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Noisy Image Super-resolution Reconstruction with

Adaptive Patch-group-cuts Prior

LI Tao1 HE Xiao-Hai1 QING Lin-Bo1 TENG Qi-Zhi1

Abstract To enhance resolution of a noisy image, the conventional method adopts a cascaded scheme of denoising

followed by super-resolution (SR) reconstruction. However, the denoising algorithm inevitably causes some loss of high-

frequency information in the image, especially in non-smooth regions, which significantly influences the quality of the

subsequent SR reconstruction. To incorporate all the high-frequency information from the noisy low-resolution (LR)

images into the SR reconstruction, a noisy image SR method with adaptive patch-group-cuts (PGCuts) prior is proposed,

based on the nonlocally centralized sparse representation (NCSR) model. The proposed method performs denoising and

SR reconstruction simultaneously. The PGCuts prior, which is built on a novel 3D neighborhood system and a patch-group

model, is able to denoise the image, restore smooth and sharp edges, etc. The edge strength measurement is introduced

to adaptively balance the constraint strength of PGCuts prior in reconstruction. As PGCuts constraint is weak in smooth

regions, a region-based fusion scheme is also used to further suppress the noise. Reconstruction experiments are conducted

on both synthesized and real noisy LR images. It is demonstrated that the proposed method can restore plenty of details

in reconstructed SR images while still suppress the noise, giving not only high scores in objective criteria like PSNR and

SSIM, but also very good visual effects in non-smooth regions in subjective evaluations.
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�Y?nö��5EâJÝ, ã��DÚ�©EÇ¤Ǒã�?nL§¥'��?nÚ½.ã��Du��8Zy
Nõ
÷�{, �)Äuê��Å�Å|�.[1−3]!Äu�ÅC�[4−5]!Äuã�¬��ÛÜ�q5[6−9] ��{. �ÛÜþ� (Non-local means, NLM) �{[6] 3ã�¥|¢ë�¬��ÛÜ�q¬, é�q(�?1\�²þ¢y�D. BM3D (Block matching and 3-D

filtering) �{[8] òõ��ÛÜ�q¬/¤�n�ê



766 g Ä z Æ � 43òâ(�, =��C��?1ÆÓÈÅ, �D����Ý/�3
�q¬�k�[!(�, ��
�~âÑ��D�J. CBM3D (Color-block matching

and 3-D filtering)[7] K´ BM3D �{[8] 3çÚã��*�.üÌã��©EÇ�Ǒã�?n+����ïÄ9:, Ì��)n�ïÄ��: Äu����{[10−11]!Äu­ï��{[12−14] ÚÄuÆS��{[15−18]. Äu����{$��Ý¯, �´N´Ú\�
Úç¸, ·^u¢�5r�A^|µ. Äu­ï��{�6uü��.Ú�«(�k�, k���^�­ïã�ä��A�g,ã�ÚOAÆ. ÄuÆS��{ÏLÆSÚ|^$©EÇã��p©EÇã��m�'X, ¢y©EÇ�Or, 3©EÇJp�ê���Eäk���­ï�þ.�$©EÇã�¥�3²w�D( (©¥�½ǑD(IO� σ ≥ 10) �, XJ�ÑD(��3���©EÇ­ï, D(¬��Ǒ[!
\±Or, �$©EÇã�¥Õá©Ù�D(�Xþæ�ö�3��S*Ñ, Ú\
D(�'5, ��­ï�p©EÇã��þ$e. ÏdD(ã���©EÇ­ïI��ÄD(�ØÚ©EÇJpü��¡, ÙéA�ü��.Ǒ
yyy = Hxxx + nnn (1)Ù¥, ü�Ý
 H �¹
�
Úeæ�ö�, xxx Ǒ�©p©EÇã�, nnn Ǒ\5D(, yyy Ǒ*ÿ��$©EÇD(ã�. d�Ì�3²wD(�$©EÇã�, ¡E���Ì�D(�p©EÇã�, �{ü��{´Gé�DÚ�©EÇ­ï. DÚ�Gé�ª´k�D, 2�©EÇ­ï. �D�{Ø�;�¬�
ã�[!, ���ùÜ©k^&E�{3�©EÇ­ïÚ½�Ö. �©òDÚGé�ª�­ï(J¡Ǒp©EÇ�Dã�, $©EÇD(ã����©EÇ­ï�(J¡Ǒp©EÇ�Dã�. Ǒ
¢yD(ã���©EÇ­ï, ©z [19] JÑòp©EÇ�Dã�Úp©EÇ�Dã�3ØÓ«�ØÓ��f�þg·A�5|Ü, 3[!´L«��Ì«n��þ, ^p©EÇ�Dã�k�/O�p©EÇ�Dã�. ©z [19] ­ï(Jã[!�´L, �3[!«�Ì«n��þ�3D(. �©Äk©Û
p©EÇ�Dã�Uþ���«�©ÙA5;��, Ǒ
¡E�1w«�þî­���&E, Or[!�Ó�³�D(�Z6, JÑ
±�ÛÜ¥%zDÕL«�.[20] ǑÄ:!Äug·A¬|�k��D(ã��©EÇ­ï�{. �ǑÄu­ï�üÌã��©EÇ, �©æ^
¬|�k�, §äk²w>ÆÚ�±>Æ�A5, �(Jã¥>Æ�ß, �ÎÜg,ã�>Æ�ÚOAÆ. g·A¬|�k�

3²w«���å5�f, 
DÚp©EÇ�Dã�3²w«��Uþ��Ø�, Ïd�©31w«�k�/KÜp©EÇ�Dã�, �­ïã��N��þÑ�p.

