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Abstract: Although super-resolution technique using CNN (Convolutional Neural Network) has been applied
to improve the resolution of face images, it can be difficult for one super-resolution CNN model to effectively
learn each face part with significantly different characteristics. The purpose of this study was to develop a
super-resolution method using multiple CNNs for each of facial parts in face images. Our database consisted
of 30,000 face images and the label images for eight facial parts in CelebA Mask-HQ dataset. In this study,
a face image was defined as high-resolution image, whereas the down-sampled face image with a size of 1/4
was defined as low-resolution image. The high-resolution image was reconstructed from the low-resolution
image with the proposed method. SRResNet was used for the super-resolution CNN model of each face
part. The loss function was defined by the mean squared error in the target face part regions between the
image generated with each SRResNet and the high-resolution image. In the proposed method, the high-
resolution images of each face part were estimated from the low-resolution image by each learned SRResNet,
and the super-resolution image of the face image was generated by synthesizing them. An observer study
was conducted to evaluate the subjective perceptual quality of the super-resolution images generated by the
proposed method applying SRResNet to each face part and the conventional method applying SRResNet to
the entire face image. In the observer study, a pair of super-resolution images generated by both methods
were displayed on a display monitor. Three observers independently selected one image considered as higher
image quality from the pairs. In an average of 92.33 pairs out of 100 pairs, the super-resolution images
generated by the proposed method were evaluated as higher image quality than the conventional method.
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Fig. 1 Example of face and label images.

(b) Label image
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Fig. 2 Network architecture of SRResNet.
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GG 2 BN L 72, RETF L LIERFLOBREG

SSIM =

(3)

1218



ERMIBH 25756 Vol.63 No.5 1216-1224 (May 2022)

—> SRResNet for hair

—| SRResNet for eyebrow

—> SRResNet for eye

—> SRResNet for nose

LR

—> SRResNet for lip

—»| SRResNet for tooth

g SRResNet for ear

> SRResNet for skin

3 RERY MU= DR
Fig. 3 Overall scheme of the proposed network.
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F4£1%, SRResNet % SRResNet+Mask & X, LML
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Fig. 4 Comparison of the super-resolution images with the proposed method and the

conventional methods.
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Table 1 Comparison of the fidelities of the super-resolution images with the proposed

method and the conventional methods.

Parts Bicubic SRResNet SRResNet + Mask Proposed method
Hair  33.4515.08/0.9996+0.0018 35.04%£4.94/0.9993+0.0050 35.34£4.82/0.9996£0.0022 35.36:4.77/0.9995£0.0017
Eyebrow 49.90£4.42/0.9999£0.0010 51.00+£4.21/0.9999£0.0011 51.19%£4.19/0.9999£0.0008 51.23=4.14/0.9999 =0.0008
Eye  45.02£3.67/0.9994+0.0041 46.76%+3.56/0.99960.0035 46.90%3.50/0.9996£0.0033 47.69=*3.47/0.9996+0.0029
Nose  50.74£3.95/0.9999+0.0003 51.87%3.13/0.9999+0.0003 52.83+3.55/0.9999%0.0002 52.99+3.55/0.9999+0.0002
Lip  48.32%3.39/0.9999£0.0004 50.04%3.13/0.9999+0.0004 50.32£3.15/0.9999+0.0004 50.66+3.21/0.9999+0.0003
Tooth 47.47%4.90/0.9998+0.0016 48.98£4.77/0.9998£0.0013 49.20%+4.82/0.9998£0.0013 49.60+4.77 / 0.9998+0.0012
Ear  45.57%4.42/0.9999£0.0014 47.15%£4.38/0.9999+0.0024 47.38£4.30/0.9999+0.0017 47.41£4.13/0.9999+0.0010
Skin  38.08%£3.54/0.9999+0.0011 39.44+3.28/0.9999+0.0007 40.04+3.44/0.9999+0.0007 40.22+3.48/0.9999*0.0008
Ave.  44.821+4.17/0.9998£0.0014 46.29%3.92/0.9998£0.0018 46.65£3.97/0.9998+0.0013 46.8913.94/0.9998+0.0011
PSNR: Ave.£Std.[dB] / SSIM: Ave.£Std.
FRE R0z, —0, RETEOF SSIM 14 0.9998 T, B2 RHIS 2 BIBEEEROMR, KBSFORETEI

