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Abstract

Super-Resolution (SR is a technique to generate a high quality high-resolution (HR) image from single
and multiple low-resolution (LR) images. Recently, with the advent of HR displays such as 4K and 8K
displays, the resolution of video equipment has been increasing, however, most of the images that are
currently popular do not match the resolution of these displays. Therefore, when displaying LR images,
it is necessary to convert it to HR images. However, it is difficult to obtain high-quality images by
enlarging the images simply. Therefore, SR technology is required.

SR methods can be classified as multi-frame SR and single frame SR. In this research, we target single
frame SK. Single frame SR is a iechnique to generate a HR image from one LR image. it needs only one
input image and has lower computational cost than multi-frame SE. Additionally, it is more practical for
a lot of applications, and is studied widely. In general, however, single frame SR has trade-off between
image quality and computational cost

To solve this problem, in this research, we adopt a method with low computation cost to calculate the
pixel values of a HR image from the local pixel information using simple functions. We propose a method
for automatic construction of high speed and high precision SR operation that can be implemented with
a small circuit, by realizing SR using Cartesian Genetic Programming (CGP) in accordance with training
images. In addition, since this method processes each image paich of the LR image independently, it can
speed up by parallel computation using the GPU.

First, we propose a construction method of single frame SR operation using CGP which is the base
of our proposed methods. Furthermore, to improve image quality, we employ an ensemble method of
multiple graph structured programs (Method 1). We test our method for three different categorical image
sets. Experiment shows that our method constructs SR operation with better trade-off between speed and
image quality than the conventional methods.

However, since this method independently estimates each pixel of the enlarged image, the relation with
neighboring pixels of it is not considered. Next, we propose a SR construction method (Method 2) using
recursive operation to consider the relationship between neighboring pixels of the enlarped image. It
aim to improve the accuracy of the image segment where it is difficult to generate HR pixels precisely
with only local information. In experiment for the image sets of three different categories, we show
the effectiveness of this method considering the relationship of neighboring pixels by applying recursive
operation.

Although there are various regions such as a flat part and an edge part in the image, Method 1 and
Method 2 perform the same SR operation for all local regions of LR images. These methods do not explic-
itly perform suitable operation for the image regions. Therefore, we propose a method that can learn sev-
eral image conversions for specific upscaling that are optimal for different patches (Method3). Method3
is a single frame SR method using multiple graph structured programs based on CGE In Method3, a
conversion graph is performed on a LR image and exiracts a region to be processed by the corresponding
upscaling graph, thereby the constructed SR operation is specialized for each region of LR image. In
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order to show that specialized processing can be constructed for various areas, we test our method to a
natural image set containing various subjects and show effectiveness of our method.

Every method proposed so far has advantages and disadvantages, respectively, and can be expecied to
improve accuracy by combining them. Finally, we propose two methods combining Methods 1 and 2, and
Methods 2 and 3 respectively. In recent years, Deep Neural Networks (DNN) has shown the effectiveness
in various fields such as image processing and recognition. Therefore, we compare our methods with the
SR method using DNN in evaluation of computational cost and image quality. We show the effectiveness
of combining our proposed methods and the difference of characteristics from the method using DNN.



BIE
1.1
1.2

WlE
2.1

22

23
LR

3.1
3.2

33

34

3.5

B4E
4.1
42

212 BEMFASY AL (Genetic Algorithm; GA) .. .. ... . ........
213 MEMNT0 Y2 22 (Genetic Programming; GP) . . .. .. ... .....
2.1.4 Cartesian Genetic Programming (CGP) . . ...................
MBRERAMEE | . . L e
220 BB e
222 PN TUL—LERGOFEERME .. . . ...
223 {EEMROFTELECAREEERA - EgEnE .. ... ... ...

S0 5 7HELEES SO E BB EGILE O B
S A

CGP ZRWE=ICIMBE | . e
320 BB R . . e
322 MBEOBEIL . . . . e e e
EHEOYy 7BEAEHASbe R EnE .LLLL.
330 BEE R . e
332 BHIEMEBR | . L e
333 SEOEBSRNBEORIL ... ...
334 FIIEEAOBBEL . ... ...
335 GPUZHwAWFIMBIc L@l .. ... ... .. . ...
MRREMBHIEEE | . L L L e e e
3401 EEEFE . . .. e e e
347 R L B L e

AROEROBEREEERL Y »JIL 7 L— LiBRSINE O B Sl
S A

FEOmFEOMBEEEE L /ERSRORE .. L
420 BEELRERE . . .
422 BIEMBE .



43

44

4.5

BSE
5.1
5.2

53
54

5.5

L LY
6.1
6.2

6.3

6.4

BTE
7.1
7.2

1&g A

423 BBOTIL . . . e
HBENBEOERET . . . . ... e
431 GPURHwi-Wrnsic ka@#El .. ... ... .. ... . .. .. ...,
HERBEIMBEIERE | L e
441 FEEFHE . . . . e e e
44 R L B L e e e
443 HBIBOFHEOHE .. ... ..

E RO L o B AR R AE ) B B 5

73 Y
WO B L eI
520 BEEIEE . . . e
522 HBEOTIL . .. . L e
523 MERERAEOFRGEL . . ... . e
GPU ZHwi-WFlmesic X288l .. .. ... ...
HERBEIMBEIERE | L e
SA1 FEEEFEE . . . . e e e
547 EEREE R L B L e e
543 BABOFHEOHE ... .. ..

BEFHEOEIEDE E Deep Learning EAWEFREOHE

=0 -
REFEO#AEHE L Deep Leamning # A -FiEbokk# . ... ... ...
6.2 BB R . . L e e e
622 FEEROF VY
623 HERENAEORBEWL . . . ... ..
ERMERIMEEERE . e
B30 EERIE . . . . L e e e e e e
632 FEEE R EEE . e

SGEOTRE . .
i

E & i

FHRICEAT RS

BRI 7RE

30

39
39
39
39
40
40
42
42
42
45

52

33
33
33
35
35
35
35
38
62

63

65

70

72



% B X

21
22
23
24
25
26
27

3.1
32
33
34
335
36
LN
38
39

4.1
4.2
43
44
4.5
4.6
4.7

5.1
5.2
53
54
5.5
5.6
5.7
5.8
59

6.1

GA DIBRIDTIL . . . . . e e e e 4
EEOE . e e e e e e 5
ERBROM . . . . e e e 5
GPORBEOE . . . . e e e e 5
CGP OFRBEBETROMIE . . . . . e 6
Chang SOFEDB . . . ... 10
Sparse Cording @ . . . . . oL L 10
S=2, IS3DEEOEUFMBEOBEE . . . 12
gokmEEEnEOMAShENBEOBE ... 13
B OB . . . . .. e 14
A b EROBRGRMMEER (Face) .. ... .. ... 21
7 A FEROERENEER (Buiding) . ... ... oL 21
FA b EROERRMMEER (Text) .. ... .. .. 22
SR (Face) . .. . .. . . e e 23
WExh 1 DHOMIEME (Face) .. ... ... . .. i 23
WExh 2 20HOMEME (Face) . . ... ... .. it 24
RETFROMBRSMMEOBE . . . . .. 27
FA FEROBREMERE (Face) ... ... ... . . . . 34
7 A FEROERENEER (Buiding) . ... ... oL 34
FA b EROERRMMEER (Text) .. ... .. .. 35
A b EROBRGRMMEER (Face) .. ... .. ... 37
7 A FEROERENEER (Buiding) . ... ... oL 37
FA b EOERRMEER (Text) .. ... .. .. 37
Fi ORI S F OB . . e 39
OB . . e 40
FAFEEERO—E (Zebra) . .. ... e 46
FA R EEERO—E (Wallman) . .. . ... e 46
FA R EEERO—E (Woman) . . .. ... . e 47
FAFEECHTASMEOEOER . . . 48
HMBD SxSA—FNOANME .. 49
FA - EROERRMMEER Man) .. ... ... 51
7 A FEROERENEER (Buiding) . ... ... oL 51
FiE 1l LR 2OMAGhE e 54

vii



62 FEIEFHEZOMAGOYE (... 54

63 FAFEHREFRO—E (Baby fromSetS) . ... ... ... .. 59
64 FAFEEERO—E (LemnafromSetld) ... .. ... ... ... ... .. ... 59
65 FAFEEERO—E (ZebrafromSetld) . ... ... .. ... ... ... ... 60
6.6 FAFEHEERO—& (BaboonfromSetld) . ....... ... ... ........ 60
6.7 ME (Sets) EWMAWEHOBME ... ... ... 61
Al IBEOEBCEWTERII CGPy @& (Building) . ............. 72
A2 IROEBRICEVTEB SN CGPyl O (Building) .. ............ 73
A3 3ROEBRICEVTEB SN CGPy2 O (Building) ... ........... 74
Ad FBEOEBICEWTERINA CGPy ORE (Text) ... .. ... ... ..... 74
A5 3IROEBRICEVWTEB SN CGP,l OfE (Text) .. ... ........... 75
A6 IROEBRICEVWTEBSN: CGP2 OfE (Text) .. ... ..... ... ... 75
AT ABOEEICEWTER XN CGPhual O (Face) . .............. 76
Af ABEOEEI B WTER SN CGPhwal OfE (Building) . ............ 76
A9 ABOEEICEWTER XN CGPhual OfE (Text) .. ............. 77
ADSBEOEBRCEWTERINACGP, D& . ... ... .. ... . ... .. ... 78
Al SHEOEBRICEVWTEEBENACGP, OBE . ... ... ... .. ... ... 79
Al SEOEBRCEVWTERINA CGPp OBE ... ... ... L 80
ABSHEOERICEWTEBENCGP OBE . . .. ... ... .. ... ... 81
A4 SBEOEBICEWTERINACGP,,,, PE ... ... .. ... . ... ..... 82
AlSSHOERICEVWTEEENCGP OBE . ... ... ... .. .. ..., 83
Al SEOEBICEWTERINACGPum: ORE . .. ... ... . ... 84
AlTSHEOEBRICEWTEBENCGP4OME . . .. ... ... ... ... ..... 85
AIBSHEOEBICEWTEESIhACGP A0S . .. ... ... ... ... ..... 85
A9 SHEDERICEVWTEEINCGP,SOME . . .. ... ... ... ... ... 86
AN SEOERICEWTERIN CCOPL S OGS . ... .. ... . ... 86

viii



3.1
3.2
33
34
3.5
3.6
37
3.8
3.9
3.10

4.1
4.2
43
44
4.5
4.6
4.7
4.8
49
4.10
4.11

5.1
5.2
53
54
5.5
5.6
5.7
5.8

6.1
6.2
6.3
6.4

OGP D REIE .« . o o e et e e e e e e e e e 16
OGP ORI . . . . e e e 17
R ORE . . o . e e e 17
CRECN D GA D232 2= FFHE . . . o e e e e e e e 17
EFHEOSSIMOE . . . . . ... 19
EFHEOPSNROIHE . . . . .. e 19
FAFEROMBERORE . ... .. 19
EFEFAFCcHEHBOEREEASEBEOPSNR, SSIM . ... L. ... 19
Best, Average (Ave.) and Standard deviation (Std.) of 88IM . . . .. ... ... ... 20
Best, Average (Ave.) and Standard deviation (Std.) of PSNR . . . .. ... ... ... 20
OGP D REIE .« . o o e et e e e e e e e e e 29
OGP ORI . . . . e e e 30
R ORE . . o . e e e 31
EFHEOSSIMOE . . . . . ... 31
EFHEOPSNROIHE . . . . .. e 32
HEFiEoOm§ T Lo SSIM OBEEEEEFEER .. ... o 32
HFFiEOmE T Lo PSNR OFEER~AEEESEG . . ... .. . L 33
3 OO+ » + (Face, Building, Text) ki3 54—730F .. ... ... .. 33
CPU & GPU o B\ AR GIMBEMBERSR . . ... ... ... .. ... .. ... 33
EFHEOPSNROIHE . . . . .. e 36
EFHEOSSIMOE . . . . . ... 36
OGP D REIE .« . o o e et e e e e e e e e e 44
OGP ORI . . . . e e e 44
R ORE . . o . e e e 44
EFHEOPSNROIHE . . . . .. e 45
EFHEOSSIMOE . . . . . ... 45
F A ¢ BN OE (sec) ... ... .. 45
EFHEOPSNROIHE . . . . .. e 50
EFHEOSSIMOE . . . . . ... 50
OGP D REIE .« . o o e et e e e e e e e e e 57
OGP ORI . . . . e e e 57
R ORE . . o . e e e 57
HFik) PSNR OFHEM - BERMBEESE . ... ... ... 58



1.1 HREHM

ARG B L 02, 1 HCE Fo S B o (AR R R > S IR 2 AR B S R T A el o
b5, HE, AKPLBK T4 A7 LA L EORBRET 1 2 7L 4 OBFH I X - TG ORRE
BiiEALCWEY, BESREL TwEBHE0S {2 oREEE2#E- L Tuky, 20k,
(EfRE OB EZRTIBCRRBERCERTILENS S, LiL, plicmeilT
S ciREE N EREEES - LB L w, 2o olBERERSHEEIRThE,

R, EEROEREEEGEADE L TMEZT I AF 7 L— LR E | FoOERE
EE§EE AN L TEETF5 s L7 L —AERE-ANENE, > 71— LiBRER
TAF 7 L— LR HEL T, FFEO R FOMEL, EREEEE | HoBSc L ERTSZ
LASA[EE A -, IGHEMELE By ARSI TS, EffRel), Zox L7 L—A4A
HEHARE 2R ETS, LL, BNy L7 L—LA08RESIEE EHE2 A L —
FA70BRLZ-TED, RECHBELREMRGMELTH) ZL3EECcH S,

ZOREH LT, AR ci, BEATZEZEREEL S AR R ool 308 R g B
EEAWTERT#E2 A OB E2EAL, 77 7BEA25 A o0 -SEET0EIC &
HeTiELFHEE® 1 9°&% 5 Caresian Genetic Programming (CGP) 2w {#EtTas -t o,
AHE LR e, BEsORBE BRGNS AEMET 2 TR EET. £, EHR R
DR E AN DG A L MBS D VFHE A ECH S 29, GPU 2 Hwi-HiE{k®
f19.



1.2 FimMXOBR

AR THELOBE I TWE, KR CoBRxodE) chbs. 7, 2R oAl
TaERMRICO>VTIHR2S, FIHCIE, CGP EHWEY ¥ L7 L— LRG0 OMET
LEEBO T 7BESET Uy INTHFEE2REL, 2002 TS, F47 03,
AEOBEOMEE2E8T 2 - LS cE 2 HRGMEOBETFE2REL, 20283 T
. B5E TR, EEORFNZERCE D - NESER T S ERENEOoBEFERREEL, £
DESEERIET 2. BeR TR, JhEcoREFEEMAEGHEFikL Deep Learnning %
RS EniEEi: r ok#EziTy, 20B iconwTil<s, BBIcETHe, E@LoFt
& LS OFEIC-0WTHRAS,



B2E BEMR

HEEcid, B cEETEvELFHEE, SREENEOERE, > » 7 L — LEREOEE
et & 2 OF@ i w Tl s,

2.1 ELFAEE

211 B=E

iE{kFt i  (Evolutionary Computation; EC) L2, #PoiEfbicFR2E8LfH1FE0o Lch

b, HagbeRETAEOROBERZ VAV shTw:, EEAREEoRENLFEE LGE
fEy 7 L) X L (Genetic Algorithm; GA) [1, 2], #@{E# 7w 79 2 4 (Genetic Programming;
GP) Bl EaEEFonsd, Jho i34 ERTE, HRERE EotpoEhoRE £ L,
zonfECH L TREREZ RS S FiEcdh s, Acik, R LE#EOE GA & GP,
@9 ¢H v Tvr 5 Cartesian Genetic Programming (CGP) [4] iz 2w T2 5,

2.1.2 BEHFILTY XL (Genetic Algorithm; GA)

GA i, John. H. Holland iz L > THRE XN -FEL, EBEE2TFI7LIVLLCHS. GA T
2, fEEkECFRoREEcEL 2OREEROBEL2RETR (Genotype) , METH% FEOHRE
OFERL - bOEFER (Phenotype) L9, ER2TIBCREROMENS L S EEE
HERELBEREC k> THE-GEEL2ERL, HAZERE2EVELTI L cRVWAEZE
L, BEREEET I Fikch s, BERMFEICIZEN (Selection) , 2™ (Crossover) , ERTER
(Mutation) 2%% %, EEOFHEE, HA3HEENHTRETAMECHLTYOBREBNIL T VWA
2HETHEGEZHVS, GA ONBEFEEE 2.1 wRT.

iR (Selection)

ERRHEAERCE TEGECEC THEEEZELEEcd 5. BIREREC L > THEGEOR L
kD ka4 2R Y, EuEdkiRkans, BIRAECR, BEEOBIGE I L e
FEBRTZA— 1y FERSRS 5 - BoflE: AEERobns 5 > FLBRL, 2o
DRLBEEORVAERRIFT 3 F—F A > FBR, WSRO S o2 BGE D NE
frffr 2 FuEhFholfficd o U Hkd TEV-EEL2 AV THERBRT 29 v 28BS
ez, -incoBRAELEASDETEAGEOR A VWEERBRT 22— FERE
Hw3B50855,



Start

Initialization of
population

Alternation of generations

4 A

Evaluation of
individuals

Crossover & Mutation

Selection

End

2.1: GA OMEOFR L

ZE® (Crossover)

ZRER, 220k L T-EDERc-FoRETFEERL, THEEA2ERTIERETH
4. ¥EERTHIECZ2Oo08EEENS LYERETREENEESh A EEMELTWS, ZH
OFEICR, 18%E, 28T, —BEIL2E0E5. 1 85T, —BEETOoMEE 22 R T,
1 BRI, 2V AR EE 1 OBRCZ2OEH 682 08E 72 EER it 2T Hike
H5. 2HETIR, VLI SR 2 OBUERHCRE T2 HEER el 535
WAL CHE. Fh—BEIR, SRETEERENCRETIZIAFECHS.