1 p©EÇ�Dã��Uþ��©ÛD(ã��©EÇ­ï, 3Xª (1) ¤£ã�ü�L§¥, �
Úeæ�¬��Ü©&E. �^DÚGé�ª, ���p©EÇ�Dã�, Ä�Ú½´�D, �D�{�ØD(�Ó�¬E¤
>Æ[!��
, Ǒ¬��&E���. ùüa&E���Ñäk�r�«�5©Ù. Xã 1 ¤«, éã 1 (a) ¥�$©EÇD(ã�æ^ CBM3D �{[7] �D, ,�U Zeyde �{[15] �©EÇ­ï, ��ã 1 (b) ¤«�p©EÇ�Dã�. éã 1 (b) ¥z� 7 × 7 ��ã�¬, O�Ù�ã 1 (c) �©p©EÇã�éA¬��Ýþ��Ø� (Root mean square error,

RMSE), ��ã 1 (d) ¤«�Uþ��ã. dd��, Uþ3²w«����f, 
3>Æ��²w«���r, p©EÇ�Dã�Uþ��©Ùäkér�«�5.

ã 1 ã� Butterfly p©EÇ�Dã�Uþ��ã9>ÆrÝã
Fig. 1 The energy loss map and the edge strength map of

the denoised HR image for image ButterflyǑ
|^Uþ���«�5A:, �©�^ã��>ÆrÝ (Edge strength, ES) 5%CUþ���«�5©Ù. >ÆrÝ�FÝ�', FÝ�Æ��Ý
U
�NÛÜ«�S>ÆÌ��Ú>Æ�rf. �½ë�: i, FÝ�ÛÜÆ��Ý
�L«Ǒ
Qi = GT

i Gi (2)
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Gi =





...
...

gxj
gyj

...
...



 , (xj, yj) ∈ Bi (3)

Bi ´±ë�: i Ǒ¥% √
n × √

n ���ã�¬,

gxj
Ú gyj

©O´Tã�¬÷ x ¶Ú y ¶�FÝ.Æ��Ý
 Qi Uk�/�N>Æ&E: Qi ���AÆ�L«¬ Bi SÌ>�rÝ, ��AÆ�¤éA�AÆ¥þ�«
Ì>�{���. Ý
 Gi �ÛÉ�©)ǑU�N�Ó�>Æ&E, �O�þ'
Qi �AÆ�©)��. Ïd, �©æ^ Gi �ÛÉ�©), ��ü�ÛÉ� s1i Ú s2i, >ÆrÝ��L«Ǒ

fi =

(
max(s1i, s2i) + µ

n

)γ

(4)Ù¥, µ ��>ÆrÝ��Ä�, 
 γ �� Gi é>ÆrÝ��KǑrf. ã 1 (b) éA�>ÆrÝãXã 1 (e) ¤«, ÏL'�ã 1 (d) Úã 1 (e), �±wÑ, p©EÇ�Dã��>ÆrÝã�(/%C
ÙUþ���©Ù.

2 Äug·A¬|�k��D(ã��©EÇ­ïã�ÚÀª¥, >Æ�Ǒã��'�AÆ, éã��þ�µ��~­�. ép©EÇ�Dã�Uþ���©ÛL², DÚGé�{3�1w«��3���Uþ��, î­ü$
­ïã���þ. Ǒ
JpD(ã��©EÇ­ï��þ, �©3�ÛÜ¥%zDÕL«�.Ä:þ, *�Ú\
¬|�k�, U
´Lã�[!�³�D(. �â>ÆrÝg·A/N!¬|�k���åÝ, 3²w«�þ, Ǒ
Ö�g·A¬|�f�åÝ�KǑ, ?�Úk�/K\
p©EÇ�Dã��&E.

2.1 �ÛÜ¥%zDÕL«�.b½ Φ ∈ Rm×K Ǒk K ��f����i;
(K > m), &Ò xxx �DÕL«Ò´ xxx U^ Φ ¥�f��5|Ü5Cq, �|ÜXê´DÕ� (�Ü©�féA�XêǑ 0). &Ò xxx DÕXê��)�ÏL
l1 �ê��z��, êÆ/ª£ãǑ

αααxxx = arg min
ααα

{‖xxx − Φααα‖2

2 + λ‖ααα‖1} (5)Ù¥, λ ´�Kz�ëê, ^5N! xxx DÕL«Ø�Ú ααα DÕÝm��­'~.�©EÇ­ï�, DÕL«�.?né�Ǒã�¬. éuã� xxx ∈ RN , kã�¬ xxxi =

Rixxx, Ù¥, Ri Ǒ¬J�Ý
. ÏL�) αααxxx,i =

arg minαααi
{‖xxxi − Φαααi‖2

2 + λ‖αααi‖1}, ã�¬ xxxi �DÕL«Ǒ xxxi = Φαααxxx,i. 
ã� xxx ^¤kã�¬�DÕXê8Ü {αααxxx,i} L«Ǒ
xxx = Φ ◦αααxxx =

(
N∑

i=1

RT
i Ri

)−1 N∑

i=1

RT
i Φαααxxx,i (6)Äuª (1) ��©EÇü��., Ǒ
d yyy ¡EÑ

xxx, ÄkÏLª (7) �� yyy 'ui; Φ �DÕXê:

αααyyy = arg min
ααα

{‖yyy − HΦ ◦ααα‖2

2 + λ‖ααα‖1} (7),� xxx = Φ ◦αααyyy =
(∑N

i=1 RT
i Ri

)−1∑N

i=1 RT
i Φαααyyy,i¡E��p©EÇã�.é²w, αααyyy ��C αααxxx ý¢� xxx �­ï�þÒ�p. ©z [20] òã�¬��ÛÜ�q5*��ã�¬DÕXê��ÛÜ�q5, ò­ïã�¥�ÛÜ�q¬DÕXê��­Ú, �Ǒ αααxxx,i ��O� βββi, �O\�å�� αααyyy,i %C βββi, ��
�ÛÜ¥%zDÕL« (Nonlocally centralized sparse

representatio, NCSR) �.:

αααyyy = arg min
ααα

{‖yyy − HΦ ◦ααα‖2

2 + λ
∑

i

‖αααi − βββi‖1}

(8)�YïÄö3 NCSR �.Ä:þ?15U*�, ~X©z [21] \\
ã�FÝ��ãk�, �­ïã��FÝ©Ù��U�C�©p©EÇã�, ��
���­ï�þ. NCSR �.=·^u�D½ö$D�|µ, �$©EÇã�¥�3²wD(�, §rD(��[!5Or. Ǒ
;�D(é­ï�KǑ, �¢y>Æ²w!�ß�8�, �©3 NCSR �.Ä:þ, JÑ
Äug·A¬|�k��D(ã��©EÇ�{.

2.2 ¬|�k�9Ùg·A�å¬|�k���d·�JÑ¿�^3õÀª��­ï[22] ¥, ��/�Ø
��­ï�~��<K×\, �)
��­ï�¾�5. �©ò§^uD(ã���©EÇ­ï, ò{�0�§¤Äu�A½n���XÚ!¬|�.Ú�n, ¿`²Ù3D(ã�­ï�u���^. ¬|���[0��ë�©z [22]. ¬|�k�ÏL¢y­¡�²w���D!>Æ²w��ß�8�. ­¡�²w�±ÏL­¡¡È��z¢y, 
¬|��´­¡¡È��z�ê��)�ª.

2.2.1 n���XÚ¬|�¤^�n���XÚ½Â3Xã 2 (a)¤«�n���ã G þ. n���XÚ�©)Ǒõ



768 g Ä z Æ � 43ò���f��¡, ã 2 (a) ¥^ØÓ�ÚL«ØÓf��¡. z�f��¡S���XÚ�©z [23] ¥����XÚ�q, Xã 2 (b) ¤«. � Æ ϕs ´1 s �f��¡�1 1 �f��¡�m�YÆ, 3z�f��¡S, �Æ θt L«1 t ���¥þ�Y²¶�m�ÆÝ.ã G ¥, �½ë�: i, ÙéA� 3 ���XÚ�^��¥þ8 N L«, N = {̺st | 1 ≤ s ≤
ns, 1 ≤ t ≤ nt}, Ù¥��¥þ�ª:=Ǒ i ���:,´3Æé 〈ϕs, θt〉¤û½��þål i�C�:,

ns L«f��¡�êþ, nt L«3f��¡þ���¥þ�ê, ��¥þ�oêǑ nG = ns × ns. du��¥þ���5, ϕs Ú θt ��«mÑǑ [0, π).ã 2 (a) ¤«�´ nG = 4 × 8 n���XÚ, ¢%:Ǒ i ���:.Æé 〈ϕs, θt〉 û½
T��þ��x Fst, z��x�¤
�©Ù3õ�²1¡þ. �x Fst ¥z^¤
�¤ULÆ����¡¡ÈǑ
∆Sst =

δ3

|̺st|
(9)Ù¥, δ ´ G ���º�, |̺st| Ǒ��¥þ ̺st ��Ý.

ã 2 n���XÚ«~ã
Fig. 2 An example of the 3D neighborhood system

2.2.2 ¬|�.n���XÚI��6n�êâ�.Ǒ1N.éu�Ì��ã�, �±|^�ÛÜ�q¬5�ïn�¬| (Patch group, GP) �.. g,ã���ÛÜ�q5®�2�A^3
ã��D!ã�?E!ã��©EÇ�A^¥. �©æ^î¼ål5Ýþ�ÛÜ¬m�qÝ, ã�¬ A Ú¬ B �î¼ål

Ǒ dE (A,B) =
√∑n

j=1 (Aj − Bj)
2
/n, Ù¥, n L«z�ã�¬���:êþ, Aj Ú Bj Ǒ�� �

j ?�Ý�. ã�¬��qÝ�ål¤�', A Ú B��qÝǑ
sp (A,B) =

1

1 + dE (A,B)
(10)¬|�.¥, Ǒ
ü$O�E,Ý, ò�q¬|¢���½3 O × O ��I�S, ¢�¥ O � 31.l|¢���q¬¥, ÀÑ��q� M �ã�¬,

M Ǒóê, ¢�¥M Ǒ 6, Xã 3 (a) ¤«. ë�¬�3¬|¥m �, �q¬l¥m�üàUì�qÝ4~��ª�gü�, /¤¬| PGi, Xã 3 (b)¤«. duë�¬Ú�q¬¥>Æ� �Ú�ÝÑ�q, Uù«�ª�ï¬|, M + 1 ��q>|¤Xã 3 (b) ¤«�n�­¡.

