nlumihniivaeyuueshiinnuaziBeaminy 128 x 96 3NN

v=1...V
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= 1

Y
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W, ., A9 Anhminveamnluyuneddn
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= | =y
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A (J 1 = ° J A 9 g
5UN 3.12 AIDYWNINANUASIDYAGNYNUDIANINTIT NV
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4.2 NSTVIUMINOUHIN (Preprocessing)
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4.3 #aN13INAN9 (Experimental Results)

Y

Tumsaiveil i 1ddeyanmluminingudoyaniasgiu CAS-PEAL-R1 Tagnsqgu
A Y o ) ) Any v X \
@onmlunihsau 1,011 au sazgrudeyanmlunihvesnuInei laad sy Tasmsqu

Y 9 Y

@onmWIUNINNIAY 5,100 MW NPT IUIUAUNINNA 1,020 AL TABUAIZANILTAINAYAY 5

9 ! 9 kY 9 9 Y 9 9 Yy 9
yuwedldun mwnihase amauyi mwseni mwluwihaudgie wazmnluwihaiuen
v Y Y
FIMNUAAEMWRIUNTZUINATIANIA UV INIUNT Face Alignment MaduW 3

) v

AUMUIAD HMHUINANAFY HUNUINANAIVN LA Haruananln amiuining
[ o Y =} A I
HIUATZUIUNINIAANN (Crop) THUANNAZIDYAUMIA 128x96 JAMNIINGUN 4.5 1T un N

9 ~ < ] 9
1IN 1Ud0Ya CAS-PEAL-RI aza1ngli 46 1ihuamiingudeyaninluniivesnulne

= ° A ~ 3

Hag PINANNAZIDEAMIVIIA 32x24 AN MINIUN 4.7 uazanglng. s idlunwaingiu

Y Y
Foyanmlunihvosauing
4.3.1 mﬁmgéﬁmamw“lm»i% (Face Hallucination)
43711 msggsuaninlunihiangudoyanin CAS-PEAL-R1
9 ) o 9 9

MIinaasdlagleniielngiudoyanin CAS-PEAL-RI Wi lumnii
= I = ° =\ v A YA

yuwodlayuuosniasuilunwanazioam Taslivuia 32x24 900 W HAANTN 1AAD N3

9 A Y Aa = = o = 2 d
?f'iNﬂ‘Llﬂ”I‘INcl‘}J‘Vi‘Ll”I‘VIMﬂﬁWﬁJﬁzLﬂﬂﬂgﬂﬂlﬂﬁguuﬂﬁmfJ’Jﬂ‘L!TﬂEJlIGIJ‘LHﬂ 128x96 ANIN NI

NMNNVIBNANANNAZIDEAGR 4 191



47
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M15199 4.5 MILEaIa PSNR UM a3 9aunmaiiazidenge (K=100, 0 =0.1)

View Xiang Maset al Proposed
Frontal view 32.49 32.89
Up view 26.98 29.94
Down view 26.59 26.80
Leftview 31.13 32.47
Right view 28.40 30.19

A15199 4.6 MTLEAIAT PSNR Tumsadsaunimanuazideag (K=200, 0 =0.2)

View Xiang Ma ,et al Proposed
Frontal view 30.04 31.30
Up view 33.64 34.18
Down view 28.74 28.88
Left view 32.92 34.68
Right view 31.36 31.75




M15199 4.7 M31uEaIa1 PSNR Tumsadeaunimanuazideage (K=200, ¢ =0.2)

84

View Xiang Ma ,et al Proposed
Frontal view 29.61 32.93
Up view 28.34 30.75
Down view 33.20 34.17
Left view 34.61 34.68
Right view 32.70 34.47

M15199 4.8 M3LEaIA1 PSNR lumsaduaunmainiagzidongs (K=200, 6 =0.2)

View Xiang Ma et'al Proposed
Frontal view 31.67 32.39
Up view 30:55 31.84
Down view 28.19 30.82
Left view 33.44 34.29
Right view 32.28 32.30

M15199 4.9 M51adasdl PSNR lumsadisfunimanuazideage (K=200, 6 =0.2)

