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Á� òÈ ²�ä8c3<ó�Uõ�+�þ��
ØÓ§Ý�?Ð. òÈO�´Äuëê��

�wIÅ�,ù��òÈ ²�ä�õ/'5A�&E�ÛÜ'X,é�Û'X�ï�Uåk�.ÛÜ

'XÚ�Û'XéA��L�þäk���^. �d,�©à�uXÛéA�&E�ÛÜ-�Û'X

?1�ï¿k�ÍÜ, l�÷�\´L�A�&E, ?JpA���O5. �©JÑ
ÛÜ-�Û

'XÍÜ�¬, T�¬´dA�J�!Äu�ÝòÈ (Depth-wise Convolution, DWConv) �ÛÜ'X

�ï©|!ÄuõÞg5¿åÅ� (Mutli-head Self-attention, MHSA) ��Û'X�ï©|ÚÄu:

�òÈ (Point-wise Convolution, PWConv) �'XÍÜoÜ©|¤. Äud�¬, �©�ï
?)è

(��ÛÜ-�Û'XÍÜ ²�ä, T�ä�±éA�&E�ÛÜ- �Û'X?1ï�, OrA�&

E�L�Uå, ?J,�.�5U. ��y¤J�{�k�5, �©3$ìÝã�Or?Öþ, ¦^

ÄOêâ8�Ù§�{?1
¢�é'. ¢�(JL², �©¤JÑ��{��
�Ð�ã�Or(

J, `u�ck?�ã�Or�{. ��, �©ÏL�K¢�Ú*Ð¢�lõ��Ý?�Ú�y
k

�ÍÜÛÜ-�Û'X��5Ú�*Ð5.

'�c $ìÝã�Or, ÛÜ-�Û'X, O�ÅÀú, òÈ ²�ä, �ÝÆS

1 Úó

�ÝÆS���8<ó�U+��ïÄ9:®�2�A^uO�ÅÀú [1∼6]!g,�ó?n [7, 8]Ú

1�£O [9] �?Ö. òÈ ²�ä���ÝÆS¥����ó�, ®²¤�y�O�ÅÀú?Ö¥

Ø�½"�Ü©. òÈö�´|^Äuëê���wIÅ�éÑ\�SN?1O�, ù«�ªéA�

&E��Û'Xï�Uå�f. XÛéA�&E�ÛÜ-�Û'Xk�ï�´����ïÄSN,�

©}Ál±eü��Ý£�ù�¯K:

� XÛ�ïA�&E�ÛÜ'XÚ�Û'X?

� XÛé®�ï�ÛÜ'XÚ�Û'X?1k��ÍÜ?
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(a) Low-light Image (b) Enhanced Image (c) Ground-truth Image

ã 1 (�ä�çã) ã��þé8Iuÿ�{�K�

Figure 1 (Color online) The influence of image quality on object detection algorithm

�é±þü�¯K,�©JÑ
ÛÜ-�Û'XÍÜ�¬ (Local-Global Relationship Coupling Block,

LGRCB), T�¬�±Ó�éA�&E�ÛÜ'XÚ�Û'X?1ï�, ¿Uk�ÍÜüÜ©'X. Ä

ud�¬, �©�ï
ÛÜ-�Û'XÍÜ ²�ä (Local-Global Relationship Coupling Neural Net-

work, LGRCN). �
�y¤J�{�k�5, �©3$ìÝã�Or?Öþ?1
�\�ïÄ.