ã 3 ¬|«~ã
Fig. 3 A patch group defined on an example image

ã 4 ­¡�²wäk�DõU
Fig. 4 Smoothening surface can suppress edges noiseë�¬¥�>�ÀǑn�­¡�î��, ­¡�²w��Ǒ¬�Ù�¹��²w. Ó�, ^�ÛÜ�q¬5�ï¬|, 3D(|µe¥yÑr°�5. Xã 4 ¤«, ØÓ ��>ÑÉ�
D(�Z6, Úå>Æ���ÆC. ��ÛÜ�q¬ü�¤¬|�, õ�ÉD(Z6�>/¤
ÞªØ²�n�­¡. duù
>�r�'5ÚÉD(KǑ�Õá
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2.2.3 ¬|� (PGCuts)Ú§�g·A�åǑ
¢y¬|�.¥­¡�²w, I�æ^��þzÅ�5Ýþ­¡²wÝ. ­¡�¡È�^5Ýþ­¡²wÝ, ÏL­¡¡È��z¢y¬|�.¥­¡�²w, 
¬|��´±ã�5¢y­¡¡È��z�ê��)�ª.n�­¡ C2 �î¼¡È |C2|ǫ ^ 3D Cauchy-

Crofton úªL«Ǒ
|C2|ǫ =

1

π

∫

L

nC2dl (11)Ù¥, L ´��8, nC2 L«� l �­¡ C2 ��:êþ. 31 2.2.1 !¤0��n���XÚ¥, �Ý
dl �lÑzǑ dl ∝ ∆Sst∆θt∆ϕs. Äuª (9), 3D

Cauchy-Crofton úªlÑzL«Ǒ
|C2|ǫ =

1

π

ns∑

s=1

nt∑

t=1

nC2 (s, t)
δ3

|̺st|
∆θt∆ϕs (12)Ù¥, nC2 (s, t) L«�x Fst �­¡ C2 ��:ê.O�ÅÀú¥, ã�´�«)ûUþ��z¯K�k��{. ã��{ÏL�ï\�ã, rUþ��z¯K=�¤���¯K5¢y. ã���[nØ�ë�©z [24]. ÏL�ïn�ã G, ¿�½�x

Fst ¤éA>��­Ǒ
wst =

δ3 · ∆θt · ∆ϕs

π · |̺st|
(13)Kî¼¡È |C2|ǫ �dã G ¥­¡ C2 ��L«:

|C2|ǫ =

ns∑

s=1

nt∑

t=1

nC2 (s, t) · wst =

∑

s,t

wst

∑

(p,q)∈Nst

nC2 (lpq) = |C2|G
(14)Ù¥, nC2 (lpq) L«��: p Ú q më��­¡ C2��:ê. b� I (v) L«n�N� v ��Ý�, �½~ê c, I (v) �þY²8Ǒ Vc (I) = {v, I (v) ≥

c}. Vc (I) ���­¡Ǒ ∂Vc. ª (14) =UL«��­¡ ∂Vc �¡È. �L«n�ã¥¤k�Ý­¡�o¡È, I� c H{ 0 � 255 ��ê, ¢SÒ´é¤kU©���: p Ú q ���­¡ ∂Vc ?1Oê, 
U©�ü��:�­¡�êǑ |I (p) − I (q) |,Ïd¤k�Ý­¡�o¡ÈǑ
|∂V |ǫ = |∂V |G =

∑

s,t

wst

∑

(p,q)∈Nst

|I (p) − I (q) |

(15)

ª (15) �ã��Ýþü�¬|Sì?Cz��Ý­¡ (^­¡) ²wÝ, �g±ã� xxx ¥z:Ǒë�:�ïéA�¬|, ¿\\Ù�Ýþ, ��¬|�Ǒ
|PG|ǫ = |PG|G =

∑

i

|PGi|G =

∑

i

∑

s,t

wst‖RPG
i xxx − DstR

PG
i xxx‖1 (16)Ù¥, RPG

i lã� xxx ¥J�1 i �¬|. Cþé
〈s, t〉 û½
f��XÚ Nst. Dst �¤f��XÚ
Nst ¥��¥þüà:¤éA� £. wst ´Nst >��­.(Üª (8) Úª (16), Äu¬|�k��D(ã��©EÇ­ï�.�L«Ǒ

αααyyy = arg min
Φ,ααα

{‖yyy − HΦ ◦ααα‖2

2+

∑

i

λ1 (i) ‖αααi − βββi‖1+

λ2

∑

i

∑

s,t

wst‖RPG
i xxx − DstR

PG
i xxx‖1} (17)ÏL¢yª (17) ���z, ¢y8Iã�S¬|^­¡�¡È��, l
��ã��D!>Æ²w�8�. ª (17) ¥ λ1 Ú λ2 Ǒ�Kzëê. ©z [25] �Ñ, 3DÕL«�.¥é l1 �êDÕXê��Kz�æ^S�­\�, U
~�DÕL«Ø�. Ïd,�©Uì©z [20, 25−26] ¥0���{, |^ã��ÛÜP{5S��# λ1, ë�ª (25). λ2 ^±N!¬|�k���åÝ. λ2 ����, 3r>Æ?U
��'�n��²w�J, 
3f>Æ?¬��>ÆLÞ²w$���. ��, λ2 ����, 3f>Æ?U
��Ü·��å�J, 
3r>Æ?K�ååØ
. ª (4) ¥�>ÆrÝ�U
�N>Æ�rf, Ïd�©æ^>ÆrÝ�¢y¬|�k��g·A�å.ã� xxx �>ÆrÝã^éÆÝ
 P L«, 1

i �¬|éA�>ÆrÝÝ
 Pi = RPG
i P (RPG

i )
T
.¢y
¬|�k�g·A�åüÑ�D(ã��©EÇ­ï�.L«Ǒ

αααyyy = arg min
Φ,ααα

{‖yyy − HΦ ◦ααα‖2

2+

∑

i

λ1 (i) ‖αααi − βββi‖1+

λ2

∑

i

∑

s,t

wst‖Pi

(
RPG

i xxx − DstR
PG
i xxx

)
‖1}

(18)