View Xiang Ma ,et al Proposed
Frontal view 26.98 28.76
Up view 30.54 30.56
Down view 26.23 26.24
Left view 28.56 31.46
Right view 33.12 33.75
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M135199 4.10 M5 10EaA1 PSNR Tumsadefunimariuazideage (K=100, 6 = 0.1)

View Xiang Maset al Proposed
Frontal view 33.31 33.57
Up view 3116 31.29
Down view 26.85 26.92
Leftview 29.88 29.90.
Right view 32.02 32.32

M9 4.11 M3 1ueaan PSNR Tumsadrsnunmanuazideags (K=100, ¢ =0.1)

View Xiang Ma ,et al Proposed
Frontal view 28.32 29.30
Up view 32.62 33.82
Down view 28.18 30.09
Left view 27.53 28.03
Right view 28.99 29.47




M15199 4.12 M5 1udasa PSNR lumsadesaunimanuazideage (K=200, ¢ =0.2)
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View Xiang Ma ,et al Proposed
Frontal view 28.82 33.54
Up view 30.47 32.03
Down view 34.12 35.54
Left view 28.53 28.99
Right view 30.48 31.00

M15199 4.13 M5 1udaaa PSNR lumsadesaunimpntiazideage (K=100, 6 =0.1)

View Xiang Ma ,et al Proposed
Frontal view 28.06 30.61
Up view 27.42 30.14
Down view 28.17 28.20
Left view 33.66 34.41
Right view, 29.98 30.67

M99 4.14 M3 RLaaa PSNR Tumsddasaunmanuazideags (K=200, 0=0.2)

View Xiang Ma ,et al Proposed
Frontal view 28.63 29.31
Up view 29.64. 29.99
Down view 28.68 29.26
Left view 26.73 26.76
Right view 34.64 35.17
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face hallucination which is the recorstruction of a high-
resolution face image from a single low-resolution image.
In our method. we used a threshold of similarity for se-
lecting the neighbors of each point. The optimal weights
of ALLE were estimated the relationship between these
patches. Then, the hallucinated patches were reconstructed
based on the optimal weights to form a final high resolution
face image. The result from our proposed method showed
the image quality for reconstruction of the high-resolution
face image better than the other methods.

Our paper is organized as follows: First, the description of
locally linear embedding (LLE) concept is shown in section
2. Next, our Adaptive Locally Linear Embedding (ALLE) is
proposed in section 3. the face hallucination method is pre-
sented in section 4 followed by the experimental results in
section 5. Finally, I are 1 in section 6.

2. Locally Linear Embedding

The LLE " algorithm attempts to discover nonlinear

the assumption that any object is nearly flat on small scales.
In this section. introduces the basics of LLE "Y', The
maps a data set X = {xX;.X3,....X,} € B¥*" globally to
dataset Y = {y1.ya ....yn} € R™*" The data set (X,
is used to model the subsequently relationship.) The
principle of LLE is to minimize the recomst ion e
the set of all local neighborhoods in the data set.
two step 1) locally fitting hyper-planes around e
based on its K nearest neighbors and calculating r
tion weights and 2) finding low-diuwusionM
for each x¢ by minimizing a mapping fundtion bas
weights,

(1) the cost function to be minimiz

" K
tw=z Xi = X
-]

This step is to make Xj be li

structure in the data. The algorithm is established und;

v reconstructed in terms

of its neighbors Xy, N2y Xy I X and X
not in the same neighborhged.w, ; = 0 Weights w, fare &
puted accordin the least square principle and théyisum

K
Yi = Z Wy sYN(5)

jei

up to 1. We are stored in an n X n s;m%mt
w

(2) the rix W is fixed and pew, i nal
vect sought by minimizing the crit

Rewriting (2) then gi

n n
&= Z Z Megylys =

il jeml
where M is an n x n matrix found as
M= (I=W)"(I=W)and Y constrains the yi as its
columns.(2) is reduced to an optimization problem as fol-
lows:

ming (Y)=tr (YMYT) e (4)

st lyyT—g
n

This is an eigenvalue problem. All eigenvectors of M are
solutions, but the eigenvectors corresponding to the smallest
eigenvalues minimize the objective function of (4).