3�m½1ì^�����¹e, du¤���Ó¼�1fêþk�, ¤���ã�ÊH�3&

D'$!U�Ý��!±9[!¿�î�¯K.daã�½Àª��K�
<a�Àúa�Uå,é

ú�S�!�Ï+n�A^+��i�E¤
4��ØB, �K�
Ù§ÄuÀú&E�O�ÅÀ

ú�{�5U, X8Iuÿ!�Â©�!<N^��O�. ã 1 Ð«
ØÓ�þ�ã�é8Iuÿ

�{�K�, ã 1(a) ´¤���3$ìÝ�¸eÓ¼�ã�, ã 1(b) ´¦^�©�{Or��ã�,

ã 1(c) ´¦^�Å��Í1�ª (Í1�m�10 ¦) Ó¼�ã�, lã¥�±w�ã��þé8Iu

ÿ�{�5UK��� (�©¦^�8Iuÿ�{´ Fast R-CNN [1] ).

du¤�L§´��Ø�_ö�, ã�Or�{´�«k�Jpã��þ�Ãã. y�ã®k�

þ�ïÄ<
é$ìÝã�Or�{mÐ
�X�ïÄ, ¿��
�þ�ïÄ¤J, XÄu��ãþ

ï��{ [10, 11]!ÄuRetinexnØ��{ [15, 16]!ÄuòÈ ²�ä��{ [2, 30,31] �. 3y¢|µ

¥§cü«�{äk���Û�5, J±·^uE,õC�ã�SNÚ1ì�¸, ÄuòÈ ²�

ä�$ìÝã�Or�{äk�r�·A5Ú°�5. duòÈö�´Äuëê���wIÅ�, Ù

=�Ä
����S�A�&E, ù��
Ù���ïA�&E�Û'X�Uå, ÏdOrã�E�

3�½§Ý��þ¯K (D(!�K�). ã 2(a) ´��ÄÛÜ'X�A�ãÚOrã, lã«�±w

�, =�ÄA�m�ÛÜ'X¬E¤áuÓ�«��$ª&E�A�L«Ø��, E¤Orã�Ñy

ÚçLÞØþï!�K�¯K (ã 2(a) ¥ùÚµI5). �ïA�m��Û'X [21∼23] , �±¦�A�

¥�«n(�, >�[!�&E�¿©|^, l�Ð/n)|µSN, ¡Eã��þ. g5¿åÅ

�´�«k��ïA�m�Û'X��{ [26∼28],�±��éØÓ ��A�&E?1�Û'Xï�.

ã 2(b)´¦^�Û'X�ï�A�ãÚOrã, lã¥�±w�, O\�Û'X�±OrA��L«

Uå, �´duÙ�Ñ
A�m�ÛÜ'X, lE¤Orã�Úç ��� (ã 2(b) 7ÚµI5).

dd�±w�, 3�Ý ²�ä¥=�ÄÛÜ'X½�Û'X�A�ï��{Ñäk�½Û�

5, �©JÑ�ÛÜ-�Û'XÍÜ�¬ (Local-Global Relationship Coupling Block, LGRCB) �±Ó

�éA�&E�ÛÜ'XÚ�Û'X?1ï�, ¿Uk�/éüÜ©'X?1ÍÜ, lOrA�L

«Uå, J,Orã��þ. lã 2(c) ¥�±w�, O\ÛÜ-�Û'XÍÜ��.�x�A��\�

ß, Orã��Àú�þk²wJp,é Ú!ÚçLÞØþ!!�K�¯Kk�Ð�Uõ. LGRCBd

2
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(a) Local Relationship (b)Global Relationship (c) Local-global Coupling

ã 2 (�ä�çã) ÛÜ-�Û'XéOrã��þ�K�

Figure 2 (Color online) The effectness of the local-global relationship on enhanced image quality

A�J�!ÛÜ'X�ï©|!�Û'X�ï©|±9A�ÍÜoÜ©|¤. 3A�J�Ü©,�©æ

^Ï�©�ö�J�Ñ\�A�,¿òJ���üÜ©A�©OÑ\�ÛÜ'X©|Ú�Û'X©|.

��yT�¬��þz, 3ÛÜ'X�ïáþ�©¦^�ÝòÈ (Depth-wise Convolution, DWConv).