770 g Ä z Æ � 43ò
2.3 ©«�KÜ±>ÆrÝ¢y¬|�k��g·A�å, U
�õ¬|�k�é>Æ�²wUå, �´, Ǒ¬ü$¬|�k���DUå. ÏǑ, ØØ´²w«��´�²w«�, ÑI��ÓrÝ��D5U, 
Äu>ÆrÝ�g·A¬|�k�3²w«���årÝ$, �D�JØU÷v¢S�I�. b½Äug·A¬|�k��­ïã�Ǒ x̂xx, p©EÇ�Dã�Ǒ xxxdn, �Ä� xxxdn ¥Uþ���«�5©Ù, �©Uìª (19) ©«�KÜ x̂xx Ú xxxdn, l
�õã� x̂xx.

x̂xx = F · x̂xx + (1 − F ) · xxxdn (19)Ù¥, F ǑKÜ�­Ý
. ã� xxxdn Uìª (4) ��>ÆrÝã F0, 2�âª (20) ¥�K�¼ê��
F , ª (20) ¥ f̂ Ǒýk½Â�K�. d F ��©«��KÜ, �²w«� F ��Ǒ 1, �3
ã� x̂xx 3�²w«�­ï�J, 
3²w« F ����, �3
ã� xxxdn 3²w«��D�J.

F (i, j) =

{
1, F0 (i, j) > f̂

F0 (i, j) , F0 (i, j) ≤ f̂
(20)

2.4 �{6§�©æ^S���z5�¤ª (18) ��). z�gS�¥, k�Ñi; Φ, 2�½ Φ �)DÕXê ααα. b½1 u gS��, p©EÇã� xxx ��
�O�Ǒ x̂xx
u
, x̂xx

u õºÝã�8Ü¥¤kã�¬æ^
k-þ�àaǑ K a, ¿éz��aO�ã�¬^Ì¤©©Û (Principle component analysis, PCA) Ôö��fi; Φk, (k = 1, · · · ,K). Ǒ x̂xx

u z��ã�¬À�Ù¤áaO�fi; Φk. �½ Φ, ª (18)�{zǑª (21) ¥�f`z¯K:

αααyyy = arg min
ααα

{‖yyy − HΦ ◦ααα‖2

2+
∑

i

λ1 (i) ‖αααi − βββi‖1+

λ2

∑

i

∑

s,t

wst‖Pi

(
RPG

i xxx − DstR
PG
i xxx

)
‖1}

(21)ª (21) ��)^S�Â �{[27−28] ¢y. 1
l gS�¥, Äk^FÝeü{�#p©EÇã��
�O� x̂xx

l Ǒª (22).

x̂xx
l+ 1

2 = x̂xx
l
+ τ

(
HT

(
yyy − Hx̂xx

l
)

+

λ2

∑

i

RPG
i

T
∑

s,t

wst

(
DT

st − I
)
Pi×

sign
(
RPG

i x̂xx
l − DstR

PG
i x̂xx

l
))

(22)ª (22) ¥ τ Ǒýk½Â�~ê. �X, 1 i �ã�¬�DÕXê αααi �#Ǒ
ααα

l+ 1

2

i = ΦT
k Rix̂xx

l+ 1

2 (23)Ù¥, Φk Ǒ1 i �ã�¬ Rix̂xx
l+1/2 ¤áa� PCAfi;. ^ Ωi L«1 i �ã�¬��ÛÜ�q¬8Ü, βββi �dDÕXê8 {αααl+1/2

j , j ∈ Ωi} \�Ú��, =
βββi =

∑

j∈Ωi

ρi,jααα
l+ 1

2

j� ρi,j =
1

Z
exp

(
−‖Rix̂xx

l+ 1

2 − Rjx̂xx
l+ 1

2 ‖2
2

h

)

(24)Ù¥, h Ǒý½Â~ê, Z Ǒ8�zÏf. |^ã��ÛÜP{5S��# λ1 Ǒ
λ1 (i) =

2
√

2σ2
n

σi

(25)Ù¥, σn ǑD(IO�, 
 σi Ǒ {αααl+ 1

2

j −βββi, j ∈ Ωi}�IO�. DÕXê αααi ^^K�¼ê?1Â :

αααl+1
i = Sλ1(i)/d

(
ααα

l+ 1

2

i − βββi

)
+ βββi (26)Ù¥, Sλ1(i)/d Ǒ^K�¼ê, dǑ��~ê^±�yÂ ¼êǑà¼ê. p©EÇã�#��O� x̂xx

l+1Ǒ̂
xxx

l+1
= Φ ◦αααl+1 =

(
N∑

i=1

RT
i Ri

)−1 N∑

i=1

RT
i Φkααα

l+1
i

(27)3z�gS���ÑI�©«�KÜ, ;�Äug·A¬|�k��­ïã�¥²w«D(õgS��*Ñ��²w«.

x̂xx
l+1

= F · x̂xxl+1
+ (1 − F ) · xxxdn (28)Ǒ
��Ù/`²�©�­ï�{, �{ 1 �Ñ
�[�6§Ú½.�{ 1. Äug·A¬|�k��D(ã��©EÇ­ïÑ\. $©EÇD(ã� yyy, ©EÇ��Ïf oÑÑ. p©EÇã� xxx

1) òp©EÇ�Dã� xxxdn �Ǒp©EÇã��©�O� x̂xx
0
, ��>ÆrÝëê µ Ú γ!¬|���XÚëê ns Ú nt!©«�KÜ�K� f̂ , �K
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max!SÌ���S�gê KI

max.

2) dª (4) Úª (20) �� xxxdn éA�>ÆrÝ�­ã F .

repeat

3) ^ k-þ�àaÚ PCA �#fi; {Φk, k =

1, · · · ,K}.
4) �½ {Φk}, ¢yª (21) ��`z¯K.