3. Adaptive Locally Linear Embedding

In this section. the adaptive locally linear embedding
(ALLE) is proposed. Normally, the weight matrix 1V is com-
puted from the neighborhood in the same space of the train-
ing samples. Similar to LLE, ALLE computes the weights
from the space of training samples which is adaptively built
from only the neighborhood of each input, not all training
samples. Since some information that contains in all train-
ing samples the optimizer misleading to another
bold of similarity & is defined for

- (5)
g °

-1 N
rhere d; is the distance g%%;:m sample and the 1%
neal

training sample in whi < <dy €... €£dn. That
means the number of neighbors (K) is not the

same value for all i les.

ifing set by ALLE.
(b) synthesize the HR patch of LR input by combining the
corresponding HR patches of the LR training set with the
optimal weights.
3. Coneatenate and integrate the hallucinated high-
resolution patches to form a facial image. which is the target
high-resolution face image.

5. Experimental Results

Our face hallucination algorithm was performed on the
CAS-PEAL face database ®). We randomly selected 270 nor-
mal expression images of different people under the same
light condition in CAS-PEAL face database. These face im-
ages were aligned manually using the locations of three
points : centers of left and right eyeballs and center of the
mouth ® and cropped to 128 x 96 pixel for high resolution
face images and 32 x 24 pixel for low resolution face images.
We compared our approach with baseline methods based on
the same training set. These methods are Cubic-B-Spine
and Mas position patch method ™. For ALLE, we empiri-
cally found that the image quality is satisfied when threshold
of similarity # is set to 0.1 or 10 percent . The image qual-
ity is measured by the peak signal-to-noise ratio (PSNR) are
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Abstract
In this paper, we propose Multiview(Face Hallucination method Nﬁve Locally

Linear Embedding (ALLE). n enhance a single vi esolution (LR)
image up to multiview high reseltition ) images. The i m image can be either
frontal or nonfrontal face ima previous work, -b sed face hallucination
was successfully applie prove facial d tails¢ fram a single frontal view.
Subsequently in this the ALLE is applled anipulate the non-frontal face

details. By feedingg face in any view (Up, eft or Right) to the proposed
ination, the HR o

Multme\ Fac
how that the ty of yeconstructed image of our proposed

Expen esults s i
framework lis betfer than enhancing with th
0‘5\ ° N

rds: Face hallucination, Sup% ution, Multiview, Locally Linear Embedding,

ivelLocally Linear Em

1 w1ll be generated in all views.

line in both interpolation and learning

. Introduction
Generally, face Halluci hes focus on only frontal face image because of the
itation of trainin, s. However, only frontal face cannot satisfy the real
applications beca eal face images, which are captured by video surveillance

w angles. Video surveillance cameras have been widely used in

obtained from surveillance video are important for identifying an individual but in many
cases, the quality of images are not good because the resolution of a face image is
normally low, causing some losses of facial features. Therefore, in order to obtain
detailed facial features for the purpose of recognition, it is necessary to infer a high-
resolution face image from the low-resolution one by the technique called face
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hallucination or face super-resolution [5]. Super-resolution addresses various
applications in a variety of important sectors, as diverse as medical imaging, satellite
imaging, surveillance system, image enlarging in web pages, and restoration of old
historic photographs. Super resolution is a technique to achieve a high-resolution (HR)
image or multiple HR images from low-resolution (LR) image sequences or a single LR
one. Under some circumstances, it is difficult or impossible to obtain image sequences
Due to the limited information of image, identification, reconstruction and
expression analysis is a challenge to both humans and computer. For this reason, many
methods have been proposed in Super-Resolunon Reconstruction (SRR) and face

hallucination [1-3,13-16]. In face hallucmau ormed in two different
approaches: reconstruction-based and learmn strucuon- based approach
uses multiple LR images of same object as the reconstructing a HR image.
whereas learning- based approach uses lot samples of same domain but
different object for the reconstructing& sed is

it can reconstruct HR image from a singl

The advantage of l&
ge.
One of the learning-based‘appr atch position whi Nce image as
well as image features to syd

size%e%olulion face image fro ow resolution.
The image position-patches @to hallucinate the ution image, and
r

position-patches are not re ch the data from g set. Compared with
neighbor patches is widely used in face hallucinati -12] where neighborhood

preservation  for

is t

patches rarely holds,

position-patches between low-resolution and

high-reVon
number/of ave been proposed in recent years.