3�Û'X�ïáþ�©¦^õÞg5¿åÅ� (Mutli-head Self-attention, MHSA),¦�z��A�

�±��ÚÙ§A�ïá�Û'X.3ÍÜüÑ�ÀJþ,�©¦^:�òÈ (Point-wise Convolution,

PWConv) éï���ÛÜA�Ú�ÛA�?1ÍÜ.

�©|^õ�úmêâ83$ìÝã�Or?Öþ?1
�þ¢�. ¢�(JL², �©�{3

½þ©Û�(Jþ`uÙ§�{, 3½5©Û�(J¥wÍJ,Orã��Àú�þ, ¿©y²
�

©�{�k�5. Ó�,�©ÏL�K¢�lõ��Ý©Û
k�ÍÜÛÜ-�Û'X��5±9�

©¦^��ÛA�J��{�Ün5. ��, �
�yÛÜ-�Û'XÍÜ�¬��*Ð5, �©3õ

�?Öþ?1
*Ð¢�. ¢�(JL², ÏL3��{þV\ÛÜ-�Û'XÍÜ�¬, �±���

{5U�5ØÓ§Ý�5UJ,.

2 �'ó�

�!é�
�'ó�?1{ü£�. 3 2.1 �!£�
$ìÝã�Or�'�ïÄ, 3 2.2 �!

£�
ÛÜ'X��Û'X�'�ó�.

2.1 $ìÝã�Or

1ì^�´K��Å¤��þ�'�Ï�. 3$ìÝ½�m�¸e, du¤���Ó¼�1fê

þk�, ÏdJ±�ß¤�. ã�Or�{´Jp$ìÝã��Àú�þ�k��Ãã. 3ã�Or

�{¥, ��ãþï�{ [10, 11] ´�a²;�k���{, T�{¦^ã���ãéé'Ý?1N�,

l��Orã�Àú�þ��J.É<aÀúa�nØéu, RetinexnØ [12∼14] @�ã��±�©

3
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)�1ìã�Ú��ã�üÜ©. ©z [16,17]JÑ
ÄuTnØ�$ìÝã�Or�{. ©z [18](

Ü RetinexnØÚ�ÝÆS�{òÑ\SN©)�1ìÚ��üÜ©©O?1Or. �
é�ä?1

k��Ôö, �öÂ8
äk�éã��$ìÝã�êâ8 (Low-light Paired Dataset, LOL). DÚ�

$ìÝã�Or�{?n�ã��Ü©� RGB ã�, RGB ã�´ RAW �ªêâ²L�Å¤��

{ (Image Signal Processor, ISP)?n�¼�. 3¤��{?nL§¥¬�3&E���¯K, RGBã

�Ï~=�¹ 8-bit�&Eþ, RAW �ªêâ%Pk 12-bit½ö�p'A�&Eþ,Ïd RAW�

ªêâ' RGBã��;X�\´L�&E,�\·^u$ìÝã�Or�{. �éd¯K,©z [2]�


�þ�ïÄ, �öÂ8
 SID (See-in-the-dark) êâ8, Têâ8�¹k$ìÝ�¸e� RAW �

ªêâ±9éA��Í1�ªe��ßã�. �ï�·^u RAW �ªêâ�Or�{, �öJÑ


Äu�ÝÆS�{�$ìÝã�Or�{, T�{± RAW �ªêâ��Ñ\, ÑÑ RGB �ª�ã

�.