BERER  (Mutation)

ERTFRLZ, —FOBEECc-FolETEE L2 slEch . BRTEETIET, E
"R cREE T b cEhwEEEER TS Lt R Ta  LatcEs, £
RFELGETH TSRS S, ERTEEOMER 23 25T,

t#4£3E4€ (Alternation of generations)

BN, TR, BRTEORERMEC Lo THASFAES SR LAAERE2EH T2 2 L2
fREwvy, HRZER0AECR, HEEAOSEBEO#ERICEY L 24Ty 3 Minimal Gneration
Gap (MGG) [SI2MREEhTv:3, MGG 2EEEHAL 6 R4 2 2 ke d8lfEE: L GERL, #
k2R, ERTERTZ I Lic ko THEAKERS S AR TERT S, FRED S 558
EoRbtEVWEEEIL—Ly FERCI-TEFhAHEz 2 hFhdlE L A AhE 215 - L ofit
AR 2T,



1]1]  [1loof1]o

[A[11[1]1] . [1T1o[ofo] [1
[o[o[o[o]o]  [o[o[4[4T4] [o]ojo]of o[1]1]o]1]

18%R - —HER

—

Il
=T
11

(=]
Hi=]

[ 2.2: 2Dl

1_TE11 ) [1]o[o[1]o

B2.3: RAEROH

2.1.3 BEMNZF7OY 5 =>4 (Genetic Programming; GP)
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2.1.4 Cartesian Genetic Programming (CGP)
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Interpolation-based

Interpolation-based 7 70 —F [13, 14, 15, 16142, Wik LBz 2 b & wil#EE RO
FHoHiET 2 2 L cHRENE LT ) Fikicdh 5. Bilinear % Bicubic, Lanczos [17, 13]% ¥®
BEEHWTRBOREFEORERICG U TEHEARHTEBAARET S FENETENES, 1 RTO
Lanczos B% o £ (21) wwod.

r sin{xw) sinfxa/r)
Lanczos(x) = g - (d<r) (2.1)
0, (xl=r)

ZIC ox rEERFNEMEOBEE OB, Lanczos B EEEFEL T3, Lacnzos [
ik AHEEE, VPV FEGI AR THEL LS, ARORAERE S EEETE LT
Ehv, Ff, RSB E £ #H L 72 New edge-directed interpolation (NEDI) [14]% 2
X Tw3, NEDI, Bilinear, Bicubic 7 & & H# T 2 LB X -BFMR Ly Y2 v —
Ficfgo 2 LASC#E %, Interpolation-based 7 70— F 2 EOEES T &2 v TAREE2 T 10,
R A FRE-L, OENEREL Sy PR EMNETTL B REC &b ST,

Reconstruction-based

Reconstruction-based 7 70— [18, 19, 20, 21112, A @i s Ho @GRS S22 #EE L,
FhE@ALEbo L ADEREOBMEZRMET 2 X H cRREERHREEFL W FiEcd
%. Sun &2 B A L 2o B s L Ay P oORREEcBET 2 3NEEEEEL T
AR RN T FERRELTWS [19,20]. ZoFEERERHEREO Ty PHEESHHLH
WraERE AT ER RSSO~y CERESEEEEL, HHESROT y SRESE E#EL S
HOMERBMETE Loy VRS2 RIFICMET 2 2 L% Tw3, Interpolation-based



PAEHE 2 FAE S, BECET A FAAECE LAY, HAESCEELTLEWEE
DA =Y PR CREEE2E&EE2ER T L PHEE - TS,

Learning-hased

Learning-based 7 70 — F 12, #B0EE % Fv TEERRE EOES: - RAEEEER O <7 Hho¥EHL,
ZORRE6HRENA ST FECH S, Leaming-based 7 7' —Fi2, ¥ &2 Example-based
F 70 —F L NeuralNet-base © 7 70 —F i 345, Example-based 7 70— Fi2, {E#REE
Hiff = FEREEE RO Sy FOTE2HEAL L TRELTEE, 20BE2 AV THRESRNEE T
SFETHD, HELOWMENIH TS (22,23, 24, 25, 26, 27]. Freeman 5 2SRRI = AR
EEER 0 < v F OME % Markov network 2 W THEE L, AAFE CEREFRGEEEET
ZFERZBEL TS [23]. BRELMAEE TS 722 Freeman 5 O F ik K BOERE - &
By FOATHRBELERD, BECHEIA B> TL Y. Chang 5 REBREEFROD
L -5¢& % Locally Linear Embedding (LLE) M =FiEEREL Tw5 [25], Chang 5D Fik
OBEE2E 26 oT T, ZOFER, BT HERE Y FE2OEFy FORBRICERL,
HIET SRSy FE2RBEE OISy FORB LS EET 5 2 L ol N2 7oTwy
S, chick-TEA L LTREL T R AyFio L TH B 275 2 EdicE, FRELTw
ZEPOBELELTEIENCES, ISR L (PR GHOBEHD L HERRLRETHZ L
#HA L LT Sparse Cording (SC) %M =FiEsEREE T3 [26, 27]. SC i+ 0H 3
Ry FRCELZEGLRGEE Ay F (Basispatch) ORI cETFECHS, SCOFEE2T
T, ChickoTHEELDZSEFERL TR 2 L4 L, @RHELEEZTH L8
AL - Twd, —BMciEicli< 22007 7o —F L 2T, Example-based 7 70 —F i
WE 2 B VWASHEAOEE S Y ic MBI o TL % 5.

%7, Glasner 5i3< 77 L — L 8§ = Example-based 7 70 —F 24 &b FiE24E
ZLTw3 [28]. chid, #ROFEOLICHELUHHHALERLTE{OCREL, HE%¥
BERTv, | oAb L 2 o S B S B E R, b oSS iR 8
7 v—4Lai LU CHERGNELT) FiEcdsd. REHSEHREEEK T2 LiicE, Bike
BHEHLAVOFEE LTHSATW S PNHEIENICEE cH 2 - HFtEI 2 F 3% v, Huang
5k, FHERAERLBHRNLT 74 v EREAGZZ L CHCYEFELWR L - FHEREL
Tw3 [9]. #FROBCFEFELV BB Sy FR2EFET 3 LiicoE, BEE2ALTEIE
FR LTS,

NeuralNet-based 7 70— F i3, {15 A% B e 5 (5 AR 6 B %2 bicubic % ¥ BRI T ol X
L 7-#if§ % A5 & L T Convolutional Nerual Networks 2 v TEREEHE&E2 K T2 FiE<h
%. iifECid, Deep Convolutional Neural Networks (ConvNets) & - ElIRESFE L BEI T
% [30, 31, 32, 33, 34, 35, 36, 37]. Dong &%, ConvNets 7 {5 B FEE {5 & 75 A48 o i 5 oD 25 iR
i@ L, Sparce Cording D 7 L— 57— 7 L Hifi 72 ¥ % end-to-end THEEHT % SRCNN %
RELTWwS, [30,31] SRCNN i3, fEROFELDBE L MHER cBWTENLTWAEZ L&
LTwa, Kim 64, HhEn7 405 L0y b7 — 2 §§E% By Very Deep Super-Resolution
(VDSR) [32]%42% L Tw»%. VDSR2, ResNet [38]DF#E:% M L SRCNN 75 Layer % 20
@i L 7= ConvNets 2 L - FiEch 5, FHEHE SRCNN O | HfficBET A2 LT,
SRCNN X h i@ BEE el L, MEclEnEL2712 2 2R L Tw3, Dong 513,
IER R o Hl %2 B8 £ LT SRCNN 23 L 7= Fast-SRCNN (FSRCNN) [351$E L Tw3,
FSRCNN iz, SRCNN @ Bicubic OB 28 L, B2 ESLFr 2L B2H/ET S



ZE, SEELIDAZBZAYHL XEHGE I ECNEBEOHMETo T AFECH S,
Kim&it, 29 F7—20EExEMe LEFLLT {7540, Ha®E L & Convolution
#Z# b L 79 Deeply-Recursive Convolutional Network % fiva#=Fik (DRCN) [36] 2% L T
%, Tai 54, #0—sULL0—H0 0 Residual & & HA% 34F L 72 Convolution % Ajva7: Deep
Recursive Residual Network (DRRN) [39]2BE L T3, HazkE T3 Lodbiv oA —
YECFEBETVPTLL2EOEE2EHL TS, Lai 542, Laplacian pyramid 7 L — 24 7 —
@39 7 — % %\ Laplacian Pyramid Super-Resolution Network (LapSRN) [37, 40]#%#2%
LTv:%. LapSRN i, # Pyramid L2V CEAEZHETEZ L AT A—FHEHIML T3,

Z .5 @ NeuralNet-based 7 70 —F i, Example-based 7 70— F L [Ekic, SEicb-<i2-
OF A THEORVEHEEHEHTEZ Lt c% 5. %7, Example-based 7 7'0 —F kM2
T, FAE2ERT 20BN E (MEcHERROEL2{TH - LicE s, AROBRIRELTH &
B, TPALP{LAMEETEEGICE, GPUREYOABOBRREL BN cETTLH LiicE
AWMERBESNEL LS.

223 TERMRORE L ELEEEE AV SRR EGLE

chiE il Sy 7 L— LEEENBEEHEE EFEI A R L— Fd 7 OE
LoTuibw)FENS s, EEcOoMRL—70CiR), JOBRELBRT 308 {EFE
eV ERENEFEE2REXNTVS [41]. Gk [41]Ci2, Bilinear i2 k- T A hi-
K EEEE 2 L RICEB L A== 02y F 7 =2 Lo THEE{LNEETH F
EERELTWwS, ZoFkE, WEST s 74 FE%, SEE%, 257> 7H%EE E oK
FRHWTED, BEEIFAEIAFOFL—FA 742823 L BHFEERERLTnE,

23 F&H

ZECRETELAEEOTEL LTGA, GPELIFCGP icDw T4/, Fic gm0
B o7 L — AEREOREWNE L 20FE I onwTihk, B REAE R
{LAtEikD 1 2o°dH 5 CGP & v/ REL 779 7 &0 5 B X h 2 e o B B
FHEOREETH.



™~.Output

HR patch

O : training LR patch
1 : training HR patch

Low Resolution (LR) High Resolution
feature space (HR)

feature space
B XWy + 3, XWo + 3@y XW3 + 3, XWy

Comresponding patch

Input LR paich @

u

Output HR patch &

u

B, xwy + Elaxwe + Blgxws + Elyjxwy

2.6: Chang 5 OFEOH

I T
% ~ Wyx HH -+ wex :EHE—F wyax FHHH A+ wax k
1 1 [T

Basis patch

2.7: Sparse Cording ]
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BIE #BEOIZ7@ENEHAEDEL
TBAR{RALIE

31 BU&HIC

BIECEAEEIC AT LA EREOMEETED A F E@ES R L — FA4 7 OME
EH=-Tw3%, ConvNets & VA RSO TFERMOFELHELTIOR L —F4 7280
THILMCETWEY, KBOBGEELZ WHIFET S 2 Li¢% 5 GPU £\ R %2
AL Tvi3, #2C, RFECR/NMEELEBEE cHfELELBET2Z Lo, EitE2 2
FloRBE Ry L7 L— L ERSINEORBES BET. MlLEETOEAEbEREL
Hiko 12CH#3% CGP #HwW T2 7#&E= (Graph Structured Program; GSP) 2% 42, %
f=, (EREEEHIERcH 2 AHBEROEFHFEOAEZ AN L L THRERHROBEL#EETS. 2
DEE, HEFEAANRELCHESAE S, HFFEIC L sR#EbbLfFcE s, AR
TR, BEELL 310077 7BESEZHWEENEFERE, RO 7BEX 2Ty T
WL EFiERBEL, HERENEERIC X SEEFEE2TS.

3.2 CGPZzHRAWiXNE

3.21 @iEEHH

AFi, EREEHEE A DB E LT, BAXIh-mRREEEEHDT S ADE§RO 1
DOMEFEE L U2 OEFOBFESE L WG T 3 RAEREE SO EFEE - OBIFEE CGP £ AW TEE
L, 2 7BESE2BE T3, shefvetEsiicT s,

FFEOBEELTRDIGNETFNRS,

o FORREREE k(SRR BRI < 7 b2 & CGP % A v Uil 24 i E T ol 2 & h+ cllff i me
EWETLI L CcHEERLEETS,

o Example-based D FED X 9 o8y FOEFECEREMT 220205 (FHEI A T BHEL
o HiE DL ICHIL TRHECZ 3 D i VIFH R BE

322 MEOFEN

i % S il T A i, EAEEEERO | DOEEL L LTS 1 x I [pixels] O HFiHE
FOWMBEEEANLE LT, CGPyy ZHVTHAE®R S BoEHEO@HEEE2EHT S, § =2,
[=3LLELEDHS 1 DOMED CGPy D% E 3.1 12T, 3 x 3 [pixels] DEiET 0 v &%
ABL, WEZ2T-T4 2x2) >OHAE2EETS. Zon#ic ko> THhLBEFEE 2 il
ALTw3s, BENZEARZ, BHEBAHE&OEFEEILSAZ{ANTLEI L2



#, STHEOmFEDHAEOFEEEE AN BEMIETT S L) S AEERET 5, HRnE
i3, CGP D i HFHDOEHER o;, AHORLEZFEEER C, BENL I EHOBAHERZ 0, LT, &
OB D EAGTTbORE, ZOFRELHE- LT, Y2 7BESOEEMMA LS, FHEMW
T 52 Lol cEs,

_—a-(i=l,...,.5‘2) 3.1

]
D
;
:
18

In1 |In2 |In3 %2 o ,
=1 0, --'"'Fr
In4 | In5 | In6 @E: ~ (e Adjust o!gf _____
T ™ T
In7 | In8 | In9 @)
Inputs Graph Structured Program Outputs

[ 3.1: 8=2, 1=3 @k % Ofth A AP o) e

FEHCik, BEA&RE 1S AT 52 ko, ERMEEEREER TS, (R L - ERE R
BEAADL LT, dRE0NEE{TH. 2olhEig: BRESEHEL, A= (R5 K51
72 7iEAoRELETS.

3.3 ®|BOIJZ7@EN AT hE BB GNE

331 BELEH

FFEIC iR, WREEERE LT 58008 (CGP,,) & 2OHIEL{T ) MIELE (CGP,,)
D2oOHHY, FhFhONEE A ABROSERE T LicfTH, BN R, (KA
ThEbHLTVwIRAER IOy LT 27 2F+ R Y2EER{ELTALRELY, 227,
fAmME I 1 DR EROMTENEZ#AGbES k0, BLNAEZS@LTEETL L
MieE, BEODLENEFCES.

3.3.2 #EALE

AEE L E A R A S A NEOBERE 32 R, SiEnE, PoOomEE s
BEEESRoFEEE2 AN L L TREFAoCnBEoBREECHT M EEEZEATE. B
aN-ERFEmAOER LS LcE, 2o ndolhcmET 5 2 L olrns
275, WENE L ECNEOHHERF UL, MEAEcrEAEcHT sARLEITbR

12



CGPgp

CGP 1

B 3.2: fLNER & E A O # A b f- B

v, BB DR A D E L THIEARE LT, 2olh2BhE oAb EFELLR
5% HRHGIE I, ADEE E EAOESOERERERE RS, BOCREOH DR E T
WHIERTTH HRE M,

333 2EFEOBRSUEOTN

BES=2 I=3LLELE0ERECETZMEORIERICT T

Stepl A o Sl 8 % BRI 255 ClRET 22 ¢[00, 1.0] OFEHEIERLT S,
Step2 Wif§ D FHEIFE & £ DEEF 3 x 3[Pixel] # CGPa, CGPyp AN LEEET.

Step3 i KMEOHAER 3 ik - T4HHOES L A hoRoEEss
HLA Rk MhoEEFET S,

Stepd B OE A ICHIELEOMD EMET 3,

Steps HAEH0.0L TOHB&R 00, L0 EOESIR 10T 5 Clip L%
79 - el homEE (00, 1.0] T 5,

Step6 HD{EE 25585 T A 2 EC[0, 255 DMFEEHNT S,
Step? Stepl~6 £ A NHiRDT<TOEHE K L TH .