Among them, ledmi s, have received much attention because they can
achieve highymagnification factdr uce good super-resolved results compared

results than neighbor patches. A

ecently, Xiang Ma ety al. proposed a face hallucination method based on
sition-patch [6-7]. This ied to improve image quality by using a one-step
hallucination base, -patch instead of on neighbor-patch. In their work,

e reconstruction o %mlulion face image could be created based on a set of
high- and low; aining image pairs. The high resolution image obtained from

their proj was generated by using the same position image patches of each

training images e result of this work provided the better image quality than other
methods including Cubic B-spline, Wangs eigen-transformation method [5]. Changs
Neighbor Embedding [19]and Zhuangs Locality Preserving method [8].

The problem on uncontrollable of face images which is captured by camera are

usually LR and nonfrontal face images. However, face hallucination method limited to
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frontal face. Therefore, it is of practical significance to study how to resolve the HR
multiview faces from a LR nonfrontal one.

Therefore, Xiang Ma et al. proposed a mutiview face hallucination method[20]
based on position-patch[6-7]. In their work, this method tried to resolve problem
mutiview face hallucination. A simple face transformation method that converts face
transformation to a globally, predicting LR multiple views of a given LR one. Based on
the LR faces synthesized, the local position-patch based face hallucination method [6] is
used to incorporate face details. The method for mainly incorporating frontal face details
was reported in previous work [6]. But, the traditional Locally Linear Embedding (LLE)
which was used in their method still has problem.causi the determination of the
optimal weights by using the fixed number of & rs very point. This method is
not suitable for real data because the number of neighbars in each point is not equal to

others. ﬁ
In this paper, we resolved the &b m o E by proposing a%: space
h

technique, called Adaptive Locally Lin bedding (ALLE). Thisxo e‘can be
applied for face hallucination\whi the ‘reconstruction of a resolution face
image from a single low-ldu i0 age. In our method, used” a threshold of
similarity for selecting the nei f each point. The op(@ hts of ALLE were
estimated the relationship ese patches. Then, the cinated patches were

e optimal weights to form a igh resolution face image.

method showed the i Mlity for reconstruction of the
@
de

reconstructed based on

The result from our p!
high-resolution fa

as follows: First, t

Ower
(LLE) onmho n in section 2.
(ALLE).is propoSed in section 3, the multiview face hallucination method is presented in
sectiomwed by the expeﬁ &sults in section 5. Finally, conclusions are
pres in section 6.
%ly Linear Embedding

The LLE [17] algorith to er nonlinear structure in the data. The algorithm is

isted under the assm%‘ra any object is “nearly” flat on small scales. In this part,
introduces the basiés [18]. The LLE maps a data set X = {x,X,....x, } € R™

={y¥... 0, } €R™ Thedataset (X.Y) isused to model the
ationship. The basic concept of LLE is to minimize the reconstruction

seription of locally linear embedding
our Adaptive Locally Linear Embedding

subsequently
error of the set of all local neighborhoods in the data set. This can categorized into two
step 1) locally fitting hyper- planes around each samples x based on its K nearest
neighbors and calculating reconstruction weights and 2) finding low-dimensional
coordinates y; for each x; by minimizing a mapping function based on these weights.
(1) the cost function to be minimized is
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Z

This step is to make be X; linearly reconstructed in terms of its neighbors

XnayXayXaxy . If X; and X; are not in the same neighborhood, w; ; =0
Weights w, ;
up to 1. Weights w, , are stored inan nXn sparse matrix W

(1)

ZW A

are computed according to the least square principle and they sum

(2) the weight matrix W is fixed and new m-dimensional vectors y; are sought by

n K i
=Yy~ 2wyl @ @
J=1

Rewriting (2) then gives & S

&=, > MOyRy, = w(YMy™) \
where M isan nXn matrix ndagb " (1-W) an@m%the Y,

as its columns. (2) is reduced t@nzaﬂon problem as f@.
(\us(y) =tr(YMYZ) )