2.2 ÛÜ'X��Û'X

3òÈ ²�ä¥,�þ�ïÄÏL&¢��ï�\Ün��ä(�±JpòÈ ²�äéA�

�L«Uå,J,�.5U.òÈö�ÏLëê���wIÅ�é��ÛÜ��S�'X?1ï�,�

�§é����Û'X�ï�Uå�f. ,, �Û'Xé�ï�k��A�L«´�'��. ©

z [19]�Ñ
éêâmïá'é'X��5. ©z [20]3àa8¤�{þ©Û
ÛÜ��Û'X�

�5. 3ã�?n¥, �Û'XÓ�é�{5U�J,äk��^. 3²;�ã��D�{ NL-

means [21] Ú BM3D [22] ¥Ñ�Ñ
�Û'Xï���5. g5¿åÅ�´�«k���ÛA���

ï�ª. Äug5¿åÅ�� Transformer [24] Ú Non-local Neural Network [25] ©O3g,�ó?n+

�ÚO�ÅÀú+���
¿Â��?Ð.Cc5,�5�õ�ïÄ<
�åu&¢ Transformer3

O�ÅÀú?Öþ��15 [26∼28],¿3õ�Àú?Öþ��
�½�â». ,,8c�õêó�´

3O�ÅÀú�¥p??ÖþmÐ�ïÄ, �é$?Àú?Ö�ïÄ�©D�. 2ö, 8c�õ�ó

�'5u&¢�k���Û'Xï��{½�ï�°��òÈ ²�ä(�, ék�ÍÜÛÜ-�Û

'X�ïÄ��.

3 ÛÜ-�Û'XÍÜ�$ìÝã�Or�{

�!éÛÜ-�Û'XÍÜ�$ìÝã�Or�{?1�[0�. 3 3.1 �!0��©JÑ��

{��N6§; 3 3.2 �!é�©JÑ�ÛÜ-�Û'XÍÜ�¬?1�ã; 3 3.3 �!éÛÜ-�Û'

XÍÜ�¬�¢~z�{?10�.

3.1 $ìÝã�Or6§

�!é$ìÝã�Or6§?1�[�ã, äN�$ìÝã�Or�{6§Xã 3 ¤«. Ù¥ù

Ú�Þ6´ RGB ã��?n6§, çÚ�Þ6´ RAW êâ�?n6§. �é RAW �ªêâ�O

r, �©òÙ©�êâý?n!ã�Or?n9��¡E?nnÜ©?1Å??n [2]. 3¢�L§¥,

Äkéêâ?1ý?nö�, äN�ö�6§Xe:

� du¤����Daìg��3V>6, ù��¤���3vkÓP�1f��¹e�¬�

)>Ø�, ÏdI�é¤���Ó¼� RAW êâ?1ç>²
�, =~�V>6�)�D(, O�

4
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ã 3 (�ä�çã) $ìÝã�Or6§ã

Figure 3 (Color online) The pipeline of low-light image enhancement

L§Xª (1) ¤«:

RAW ′ = RAW−OB. (1)

Ù¥, RAW �L�ÅDaì1>=���êâ, OB (Optical Black)�Lç>²�ê���, RAW ′�

Lç>²
���êâ;

� �ü$òÈ ²�ä�]�Ñ, é RAW ′ ?1©EÇ �ö�. �é Sony �Å�êâ,

U Bayer
�¥�� RGGB�ü��ª,ÏL��C�ö�,ò RAW ′ ©EÇ ~��©EÇ� 1/2,

Ï�êd 1 Ï�*Ð� 4 Ï�; �é Fuji �Å�êâ, ò RAW ′ ©EÇ ~��©EÇ� 1/3, Ï�

êd 1 Ï�*Ð� 9 Ï�;

� ¦^ �Xê Ratio éÑ\êâ?1� ?n, ª (2) �Ñ
êâ�� ?n�ª, ª (3) �

Ñ
 Ratio �O��ª:

RAW ′′ = RAW
′
∗ Ratio, (2)

Ratio =
Egt

Eraw
. (3)

Ù¥, RAW ′′ ´²L?n��êâ, Egt ´ë�ã��Í1�m, Eraw ´Ñ\� RAWêâ�Í1�m.

òý?n��êâÑ\ÛÜ-�Û'XÍÜ�òÈ ²�äéã�?1Or,��¦^ sub-pixel [34] ö

�ò�ä�ÑÑ¡E�nÏ�� RGB ã�.

Xã 4 (LGRCNÜ©)¤«´�©�ï�ÛÜ-�Û'XÍÜ ²�ä (Local-Global Relationship

Coupling Neural Network, LGRCN), Ù(�aqu U-net �ä, d?èìÚ)èìüÜ©|¤. 3?