334 7 78ERORBI

BN oLV, MEREOEC 1 27079, N, #iEnsoislic
ix, B A DEE D S Bl X STy FR2RAET S, S0 E A s S HEE
HifEEBhTE5 LB CEL LS CGP AW TRBEL 2T M 28R T 2, HEHE IR

13



Evolution
Down-

Sampling %ge_i

Pre-build

output =

Output

r

Evaluate

Target

3.3 MEMAE O H OME

S REmEIfR, AChmEE BEEEE /S oL - EREEEEch S, MrAMOERORESR
El 33 kand. $THAREOBELEICTY, 208, ARBL2EEL, BEHEREBEFS
OEFKNBEOBHOEGHNIEL HS L H CHENEOBEL2TH). EROoMENEEH-3EE
2, #hiciclBERsaoi o, frns+EEL zolh L EEmR§OoEahx {3k
HicHiEAEE2BET 2, ARCEEOLEOBELTI b CE R, 1T oNELEEL
EhEnEcicEEsh A2 TIc TR 2 EEcE L, BELEBRELET I L
CELLEIGHS,

3.3.5 GPUZAWLEFINEIC L2582k

MO E#EEO Sz GPU e TREnFfift2T9. GPUD o2z FBREL LT,
NVIDIA #ic & - Tt 3 HTv» 3 CUDA (Compute Unified Device Architecture) [42] 2 v 5. &
WS 2k L TiT S i, WiEnmE e SmEEcH L ivicinEE T,

3.4 BRENERER
3.41 SEEEE

REFEROEDHE2RTHoERENEERES Tk @R Lr—25—1 L, HESE22
fElcFE L. 12 icdi/h Uil Aoh il = L CHEBRGARE ¢ 2 f5icih kL, Sniomis s
s L ChETa - LofilidiT-of. 418 SR YOREECEERELRYLEAGH
505 25y A elELh TV RNLEERECH S0 2 S oilii 7o 7.

14



ENHEE

EIELEHE & L T, Peak Signal-to-Noise Ratio (PSNR) k PSNR k ti<THEMNE LI HEI
VikibhiTwve b SSIM & vz, PSNR 2332 loq 7,

Vi

PSNR = 10log, T (3.2)
— (o(x,¥) — t(x,¥))*
VN 22,
(3.3)

o, M, NiZFE#EOIEEEZ, tx, v, ox i, FhhBERE - EHREED (x, y) O,
Vinar RRABEFE (255) b 5.

SSIM iz, R34 ZHVTHEED 1Ix11 DY 4 >» FrZLicEHL, 20FES%2HED SSIM O
EHET5,

(2popt; + C1 ) 2oy + C2)
(W2 +p +Clos + 02+ Ca)

ZIT, popy i, HOOEHEREBEESROY 4 > FOROFE, op0,00 i, HHEHER & B 6§
DY 4> FONOGEEkGR, C, CREETHD, C = 001x Vg, Cr=0.03x Vyay TH
4. Ff, BFE, oA veTroEAMECERENLS.

SSIM = (3.4)

EREREY

FEER B0 R 3 3 DOt v F 2HvE @it v FRFEEAOFEEES R
HYEREABEET 52007 2 F i o X415, 1-9HIi2 Labeled Faces in the Wild [43]45 4 #
EEEER, 24 82T A PR E L TH B (Face) , 2-0H 3 Caltech Buildings Dataset [44]
5 4 MR TS, 40 e 72 FEE LTE-RYEE (Bulding) , 3 0HRESSOWRE
FEoEE LA 42 E0E, 42 F A FESE LT3 2 iR (Text) ¢ 5. @0y A
Zix2hFh, Face it 250 % 250 [pixels], Building i3 512 x 384 [pixels], Text i 650 x 350 [pixels]
ThH5,

REFEORE

AN HFAEO CGP D57 A—F%FE3.1i, CGPOWE/ — FicHwi-MEDY = F
2HFEI2 AT, MR- Fici, R 2 FoBuEESSBRLE £3.200E — Fei,
03B YEBETAIEPSELVWRELHFEET LY, B 2E2BREE LTHET S LRk
WEL b, FEAEL LS, 20k, CELZFILRVEET CNMEEMEL: HETO
EoRIHHRSBOFTEL 2->Tw3, LT, BEFEOLEO S, BAAEE 1 >OHIE
A, fLNEE 200 MIELED 2N FHROBREE Oursl, Ours2, Ours3 LFEE, REFED
Mzl SETOREREEZH S,

HEF&

H#EFiE E LT, Interpolation-based ¢ Fik#> & Lanczos, Example-based @ F #4025 Glasner &
DF ik, ELFHERE RV Fikd 5 CRFCN [41] £ w7z BUF, Lanczos, Glasner, CRFCN

15



723.1: CGP OFkE

| Parameter | Value
Generation alternation model MGG"
Number of generation 200000
Population size 50
Number of children 20
Crossover rate 1.0
Mutation rate 0.05
Input nodes 25 (5 x 5 [pixels])
Function nodes 40
Output nodes 4 (2 % 2 [pixels])
Number of CGP, 2

* Minimal Generation Gap [5]

LR HEFEOAIA—FEFEIIICRT. CPU CiT-7/-2THHEE E CRFCN @ GPU E

BRI L /- PC D2 < #i2, CPU:2.5GHz, Memory : 4GB, GPU: Quadro Fx1800 ¢&% 5. &
LFiED GPU L ecoEBICHAL A~ PC O A<y 72, CPU: 24GHz, Memory : 4GB, GPU :
Quadro 600 ©&% %. CRECN O#SEE#iz, CRECN 1]0EE-68HL TP uiFEgeH
V3=, Lanczos, Glasner & @O FEOFE® 3.3 iR 7. CRFCN i2#0C [41] X AEROTE R Az,
CRFCN @) GA )49 A—¥@EEF 34 1277, Glasner 5 OFiLiR, Yang & [45]9) Web ~<—
POV —A 23— FlELICEESHBER L 2 b 0% i,

M GEES
A B R RS L 35 e T

YL M lo(x,y) — e, )Iwix, y)
Vi Ty e ywilxy)

ST wx, ) BEAD (x, y) DETHS, BERACRZy PSR EANCEET IS, -
F A XD33 %3 D Sobel 7 4 NF DX v VA EROLEL - BOREEEEAL LT
w3, BEENLE i, Sobel 7 4 A7 2FAL HEEBOSHEED R EFORLEEZESD, Z08
FAEAL 20l Thyeign Bl EFE > B &2 ORLOBAHEEZ B IEHFORAEICT 2 2 & CERL
BETH. KECR Thysign = 80 £ H\va72, PSNR 12 2 T3hae £ AV T 3 0 CA R I FHERE b
2EHALEFHELECH LY, CRFCN OF ik L iR 2 &b 3 aicR 352wk &
3.5 iR HERE o ¢ 2 T3E E HIBISR { PSNR Off LifvWFHEE ©H 248 FHEEEOR
RSBOFETHS.

HEAsEOR#ELcik, Bk To nEORREE2 A, fo0ns i o
Wik = B R - LT Rk E T, siEnsEo#Etcid, SSIM &l H
Vw3,

Fitness = 1 - (3.3)

Uhitp: /e ng. uemerced edu/people/cyang33
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#3.2: CGP THWw iR T

Function | Number of input | Description
+ 2 Add two input
- 2 Subiract input? from input1
Max 4 The largest value of inputs
Min 4 The smallest value of inputs
Avg 4 The average value of inputs
*0.1 1 Multiply input by 0.1
*0.25 1 Multiply input by (.25
*0.5 1 Multiply input by 0.5
*2.0 1 Multiply input by 2.0
# 33 HEFEOTE
Methods | Parameters Values
Lanczos | Radius of kemnel r 2
Glasner | Patch size 35
Resolution levels 5
Number of nearest patches | 2
Number of iterations
for back projection 3

72 3.4: CRECN @) GA 039 A— 5 TE

| Parameter | Value |
Generation alternation model MGG’
Number of generation 20000
Population size 100
Number of children 30
Crossover rate 0.7
Mutation rate 0.05
Mutation rate (number of hidden units) 0.1

* Minimal Generation Gap [5]

17




342 RBERLEE

PSNR, SSIM OEEFEOSEE2FE 36, #3507, 48, BROFEBE AT oERLTW
%. #R%EFiEi2, Lanczos k@ L T PSNR, SSIM Off k & icf@h T %, CRFCN kH#L T,
Face A | ifif§t¢) PSNR @iz H 7 4012 CRECN 28N T AR EFiELIFWE2TLTED,
ZHhLI o PSNR, SSIM OEEZREFESENTVS. £/, Glasner 5O FEL <3 L, £
{£fi= PSNR, SSIM O Ef iz b T o T i EEmL Twa,

FEEERO DT LR35 A Pl T S EEFHER R A FE I8 KT, EnoRL A6
fricEA LSRR, ThFSFEELAESE y FEe T 38R ERLAVLO L E-TE
h, FEHICFHEL -2 EHRT 5 2 L 0ETv: 5, Face, Building # 2L Fh e 8 L /-0
iz, YofEmic@fL 2848w T%, Lanczos @ SSIM, PSNR OERE2T-2T EE-Tw35,
Text #4298 L 7-iL#H 2, Face % Building 23 LT, EEE { MEE{TH 2 LB CE T, 2
@ Z kid, Face, Building & Text CRE§OEMPELR L0 EFEIONE, DI L,
AFER, H3EAOHETERYE v FIcEELTERT A L cREEMMEL TS FEChE L n
A5

Ff, FAFAESCHT INERMORRELELT IR T. CPU Lefii-EB iz, HEBRE
BRELZ-TWEY, BREFESRLEECME LTS Z LB CE T3S, Lanczos % CRFCN i3,
ik ORGSR RO ER S ONMMERE b 30, BEFEE, A OEREEEEOmE
FoyonEpgEohh, WES — Foifi@E2HuwTnad ks, BEICLEEL2TH Z LT
ETWAHREEZLNS, GPU LofiohEBichwT, #EFER CPU LeoMme k <1713
fErEic B &2 79 Z LS CcETED, CRFCN T GPU kot FEdEiciElE{7s5 Z Liso
% Tvy 5. Glasner i3 A DD & (SR & RRGEEHRO <7220, BEL2TI -0k
Bt o TV,

#F 50 Face, Building, Text @5 2 | Hif§#s R —3i% 2 L F4= 3.4 (Face), F3.5 (Building),
B 3.6 (Text) =7, Lanczos DR, T2ToFA FE&EoEmCHL TS E2-T
V3%, CRFCN, Glasner, #R2FEEH~<2 L, KEhERL{ HERSOEWREREEh
Twa, LéeL, Glasner 5OFikE k-~ TREFETIR, Face D& L vy YO+, Building
O PHEo Ly ¥, Text DEBEO Ly YES R Y CRERRENICE STV,

REFEOSHTOFEFERICOWT, PSNR, SSIM OREE, FHiE, BEEREEL22hFh
#39,F310RT. HEABREMEITH ZECTRTOAFIVickwT, BEME FHiE
L4 i2PSNR, SSIM OE@EZ&ETLZ LA CETWS, £/, SSIMoESE=ZHELES
Mz tohE{foTEDN, EELEFEEBTATVWAELEVALAS,

BEx AN L BE0ED 72 7BESE 2 ThE 3T, H38, E30icRiT. B
hi-BnEn AN/ — Pz, 2hahas, 10, 17 chot. AHR, 5x5A—2LTh 3,
TRTOANEERETICHEI AT 2HET - LI CETVS,

el kb, BEFHE, Lanczos % CRFCN E H-<THIE R { M%7 2, Glasner 5
OFELHEL T, AEHECRYE 300 BEEGICECHEfREHE A CETWS, £, N
Eok#cik, BEFESRLEHICAEL{TH ZLNCETwEED, Sl cHBE 2L 4+
BT sEBEnEsBEcELwAs,
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#3.5: HFiko 55IM OFFHE

SSIM | Lanczos | CRECN | Glasner | Ours1 | Ours2 | Ours3 |
Face | 0945 | 0958 | 0964 [ 0961 [ 0.964 [ 0.965
Training | Building | 0905 | 0911 | 0925 [ 0917 [ 0920 | 0.921
Text | 0831 | 0910 [ 0915 | 0872 | 0.915 | 0.922
Face | 0936 | 0947 | 0955 | 0951 | 0.953 | 0.954
Test | Building | 0.891 | 0905 | 0.916 | 0.908 | 0.911 | 0.912
Text | 0863 | 0922 [ 0935 | 089 | 0.923 | 0.926
% 3.6: %Fiko) PSNR Dt
| PSNR | | Lanczos | CRFCN | Glasner | Ours1 | Ours2 | Ours3 |
Face | 3269 | 3507 | 3579 [ 3507 [ 3547 | 3569
Training | Building | 3046 | 30.15 | 3105 [ 3044 | 30.58 | 30.70
Text | 1736 | 1920 | 2023 | 1841 | 19.58 | 19.98
Face | 3239 | 3421 | 3485 [ 3370 [ 33.90 | 34.10
Test | Building | 29.41 | 3030 | 3113 [ 3055 | 30.65 [ 30.75
Text | 1901 | 2042 | 2172 | 19.67 | 2038 | 20.67
# 3.7 7 A b il o0 AL B ] oD Hidee
CPU GPU
Lanczos | CRECN | Glasner | Ours3 || CRFCN | Ours3
Face [msec/image] 132 580 | 728000 | 41 48 | 204
Building [msec/image] | 432 | 1010 | 5633000 | 142 78 | 802
Text [msec/image] 520 | 2280 | 7573000 | 157 160 | 130

FI& FEET A CEROMEN EEAIESD PSNR, SSIM

Test Type

SSIM PSNR
Face | Building | Text | Face | Building | Text
Training || 0.965 | 0914 | 0.856 | 35.69 | 3029 | 17.89
Face Test || 0.954 | 0007 | 0.883 | 34.10 | 3042 | 19.46
Training | _ | Training || 0.958 | 0.921 | 0.861 | 34.40 | 30.70 | 17.87
Type | Building — 0950 | 0912 | 0888 | 3304 | 3075 | 19.50
Training || 0.830 | 0.808 | 0.922 | 27.00 | 2575 | 19.99
Text Test || 0.843 | 0811 | 0.926 | 27.41 | 2622 | 20.67
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32 3.9: Best, Average (Avg.) and Standard deviation (Std.) of SSIM

| Oursi Ours2 Ours3
Best || 0.962 0.964 0.965
Training | Avg. 0.959 0.964 0.965

Std. || 3.085x10 | 0.217x10 | 0.094x 107
Face Best || 0.951 0.953 0.954
Test | Avg || 0948 0.953 0.954

Std. || 3.024x107 | 0.143x107 | 0.160x 10
Best || 0.917 0.920 0.921
Training | Avg. 0.912 0.919 0.921

o Std. || 3.307x10 | 0.657x107 | 0.145x 107
Building Best || 0.908 0.011 0.912
Test | Ave. || 0.904 0.910 0.912

Std. || 3.438x 107 | 0.504x107 | 0.099% 10
Best | 0.872 0916 0.922
Training | Avg. 0.866 0.911 0.920

Std. || 3.734x 10 | 2.211x107 | 1.173x 107
Text Best || 0.894 0923 0.926
Test | Ave. || 0.889 0.920 0.925

Std. || 3.333x 107 | 2.205%107 | 0.618x 10

72 3.10: Best, Average (Avg.) and Standard deviation (Std.) of PSNR

| Ours1 | Ours2 | Ours3 |

Best || 35.07 | 3547 | 35.69
Training | Aveg. || 3478 | 3536 | 35.60
Std. || 0.279 | 0.061 | 0.135
Face
Best || 33.70 | 33.90 | 34.10
Test Avg. || 3343 | 3390 | .02
Std. || 0.028 | 0.021 | 0.119
Best || 3044 | 30.58 | 30.70
Training | Avg. (| 30.20 | 30.26 | 30.60
i Std. || 0.169 | 0325 | 0.134
Building
Best || 30.55 | 30.65 | 30.75
Test Ave. || 3030 | 3038 | 30.67
Std. || 0.181 | 0.278 | 0.112
Best || 18.41 | 19.58 | 19.98
Training | Avg. || 18.19 | 19.44 | 19.89
Std. || 0.133 | 0.075 | 0.077
Text
Best || 19.67 | 2038 | 20.67
Test Avg. || 19.52 | 2034 | 2059
Std. || 0.102 | 0.094 | 0.046
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Input

Glasner Ours1 Ours3

3.4 7 A R RO SRR (Face)

————

e

Glasner Ours1 Ours3

3.5 7 A ko AN F (Building)

21

CRFCN

Target

iy

Target



[T TS
Twnhrwdien Fgtues

& T smon, e pply (b [Aop PITS Ty rr—p—)

T
pray el s me

¢ bindt

i pererabiy of

e peemakiy of
i Fig &
Mgl

CTETT O Sy T e

[ DT, 1o
fioim docenrcnd insgs. Fi
et md e eyt
0 ot oo

ool w woell 4 0 1 ol woety s rlaa

gy bl s e
Wirdd ains

ol Lmaages that f=+i

12 1M i
timiy  ptumi;
Ours3 Target

hg 1
ptimi;

Glasner

3.6 7 A FEROERENERETR (Text)

22



Input

Output

38 WExh 1 DHOMIEMRA (Face)
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35 F&O

A, #LFAEED 12CH3 CGP 2HVWTERERERO 1 »OEIES X £ 2 0EHFH
FEOFEZFEWED S WET 2 EREEEROEEELEE T2 Y 7EES L EBEEL, > 7
L—LERGNEE2TH) FEERELE. 3, BERoO Y 7BERE T4y FT S HEEENR
BOBEFLE2REL 2. EnoRy 2 E6i 2P 7% 2 RO 3205057 3 O
oy ok L THRGROAMERE TV, ROV 7TEERET o4 7T 3 2 kol s bk
FTHZE&RLE ERkFELokE e, REFERIREROERL -V OFERF T HE O
GrmEicdRTa oLt cEZ o LRRL .
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$4E BEBEOEROBEFREZERUK
D217 L—LBRERNED
BHEIEE

41 RUIC

BIWCR, WORNE LGRS 7BERET VY TT 3 FHRORELT, WHEGFE
A FOMErLEOFEMERTLE.
Lil, RO2ODC EHFEELTHETND,

o ANEED x5 OEHANETL SN EToTWS
o HAESCECTRHBOEE :OBESEB I Tein

ANEEROESANE I e GVWRAERZ L Cy Y RF /ATy R ERRER AT S
ZicELAEESD S, 2o oARCR, BAMEIC ko TR BRI H LT, BED
FiEEOBE RS THERTIMFAEEA G2 - L ofitkoFE+®AL, LhERELE
R & RERET 2 FHEERET 5.