1
‘ll

This is %)em All eigen
corres d llest eigenvalues

3. Adaptiv M Linear Embedding
tion, (he adaptive loca h embedding (ALLE) is proposed. Normally, the

minimizing the criterion

(3)

inimize the objective function of (4).

matrix W is compute e neighborhood in the same space of the training

. Similar to LLE, computes the weights from the space of training

Ies which is ada rom only the neighborhood of each input, not all

raining mples nfonnahon that contains in all training samples can make

the optimiz lo another optimal values. The threshold of similarity 6 is
defined fo; h subspace by

Y4

i:l <@ (5)

P
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(@) High resolution images (b) Low resolution images

Fig. 2Cropped face images

wwwpwmhwpww
oelodl g I 62&

333”‘3“1‘«9 ks

a.a“’.‘a&*u"/
u nv~ L g wh o,",\. \.o\- b

(a) (b) (t) @ (o M (» ( ® ®Lm m (o) (M (@

@
Fig. 3 Multiview face hallucination[20]. (a) Ld 74)&25 at single view. g:) %
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Fig. ultiview face hallucination[20]. (w 24) input faces at single view. (b) Bicubic. (c)
hod. (d)-(h) Face transfo [20]. (i)<(m) HR(128x96) Proposed method. (n)<(r) Original

ist of PSNR of Hallucinated image

Frontal view (k) Right view (1) Up view (m)

MFH ALLE MFH ALLE MFH ALLE
Frontal 2724 21.73 26.54 | 26.65 3L40 3147 3113 3276 28.80 29.29
Up view 2498 25.07 26.87 | 2696 2645 26.62 26.11 26.18 31.36 3L40
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Downview | 3134 3138 | 2623 | 2689 | 2851 2865 27.43 2862 29.97 3049

Leftview | 29.19 3039 | 3271 | 3288 | 3262 3282 3192 3258 35.34 35.66

Right view 3260 32.61 2771 27.72 3229 3229 3160 3160 29.72 29.75
6. Conclusion

In this paper, we propose Multiview Face Hallucination method by Adaptive Locally
Linear Embedding (ALLE). Experimental results show that the quality of reconstructed
i he baseline in both

he image quality is

image of our proposed framework is better than

interpolation and learning methods on the same trai
measured by the peak si gnal-to-noise ratios (PS
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Abstract

The traditional Locally Linear Embedding (LLE) technique was applied for face hallucination. This
technique determines the optimal weights by the fived number of neighbors for every point. Our
previous work, named an adaptive locally linear embedding (ALLE), referred to a modified version of
LLE was proposed to apply with frontal view face hallucination; it uses a threshold of similarity for
selecting the neighbors of each point. However, frontal face is barely caplured in the real world.
Therefore, this paper proposes a novel ALLE for multiview face hallt . The main objective is to

generate high quality of frontal and non-frontal face m:V he pr steps, according to the

proposed method are operated as follows; first, a low resaltitiol in one of front, up, down,
left or right views is fed as an input; then, the other views 6f st are generated by ALLE,
which applies a threshold of similarity for selecting the nei s 0 h point; and high resolution
(HR) face images in all views of the same inpt ob}ec is afterwards. The experifiental
results show that the proposed method yields the better quality of the reconstructed f al\and
non-frontal face images over the baseline mel

Keywords: Face hallucination, Super- Multiview, Locally Linear
Ada, nw% mbedding

1. Introduction
In these days, video surveillance @vc been widely used i ny aces such as banks,

stores and parking lots, where i ty is critical. Details of res obtained from the
surveillance video are important for identifying personal identity. in many cases, the images
obtained from the surveilla ras cannot be well identified esolution of facial images
that cause some losses of features. Thus. in order detailed facial features for a

to I

purpose of personal r necessary to infer a Lo ution (LR) facial image to a High-
Resolution (HR) one Y. nique called face nati face super-resolution [4]. Such
techniq aj iety of important secto .g./medical imaging, satellite imaging,
surwllI;W i larging in web pa ion of old historic photographs. A super
resolutio techfiigue to produce a single or m -resolution (HR) images from the low-