èìÜ©, ÄkòÑ\�ã�?è����$��Ý F low, ��ò F low Ñ\�ÛÜ-�Û'XÍÜ�

¬. ��, òÍÜ��A� F cou Ñ\�)èìòã�¡E��©©EÇ. �©¦^�?èìÚ)èì

þ´do�òÈ¬�¤, ØÓ�´?èìdü�òÈ�Ú��³zeæ���¤, )èìdü�òÈ

�Ú���òÈþæ���¤.

5
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ã 4 (�ä�çã) ÛÜ-�Û'XÍÜ ²�ä

Figure 4 (Color online) Local-Global relationship coupling neural network

3.2 ÛÜ-�Û'XÍÜ�¬

òÈ ²�ä´Äu����wÄI�ö�éÑ\�A�&E?1O�,ù«O��ª=U�

ïI�¥%�������m�'X, J±���xØÓ ����'X, AO´é �ål���

��.,,A�&E�ÛÜ'XÚ�Û'XéòÈ ²�ä�ïk��A�L«þk�K�.�O

ròÈ ²�äé�Û'X�ï�Uå, �©JÑ
ÛÜ-�Û'XÍÜ�¬. T�¬dA�J�!Û

Ü'Xï�©|!�Û'Xï�©|±9A�ÍÜo�f�¬�¤. A�J�f�¬éÑ\�A�&

E?1A�J�, ¿òJ��A�©OÑ\�ÛÜ'Xï�©|Ú�Û'Xï�©|. ÛÜ'Xï�

©|Ú�Û'Xï�©|©OéA�&E�ÛÜ'XÚ�Û'X?1ï�,¿ÏLA�ÍÜ�¬é�

ï�ÛÜA�Ú�ÛA�?1k�ÍÜ. T�¬�±k�O\A��L«Uå, ?J,�ä5U.

ÛÜ-�Û'XÍÜ�¬. �e5�©éÛÜ-�Û'XÍÜ�¬?1�[��ã. �Ñ\�Û

Ü-�Û'XÍÜ�¬�A�&E� F low ∈ RC×H×W, ÄkòÙÑ\�A�J�f�¬��#�A

� {F local,F global},2©Oò F local Ñ\ÛÜ'Xï�©|, F global Ñ\�Û'Xï�©|. ��,ò

ü�©|�ï�A�ÏLA�ÍÜ�¬?1k�ÍÜ, ��ÍÜ��A� F cou ∈ RC×H×W. ÛÜ-�

6
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Û'XÍÜ�¬½ÂXª (4) ¤«:

F cou = f(l(F local), g(F global)). (4)

Ù¥, l(·) L«ÛÜ'Xï�L§, g(·) L«�Û'Xï�L§, f(·, ·) L«ÛÜ-�Û'XÍÜL§.

ÛÜ'Xï�©|. 3ÛÜ'Xï�©|, A�&ES�A�:=�ÈÅìI�S�A�&E�

ïÛÜ'X, éuÛÜ'X�O�Xª (5) ¤«:

l(Flocal(i, j)) =

h/2∑
m=-h/2

w/2∑
n=−w/2

F local(i + m, j + n)A(m, n). (5)

Ù¥, (i, j) Ú (m, n) ©OL«A�&E� �¢ÚÚÈÅì� �¢Ú, (h, w) L«ÈÅìI��

��, A L«ÈÅì��Ý
.

�Û'Xï�©|. 3�Û'Xï�©|, A�&ES�z��A�:�A�&E�¤kA�:

�ï�Û'X, éu�Û'X�O��ªXª (6) ¤«:

gi(F global) =
∑
∀j

exp{θi(F global)(φj(F global))
T}∑N−1

i=0 exp{θi(F global)(φj(F global))T}
ϕj(F global). (6)

Ù¥, gi(F global) L« i  ��A��Ù§�U� j  ��A��ï'X, θ(·), φ(·) Ú ϕ(·) L«A�
i\L§, N L«A�:�êþ.