Repeat

a) dª (4) ��p©EÇã��O� x̂xx
l�>ÆrÝéÆÝ
 P , ¿J�Ñ1 i �¬|�>ÆrÝÝ
 Pi.

b) �âª (22) �#p©EÇã���O� x̂xx
l+1/2

.

c) �âª (23) ��DÕXê αααl+1/2.

d) dαααl+1/2 ©OUìª (24) Úª (25) �# βββi Ú�Kzëê λ1.

e) dª (26) �S�Â �fòDÕXê�#Ǒ αααl+1.

f) Äuª (27) ��p©EÇã���
�O x̂xx
l+1

= Φ ◦αααl+1.

g) Uìª (28) ©«�KÜ�
�O�
x̂xx

l+1 �p©EÇ�Dã� xxxdn.

until l ≥ KI
max

until u ≥ KO
max

3 ¢�(J�©ÛǑ
�y�{�k�5, �!?1
�[D(ã�¢�Úý¢D(ã�¢�. ¢�¥�©�{�'ëêÀ�Xe: ©EÇ��Ïf o = 2; ã�¬��Ǒ 7 × 7; >ÆrÝÄ���ëê µ = 0.00001,Æ��Ý
é>ÆrÝ�KǑrf���ëê
γ = 0.8; ¬|�k�f��¡�ê ns = 4, z�f��¡S��¥þ�ê nt = 12; 	Ì���S�gê KO

max = 5, SÌ���S�gê KI
max = 160,FÝeü{Ú�ëê τ = 1, �Kzëê λ2 = 0.04,©«�KÜ�K� f̂ = 0.2.�[¢�¥, Ǒ
Ü¤$©EÇD(ã�, rp©EÇÿÁã��
3 o �eæ�, ¿\þ�ÅD(. du�©'5�­:´D(, ¤±3$©EÇD(ã�)¤L§¥æ^��
Ø (5 × 5 ��, IO�Ǒ 1 �pd�
Ø), ;�LÝ�
é­ï�þ�)KǑ. �ÅD(´IO�©OǑ 10!15!20!25Ú 30 �pdxD(. ¢�¥, �©�{ò�Vng�� (Bicubic)!k�D2Vng�� (De-

noise+Bicubic, D+B)!k�D2^ Zeyde[15] ­ï
(Denoise+Zeyde[15], D+Z)!Singh[19] Ú NCSR[20]

�{'�. Denoise+Bicubic Ú Denoise+Zeyde[15]=ǑDÚ�Gé�{, «O3u©EÇOr^
ØÓ��{. �©é Denoise+Zeyde[15] Ú Singh[19]�{­ï(JO\
S��ÝK[29] Ú½, �ØÙ����
. NCSR[20] �{Äuã���ÛÜ�q5, Ïdäk�©EÇ­ïÚk���DõU, Ǒ
'��ú²5, NCSR[20] �{¥ǑO\
1 2.3 !©«�KÜ�?n, Ï
�©�{�' NCSR[20] �{, 5U�J,Ì�Ny3�²w«�.

3.1 5Uµ�¸�&D' (Peak signal to noise ratio,

PSNR) Ú(��qÝ (Structural similarity,

SSIM) ´ü�~^�ã��þµd�I. PSNR Ú
SSIM ���L²­ïã��þ�p. 3D(IO�©OǑ 15!20 Ú 25 �¹e, ���{­ï(J� PSNR Ú SSIM ��gdL 1 ÚL 2 �Ñ. De-

noise+BicubicÚDenoise+Zeyde[15] �{k�Ø$©EÇã�¥�D(, 2OrÙ©EÇ, ���5U`ué$©EÇD(ã�������� Bicubic�{. Singh[19] �{Äu Denoise+Zeyde[15] �{,¿ÀJ5/3[!«�Ì«n���� Denoise Ú½, ;�
Ü©d Denoise ���&E, �´üX/�� Denoise Ú½, ��¬��3Ì«n��þD(�[!�Ó�±�3, ¿���� Zeyde[15] Ú½Or, D(Orü$�5U-�
[!�3J,�5U, Ïd Singh[19] �' Denoise+Zeyde[15] �{5UJ,�ÌÝé�. NCSR[20] �{¥, $©EÇD(ã�¤k[!&EÑë��©EÇ­ï, �­ïL§¥UÏLaqu�ÛÜþ���{³�D(,$D(�¹eU
¼��p�­ï5U. �´, �ÛÜþ��{¥, �½ë�:, éT:?1üD�å�´¤k�ÛÜ�q¬¥�Ó ��:, ��u¬|¥���D(�å, D(³�5k�. Ï
�D(�¹e, NCSR[20] �{�{³�­ïL§¥�Or�D(, ��5Ueü. �©�{�¬|�k�, ÙA½�n���XÚkÏu¬|�.¥n�D(�å,Ï
�©�{3�D(�¹eE,·^. 3·�¤À^�²�ëêe, Ø�D(� Lena ã� (σ = 25�) ­ï5UÑ$�	, �©�{­ï(J� PSNRÚ SSIM �ÊH`uÙ��{. Ø Bicubic 	, Ù{�{­ï5U�D(IO��C�ª³3ã 5 ¥�Ñ. �XD(O�, ¤k�{�­ï�þÑ��eü, ��©�{©ª�±X`k�5U. NCSR[20]�{3�D(�¹e�DUåk�, �XD(�O�5Ueüª³Í�, 
�©�{�±
'�²��eüª³.

Soft-cut-metric (SCM)[30] ´ã�>Æ²wÝ
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NCSR[20] Ú�©�{ÑÄu�ÛÜ¥%zDÕL«�., L 3 ÏL'� NCSR[20] Ú�©�{ SCM ���É, �N
¬|�k�3J,ã�>Æ²wÝþ�k�5.