SRResNet (0.9998), SRResNet-+Mask (0.9998) & [@%:T
Holz.
PR TP & SRResNet THRL & 72815 1015 O HH b
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T HMEME A 2713 100, 97, 80 T, SRResNet (0, 3,
20) 1ZH, KEEIZE D o 7. BlIERE 3 L OIRFEF I
T 5 HME N E A 2 713 92.33, SRResNet 13 7.67 T
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Fig. 5 Examples of super-resolution images considered as higher image quality in the

observer study.
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b7, WMFERS DRGNS REN—= 212 LT R
BN CE oM gtdbd b, —J7, WRETHETIE, H
8= TEBIRGE CNN EFVERE L2205, &
CNN E 7 WP L 725538 — V2RI 7B T &
TokE2 D, F72, % CNN EF ISR/ S— Y 5HIB 0
BEEICHEDEFEE L2 s, NS HBE/S— Y12k L
THHoaEElMiEL 2, BILCILY, HOBERFE T
LOEEICER CE e E LN A,

B 5 12, BIZHFEBRCBIZEE 3 Ao E Il &5 L 72
RAREE OB 2R . IRETEIC X 2 BRHMEEI5IE, ek
FHATHA, FFICESLRIE, MOV TH - 7
L72h 5T, ZNOHHE - 72WG Ik LT, RETHEDN
MBEYEEE L ERSNLMEANCH o7, —F, ThoD
MR T E VTSR WEER O EZ M L2 ICB T
X, MREGEOHESHEE S 2, FERTFIEIC L LB
WEASRIEN D r —AbH o7z, Ld>T, HRHEOM
WS, MEMEICKERZELYRIZLI-LERS.

CONN % Fl\ 7= e 7V O Ik L LY 5
AT HWISS, BREELEES R, 2Eacd b 2
EDHE SN TV [20]. RRETFEIIERTH LRI,
IR L P T EEmAEEZ AL, Lo L, RET
FC & 2 ERGE LRI, kTl T, Kras
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Fig. 6 Visualization of feature maps for SRResNet by t-SNE.

BB EDPFEFRTE . LEd-> T, KilBfES CNN £
FIDEFB S HEFNNY - BRESIN-Z T, P
FeE 2 LB ICE L AR BB TE - EE R 5.
Hti, WFRTHLOBEREE L T %D 5 Perceptual
loss[23] R LICETET L2 LI2LY, X0y — 7% BfF
G % R CE LR D 5.

PHM % % %3 L 72 SRResNet O H g o~ v 712
t-SNE[24] # @M 52 L12X 0, JE/ =V O~
TERIHALL /R ZE 6 ISR, BE, 5, Ho4of
WCEZ VPR ONLD, KEHN—Y DR T T AL
GHENTBY, EHS— VIR OECED S Z LD
RT&E. L72ho T, AR T8 DDEH/X— VI3 L,
SRResNet 25 L 7= L IR U TH oL EZ 5.
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Fig. 7 Comparison of the super-resolution images with the proposed method and the

conventional methods (upper: x8, lower: x16).

® 2 RERTELICRTEC L2 BREBIGOEERLOIE (8 1, 16 BILKREIE)

Table 2 Comparison of the fidelities of the super-resolution images with the proposed

method and the conventional methods (x8, x16).

Scale Bicubic SRResNet

SRResNet + Mask Proposed method

x8 40.12+3.63/0.9988+0.0063 41.60+3.77/0.9991+0.0051 41.98£3.76/0.9990+0.0070 42.42+3.58/0.9993£0.0039
x16 36.45+3.38/0.9959+0.0173 38.77%£3.41/0.9977%0.0108 38.69+3.37/0.9977£0.0106 38.98+3.32/0.9978+0.0264