resolution (LR) ima uences or a single LR image. er some circumstances, it is impossible to
obtain i sequences. Due to limited i tion of image identification, reconstruction and

expression a is is a challenge to bot & omputer. Several super-resolution reconstruction
ol

searches have been proposed, rel n two approaches: (1) reconstruction-based and (2)
approach. Reconstructign- pproach employs multiple LR images of the same
input for n:comtructmg image, whereas learning-based approach uses numbers of
h different objects to reconstruct the HR image. An advantage
e learning-based approach is lify\to reconstruct the HR image from the single LR image. In

ork. leaming-based sup, hich is also known as “face hallucination™[1-3, 13-16, 27-

] is focused for applyin | images. A number of related facial hallucination methods
ave been proposed in rge . Indeed, learning based methods have acquired greater attention as
they can achleve high (magnification factor and produce positive super-resolved results compared to

image quallty
instead of neighbo

Via’s method performs one-step facial hallucination based on position-patch
tch. A patch position is one of the leamning-based approaches that utilizes facial



image as well as image features to synthesize high-resolution facial images from the low- resolution
images. In comparison, neighbor patches is widely used in face hallucination [5, 8-12, 23-25]. In their
work, the reconstruction of a high-resolution facial image could be created based on a set of high and
low resolution training image pairs. The high resolution image obtained from their proposed method
was generated based on the same position image patches of each training images. The result of this
work shows better image quality than many other methods including Cubic B-spline, Wangs Eigen-
transformation method [4]. Changs Neighbor Embedding [19] and Zhuangs Locality Preserving
method [8]. In [23], F. Zhou, B. Wang and Q. Liao have extended the work in [7] by using bilateral
patches. In [26], local pixel structure is leamt from k nearest neighbors (KNN) faces. However, there
are some uncontrollable problems regarding this method, i.e., the facial images captured by the camera
are LR and non-frontal facial images where such a facial hallucination method is limited to the frontal
faces. Therefore, it is practically significant to study how to create the HR multi-viewed faces from the
LR non-frontal images.

As a sequence, Xiang Ma et al. proposed a multi-viewed facial hallucination method [20] based on
the position-patch [6-7]. It is a simple face transformation method that converts an LR face image to a
globally, predicting LR multiple views of that given LR one. Based o synthesized LR faces, facial
details are incorporated by using the local position-patch EI N the traditional Locally

Linear Embedding (LLE) technique, applied in such a h n still confronts a problem,
relevant to the determination of the optimal weights. Su are using fixed number of
neighbors for every points. This is not practical for real worldd ause the number of neighbors in
each point is not equal to others.

In this paper. a multiview face hallucination (M sin ptive locally linear embedding
(ALLE) technique is proposed for efficiently structing -resolution face images ngle
low-resolution one. The optimal weights detérminatio , addressed in LBE i Ived

using the previously proposed technique, ALLE
frontal facial details. By feeding a single LRy face in

e of up, down, left, or n

proposed method, the HR images will t ner. in all views. The paperdsaorganized as
follows. In section 2, the conce LL Face Hallucination is recalled.” A thod, our
previous work is presented in section n posed multiview face h ination is presented
in section 4. The experimental result: iscussed and conclusion i section 5 and 6

respectively.
2. Locally Linear Emb A

in the data. The algorithm is
Il scales. The basic of LLE is
ace globally to another space by
Hucination, it is about LR and HR
ize the reconstruction error of the set of all local
ized into two steps as follows:

developed under the
described in [18].

embedd loc: i i
face image’sp The idea of LLE is to
neighbor o%m set. The LLE process can
Step 1] fitting Hyper- planes amugd object x based on its K -nearest neighbors

Step 2; Calcula the reconstruction weig& imizing reconstruction error by the cost function

belo

(8]

K
X, = Z WX wen
7=

this step. X, is linearly terms of its neighbors X .2 Xy 5y 00 Xy ) If X, and X

are not in the same nej . then w,, =0 Weights w, , are computed according to the least

o

square princip they up to 1. Weights w, , are stored inan A X1 sparse matrix W
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Step 2: Estimate the linear combination to obtain the optimal weights #Wp of LR input from LR
training set at view p by LLE.
Step 3: for each view
e Synthesize other views of LR face images by the LR training set with the optimal weights
Wp by LLE.
*  Divide multiview LR face images, multiview LR training face images and multiview HR
training face images respectively into position patches.
o Cc and i the hallucinated high resolution patches to form a facial image.