ã 6 �Ñ
D(IO�Ǒ 15 �ã� Racing �­ï(J, ã 7 ´D(IO�Ǒ 25 � Butterfly �­ï(J, Ǒ
��*�'�, �Ñ
Ý/µ«�éA�Àú��ãÚ>Æã. >Æã�O�úªǑ
1/(1 + η(g2

x + g2
y)), gx Ú gy ©OL«ã�3 x Ú yL 1 D(ã��©EÇ­ï(J'� (PSNR (dB))

Table 1 PSNR (dB) comparison of different SR methods on noisy LR imagesIO� �{ Sail Woman Racing Bridge Man Church Butterfly Lena Ppt Status Average

15

Bicubic 28.36 27.43 25.17 25.32 25.18 27.16 23.29 27.48 23.27 25.76 25.84

D + B 30.61 28.94 25.77 25.86 25.53 28.56 23.47 28.88 23.66 26.28 26.76

D + Z 31.50 30.78 27.03 27.10 27.73 30.59 25.72 30.18 25.90 28.71 28.52

Singh 31.58 30.82 27.05 27.14 27.89 30.66 25.81 30.24 25.91 28.71 28.58

NCSR 31.64 31.58 27.50 27.61 29.42 32.04 27.75 30.42 27.52 29.46 29.49

Proposed 32.01 31.83 27.78 27.74 29.52 32.65 27.90 30.64 28.43 29.63 29.81

20

Bicubic 26.89 26.26 24.43 24.59 24.50 26.13 22.78 26.28 22.85 24.97 24.97

D + B 30.32 28.67 25.55 25.61 25.19 28.38 23.23 28.57 23.54 25.94 26.50

D + Z 31.03 30.27 26.65 26.69 27.04 30.23 25.21 29.65 25.64 27.97 28.04

Singh 31.10 30.30 26.67 26.73 27.21 30.30 25.30 29.68 25.65 27.90 28.08

NCSR 30.81 30.62 26.83 26.92 28.20 30.84 26.78 29.21 26.38 28.28 28.49

Proposed 31.12 30.98 27.13 27.17 28.41 31.85 27.01 29.72 27.67 28.51 28.96

25

Bicubic 25.53 25.14 23.63 23.81 23.79 25.08 22.22 25.13 22.36 24.15 24.08

D + B 30.04 28.40 25.34 25.39 24.85 28.19 22.99 28.28 23.40 25.60 26.25

D + Z 30.62 29.81 26.31 26.33 26.39 29.87 24.73 29.18 25.36 27.31 27.59

Singh 30.64 29.83 26.31 26.37 26.58 29.92 24.82 29.19 25.37 27.20 27.62

NCSR 29.71 29.77 26.20 26.28 27.05 29.78 25.95 28.29 25.48 27.35 27.59

Proposed 30.72 30.34 26.63 26.72 27.47 31.00 26.33 29.11 26.80 27.90 28.30L 2 D(ã��©EÇ­ï(J'� (SSIM)

Table 2 SSIM comparison of different SR methods on noisy LR imagesIO� �{ Sail Woman Racing Bridge Man Church Butterfly Lena Ppt Status Average

15

Bicubic 0.6101 0.6587 0.6102 0.6277 0.7203 0.6725 0.7225 0.6523 0.8180 0.7716 0.6864

D + B 0.8475 0.8536 0.7028 0.7332 0.8572 0.8988 0.8122 0.8075 0.9380 0.8519 0.8303

D + Z 0.8648 0.8728 0.7347 0.7704 0.8895 0.9173 0.8577 0.8297 0.9654 0.8870 0.8589

Singh 0.8669 0.8729 0.7356 0.7724 0.8903 0.9175 0.8572 0.8300 0.9655 0.8838 0.8592

NCSR 0.8653 0.8764 0.7448 0.7844 0.9083 0.9276 0.8898 0.8183 0.9742 0.8915 0.8681

Proposed 0.8731 0.8816 0.7496 0.7867 0.9156 0.9333 0.8986 0.8311 0.9771 0.8975 0.8744

20

Bicubic 0.5054 0.5656 0.5402 0.5584 0.6510 0.5781 0.6661 0.5659 0.7556 0.7138 0.6100

D + B 0.8380 0.8449 0.6885 0.7179 0.8437 0.8948 0.7999 0.7951 0.9325 0.8393 0.8195

D + Z 0.8515 0.8616 0.7165 0.7499 0.8717 0.9116 0.8415 0.8132 0.9590 0.8697 0.8446

Singh 0.8522 0.8612 0.7171 0.7524 0.8718 0.9111 0.8393 0.8115 0.9590 0.8634 0.8439

NCSR 0.8395 0.8590 0.7198 0.7567 0.8836 0.9144 0.8629 0.7743 0.9642 0.8637 0.8438

Proposed 0.8558 0.8680 0.7285 0.7650 0.8936 0.9253 0.8785 0.8014 0.9690 0.8742 0.8559

25

Bicubic 0.4197 0.4884 0.4774 0.4963 0.5917 0.4994 0.6162 0.4916 0.6973 0.6595 0.5437

D + B 0.8294 0.8371 0.6767 0.7050 0.8304 0.8906 0.7878 0.7843 0.9262 0.8266 0.8094

D + Z 0.8397 0.8519 0.7011 0.7330 0.8543 0.9053 0.8257 0.7994 0.9520 0.8542 0.8317

Singh 0.8364 0.8507 0.7012 0.7354 0.8540 0.9034 0.8222 0.7957 0.9519 0.8451 0.8296