42 RABEOEFZOBEREZEREL CBEGRLE

421 BELSH

AR CRETIHAGRNEOBERE 4.1 oRmT. BFER, AH oS S mRRERE
W= Hoh T 200 2 2o b X lifgoiE 275 iEARO 2 o0nE ol h D,
FHMFECIE, CGPic k- THEx N 2 DOFEA CGPuy & CGPhog &AW TMENTHhIL S,
i mEciz, EREEREERD | DOEES LU 20 REREOBEED): S G T 3 SR
DEFE#E % CGPy ZHWTHRHL, oA 217H. WENMEciz, #NMEIc k- Tk
il 5 CGPhy 2RV THIEE2EH L, WEEEZmMET 2 - L clhERoRBE{LE T
5. FMAcECTHETZHERR CGPay & CGPpu M 22 ThH Y, FhFho AN Sl
EOEET TR L TR FHERL2#ERT 3.

FFEOBEELTRDIGNETFNRS,

o AAEEROEEWED S SREGEHHOBEITEEERT SN Y BKL i OBZEE
FRBOBE: OMECE-TWTHET 22 L cEh2EBELT 2 FAR 2 DO me
Y=Y A ETAS R

o FHEE-SbETCOP 2HWTHLELHEBET - Lo, BEELLEETS,
» Example-based DF D L I icBHOERE2 TEL0EHE L, FEHI 2 F B,
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T times

¥
- CGP.. [ | CGPod |
Input
Qutput
lteration
[ 4.1: BEFEo MG NEOBE
4.2.2 #IENE

RN e, BRI EGEEOBERCBVWGEHFORZE LOMBEEREEL Tuiv, #IE
nEcik, ZOMREEEELAMERSHFECTI 2L, RANLZERS cREEOHEEH
L WEEOHEEELZOD ELXES, Z0kHk, SEAERE AR ->THAINES B0
FifE2MEL, IhEEECTA2 E2HWELTWS, | DO@EZECHT 208, HEHEZEE
2 O REOEE 2 HIE MO CGPpy AN L, ZOHHEECHT2MEHE2ELRT S,
LT, HHEEECHEEL2MET 22 LoMELT). 428, HEEREEmAFOE:EEHT
ZricEsr, BALAESoSFEEOABOFEEEA - THEE&YEL, AE L oHERE
RZRAALTRAELZTH). COLE@RVELEES CGPrw & AR B S,

423 WEOFN
@REEOFNERICR T, MEMEONMERET LT3,
Stepl A o) & = FOARHAE 255 clRET 5 Z L0 [00, 1.0] oFEHEICERET .

Step2 A MO FWIFEE L CGP,y o AN LENE TS5, 2 oHhlis Hy, NEEEE
t=0%kT3,

Step3 H, DFMEIFEME%E CGPpoa = AN LEIEEOEHET S, 2DHN%E CGProa(H) T 3.
Stepd H, O&FEFEMEIHEMBEZMEL, H. =H+CGPru(H,) LT 3.
Step5 =T DL Z Stepb~, t<T D EZFiFrer+1 %2 LT Step3 ~

Step6 Hy OFEFEEL 0.0 L TOHEIR 00, L0 OB 10T 5 2 EclihEoRE
#[0.0, 1.0] =T 3. Hr OFHIZEMEE 255 T52 L0, 255 OSHEGEHR~EHES.



43 BRELEOZEE{L

AL OSSR B, HIPAEOEIC TS, AEoRBEbcE, BEmiE A
HBHE T3 EREREy FEAET 3. S08EE A hEE, HESEEHT A LiicE
549 Bt 2T A2 BEL Tw L. BEHEFEARGEES, f0nEo Az EE
W= fE D L AR R A R, W0 A G0l AR ch 5.

e, ¥ VRBERERGE 1S i T3 2 L cEREEEEREER T 3, 2 OERE
FEW§R & A D iR, &0 0 AR 2 BEEE L LT, CGPuy @® i - HERhif&oH
ROy PEEOREXLELRE L, EAMEFEENNZ L2 L9 cRBEEET). iR
#4 A& MxN, BEHEBEHES, E420 () OEE2ERELdx, ¥), o, ¥), wx, ¥, &
FEHEE Vo =255 £ LEGEREES A 25T,

T M lo(x,y) - tx, )iw(x,y)
Vinax Ei| E:il wix,y) L

BACRIy PHOR2EEANCERETEED, A—244 X53x 3D Sobel 74 LT DLy &
0 EEE R R B AN L i OB EA L LTS, BEAB I, Sobel 7 4 ¥ &M
L 7 Ei O SHFED 8 EFORAEERD, 2ORFESL 20 E Thyegm B EE>RE&ICE2D
FLOBEIFEL 8 EFORAEICT S 2 L clERLEE{TS,

HEAsEOR#ELcik, Bk To nEORREE2 A, fo0ns i o
Wi % B EEEift & L T CGPpy DEGELETT 5. CGPpo DFGEL T, — R B TR = F v
& #LT v 5 Structural Similarity (SSIM) [46] & @GBS < v 5.

Fitness = 1 - (4.1)

4.3.1 GPUZRAWLEFINEIC L2582k

AFiEkiR, #A0AEE 1 EofiEARZEROSEECHL TSI 2TI o b8 cES
#, GPU &R iiFflni%i75 - L cnf+mEkT 5. £FiEcRk, GPUD Ty 5 378
#ELTNVIDIA #ic k- Ti#R#t 1T+ 3 CUDA  (Compute Unified Device Architecture) [42]
EHVA,

4.4 BRENERER

4.4.1 REBEE

REFEOEHEE2TR -6, ORGNEERS T4 BRESL—2r—01 L, S£S
2 @BEL L 12 i@ LR A DR E LTRS¢ 2 sl AL, Ao
Wi H S - LT HEeT A 2k oftiliR 7o /. EEFHE & LT, Peak Signal-to-Noise Ratio
(PSNR) E PSNR : H-<T#HEMSHCHEEFE L vwbhvTe 3 55IM £ Hv e, EBEmI
3 LABoERAORR 2 3 o0FEE v FEAVE,. @ifit v F RFEEHOETES L AT
LA T 52007 2 il oM X5, 1 -DH 3 Labeled Faces in the Wild [43]4°5 4
e E i, 24 ok 7 2 - @il E LTE-EEE, 2 H i Caltech Buildings Dataset [44] 45
4 ¥R EEmER, 40 E T A R E L THARYEE, 3 0BREESOWRECER L 48
BEEEE, 4¥ETAFERELETXA B CH S, FhFh Face, Building, Text £ T3,
Hif§ o4 4 i3 Face i2 250 250 pixel, Building i2 512 x 384 pixel, Text iz 650 x 350 pixel T& 5.
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F24.1: CGP OF@E

Paramters Values
Generation alternation model | MGG”
Crossover type Uniform crossover
Number of generations 200000
Population size 50

Number of children 20

Crossover rate 1.0

Uniform crossover rate 0.5

Mutation rate 0.05

Input nodes 25 (5 x 5 pixel)
Function nodes 40

Output nodes 4 (2 x 2 pixel)
Functions see Tabled.2
MNumber of iterations 2,3 4 5

* Minimal Generation Gap [5]

CGPani, CGPpog D39 A—HF%F A1z, CGPOFME /) — FicHWi-MEOY 2 F 2#FE 42 0R
F. CGPoy D232 A—% L CGP DE / — FicHwi-Bi#ov 2 FREIRLARCH 3. Hi#
Fi: E LT, Inerpolation-based ¢) Fik#>& Lanczos, NEDI, Reconstruction-based ) Fik#>5 Sun
& OF ik, Example-based @ F 5425 Freeman 5@ FiE L Glasner 5 O FiEE v, FAl#EE
LT, EFEoMTAR2TbavbobAv (CGP,,) . REFEOMME Iz SHTORE
flfkEHVE, HEFEOAIA—FR2FAICTRT. heDAIA—FRERD I A-FD
HAShEEETL, FEHESICH L URLFHENE < SofEcdh 5. NEDI k Freeman &5 O F
EiR2hFLOEED Web <=1 20V —2 a— F2Hwv7. Sun &5DFEiF, Tai [21]9 Web
A=32OY—23—F&HM\viz, Glasner 5 OFEZ, Yang [45]0 Web <=y — 22— 4
ELICEESHERL -4 0% Mv. Lanczos & NEDI @& FEE LTIV SR T
ZFETHS. Sun SOFERS LU STy PHEOLRENE 2 HIEGR L L TERER LR
EEOEE:SHHLTv2FEch 5, Freeman 5O FHERBEFELARICS S HEHH
frEHAWT, NAEEEL T3 FECHS. Glasmer 5OFERH S HFEFE2TOLEVEE
chHh, BRCBRRELAVOFECHZ Lo HBFELE LGRRL .

CPU CiT o= £ TOEEIHH L 7 PCHA <y #ii, CPU:Xeon 2.53GHz, Memory : 4GB ©
H2. HEFiEo GPU Lo EE L= PC®A-<y #ix, CPU: Corei7 3.40GHz, Memory
: 16GB, GPU : NVIDIA GTX TITAN C& 5.
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F24.2: CGP THWwiE
Functions | Number of inputs | Description

*0.1 1 Olxx
*0.25 1 0.25xx
*0.5 1 05xx
*20 1 20xx
+ 2 X +x3
2 X —Xx2
Max 4 maxfxy, i=1, 2, 3, 4}
Min 4 min{x;, i =1, 2, 3, 4}
Ave 4 41 T X

442 RBRERCEE
HERFEHEDHE

REFIE L HEF O SSIM, PSNR OFHliO& T2 2hFhf 44, RASCRT, &, RE
OFHiE Iz AT e, 2 FEBOFHEMEIZ TH cFER LT3, Lanczos, NEDI, Sun &®FikE <
T, SSIM, PSNR ! & iciBRFHEO A BB TWS, £7-, Freeman & OF L2 FEmScBL T
i SSIM, PSNR @b E %2R LT3, 24, Freeman 5 OF S 2 =M E L
THEELTVWARSTHELLELZGNRS, T2 FEECEL T, Freeman & OFHEIRAE | FHE
AR - TLE-Twvsd, Z4ud, BELTOSEMA LTS T 2 F il b
et ehz tELAONS, AUFEES»SREFEOALL YAANLLELBECETHS
LA S, Glasner 5OFELHA5 L, 2EMNCEERHTHCE o TVENEVWEZRLTE
b, ¥A Flif#o Face @ SSIM OERFAIC#EEZ TR L Tw3a, k-oTEFER, daERciEL
THEETH L CREEANMEETAATFECEEEVAS,

HEF o = = ofEfERFICOwT SSIM, PSNR Ol =k oERExE, FEEOFEER
ZF A6, FAT R T, FEHEMZ, SSIM, PSNR HicFEEE L eEryic@ ClER b - 00
i k> TRFEOMRASES L @i s VERE sk, REFEOFESMEME, 72 FHEiffics
VT Face CiRRBELIEMHSR S, Z2HbA oW cb Glasner 5 OFiEicRFEGE -4, /%
FoOBESEERMOFEIHBELTRLIXVWEZSLED, 2ol scbioFikE
HELTAERBVRALhE -, O L SREFER, FEREGIR CLE L TLE2
TFH LY CERFECHILVAS,

F A bR OB SMEE R —F D HL 25 D& R 4.2 (Face), E4.3 (Building) , El44
(Text) iomv¥. Lanczos @& RIR, 747052 FESOERcHLTFF - E L Tn5,
NEDI @& $i2, Lanczos [T -<ToF 2 FEif§ic L TiFV 2@ & 2 -Tv» 3. Face, Building
TRy PERBFCMBECET T LS5, Text CRzy PRI 4 ABHTL 2T
%. Sun 5 OFEOFK R, Face, Building CRIv ¥IE#AINAERLEZ-TWVE, Tt ¢
LEHBRERE XN L RNERTHRTWS, Sun 5O Fikr vy L OHREEEEHMAEE L TR

Uity pwrww csee wviLedw/ % TExinlpublications html

2 ity people. csail. mit edw/bill fproje ctds20pages/sresCode/Markov %20Random% 20Fields % 20for%20Super-Resolution.htmi
Ihttp: fywwing kaist ac kr/projects/superme solution/index. htm

*hitp:jfeng. ucmerced edw/people/cyang33



F# 43 HEFHEODE

Methods | Parameters Values
Lanczos | Radius of kernel r 2
NEDI Window size 8
Edge pixel threshold 8
Sun Step size T 0.2
Weight of gradient constraint 8 | 0.5
Number of iteration 20
Freeman | Low resolution patch size Tx7
High resolution patch size 4x4
Interval size 3
Owverlap size 2
Number of nearest patches 20
Number of iterations
for belief propagation 10
Glasner | Patch size x5
Resolution levels 5
Number of nearest patches 2
Number of iterations
for back projection 3

# 44 FFED SSIM OFHi
SSIM | Lanczos | NEDI | Sun | Freeman | Glasner | CGPey | Ours |
Face | 0945 | 0914 | 0.892 | 0.994 | 0964 | 0961 | 0.965
Training | Building | 0.900 | 0.866 | 0873 | 0.978 | 0925 | 0917 | 0.920
Text | 0.831 [ 0740 [ 0828 | 0.947 | 0915 | 0.872 [ 0.906
Face | 0935 | 0904 | 0866 | 0895 | 0.955 | 0951 | 0.955
Test | Building [ 0.801 [ 0852 [ 0865 | 0.838 | 0916 [ 0.908 | 0911
Text | 0.863 [ 0788 | 0.858 | 0.845 | 0.935 | 0.894 | 0917

HEfToTwatbheha tEAZLNS, Freeman 5 OFERBRIFICMEETFATWAHTLES
B4 XM a R EFARSNERTLRTWAES b EE L. Freeman 5 OFERFEHE R+
L TEE, ARG TRERT S Fikh- OFHEHE U TwRvET ) E el
otz bE/EAL GRS, Glasner 5 OFER T ToEROEEHRI-H L TEHC, 4 T8k, B
R sRoh:, BEFHER, Glasner OFEEH23E, Tet ¥/ £ X EBRRSH
f= 3% Glasner & OFEICHVERE2E S 2 LA ¢E T, %7, Lanczos, NEDI, Sun & @FiE,
Freeman &6 O FEE 23 FRFICMBECETWA E NS,

EFiEonMEEE O R 2% 4.9 1277, NEDI, Freeman 5 FiE, Glasner & O F iz Matlab
FeEFLE CPU Eoff-/-FEE TR, Lanczos ZEWTHETFENRLEHEICABETIZ L
3 CE f-. Beb BB AR 2o 72 Glasner 5 OFiEZNENENCH D, FRIALBE{ BT
V3, REECBWTREFER Glasner &5 OF ik & H# L TFESCH 17,000 fmE i M % {7 2
fo. REFER, EEORFNEAALCREETH Z L cHEAORELZ Y2 TN 2T
Twifd, EROFELE~THECMELETALEEAGNRS, £, GPU LB E{TS
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# 4.5: #Fiko PSNR D
PSNR Lanczos | NEDI | Sun | Freeman | Glasner | CGPyy | Ours