B

which is the target high resolution face image.

Linear Combination for Multiview Face

E “‘; ﬁ o “.‘:
g =
n z

Figure 2. Linear c aﬁon%iview face
Face image is represented as a column vector ixel values. Based on structiffal i&
image can be synthesized using the linear combinafiol training objects [4]. In ot

image at unfixed view can also be gnstruc sing combination of uther he same

view aligned. as shown in Figure 2.
1w L, & €)
Where I isthe given LR f: ie W, are the construction f& s at view p that can
be determined by (1), L | are'the training faces at view p. Smcgt images for other views

L, are required. From the mption in [20]. the LR face im; o erviews I, can be

appmxirmtcd by
4
Smce the ls n ormation for delermmmg thi tion coefficients at other views. After

ws, these LR ima, re hallucimated to HR face images of all views by

amework for multiview hs ination is to replace the linear combinations in all
usmg ALLE instead of r to improve the performance of hallucinating face
tiple views. That mea rnber of the neighbors can be adapted for each input
is would relieve the deyf optlmal values.
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Figure 8. Input a face image of up view Figure.6(b) (a) Synthesized low-resolution images by
Ma’s method (b) Synthesized low-resolution images by the proposed method (¢) Bicubic
interpolation of (a) (d) Bicubic interpolation of (b) (e) Final HR results by Ma’s method (f)
Final HR results by the proposed method (g) Original images
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Figure 9. Input ?& down view Figure.6(¢) thesized low-
resolution images by Ma's e (b) Synthesized low-resolution, images by the proposed
method (¢) Bicubic interpolation of (a) (d) Bicubic imerp& ion (e) Final HR results by
Ma’s method ( results by the proposed v&(g) Original images
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Figure 11. Input a face image of right view Figure.6(¢) (a) Synthesized low-resolution images by Ma’s
method (b) Synthesized low-resolution images by the proposed method (c¢) Bicubic interpolation of (a)
(d) Bicubic interpolation of (b) (¢) Final HR results by Ma’s method (f) Final HR results by the
proposed method (g) Original images

Table 1. List of PSNR of Hallucinated image (input a face image on frontal view) K= 100, ¢ = 0.1

View Ma’s method | Our method
frontal 3249 32.89
Up 2698 29.94
Down 26.59 26.80
Left 31.13 3247
Right 2840 30.19

Table 2. List of PSNR of Hall

d image (input a face image on up view)K= 200, # =0.2

View Ma’s method | Our meth
frontal 30.04 1. \
Up 33.64 ‘7 &
Down 28.74
Left 3292 4.6
Right 3136
Table 3. List of PSNR of Hallucinated lmagl a ige on down view) K= Z(%)
View Ma’s Our method
3293 ::E‘...’y
3075
3417
3468
3447 @

faccﬂ&ﬁcw)K= 200, 0 =02

Ma’s method

31.67

30.55
28.19 &

Our od
3

Our method
2876
3056
2624
3146
3375
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6. Conclusion

In this paper. a novel multiview face hallucination method, using Adaptive Locally Linear
Embedding (ALLE) technique. Experimental results show the higher quality of reconstructed image of
our pmposcd framework over those enhanced with the baseline in both interpolation and learning
methods based on the same training set. High-resolution face images of five different views are
generated from a single low-resolution face image. According to the experimental results, the
reconstructed image will be more accurate if the view of the input is same as that of the output.
Especially, the frontal, up and down views achieve better estimation than others. The result of the
proposed method show superior reconstruction quality of the HR face image over other related
methods in both visualization and PSNR. However, the alignment on low-resolution face images may
not be accurate. An automatic face alignment algorithm will be development in our future work.
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