NCSR 0.8118 0.8423 0.6969 0.7318 0.8576 0.9002 0.8371 0.7387 0.9536 0.8379 0.8208

Proposed 0.8416 0.8577 0.7113 0.7463 0.8745 0.9156 0.8618 0.7837 0.9595 0.8598 0.8412
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ã 5 ØÓD(IO�� PSNR þ�Ú SSIM þ�
Fig. 5 The average PSNR/SSIM values versus noise standard deviation for all the test images

ã 6 D(ã� Church �©EÇ(J'� ()ÒS�êi©OL« PSNR Ú SSIM)

Fig. 6 SR results of noisy LR image Church (PSNR and SSIM values are shown in bracket)L 3 ­ïp©EÇã� SCM �'� (σ = 20)

Table 3 SCM comparison of the reconstructed HR image (σ = 20)�{ Sail Woman Racing Bridge Man Church Butterfly Lena Ppt Status

NCSR 1.35 1.92 2.62 2.51 4.08 2.00 5.96 2.46 3.50 5.24

Proposed 1.09 1.71 2.27 2.22 3.80 1.79 5.46 2.08 3.19 4.94
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ã 7 D(ã� Butterfly �©EÇ(J'� ()ÒS�êi©OL« PSNR Ú SSIM)

Fig. 7 SR results of noisy LR image Butterfly (PSNR and SSIM values are shown in bracket)���FÝ. η ��
FÝ�É3>Æã¥�¥y�J, η L�, >ÆãØUé�/LÆ²w«��>Æ«��FÝ�É, 
 η L�, r>ÆÚf>Æ�FÝ�É�{��Ny, Ïd�¢�¥ η �²�� 0.01,d�>ÆãU��¥yFÝ�É5. lã 6 Úã 7�±wÑ, �©�{­ï(J3�1w«���/¡E
[!!k�³�
D(!>Æ²w��ß, 
©«�KÜ�²w«�Ǒ¥y���­ï�þ.ý¢D(ã�¢�¥, $©EÇD(ã�d
SAMSUNG GT-I9508 �±��û� (ISO 1 000,Í1�m 1/17 s). ã 8 '�
ý¢D(ã���©EÇ­ï(J, �����[¢��Ó�µd(J.

3.2 $1�m�!?1�{$1�m�'�. Bicubic �{�$1�m�±�ÑØO, ÏdØ2�Ñ. ¤k�{�$1�¸Ñ�Ó (Intel CPU 4.0 GHz, 16 GBS�). �é 4 Ìäk�L5º���[ÿÁã�,L 4 P¹
D(IO�Ǒ 20, ©EÇ��Ïf©O

L 4 D(ã��©EÇ­ï$1�m (s) '� (σ = 20)

Table 4 Comparison of the running time (s) of

different SR methods on noisy LR images (σ = 20)ã� ��Ïf/º�D+B D+Z Singh NCSR Proposed

Man

2/320×480 0.5 1.3×10 0.5×102 0.6×103 1.4×103

3/480×720 0.5 2.5×10 1.0×102 1.6×103 3.4×103

4/640×960 0.5 6.4×10 2.1×102 2.9×103 6.1×103

Butterfly

2/256×256 0.2 0.5×10 0.2×102 0.2×103 0.5×103

3/384×384 0.2 1.0×10 0.4×102 0.5×103 1.3×103

4/512×512 0.2 2.7×10 0.9×102 0.8×103 2.2×103

Ppt

2/656×528 1.2 2.7×10 1.1×102 1.4×103 3.5×103

3/984×792 1.2 5.5×10 2.1×102 3.8×103 8.4×103

4/1312×1056 1.2 14.7×10 4.8×102 4.9×103 14.6×103

Status

2/170×138 0.05 0.2×10 0.08×1020.05×103 0.2×103

3/255×207 0.05 0.4×10 0.13×1020.16×103 0.5×103

4/340×276 0.05 0.9×10 0.3×102 0.23×103 0.8×103Ǒ 2!3!4 ���­ï�{�$1�m. �±wÑ,

Denoise+Bicubic �{$1�Ý�¯, �ÙÌ�Ñ
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ã 8 ý¢D(ã� fan �©EÇ(J'�
Fig. 8 SR results of real noisy LR image fan�Ú½ Denoise �?né�Ǒ$©EÇã�, ¤±

Denoise+Bicubic �{�$1�mØ���ÏfCz. �©�{Ì�Ñ�Ü©´�ÛÜ¥%zDÕL«�.�S��)L§±9¬|�k��O�, �mE,ÝǑ O(o2n), Ù¥, o Ǒ��Ïf, n Ǒ$©EÇã����:ê8.

ã 9 D(ã��©EÇ­ï�5U�$1�mnÜ'�ã
(σ = 20, o = 2)

Fig. 9 PSNR versus running time for different SR

methods on noisy LR images (σ = 20, o = 2)ã 9 ?�Ú�Ñ
��ÏfǑ 2 �, �{5U�$1�m�nÜ'�. �±uy, NCSR[20] �{

3�é Denoise + Zeyde[15] Ú Singh[19] �{J,� 0.5 dB PSNR �Ó�, GÑ
��þ?��m�Ñ�d; 
�©��{3�é NCSR[20] �{J,�Ó PSNR 5U�Ó�, �GÑ
= 2 ∼ 4 ���m�Ñ�d, �{5U�J,�Ç�p.

4 (ØǑ
Ó�)ûã�¥�3�rD(Ú$©EÇ¯K, �©JÑ
Äug·A¬|�k��D(ã��©EÇ­ï�{. 3�ÛÜ¥%zDÕL«�.Ä:þ�^¬|�k�, ¿^>ÆrÝg·A/N!¬|�k�é­ïL§��å�^. ¬|�k�±���ª¢y¬|�.¥n�­¡�²w, l
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