Face 3231 2960 | 2933 | 9.9 3579 | 3507 | 35.53
Training | Building | 2920 | 27.75 | 27.69 | 36.26 3105 | 3044 | 3056
Text 17.37 1537 | 1629 | 2226 20.23 1841 | 1878
Face 32.00 | 29.52 | 28.59 | 3071 34.85 3370 | 34.19
Test Building | 2930 | 27.89 | 28.14 | 28.15 3113 30.55 | 30.65
Text 19.01 17.06 | 17.97 18.39 2172 19.67 | 19.91

F 46 EFEOEEZ E @ SSIM OEEREE 2 k- S ELY

PSNE Lanczos | NEDI Sun Freeman | Glasner | CGPyy | Ours
Face |50 Dev. | 0.0097 | 0.0122 | 0.0175 | 0.0036 | 0.0067 | 0.0071 | 0.0073
Avg. Rank | 5.00 625 | 675 1.00 2.50 400 | 250
Train- | Build- | Std. Dev. | 0.0176 | 0.0232 | 0.0226 | 0.0123 | 0.0158 | 0.0161 | 0.0159
ing | Mg ["Ave Rank | 500 | 675 | 625 | 1.00 200 | 400 | 3.00
Toxg | S0 Dev. | 0.0044 | 0.0045 | 0.0035 | 0.0064 | 0.0040 | 0.0063 | 0.0030
Avg. Rank | 5.00 7.00 | 6.00 1.00 2.00 400 | 3.00
Face |50 Dev. | 0.0241 | 0.0357 | 0.0624 | 0.0359 | 0.0222 | 0.0234 | 0.0227
Avg. Rank | 4.00 533 | 633 6.33 1.63 296 | 142
Test | UG- Std. Dev. | 0.0287 | 0.0381 [ 0.0333 | 0.0420 | 0.0271 | 0.0263 | 0.0256
M2 | Avg. Rank | 4.00 588 | 513 7.00 1.08 2.98 1.95
Toxg | S0 Dev. | 0.0431 | 0.0707 | 0.0437 | 0.0661 | 0.0227 | 0.0346 | 0.0251
Avg. Rank | 4.50 675 | 5.00 5.00 1.25 325 | 225

Z L CCPU Lok F-<T, Face Ci2§Y42 %, Building <, #7565, Text Tid, #1705
OMMEE CNEL2{TS Z L C0EL GPU TR, BEIECHMicFRE2TTIZLECESL
$, BEHIEVWHIHEMOLENKE( G- LELONE, ThoOR/ENS, REFER
B LSV OFERFIE L AT, EVAH CHRECHBRLEETASFETHL EEALLNS,

MIENE CET B ER

HESE X Ul I AAPE I Face, Building, Text 2484, WEL/ — FEH8, 18, 19, 26, MAEE]H
B, 4, 2, 4 ThH-ofe, F44, FASERZ LHMEAEETH 2 L OFEEBIR, 7 A FEifficky
T SSIM, PSNR #ticHEombE2i7H 2 LicEh,

BELELEORREL OVWTOEE

Face, Building, Text @i+ v F OFds 2 00HEy F2FEHEL, BhO 12252
ELUEEOEESG T4, £OFL 20 S85IM, PSNR O#BRE2F AR cqn¥d, 72 il =
CEnOE#E v FEFEH LB PR L] E S5IM, PSNR OFHfifEiz S5 - T, Lael, fi
OF i EH# LT, SSIM ©id Face, Building @F 2 {2 VT Lanczos, Glasner LA FEL D
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£ 47 EFEOEE Z L ¢ PSNR OERSE 2 L EE A

PSNR Lanczos | NEDI | Sun | Freeman | Glasner | CGP.y | Ours

Std. Dev. 1.95 1.89 | 1.05 | 4.13 .72 | 211 | 220

Face Avg.Rank | 500 | 625 | 675 | 125 200 | 400 | 275

Train- | Build- | Std. Dev. 1.27 1.40 | 145 | 2.48 1.72 1.51 | 1.55
ng ME | Avg.Rank | 500 | 650 [ 650 | LOO 200 | 400 | 3.00
Std. Dev. | 008 | 0.09 | 0.08 [ 047 0.12 | 016 | 0.07

Text e Rank | 500 | 7.00 [ 600 | 100 | 200 | 400 | 3.00

Std. Dev. | 238 | 236 | 1.84 | 247 2.81 293 | 3.05

Face Avg.Rank | 392 | 625 | 667 | 50 1.29 304 | 179

Tog | Build- | Std. Dev. 1.59 .76 | 172 | 1.83 230 | 203 | 205
Mg | Avg. Rank | 4.00 658 | 578 | 5.65 1.18 285 | 1.98

g St Dev- 1.61 1.89 | 174 | 1.89 1.67 1.68 | 1.53
Avg.Rank | 400 | 675 [525] 500 1.25 3.00 | 275

F4.8: 300§+~ + (Face, Building, Text)

Y S A — 7 FH

Training sets | Testset | SSIM | PSNR
Face, Building Text 0.878 | 19.23
Building, Text Face 0.909 | 29.87

Text, Face Building | 0.870 | 28.46

BhTED, Text®F A FIcEWTIE Glasner 123 CFHEECH -7, £, PSNE i Face #F
A E L7 PSNR B2, Glasner io3% i & - Twi, 202 L6 EEHHEE » F ol
Ml @y FicEA LSS eLIANSRESBECETWEEEIGNS,

72 4.9: CPU £ GPU 2 &1} & #ER RN oo A BHR i

Lanczos | NEDI'| Sun | Freeman'| Glasner'| Proposed (CPU) || Proposed (GPU)
Face [sec/image] 0.0110 3.98 311 4.81 T28 0.0976 0.00232
Building [sec/image] 0.0345 1273 | 11.00 15.33 5633 0.200 0.00375
Text [sec/image] 0.0423 13.21 | 12.66 17.28 7573 0.449 0.00638

* Executed with Matlab
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Glasner CGPqy Ours Target

4.2 7 2 FESOSERGNEER (Face)

4.3 7 A FEfo R RNEET (Building)



= handy: ' “Thandy
s the

s the t

< the t

Glasner CGPyy Qurs Target

4.4: 7 2 FEfo R RNEER (Text)
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2 4100 % FiE PSNR O3l
PSNR CGP.y | Methodl | Method?2

Face 35.07 35.69 3553
Training | Building | 30.44 30.70 30.56
Text 18.41 19.98 18.78
Face 33.70 34.10 34.19
Test Building | 30.55 30.75 30.65
Text 19.67 20.67 19.9

#F 4.11: HFiED SSIM O FHH
SSIM CGP,y | Methodl | Method?

Face 0.961 0.965 0.965
Training | Building | 0.917 0.921 0.920
Text 0.872 0.916 0.906
Face 0.951 0.954 0.955
Test Building | 0.908 0.911 0.911
Text 0.894 0.923 0.917

443 BIBOFEEOHE

BIFOFHE (LT, Fikl) LRREFE (LT, FiE2) olk@eriTh-ofk, FiEl 0EE
FEIR, B3 HOMRSNAEES L [ cHS. PSNR, SSIM OEIEFHEORFEFE 4.10, F4.11
¥, PSNR, SSIM OEEBEEFHE iR, FiEl1, FE2YL 64 OGPy EHATHE L2 ET 3
ZERCETVE. Face OF A FEOBERCIR, FiE20H8FEL XD LHELV: PSNR, SSIM
#Zi L Twvi#, Building ®F A Flifo&E R cix, PSNR 2 FiE 1 0FFE{, SSIMZAL#ET
bot, Text®F A FEEROERCIE, Fik1OAHFE2 L hHHV PSNR, SSIM 27 L T
f=. ZH 6O L6, Face Bificid, FE20RABOEEOMEE2EE TS 2 EEHIE
%, TextHifft iz, FE10EEO Y 7BERET7 9 AT LE0 B LELS
s,

F A FR§OHEEHELEE R HL b0 E 45, 4.6, FE14.7 2R, Face
TR, FEILERATFE 2Rz P EOY ¥ Fr /4 X0k GEAHENMCcET LS,
Building Hif§cit, FE2iz e P fHED/ 4 X2NHc2Tsh, HERSIOEfRE2HEoHh
T3, Textiicld, 54 YRFE205NHERER GV EEREHDCETWE, LkL, F
E2ReEEN YT ERIEDCETEVERICR -TW3 0, HEAEREREL-TLE
v, EEFECIRFE1OAFBENLTWE, ZheDIZ ks, 24, FHElcHkATry
SHHED S 4 A E2IMT 2 LB CETVBEEVAS,

FiEl, FE21), FAFLERFCHEHRBLAETATVWANTETA TR WETHEL AR
#, ThoDOFEL2EASGLE LI L CREOR ENHfFCE D,
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CGPyy Method1

4.5 7 A FESOSRSNEER (Face)

CGP, Meathodi Method2

Targst

4.6: 7 A FEfo R RNEET (Building)

E T saniea. woa apply T prapanad aankel o 08 4Eane |5 i seesiea, we apyly da prapared @ T swmie, v apyly T peapared saekl 1o 03 aeame] |15 tim severan. e apyily 169 projead skl oo 58 iEaps

3 Figparcs | e bomraon wak, the remsrving saly basdar s | o b o wak tha rewsovag saly kasharmym Bgpres |nsnbammanes raak, the e coly lasdwring figues
= i et " tas] Fig 4 Buanae the s aap
P P The projeasd iwadel is tgtiad sl

Pt wumpe i e fapcd inmpe Fig
et mnmbieod gy ovels e

The Bincv i meac buight mos)
b 8 dlkswars tha st amagos thar

et mupe Fig||®
whne pormalued mey kevds w)
we bt aro

ing =

“loptimf
CGPgn Method1 Method2

47 7 A FEROERENIEER (Text)

37



45 FE®

A, #LFAEED 12CH3 CGP 2HVWTERERERO 1 »OEIES X £ 2 0EHFH
FEOFEFEWED & oET 2 EAREE SO BEEE ST 2 0 AEREL, > vl 7L—08
RGN ET) FE2REL . BEFiER, 0n# A8 2 ool xh, 2hefho
NEE CGP MU BEL -, HEifi 2P 5* 2 FE§oERnoRL 5 3 2oiie v
FEAWTESEZ2TV, BEFEoFOEL2EEIL . EXFikiok#Ee, REFEIREROR
FHLAOEFRCECEEORSRERECER T LS CES I LEERL .
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FSE EEROEERICEUCEREUED
BEESE

51 BU&HIC

Hiffo RATE A Mgc iz, B5.1 0k 5 icry SR FEHER, 722 F v #ds P g
FETSH, 38 4FWoiREL - ERENETER, TToREHL TRCLEE2T-TED,
R EfO R @ L 02T Twuln, Lil, AFick-ThHF IS 2 ht-HiE
oy FcH LT, SRGNEEABELESF IV L ABEBETZ LB CETHS, 2
¢, AAERORATZ N LAY 28RN Y EH T2 2 L eREoR LoiliFcE
%4, AFEcR, BB ERCEEL -ERENEET) FHEERETS. 3FH 48 CR,
HF )i LR v bR, AROEREIEER I, JRATHY 2o i
BLEMBEEZTS Z LA CETWELERET I A0, AF TG shTohuils ZEE K
Bt H A LTI £ T .

5.2 BEfROMEEICE U B RNE

521 BELRH

EFER, 120KNE (CGPy) &, #WNAME2EELVIFMNA (CGP,) & Conversion
MBE (CGPron) DEBOT LM NS, H52 cRFHEOBMELR T, 083, CGPic
ko THBEINEYY 7BERXCH 5. CGP.y i3, ANEEE S FicikLEEEEBATEZ
Lox—2 L4 aEREHEAHTE. BAMREZE 70y 20AN26 STEOEREAL, #AER
Bi#1T9. CGPy 12, CGPey & MBHCEIH 7 vy 7 DAND6 S O % EH T 2 HIHE0A
fTbTic, WEEE2EHT 3, CGPuow 12, RFMMZEE Ty 20OAN6 1 20@E2HHT 5.

B 5.1; @b O RATe a5 F O
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*  CGPgn

CGP 1

CGPyp2

CGPyp3

CGP 4

CGPz5

B 5.2: REFHEOME

Z OB R J O T2 TOmME ICH LTy, AhEEER Y4 ZodhE S, Zomne
i, AN S ST Lo T w3 CGPy, CEE{TH kL2 MET 2, AR HERRINEEE
i, CGPy, & CGPyy, D 7H%E 5 IcBEL .

522 MEOFEN

BAIC OGPy CHiE 2TV, _—2 L L2 ERHET 5. CGP DA, HAEDFE
Bl & AN A= 2 AORLOEIGETS L) e FHAEERE L Tw3, RiZ, CGPow 2PAH
Wil %k EWRT 5, OGPy, WERE N AAWE@RELA L, 20OHN%E CGPy DHACMET 22
EeEEASHhEEREES.

523 BEREgLBRORE{L
FEOHN

FNFEHBRYL 2 RALEECES L) ICEFETHI oK, ThEho sy 7EEEARCR
BEETS. L, ARCEERD Y7 7BE2Ese s LRI L Vo, BBk
TR HROMBETHEL S,

FEOFALE Algorithm] 12T, Generationg %2 & 12 CGPanty CGPypl, CGPron | DMEIC
MEEEML Tw, ABEMNEME AL LEE, ThUificEnSh -0 e EBE L8 ERERT
b, BEHRD CGPy & CGPooy D-S7 DHEM 728812, Generationeps %I iz CGPa,
CGPgpl, CGPeom ! OMICMBEOFELETS. 1o0n#ESRELENTHS 21, 2hbls
OMFEREEL, BEREETORG. 2 LT, BAMRECHET 2 0@ EEHEL 10143
EFTIORELRYET.
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Algorithm 1 Training process

1: procedure TRAINING

2 fori=1 ... Generationy; do
3 Add CGP.y

4 Optimize(CGPay)

5 end for

&: for j =1 ... Number of pair do
7 fori= 1 ... Generation; do
)

9

Add CGP i

; Optimize(CGPyy,i)
10 end for
11: fori=1... Generationy; do
12 Add CGPyi
13: Optimize{CGP oo 1)
14 end for
15: end for
16: while Number of iteration < Number of generation and Fitness < 1.0 do
17: fori=1... Generationpp do
18: Optimize(CGPey)
19 end for
20 for j =1 ... Number of pair do
21 fori=1... GeneratioNppa do
ik Optimize(CGPy,i)
23 end for
24: fori=1... GeneratioNppa do
25; Optimize(CGP om0
26: end for
m end for

28 end while
29: end procedure
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MG ERE S
BEEMESE RS IcRT,

SV S ox,y) — Hx )W, )
Voax S S8 wixy)

ZIZ7T, M NRESOBLES, x,y), ok, ¥, wxy it FhEhBEmfE:BHES =
D (x, ) Of, Vi BRAREHAE (255) ©H5. BRACB Iy Vgt ERMNICERT L0,
Hr— 44 L3 %3 D Sobel 7 4 L ¥ Oy VHREEE 2 BN L -EgoRIEEEL
LTHw2, BRN#Ecid, Sobel 74 4% &#A L o &E#ED 8 EFORAEE kD, 2
DIFERMEDL Z 0l Thyeign B EXE > RB&ICZORLOEFEELZ B ITHFORAEICTSZ L °E
B ST S, REECIE Thyigm = 80 ZH W,

Fitness = 1 - (5.1)

5.3 GPUZREWEIEFINEIC &k 5E=E{L

AFECHVTV: 3 CGPoy, CGPyp, CGPuoy REIfROEMEFH CH L THIICAEL2THZ L
BeELke, GPU ZHvwE#flndE+i7s - L enEsmdkT s, £Fkcil, GPUD T
07y JEEELTNVIDIA thic k->T#R#E X Tv 3 CUDA  (Compute Unified Device
Architecture) [42]% w23,

5.4 BRENERER
541 SEEEE

REFEOEWELZRT 2o cBRELBESL T BHIZSL—27y—LEL, E%ES
2@ L. EEeR, mify 4 LR 12 i LR A 2 L TEmRgnEc
2ok L, Ao EERE E L ChET s Lo, WEFMEESEL L
T, Peak Signal-to-Noise Ratio (PSNR) & PSNR E H-<THEMSEICHBEEE v EwbhTw3
Structural Similarity (SSIM) % Fivs7:.