G DML BT, 457515 T% <, 81, 1645
DMBIGUIESEEFNL MO DD EEZ D, 2T, A7
LR 212, —EFHB L U"SRResNet, SRResNet+Mask %
8 fi%, 16 fEDOBMAGAILIZIDHH L7312 R 3. 2 2T,
#A4 v b — 2 IS (512 x 512 W{F) &, 1/8, 1/16 D
AR T 2T UIARIREENE (64 x 64 W3,
32x32 W) DIEH/NY — » ORIRESFE S8 72, 845, 16 15
DI, -ETHE, SRResNet, SRResNet+Mask & X,
= OB X0 SEHICERERRT 5 2 LSRR T & 7. H
ET:0OFH PSNR (8 1% : 42.42dB; 16 1% : 38.98dB) |,
SRResNet (8 1% : 41.60dB, p < 0.001; 16 f% : 38.77dB,
p = 0.0035), SRResNet+Mask (8 & : 41.98dB, p < 0.001;
16 1% : 38.69dB, p < 0.001) & W HEIZEWREIE S
7o F 77, PHSSIM IZBWT L, BETHE (8K 1 0.9993;
16 1% : 0.9978) #%, SRResNet (8 1% : 0.9991, p < 0.001; 16
% :0.9977, p < 0.001), SRResNet+Mask (8% : 0.9990,
p < 0.001; 16 £ 1 0.9977, p < 0.001) X W HFHIZEH -
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PSNR: Ave. = Std.[dB] / SSIM: Ave. = Std.

2. L, 8f%, 16O &EMMEEALIZE VT, RETEL
ERLTA7201201%, S5LIUEVPVETH L.
SHONGEREEE LT, UT2slFons.
(1) BEN=YDOEITA>T— 3 &k
KR T, KE =V IZFEHTT /77— 3 Y5
ENTZTNWVEEGEER W, Leh > T, IREFELZEE
RICHEHT 57201213, EH/S— Y O T XOVIHEILE L 7
L. FADMETIN—T T, EHIX—VDEI VT 1407
YT RA YT = a YEORBIZOR YA TV 25, 4
%, WETRL e~ ryT1 v 27 Ay F—a vikEill
BEDELIEICLY), TNRVEEEARELT L5y b
T—=JICHETHTFETH 5.
(2) FEMFHMEIEE & —F T 2 BERVFHEIEIZ D5
RIFFEDBIEIH FEET, 100 X7 13 92.33 R7I2H
W CIRETE O BME WG O ME TR A E W & RIS L
W20 53, PSNR R SSIM IZKE LI RD o7z,
L7555 T, PSNR % SSIM (& FEIMEHMTi 2 )W T & Tw»
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#TEINE, Ay P FEROHEELEEE LTOMEH
THZEPIRETH D, L DHMEMED SR E(ED
HERTE L EMEET 5. —h, KR OBIEHEFER TR
L 7z Two-alternative forced choice {5 G AL IZ X
5FEEMFHEE LT, BYTHo 7200 bKaT 208D
HbH., TIT, INFTRESN TV EEICET 5 %#
BOFRIE & FEGEMOBEBRE S 212 L, EENEENE &
0 BB 2 R BT O R IZHLY HLE.

(3) SfEROBAEGNIEADER

M7 &322 TRLALIID, 8%, 16 EOEMREE(LIC
IBHT 57201208, IRETFHEEZ S LIIYETILEDND S,
FITHREIE, Ay NI NET, 245, 41, SR B
REAIC B IS REAL S 2 Tk [26) %12, L) EfEEoRl
FRAEMIR BT E D A v N7 — 27 OB RIZELY #Er.
(4) BRI 27 LADISHA

WA, BiJL/BEtE A X TR S, FEED N2 BET
DUEEREL Y AT AR LTS [27). L L, B B
7 A TR OGN, T B EHRRAER AR b e
WZEDH L. BEREH Y AT ARETE AR LT
BAL, M2 EREENT 22 LIcL Y, HILEEE %
MET&2 LMET 5. 4%, BHIL/EHED A THEOH
ALY AT LB HIREFHEOARLEHEES 5 TET
H5b.

6. F&&b

KAFFE T, K=V 2R & Lo #% CNN 7
VEFNENHE LAY VT — 7 2R L, &iBMGg
CNN EF VOB ZERT 52 12X, HElig %z ming
BT AT L. FLT, REFHELERTUT
& % SRResNet TH B L 728 fHEHIZ I L, T8I 25
B X 2 720 OBIRHEER LT o 72, ZOFER,
100 X7 H13F3 92.33 RT7ICB VT, RETHOMEIFG M
GA Y & 5Hli S N, IRRFEOFHMEI IR S /.
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