FERE§ & L T Lenna #if§: = Berkeley Segmentation Dataset (BSDS) 225 3 #0228, =
Lo BSDS @ 36 ti# 7 2 ki & L /-

Generationgy = 10000, GeneratioNmgpey += 500 12FHE L 7=, #HAZERE T A L L THMINE £
ML, %84EEEO WSS 2 Minimal Generation Gap (MGG) % vtz #5.212 CGP D59
A=—FEFS1ICCGP DA, — FicHwi-BEoy 2 F &R,

H#EFikE LT, Interpolation-based ) F#:%> & Lanczos, Reconstruction-based @ Fi54:5 Sun
& @F ik, Example-based @ Fikde 5 Glasner 5 D FiEEH 7. Glasner 5O TR S 501 H%F
FHefthhwFEchh, R CRRELLOFETHSL, HEFHEOAIA-F 253 ICRT,
Sun 5 ®OFkid, Tai [21]10 Web 2—2 2 — 2 23— FE v, Glasner 5 ®FiEid, Yang [45]
D Web 2= DY — 22— 32 MIcEELSPERL - bORMWE £, 200000 #HLOEEH
il CGPy B HE E LT,

Uhitp:pwrww eecs. berkeley. edy/Research/ Projects) CS/vision/bsdsy
2 hittp:fyuwing kaist ac kr/projects/supermesolution/index. htm
Ihttp: /feng. ucmerced edy/people/cyang 33
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CPU Cif ol &£ TOEBIfHH L - PCHR Ly 212, CPU: Xeon 2.6GHz, Memory : 32GB ¢
5. GPU COEBIFHL~PCH ALy #iE, CPU:Coreil 3.40GHz, Memory : 16GB, GPU
: NVIDIA GTX TITAN ©& 4.
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72 5.1: CGP OFtE

| Parameter

|Value|

Generation alternation model | MGG'

Number of generation 600000

Population size 50
Number of children 20
Crossover rale 1.0
Mutation rate 0.03

* Minimal Generation Gap [5]

72 5.2: CGP CHW/=fiE 1

Function | Number of input | Description

+ 2 Add two input

- 2 Subiract input? from input1
Max 2 The largest value of inputs
Min 2 The smallest value of inputs
Ave 2 The average value of inputs
Abs 1 The absolute value of input
*0.1 1 Multiply input by 0.1
*0.25 1 Multiply input by (.25
*0.5 1 Multiply input by 0.5
*2.0 1 Multiply input by 2.0

72 5.3 HEFHEOTE

Methods | Parameters Values
Lanczos | Radius of kernel r 2
Sun Step size T 0.2
Weight of gradient constraint 8 | 0.5
Number of iteration 20
Glasner | Patch size 5x5
Resolution levels 5
Number of nearest patches 2
Number of iterations
for back projection 3




542 RBERCEE
REFELOHE

PSNR, SSIM OEEFEO&ERLES4, ESS5CRT. EFEoF A2 FEEERO—FE22h
FH 5.3, 54, E55wRT. Lanczos OFSREEEIZ, v Yok PieEmcid-E88
EH T d, Sun OFSEEEZ, Zebra WHRORMEERO  «» P HT R BFCMBEE CE T 50,
Zh Ao iz /R E &> Tv %, Reconstruction-base @ Fikid, HMTARIHkET S
POBEOAY =N EFCNE RIS 2 EMcER ., 20D, PSNR, SSIM O H{E
{#H->Twv5, Glanser iz, £EMic/ 4 XhEL{ HEAEHIOEVUEREEE cETw5. #B%
Fikid, HEFHE ¢ Glasner OXRICEWEBE ch-5. FLERAS-CHAE cRPLES N
Glasner &[S EhEEEEE TS 2 LHCETWS,

1, 72 FEfcHT 2 0ARMoRESESe 0T T, B FE CPU k¢ Lanczos, CGPay
DR IcHEECH o7, REFERWFNBIEL TE D GPU LCid CPU kH-T 81 f&msic i
BB E{TH Z LAt TE, BEFIER CGPy LHEL THRAER Ry 2k r—7
KTSIEMCETHED, FHlifES ER>Twa, ChoD I o0y 7 ale#A s
byl LOFEMEERT LM CEL

% 5.4: #Fiko) PSNR DOt
| PSNR (dB) || Lanczos | Sun | Glasner | CGP,y | Ours |

Training 2979 | 28.09 | 32.68 3143 | 3196
Test 2876 | 2740 | 30.87 30,15 | 3034

# 5.5: Fiko SSIM OFHi
SSIM || Lanczos | Sun | Glasner | CGP.y | Ours |

Training 0924 | 0.892 | 0.949 0.937 | 0.940
Test 0.870 | 0.839 | 0.899 0.890 | 0.892

7 5.60 7 A PO MBI O H# (sec)
| || Lanczus| Sun |Gla:-;nf:r*| CGP.y | Ours

CPU || 0.0221 | 1158 1492 0.0441 0.2894
GPU - - - 0.001245 | 0.003566

* Executed with MATLAB
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Glasner CGPay Qurs Target

B 5.4: ¥ 2 F difeEEo—& (Wall man)
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Glasner CGPgy Ours Target

B 5.5 57 A F S Eo—3F (Woman)
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REZNLIS7REICETIER

F A FEiRiCH T 2 OGPy £ 520 CGPy DA EE 5.6 127 T, CGPy DA, [0,255] 0
#HEIC PR LR E L THERL T3, CGP,, DHAEECIZ, =y BaiiEdTtEnFEaR
BN E-TwE Y, REFEOHIERIZ, REFCTyPHaetHihTsI LHTETVS,

CGPy DHAIZDWT, CGPyl, CGPp5 BE FHBMD Ly, CGPp2 REEAMOD L v ¥,
CGPy3 K FAMD LYY, CGPpd B LARO Ly PEBHT AL R>TVE, £, &
WMFRD 5 x5 A—FNDANMEZE 57 1R, CGPy ik, ADA—FNORLIERRENT
D, HCGPy i, ThFNAEL->EEOANEBEL2BRL T3, OGPy &, 2O ki,
CGPony & CGPp DT REZNFH B >R LB/ T L L0 CETH S,

CGP,3

CGP,4 CGP,,5

B 5.6 7 A FEH§RICHT 3 F0EO MR
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10

11

12

13

14

13

16

17

18

19

20

21

22

23

24

10

11

12

13

14

13

16

17

18

19

20

21

22

23

24

CGP,3

oj1|]2 |3 |4 o123 ]4
5 (6|7 |89 2 |6 |7 |8 |9
10 (171 (12 (13 |14 10117 [ 12 |13 | 14
15 (16 (17 [ 18 [ 19 15|16 |17 | 18 [ 19
20 (21 (22 (23 |24 20|27 |22 (23 |24
CGP,,1 CGP,,2
oj1|]2 |3 |4 o123 ]4
5|6 |7 |89 3 |6 |7 |89
10 (11 (121314 10 117 |12 |13 | 14
15 (16 (17 (18 [ 19 15 |16 |17 | 18 [ 19
20 (21 (22 (23 |24 20|27 |22 (23 |24
CGP, 4 CGP,,5

57 BBED Sx 5 H—F O I H B
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3% 5.7: % Fiko PSNR D 3E{fi
PSNR | CGP.; | Method? | Method3

Training | 31.43 31T 31.96
Test 30.15 30.31 30.34

F 5.8 & Fiko S5IM OFFHE
SSIM | CGP,,; | Method? | Method3

Training | 0.937 0.942 0.940
Test 0.890 0.893 0.892

543 BABOFEEOHE

BAROFHE (LT, Fik2) LRREFE (LT, FE3) olkEeriTh-ok, FE20ERE
TEIR, HBIROHEBEINAEEE L WERcdH 5. PSNR, SSIM OB FHEiOMRE2#EST, #£58
i27v¥. PSNR, SSIM @B ¢z, FiE2, FEIYE6Y CGPy tHATHE2H LT3
o EifeE T, PSNR OFHEE iz, FiE30FNFE2 L hEEH, 72 FE#iEc@iTe
7-. SSIM OFMififECiz, FE2OHBFEI L HEE, FAFEGECOTRCEBRLTVE, 2
I ki, Fik2 cEEEREEIC SSIM 2w Tl b, FiE ciddlin R i B AN = o
MEEAVWTVEEDTHEEELLNS,

F A bSO EBENEERE - HL AL O0RE 58 E59 T, B 58 @ Man f
©ix, E#O Crop@ifticE T, Fik2 cRBoBcREOBERISETWEY, FE3I iR
FicMBcETw3, Tilo Cropliftick T, FikskRzy YoORMEIc/ 4 ZHETw» 328,
FiE2icik/ 4 ZRAShTRFICMECETv 3, E 59 @ Building & cid, o Crop @i
BT, FiE2 ), #O0ryPofhEi /4 XHETwED, FE3cRk/ A XRRS
WTRIFCMEcETVS, T Cropliftic v T, Fik2 0L HO OB O v 7 53
vy —=TichoTng,

FiE2, FEIR, FAFMLERFCHRBLAETATVWANTETA TR WL AR
B, ChoOFEeflaghes l L oREEORLEMENFCE S,



=, = =
.
CIRRRR

Method3

5.8: 7 A FEiROHEARSMEE TR (Man)

[ & & ¢
"i"m] ..

Target Method3

5.9: 7 A FE{ROHFHENEER (Building)
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55 F&EO

FEeix, HEOF 7 BES Ry VL7 L— L BRGNS HEEET L PiERRE
L. 8077 7BES 2R k-TU W EARPc BT Lo, #hfnidholk
HRAONEEBETZ LN CELZEERLE £, AMEGROEET EICEL -SR0S
THEAEBET I L oEESH LT L EWEREL, ToEMEET LA BEFER BR
Ll O FEEHE L CGRWEEIMEEE2 T LT D, S BRenssiTiTnuwi i tiheRl
HOEBE 2 ERENAEE2TI3TFECHE VLS,
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B6E REFEDHMASDHOE E Deep
LearningZZ AW FEE DR

6.1 EUMIC

HIR, B4AE FS5HECR, FhFNERO Y 7BEA ALY HRENE (LT,
FiE1), AEHOBEROBFEEEZEEB L2 VL7 L—L R E0E (LUTF, Fi2), o
i@ U - (LUT, Fik3) 03-02RELTEL, FE 10, BERO 77 7HBER
FHAGbEAILCHBENALETA 2R LA, . FiE2 ok, T ciKESOERH
OFEOMEOMELEEZEL, Rei+R2 2 Lo 2 PN EN L WESE LTS 2
EERALE FHEICR, FELL FER2ATATORFCHLTHUARET-TwS0IHL
T, BRO AT B L - R T) C t oRESm ET 3220 ZHhe 3
DOFiEE#HAaGbe 3l LOREOR EEMRETE L CE . 2o CARETR, FEILETF
E2 oflagbd, FHE2LFEILEAGOENHEEBEL, 2OMEL{T.

¥, hEicoOEERECRILVEFBRENCEHL2T-TED, KBOEE Y v F IS
FH #4179 Deep Learning M Fik & R HEETH 2 L °ELd-of. ERECREETES Dong &
2 k- TRE Z 7 Deep Learning % fl V> - RN F i ©H 2 SRCNN [30] ic&be, HE#
fRMFEEEE =TT,

6.2 BREFZED#HEMAEDE & Deep Learning # AWcFiEEDHE

6.2.1 BELSH

Fik 2 oM EME RGN L CGEAT 208 chS, @VELMELRTY Z ke, Bl
HoAhESECAROERE L OMEELEET s LiicEs, 20k, FE22FE] LFiE
3OMAEERCHLGERT3Z Lo, Fik1, Fik3 CREMELE & - Tk i o /4 # o
EOMEREEEBTI LM CEL. ZhickoTFE1 EFiE2, FE3EFE22zhFhi
Hagbg s Z L CREOR ENHfFCE L,

Fikl LFE2o#lag5be-Fik (FE1+2) ofE2Hel T, FE10EEOYS
7HEEREMEL 2HAOCH L TFE 20 ENE2 /T 5. A5cig, S3mEARCFE]
OMET 272 7WEROHE 3 ICBEL .

FiE3 EFE20ashd-Fik (FE3+2) oERE 2 nT. FHE 3O CGPy &
CGPeoy - CGPy D7 O R ME L 2o L TFE 2 oEME 2 @A T 5. Aok, B
5 % L [Al#ic CGPoony - CGPy D27 D¥ % 5 i@ L 1.
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T times

—'l CGPey + P '| CGPomog
Input
CGPyp
é Output
+r Iteration
Eel FEl EFE20#MA50E
T times
CGPeny ;\+ -) CGP g
INPUt |—H CGP 1 |+ CGP1 |—
—{ CGP 2 [ CGP,2 n Output

_.| CGP_3 H DGPLFE I_ Iteration
— CGP 4 [ CGPd —
) CGP 5 | CGP5 —

M 62 F3 EFE2O08AGHE




6.2.2 ZFBEKOYTIVT

iRy REET Oy 2 0EET S, FhOoCHLTEEOR { ERENEE{TS -0
2, KEOE§,rSFHFETILBELSNS, LL, CGP2ZHWT Y7 7@E 2 BET
SEFiciR, 1EEOFHECT-<TOFEEmEE WL TEBT 248N D, FHEI A FOERIC
HoTLESH. 220, 77 7@BEA0oRELOBE, AAEScd 2 EREER R S EHmE
DYy TN FRTH, FREREROY Y TV SHEE LT, @Oy PSR BRI EET
Zioic, A—FAH{ZLHIx3DSohel 74 A F DLy PRECEANTRZ LAY Y S
EZTOEEEELERTS. 47V V2F5L0fEE LT, NEZBETIHE22ID
M#eRFEONMSHFcE LT NS,

623 BRELEBEORE{L
F%1 EFH2E0HADEETE

Fikl, FE2ORMCOHEOBELTH. 57, BIROWBEELARICTE 1 OBELTI.
o0k EANEGSEREEEE, BEERISERRERSRCHS. LT, BELLAFE 1S
EZEEL, 2odhEe AN, BRRERGEEEE LT84 2088 L A T2 ofiE
INFROWE LT,

FE2EFEIEHHEDEITFE

Fik3, FE2OMCBEOBELTH. 7, F5ROBEELAB-FEIOBEL2TH. =
O k2 ANERHEREEE S, HEGGRSFRRERERCHS. i, KFECIITFEI D CGPy
REBRADY77 7BEA20HEE L THYE 2LT BRELAFEIFTEEEL, 208
HififgE A, REEERGREBEE L US4 H0oBEE L ARCFiE 2 oM nEoBEL2 TS,

M GEES
BEEMEEER 6L IcRT.

w5 v o y) — x|
Vinax X N x Py x P, ’

ZIZC NRFr7Vr78 P, PRYr 7V Ll sy FBERE, x, ), olx,y) i,
FhENEBEASAyFEHH Ay FO(x, y) O, Voo BEFAEEFE (255) ¢35,

Fitness = 1 — (6.1)

6.3 BREINIERER

6.3.1 RERRE

AFiEOEYE L Deep Learning % Fl\ - Fik L HET 2 - oic, BRELEEEL TR,
SRCNN » EEHE L Ghe TEBE2T> ., BRI L—2r—nEL, SRS 2 2f5FEL
fo. 12l L - Al 2 L CER SN2 il AL, 0nomiE B Rl =
LTH#T 22 L odtii%fr—7. EEEHEE LT, Peak Signal-to-Noise Ratio (PSNR) % R/,
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SRCNN @& k [z YCbCr 2[00 Y Baric o THE Il # 77z -7, SRCNN i3, EE5
D Web == DY —A 23— FlEHwi,

CGP OfiHEF L zOWMANER2F 6.2 \cnd, HEELTFEL, FiE2, FEIETRHWE,
Fik1+2, FE3+ 20 CGPpog DD IELEHGE 2 CBIEL, F:20 CGPpog D#R D E L [A]
iz 3 cEEL L. REFEOFECR, Yang 5 OXE 7] cEFHicHws T3 91 o
eFEEHEy FELTH Y PV P2 iTH 0. CGPuy DFEECIRY > 7)) > 78 % 200000 277
EL, 2N 78EROFEF IR 7 > FHI3 40000 k2 FE L 72, SRCNN O%#©
2, FEERESSGEFEESR I LETRIRTwA RS, J09 HoFEEEEEY F LD
b ¥EELSH - f2 ILSVRC 2013 ImageNet [47] %% H @i & L Tv» 3. ImageNet i 305000 #2od
Wi s B X s pkBE oy Fcdh, BREFECIFHICHE2A FBHLE -0
ImageNet Z{EH L Ty, 72 FEifiud, Set5 ESetld D220k FicFFohd, Set5id
Zeyde & OF ik (48] el Ebh it v F ©H 3. Setl4 i3 Bevilacqua & D F ik [49]
CEE b EiEe v Fed S,

FtHEo 2 Fol#E i, GPU %YM PCH % SRCNN L&b¥ 5 2 EEEL wi-o, R
Mlcizd {, MAISE (Multiply and Accumulation; MAC) ¥# v TH#2{T7% -7, Glasner 5
OFiEiE, AN OERREREE S SER LYY 2 v P2 lw T3y FORELT FiEcdh
h, AFiE5 SRCNN ks L TRBERESERLE 25, 2040, BUERER cHE2AF2R
WHAEZEHEL I Ld 6, Glasner 5OFEOBNREEREOEREEHE L Tule, 4,
BahlnEOEERH L 07 A—F54 XEEHB L. SRCNN 2, EA0 1 BE% 32bit
float ¥ LTHEHELE. CGP2HWTHMELLV 2 78ERR, / —FOES (Nw) Oy FEE
gbit, WE T (Fp) O F#E% 4bit, BH/ — FE® Oy, HE/ — FE%® Fop, TvdHE
Eum & LTHROF 62 #HGWTEBL -,

Parameter (byte) = [({Fuum + Quum) % Npir + Frum 3 Frie + Epan % N )/ 8. (6.2)

H#e k L TiE#Fikd &, Interpolation-based O FiECdH % Bicubic, Example-based DFETH
% Glasner & D FiE% vl Glasner 5 @FiEl, Yang [45]0 Web <=2V — 22— 121
REEOER L bR Hwi:, HBFEDAI A= 2F63ICRT.

! http://mmiab.ie. cuhk £du hk/projects) SRCNN. htmi
hitp:/feng. ucmerced edw/people/cyang 35
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F 6.1: CGP OFtE

| Parameter | Value |
Generation aliemnation model | MGG”
Number of generation 400000
Population size 50
Number of children 20
Crossover rate 1.0
Mutation rate 0.03

* Minimal Generation Gap [5]

# 6.2: CGP CHRW/liE T

Function | Number of input | MAC |

Description

+ 2 1 Add two input

- 2 1 Subtract input? from input 1
Max 2 3 The largest value of inputs
Min 2 3 The smallest value of inputs
Ave 2 4 The average value of inputs
*0.1 1 1 Multiply input by 0.1
*0.25 1 1 Multiply input by (.25
*0.5 1 1 Multiply input by 0.5
*20 1 1 Multiply input by 2.0
*1.0 1 1 Multiply input by -1.0

# 6.3 H#FEOTE

Methods | Parameters | Values
(Glasner | Patch size 5x5
Resolution levels 5
Number of nearest patches | 2
Number of iterations
for back projection 3
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# 6.4 HFiL0 PSNR O FH4M (il X 8% F i s

PSNR Bicubic | SRCNN | Glasner | methodl | method2 | method3 | methodl+2 | method3+2
Sets 33.66 36.66 35.98 34.85 34.98 35.00 35.18 35.13
Setl4 30.23 3245 32.09 31.33 31.49 3146 3161 31.55
MACs 64 263552 190 0555 5905 T190 260952
Parameters
(bytes) 64 32128 312 169 808 413 Q06

6.3.2 RBRERLEE

PSNR OEEFHE L 1 2OEFEE 2575 L2 ELBIRER o R Fad omT.
hd, REROFMEE LT, 2 FHOMES I THEcEIL LTS, SRCNN 25& % PSNR O
25 ¢, Glasner 5 OFEIERICH -, FEI 282 62R I FHOERCh-. F
k1, FE2, FEItrhorlaagbeFECchiFELI+2, FEI+22HETAE
FiE1+2, FEI+ 24, @#AELETHRVWREEIIERTWE, ZOZERE, FiEL,
Fik2, FEI2#AGbEeEslLoEOEETR L. £, ABECRTFEL, FH2 EFHE2,
FiEd 2z 2hFhladbeld, AFCoEFEOMASbEL2HER2RET LD, HEIBE
TaIL oo slBEOn EBHfFcES,

SRCNN k2T, FiE1 + 212 Set5, Setld 24T 1.48dB, 0.84dB {Eis- =25, FEa = F
1361, A2A=F44 X3 YT EChot.

SetS @ PSNR @SR OMEL2 7oy FLEVO2E 6T KR T. GEic7 oy FXTw
ZFEEY, AEEFAEIAFDOF L—FA70MREERFchA LR L T4, FiEL, F
2, FEIOMBEIcoWT, FHE1R, MACHEL I FEORcRY L (M s,
HizE\v, FE2i, A2 A—=FH44 XRBRLIBVBRNDELREELRT) -6, MACHEIERD
% oTwa, Fik3k, VY2 7BER0ENEVED MACE, A9 A—F44XR3% -
TwaH, FAFE&CEL ZAERPESEINTOS-HHEERRLE - Tw3,

EFkoF A2 FEEERo—FE2zhFhHEes3, Hed, 65 HesicmT. HelicbnT,
FiE1+ 2 2EEmE LiE ¢, SRCNN : HEhiEVOLZWEEERENcETwE, Hed, H6eS5
EWT, FElI+23xyYoRBic/ 4 ZHRETEY P LFARZEDCE-2TwWE Y, BE
fi{f <> Glasner, SRCNN IV iR EACET w3, He6icB\nT, Fi:1+ 212 SROCNN £
Glasner k2T, A LiEd=HAmERE - T,

heOI EHs, REFHIEEIHEMICE VT SRCONN o> Twa 4, HEMcHhEE
{2 SRCNN $ HEE#iCE Ve EhcE T, PHuBRNER cLEE2TH 2 LiicE,
239 A= F 44 XHIERIcPin 2 LS MBS R EEE cRBlE 2l E: £l o2 2 FEcdh
HEVAS,

PSNR DFHillifE ic-2v>T, PSNR % FOEEFHEREIZHNNLFHEREEch b, Bz
EiEsE LIRS LREL L, 2oELEEIC - TEHT -0 HEM - YOR
BEOEFHZ2O00HAH T LEE LY. YOoRBEORE, MEEESHEMIL— 2 =21
E-=TLES, £FiEE, MACHE, »A3A=F4a4 THibh (HEEICMB 2T 5 FEE L TR
RED12E% 5,
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Y/

Method1 Method2

6.4 7 A F i RO —i (Lenna from Setl4)
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6.5 F A k&SRO —# (Zebra from Setld)

Target Bicubic Glasner SHCNN

Method1 Method2 Method3 Method1+2 Method3+2

6.6 7 A FiEfREERO—3 (Baboon from Setld)



32
0.000001

PSNR

LSRCNN
hod3+2 ~ ~method1+2
N ) ":E /method1
| LI
method?2 method3
/| Bicubic
0.00001 0.0001 0.001 0.01 0.1
1/# of MAC

B 6.7 BE (Sets) * @RIHEEOME
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64 FEH

FIH, F4HE, FIHECRELAFEL2EAGDEL2O00FELRE L. Deep Learning
Hwi=FikchH S SRONN L EEREL ShEEMRENMEEET-4-. 2O8E, BE2FH
B Ci2 SRCNN o4 578, BRIIRES, <o A —F 44 L0 wlnmelgtcs T

WHRI EERLE ik, ChicoREFEEZEASGOELIIEOHENRET S L ERER
L.
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7.1 FWXTRSNAR

AW e, BT & FAE R R O E £ R st 2% AW THRET 2
At I A FOEGLEGAEZERAL, 77 78ERXEE5 L6 FEHES I ShE TELFEED
1 -2¢&% % Cartesian Genetic Programming (CGP) MW T@EetT 5 2 L ©, /HELRERT, &
EpORBELDHERGOE L HEBET 2 FEoRELTRok. SHECBONHERIIROED
THD.

1. BT 78EXEF IV LEEE

ELHEED | 2 °dH 3 CGP 2w TEMREEED 1 >OmE#FEE Xk 02 OGO
FE S HIET 2 RREREESGOEEEERET 3y 7BES L HEEEL, 2> 7
L—LSRHENEETS FEERELE. 4, R0y 7 EESE Ty AT AHE
RENEOBEFELREL . Eaofy 2Eh, BEYEiE, 75 2 FEiRo 32005
F ) Dt v Fiot L CHEBRINEER YTV, BRo 77 7 BESET AT
ZrCHEEMSAETAZIERRLE ERFRLOKE C, BRERFEIEROBREL <L
OftFEFECECEEORREREICERTE LB CEE I ER2RLE

2. BEOEROEREEETRLIETE

AN i ko TR S @ ic LT, AloEFEOBRE2EE LRV ELHELT
HHERENEOBEFERLREL L. REFER, 0L HIERED 2 > ClE X 1,
FNEFHONEE CGP 2w UEEL /-, Ell, 2Pl 552 FEfo@Eao2s
3 320AH 73 Ot v ko U THERSRNEERE T, REFROEHEE2RIEL
fo. fEEFiELolEc, REFEIRERORR L~V OGEFEF R 5HE o i % &
CHR TN CES D L EWREL

3. BEROBRNEMRICEUCEFE

HEOY s EES e L7 L— AERGLE L HEEE T A FEEERL .
BEO7? 7@ER MR Bc k- T EAhNsREkT 2o te, #hefniio
BEonME@ET LN CEL I LRRLE. ke, ANEROWERT i@ L R
DY 7BEIEBETI L cHESA LT L2HREL, zoedEERLE B
Fikiz, RRLVAAOFELEEL GECEREHi#EE2T LT Y, REcEgfonsiT
ATWEZ P oHEE, IR E RSN LT FECELE VAL,

4, BEFEHEOHEIEDOE T Deeplearning EAWEFEEOHE

BI3H, B4HE FSECRELEFEEHAGDEL 20DOFEEEBEL . Deep Learning
#HwiFECHS SRONN L EERFE2 &b HRHENEEE+T-~. Z0BE, &%
FiEZME GG Ci2 SRCNN 24 248, BB, 42 A= F94 D950 % v e me
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PHECETWAILR2RLE. £4, ChicofEFE2#HAaGbes 2 L oEENH
F¥az L EERELE.

7.2 SEORRE
EHRicB T aSE0F@EERICTRT,

o

. CGP ORATF OB
AR CR, CGPOMBEFRAEIAFDBEVHEZESENIGERL TwaH, 03FL2Y
FHTH LWL WERFORRELFET S, My 2E2ERE: L THET S LERET
BHIES b, ¥ESEL L5, 20k, TEZREFLLVEETCLEEBEL T
2, METFOXLLZ2BHETHI Lo, FHEMIICT 2 LR cE s,

. THESE o
AifFEci, BIGEMECEAM Z#ER 2, SSIM 2H w8, W EFHEE S v Ty
7= PSNR B 2 FEFEHLERENE, 2000, BHEHEAR 2 F13E LEMSE2E, 2
B LHECEMECH2 Z L olEom 2R cE 5, £, HEHAME L L T Sobel
7 ANYOIy VEREEHWTW ALY, BEFAOLEO YD - HERS, B2
HiaotdiELLNRS,

. A EEERORIR
FeFoR, TvyEECcEAMIETVWEEEGROY > ) T8, BEORT
Wil 3 —» OB ERERE » BRGRERIEROZ O Z X4 DE2ER L - fb) iy 5
§E2RRT 3 2 L cHgEnEOREN FEBfFcEs. £, FROFPRIEL TS —
YOEIPEHLEEEALFERRZUVEASLBEIONS,

. BXNEBOMOBERE
BIW, BS5ECR, U7 7BEAOREEENIC3, SERELTVS. Fi, BeHT
i3, $IE, B4 BIROFEZEAGOEI L ORERALTS I L R2BRL L
AFCFEOMAELE2HEERETS LD b, FFRcBon-RRE2mIc AR T
paobe, V7 BER0@ENLECHASDEERETA LM CE, 5L IHEDMN
EAMfFTES,

[

L]

=%



A EF

HLERBEEFORBSE WY E, AR 3 VAL TEE IS, S0iWE
BEsBYEL-EREFREEICECESALET,

AWXEFELo3b- Y HELIRYE, JHWE2wNEE L -HAERES:, HERAESE,
Mg, EHMERE, ANE—GEcEBFR-LLET.

Z2LT, REMAZOHRICIAESHETEIC2 D £ LA B, SeEgELn-tlerios
BeoRITHEBELTWAEFVWAEYHELRIERZWEREZ LA BlvELET.

Fi, BLAREFREESTIEEoLLEEOHY, BFEENBEREELTWAEREHELRDE
BE{#F2h L [ETH o, vwobBa:2 T X TuniPute 288, Ltk UE
oo Tni-BicERH LT,

R, §EEHE 2RI { RTFo T NEFESEAOFRICERHVLET. Zohol A
THRITWECEKRLEZUBIZ L3 oAl BYic, bhEHTXnEL L

65



&3

[1] Holland John. Holland, adaptation in natural and artificial systems, 1992.
[2] David Edward Goldberg. Genetic algorithm in search. Oprimization and Machine Learning, 1989.

[3] John R Koza. Genetic programming: on the programming of computers by means of natural
selection, Vol. 1. MIT press, 1992,

[4] Julian E Miller and Peter Thomson. Cartesian genetic programming. Processing of the Third
Eurapean Conference on Genetic Programming (EuropeGP2000).. Vol. 1802, pp. 121-132, 2000.

[5] feis, NEFDh, MHER. BENTALDTY XA BT 3 HAZEREFLORE L FHE AT
fiE2E2x3E, Vol. 12, No. 5, pp. 734-744, 1997.

[6] Lukas Sekanina. Image filter design with evolvable hardware. In Applications of Evolutionary
Compuring, pp. 255-266. Springer, 2002.

[7] Toma% Martinek and Lukas Sekanina. An evolvable image filler: Experimental evaluation of a
complete hardware implementation in fpga. In Evolvable Systems: From Biology to Hardware, pp.
76—85. Springer, 2005.

[8] Simon Harding and Wolfgang Banzhaf. Genetic programming on gpus for image processing. In-
ternational Journal af High Performance Systems Architecture, Vol. 1, No. 4, pp. 231-240, 2008.

[9] Simon Harding, Vincent Graziano, Jitrgen Leitner, and Jitrgen Schmidhuber. Mt-cgp: Mixed type
cartesian genetic programming. In Proceedings of the 14th annual conference on Genetic and
evolwtionary computarion, pp. 731-758. ACM, 2012

[10] Gnuimage manipulation program (gimp) . www.gimp.org.

[11] Michal Irani and Shmuel Peleg. Improving resolution by image registration. CVGIP: Graphical
models and image processing, Vol. 53, No. 3, pp. 231-239, 1991.

[12] Sung Cheol Park, Min Kyu Park, and Moon Gi Kang. Super-resolution image reconstruction: a
technical overview. Signal Processing Magazine, IEEE, Vol. 20, No. 3, pp. 21-36, 2003.

[13] 1.D. Van Ouwerkerk. Image super-resolution survey. Image and Vision Computing, Vol. 24, No. 10,
pp. 1039-1052, 2006.

[14] Xin Li and Michael T. Orchard. New edge-directed interpolation. Image Processing, IEEE Trans-
actions on,, Vol. 10, pp. 1521-1527, 2001.

[15] S Battiato, G Gallo, and F Stanco. A locally adaptive zooming algorithm for digital images. Image
and Vision Computing, Vol. 20, No. 11, pp. 805 - 812, 2002.

66


www.gimp.org

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

Sebastiano Battiato, Giovanni Gallo, and Filippo Stanco. Smart interpolation by anisotropic diffu-
sion. In Image Analysis and Processing, 2003. Proceedings. 12th International Conference on, pp.
572-577. IEEE, 2003.

Claude E. Duchon. Lanczos filtering in one and two dimensions. Jowrnal of Applied Metearology,
Vol. 18, No. 8, pp. 1016-1022, 1979.

Michal Irani and Shmuel Peleg. Motion analysis for image enhancement Resolution, occlusion,
and transparency. Journal of Visual Communication and Image Representation, Yol. 4, No. 4, pp.
324-335, 1993.

Jian Sun, Zongben Xu, and Heung-Yeung Shum. Image super-resolution using gradient profile
prior. In Computer Vision and Pattern Recognition({CVPR), 2008, IEEE Conference on, pp. 1-8.
IEEE, 2008.

Jian Sun, Zongben Xu, and Heung-Yeung Shum. Gradient profile prior and its applications in image
super-resolution and enhancement. Image Processing, IEEE Transactions on, Vol. 20, No. 6, pp.
1529-1542, 2011.

Yu-Wing Tai, Shuaicheng Lin, Michael S Brown, and Stephen Lin. Super resolution using edge
prior and single image detail synthesis. In Computer Vision and Pattern Recognition (CVPR), 2010
IEEE Conference on, pp. 2400-2407. IEEE, 2010.

W.T. Freeman, Egon C Pasztor, and Owen T Carmichael. Learning low-level vision. Inrernational

Jjournal of computer vision, Vol. 40, No. 1, pp. 2547, 2000.

W.T. Freeman, T.R. Jones, and E.C. Pasztor. Example-based super-resolution. Computer Graphics
and Applications, IEEE, Vol. 22, No. 2, pp. 56-65, 2002.

Jian Sun, Nan-Ning Zheng, Hai Tao, and Heung-Yeung Shum. Image hallucination with primal
sketch priors. In Computer Vision and Partern Recognition, 2003. Proceedings. 2003 IEEE Com-
puter Society Conference on, Vol. 2, pp. 729-736. IEEE, 2003.

Hong Chang, Dit-Yan Yeung, and Yimin Xiong. Super-resolution through neighbor embedding. In
Computer Vision and Pattern Recognitionf CVPR), 2004 Proceedings of the 2004 IEEE Computer
Sociery Conference on, Vol. 1, pp. I-1, June 2004.

Jianchao Yang, John Wright, Thomas Huang, and Yi Ma. Image super-resolution as sparse repre-
sentation of raw image patches. In Compurer Vision and Pattern Recognition/CVPR), 2008. IEEE
Conference on, pp. 1-8. IEEE, 2008.

Jianchao Yang, J. Wright, T.5. Huang, and Yi Ma. Image super-resolution via sparse representation.
Image Processing, IEEE Transactions on, Vol. 19, No. 11, pp. 2861-2873, Nov 2010.

D. Glasner, S. Bagon, and M. Irani. Super-resolution from a single image. In Compurer Vision,
2009 IEEE 12th Internarional Conference on, pp. 349-356, 2009.

Jia-Bin Huang, Abhishek Singh, and Narendra Ahuja. Single image super-resolution from trans-
formed self-exemplars. In 2015 IEEE Conference on Computer Vision and Pattern Recognition
{CVPR), pp. 5197-5206. IEEE, 2015.



[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

Chao Dong, Chen Change Loy, Kaiming He, and Xiaoou Tang. Image super-resolution using deep
convolutional networks. arXiv preprint arXiv:1501.00092, 2014.

Chao Dong, Chen Change Loy, Kaiming He, and Xiaoou Tang. Image super-resolution using deep
convolutional networks. IEEE transactions on pattern analysis and machine intelligence, Vol. 38,
No. 2, pp. 295-307, 2016.

Jiwon Kim, Jung Kwon Lee, and Kyoung Mu Lee. Accurate image super-resolution using very
deep convolutional networks. In Proceedings of the IEEE Conference on Computer Vision and
Partern Recognition, pp. 1646-1654, 2016.

Zhaowen Wang, Ding Liu, Jianchao Yang, Wei Han, and Thomas Huang. Deep networks for
image super-resolution with sparse prior. In Proceedings of the IEEE International Conference on
Computer Vision, pp. 370-378, 2015.

Ding Liu, Zhaowen Wang, Bihan Wen, Jianchao Yang, Wei Han, and Thomas S Huang. Robust
single image super-resolution via deep networks with sparse prior. [EEE Transactions on Image
Processing, Vol. 25, No. 7, pp. 3194-3207, 2016.

Chao Dong, Chen Change Loy, and Xiaoou Tang. Accelerating the super-resolution convolutional
neural network. In European Conference on Computer Vision, pp. 391-407. Springer, 2016.

Jiwon Kim, Jung Kwon Lee, and Kyoung Mu Lee. Deeply-recursive convolutional network for
image super-resolution. In Proceedings of the IEEE Conference on Computer Vision and Pattern
Recagnirion, pp. 1637-1645, 2016.

Wei-Sheng Lai, Jia-Bin Huang, Narendra Ahuja, and Ming-Hsuan Yang. Deep laplacian pyramid
networks for fast and accurate super-resolution. arXiv preprint arXiv:1704.03915, 2017.

Kaiming He, Xiangyu Zhang, Shaoging Ren, and Jian Sun. Deep residual learning for image
recognition. In Proceedings of the IEEE conference on computer vision and pattern recognition,
pp. 770-778, 2016

Ying Tai, Jian Yang, and Xiaoming Liu. Image super-resolution via deep recursive residual net-
work. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 2017.

Wei-Sheng Lai, Jia-Bin Huang, Narendra Ahuja, and Ming-Hsuan Yang. Fast and accurate image
super-resolution with deep laplacian pyramid networks. arXiv:1710.01992 2017,

HHEH, EREE. L2 B2 —2 02y 7 =210k 33 77 L— LERRN
M ST EEEEFS#®GE, Vollos-D, No. 10, pp. 18591868, 2012.

Nvidia cuda: Compute unified device architecture. http://developer.nvidia.com/object/
cuda.html.

Gary B. Huang, Manu Ramesh, Tamara Berg, and Erik Learned-Miller. Labeled faces in the wild:
A database for studying face recognition in unconstrained environments. Technical Report (7-49,
University of Massachusetts, Amherst, October 2007.

Caltech buildings dataset.

68


http://developer.nvidia.com/ob ject/cuda.html
http://developer.nvidia.com/ob ject/cuda.html

[45] Chih-Yuan Yang, Jia-Bin Huang, and Ming-Hsuan Yang. Exploiting self-similarities for single
frame super-resolution. In Computer Vision-ACCV 2010, pp. 497-510. Springer, 2011.

[46] Zhou Wang, Alan C Bovik, Hamid R Sheikh, and Eero P Simoncelli. Image quality assessment:
From error visibility to structural similarity. Image Processing, I[EEE Transactions on, Vol 13,
No. 4, pp. 600612, 2004.

[47] Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li, and Li Fei-Fei. Imagenet: A large-scale
hierarchical image database. In Computer Vision and Pattern Recognition, 2009. CVPR 2009, IEEE
Conference on, pp. 248-255. IEEE, 2009.

[48] Roman Zeyde, Michael Elad, and Matan Proter. On Single Image Scale-Up Using Sparse-
Representations, pp. 711-730. Springer Berlin Heidelberg, Berlin, Heidelberg, 2012.

[49] Marco Bevilacqua, Aline Roumy, Christine Guillemot, and Marie Line Alberi-Morel. Low-
complexity single-image super-resolution based on nonnegative neighbor embedding. 2012.

69



HREEY A b

ek
HH i, ERETE, Cartesian Genetic Programming % v /-2 #1-7 L — L HEfRENED 58
W E I EHEE F2E0E D Vol J97-D, No.11, pp.1641-1650, Nov. 2014,

EfRSERER

Yusuke Natsui and Tomoharu Nagao, Automatic Construction of Single Frame Super-Resolution Using
Cartesian Genetic Programming, Proc. of The 6th Iniernational Workshop on Computational Intelli-
gence & Applications 2013 (TWCIA 2013), pp.149-154, July 13, Hiroshima City Univ., Hiroshima, Japan
(2013)

Yusuke Natsui and Tomoharu Nagao, Single Frame Super-Resolution Using Multiple Graph Structured
Program, Proc. of The 9th International Workshop on Computational Intelligence & Applications 2016
(IWCIA 2016)

EAESRER

BHE-, BEREEE EEFEEEAG > L7 L—AERHC BT aHiEL— 0 #EE, &
BULBEAEL 88 75 B EH 2, 201343 H 6 B~8 H, A%, =i (2013)

B, EREE EEFEEE v » L7 L— LB RN HEEE, HEnEELs
HEI6EEEAS, 2014538 12 H, EEERAE, HE (2014)

B, BEER  £HOYEEERL -2 VL7 L— LBRE0E O QB 2014 £5
MR FoE s 42 BfER A2, 2014186 H 29 H, FRHAZE, #HE (2014)

HHEh, EREW EROYI 7@E 70 V9 LicBE-F v L7 L— L ERENED § B
B IEEMPRES S 77 [E4EH Ly, SZG-0M, 2015483 H 19 H, HEA%E, Z&5 (2015)

70



b
EELELS TS BEEAS PERDHE

EHNEEDE Te BleEAS FEEMH

A Sitam 3L

HH#r, ERTH. Cartesian Genetic Programming % fl\v /- 2 > 7L 7 L — L Hig o) BB
%, THifR> R HETREHES S, Vol.27, No.7, pp 20-25, 2016.

71



ERSnikI>71@E

T8 A

14

19

13

18

23 | 24

12

17

22

11

16

10

15

20 | 21

Input position

Al: 3ROEEE B VWTEB I CGPy O (Building)

72



0 1 2 3 4
5] 3] T B (@
011 |12 (13 | 14
15 (16 | 17 [ 18 | 18
20 |21 |22 | 23 | 24

Input position

Input | DN OIOIOIOIOIOIOIOIO)
T PEXRP PP
Vo )
4 -"x
|
— LA
¥ LI
Output | (=) (") ®©®

A2 3ROERICE W TER L CGPyl OfiE (Building)

73



14

19

24

13

18

12

17

"

16

10

16

20| 21 | 22 | 23

Input position

Output

A3 3ROERICE W TER S CGPy2 OfiE (Building)

14

19

12

7

18

10

15

20 (2 |22 (23| 24

Input position

A4 3 BOEEICEWTESXHE: CGP., O (Text)

74



Input |

0 1 2 3 4

G & 7|8 a
011 [ 12 ] 13 | 14
16 | 16 [ 17 | 18 | 19
2021 (22 23 | 24

Input position

Output

A5 3 HOEEICE W TERI N CGPyl ORE (Text)

A

OIOIOIOIOIOIOIOIOIOIOIOIC
Input [ r, (=) '\_) \_2 C i_—g Q\:—‘Lé;‘;r"" ;;:l—-/
i P A
=) (o |
- , _r_,f.-‘ |

\ K
& =5

\\
\" \.\\C_ e I}?f;_ =N Ay
\NTY | e .“iﬂ ?"hT
R , Aj;l?'{_{_} IL(}}_ vy k_"qu"“\
— - /_, [ £ -~ I'.
o|1|z2]a]|a ‘Z'}F I.-" - / - ,zl| ;}\\/\,@Ji—f) ‘ ’a_‘|')'
. ) -
R |I AL - If..">.\ e "-,
5|6 |7|8]|e8 \ | T/ DI D
I|I '.__‘L f.:li_-/ ___l_lf::s{:- I| .'I \i—: = ".I
01112 ] 13| 14 '\rﬂ:_--?;_- { I' \| __:(-j AN P’J';) A
=) _ aE _
15 |16 |17 | 18 | 18 /'f){\\\ y ‘ oy I|'.I \ / I|'
s - ¥
20 |21 |22 |23 | 24 / \“‘u. ' ”}T/ A I'I
I H‘(;iw [ | ;,.-' III"- |
Input position - H“Iiw . f.f "xi III' fa'
'ch Y.
(o) I"{H;"'T*f{,,__ II"-, II| A
SerE T e
(=) «j:
G G
Output €Y o ©) ’_“L,f

A6 3 HOEEICE W TER I CGPy2 OE (Text)

75



™,
_m/__ .,{_«]".,,.

Y L
AN
@rwj -
Fa ~ ./*:\ﬁ//

| =] - | ~ __
v _.\wl___l ~ \

- ! s - .W/ e
_”\”..._.. .”.u.r..]/ / ~ - .m/__.|"...m * -_._\n t T__.u. ._
_ﬂ,ﬁ\\ - d v /

N /
r.x/\ ) _
__\H)__l._. ./,__ ..._. | |
./.I\.. _fl.h..,u__“.,/ ____ ..__..
O ORO! [/

e ; W
LA .1.1.5.1.11!.(\_._ u, __ .___
(v \.\ _.h___

__UI/. .........1.... ___.

- __.11.1 5
oA I ez ._
_.,H...J_ﬁ------l.--

H :
= «|ol2]2|a
=
SRR
1)
alrle|=]al 8
Tl == %
=
a|lwle|e]|a

lteration: 4

B TER I CGPLal O (Face)

-
e

B A.7: 4 FEDFEEE

2

Iteration

14

19

13

18

12

7

bl

16

10

15

2|2 |2 23|24

Input position

BEWTER I CGProl W& (Building)

-
e

A8 4 EOEE

76



Input

Output

V]

2

3

T

0

12

13

15

7

i8

22

23

Bla|=

Input position

AD ABOFIEE B WTEEB X CGPhoal D8R (Text)



Input

0 1 2 3 4
b G T & 9
1011 12| 13 | 14
16 |16 | 17 | 18 | 19
20 | 21 | 22 | 23 | 24

Input position

A0 5 BEOEER B TEE X Lk OGPy OHEE

78




4

1

19

24

13

18

23

12

17

22

1

16

21

10

15

20

Input position

AL SEEOEEICE W TER X I CGPy DG

79



)

™ / m;} I/'_III

R
- M e
-'ﬂ?!-{

-,
—

—

12 [ 13 | 14

if |18 | 19

2 (23 | 24

21

10 | 11

15 | 18

0

Input position

Output

B TER S CGPgny DHEE

[

B A12: 5 EDOFEEE



10 [ 11 | 12 [ 13 | 14

15 [ 16 | 17 [ 18 | 19

20|29 |22 23| 24

Input position

A3 SEOEEICE W TER X 1L CGPyy, DG

81



14

19

13

18

12

17

11

16

10

15

20 | 21 | 2 | 23| 24

Input position

tput

Ou

B TER S CGPopn DREE

[

B A.14: 5 EDOFEEE

82



Input

101112 |13 | 14

15 | 16 | 17 | 18 | 19

20 21 | 22 | 23 | 24

Input position

.
Output Q/ @ é n\D

A.15: 5 REDOEERIC &\ THE & 1Lz CGPys O

83



~()?)

14

18

13

18

12

17

22 | 23 | 24

11

16

21

10

15

Input position

Bl Al6: 5 EOEREICE WTER I OGPy OFE



<.

o

85

Output

_/|\__ b ~
_.\.]/._ ™
| m\__ ..m._
" e, Y
{ W...'!.xMx..'!.xMz __um;__. ._-_\.1 ) __.\.,J,........._‘_..r _\”\__,__ o)
A W Ly i R -
} = V) E
O AT oS
) o T &
_.«.J_ /\z_ m.)\/\; ™ .z...@ @
- & | g™ d = =F .
/I\_ _./I\_ W _/I\_ _f.l\_ _zr \ ~ n”_.h.h
AN g {:) 3
__ CTAE frx_f 5 — U / A
\/\ /\Jx\xfl\?.;J__\. ) ﬂmu __|._.___\.“J__ |!x..xJ.. 14
) rx W 2
- /\ L 5
{ m/__ll._.\._ _.n\_~ :1,._.
W \-f.x_ - ..m
() @
_/ e B
' S
| = __ .ﬁ.
L, w
5 HE=
g 15| =
E
= @ | 2| 2|3 c = |a | 2| 2|3 -
o|e|ole]|g|S BB
] T3]
alelalely] g | ~lalelg| 8
~le|=l25 w_. Sl L = I ,m_.
= =
o |lw | B 2|8 o|lw | 2| 2|8

Bl ALE: S HOEREICEWTER I CGPyond OIS



Input

0 1 2| 3 4

b -] 7|8 ]

10 [ 44 | 12 [ 13 | 14

16 [ 48 | 17 [ 18 | 18

20 (29|22 | 3| 24

Input position

Output

Input

0 1 2 3 4

] & T ] ]

011 |12 (13 | 14

15 (16 | 17 [ 18 | 19

20 (3 |2 (23| 24

Input position

Output

Bl A20: 5 EOEREICEWTER I OGP, 5 DS

86



	第1章 序論
	1.1 背景と目的
	1.2 本論文の構成

	第2章 関連研究
	2.1 進化計算法
	2.1.1 概要
	2.1.2 遺伝的アルゴリズム（Genetic Algorithm; GA）
	2.1.3 遺伝的プログラミング（Genetic Programming; GP）
	2.1.4 Cartesian Genetic Programming（CGP）

	2.2 超解像処理
	2.2.1 概要
	2.2.2 シングルフレーム超解像の従来研究
	2.2.3 従来研究の課題と進化計算法を用いた超解像処理

	2.3 まとめ

	第3章 複数のグラフ構造式を組み合わせた超解像処理の自動構築
	3.1 はじめに
	3.2 CGPを用いた拡大処理
	3.2.1 概要と特徴
	3.2.2 処理の流れ

	3.3 複数のグラフ構造式を組み合わせた超解像処理
	3.3.1 概要と特徴
	3.3.2 補正処理
	3.3.3 全体の超解像処理の流れ
	3.3.4 グラフ構造式の最適化
	3.3.5 GPUを用いた並列処理による高速化

	3.4 超解像処理実験
	3.4.1 実験設定
	3.4.2 実験結果と考察

	3.5 まとめ

	第4章 周囲の画素の関係性を考慮したシングルフレーム超解像処理の自動構築
	4.1 はじめに
	4.2 周囲の画素の関係性を考慮した超解像処理
	4.2.1 概要と特徴
	4.2.2 補正処理
	4.2.3 処理の流れ

	4.3 超解像処理の最適化
	4.3.1 GPUを用いた並列処理による高速化

	4.4 超解像処理実験
	4.4.1 実験設定
	4.4.2 実験結果と考察
	4.4.3 第3章の手法との比較

	4.5 まとめ

	第5章 画像の領域に適した超解像処理の自動構築
	5.1 はじめに
	5.2 画像の領域に適した超解像処理
	5.2.1 概要と特徴
	5.2.2 処理の流れ
	5.2.3 超解像処理の最適化

	5.3 GPUを用いた並列処理による高速化
	5.4 超解像処理実験
	5.4.1 実験設定
	5.4.2 実験結果と考察
	5.4.3 第4章の手法との比較

	5.5 まとめ

	第6章 提案手法の組み合わせとDeep Learningを用いた手法との比較
	6.1 はじめに
	6.2 提案手法の組み合わせとDeep Learningを用いた手法との比較
	6.2.1 概要と特徴
	6.2.2 学習画像のサンプリング
	6.2.3 超解像処理の最適化

	6.3 超解像処理実験
	6.3.1 実験設定
	6.3.2 実験結果と考察

	6.4 まとめ

	第7章 結論
	7.1 本論文で得られた成果
	7.2 今後の課題

	 謝辞
	 参考文献
	 本研究に関する発表
	付録A 獲得されたグラフ構造