A�ÍÜ�¬. 3A�ÍÜ�¬, ÄkòÛÜ'Xï�©|Ú�Û'Xï�©|�ï�A�3Ï

��Ý?1©�, ��é©���A�?18�zö�, ¿P� F cat ∈ RC×H×W , ��é F cat ?1

A�ÍÜ�� F cou ∈ RC×H×W.

3.3 ÛÜ-�Û'XÍÜ�¬¢~z

ã 4 (LGRCB Ü©) ´�©3$ìÝã�Or?Ö¥éÛÜ-�Û'XÍÜ�¬�¢~z�ª.

3A�J�f�¬�¢~z�ªþ, �©æ^Ï�©�ö�éÙ¢~z. �Ñ\�ÛÜ-�Û'XÍ

Ü�¬�A�� F low ∈ RC×H×W, ��ÏLÏ�©�ö��� {F local, F global} ∈ RC
2×H×W. 3ÛÜ

'Xï�©|�©æ^�ÝòÈ (Depth-wise Convolution, DWConv), ù��±3�y5U�Ó�ü

$T�¬�ëêþ. �ÝòÈ´�«p���þ�òÈ$��ª, �'uDÚ�òÈ�$�, Ù"�


�ïA�&EÏ�'X�Uå, ,ù«'X3�Û'X�ï©|®�Ûª�ï. 3�Û'Xï

�©|, �©/�
©z [24] ¥õÞg5¿åÅ���O¿éÙ?1
���?U. Xã 4 (Glob-

al Feature Modeling Ü©) ¤«, �©Äk¦^:�òÈ (Point-wise Convolution, PWConv) éÑ

\�A� F global ∈ RC
2×H×W ?1Ï�*Üö� (Channel Expand) �� F global ∈ R 3C

2 ×H×W , ��

ò F global ∈ R 3C
2 ×H×W ÏLÏ�©�ö�y©� Q ∈ RC

2×H×W, K ∈ RC
2×H×W, V ∈ RC

2×H×W nÜ

©, 2¦^Ý
C�ö�òÙC�� Q ∈ RM×N× C
2M , K ∈ RM×N× C

2M , V ∈ RM×N× C
2M , Ù¥ M �Lõ

Þ5¿åÅ�¥Þ�êþ, �©¥ M=8, N = H×W. ��ÏLg5¿åÅ� (Self-Attention) O�A

���Û'X, ��ÏLÝ
C�òO��(J F global ∈ RM×N× C
2M C�� F global ∈ RC

2×H×W ��

�Û'XA�. g5¿åÅ��O��ªXª 7 ¤«:

Attention(Q, K, V) = softmax(
QKT

√
dk

)V. (7)

7
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ã 5 (�ä�çã) SID Sony êâ8�~Ð«

Figure 5 (Color online) Examples of SID Sony Dataset

ã 6 (�ä�çã) LOL êâ8�~Ð«

Figure 6 (Color online) Examples of LOL Dataset

3éA��ÛÜ'XÚ�Û'X?1ï��, �©¦^A�ÍÜ�¬éüÜ©A�?1k�Í

Ü.3A�ÍÜ�¬�©ÄkéÛÜ'Xï�©|Ú�Û'Xï�©|ï��A�3Ï��?1A�

©��� F cat ∈ RC×H×W, ��éÙ?1A�8�zö�, ¿¦^:�òÈ (Point-wise Convolution,

PWConv) é8�z��A�?1A�KÜ, �ª��ÍÜ��A� F cou ∈ RC×H×W.

4 ¢��(J

�!é�©JÑ�ÛÜ-�Û'XÍÜ ²�ä?1
�þ�¢�©Û, ¿3ü�$ìÝã�O

r?Ö~^�úmêâ8 (LOL [17]Ú SID Sony [2]) þ?1
ÿÁ, ÏL�þ�é'¢�!�K¢�Ú

*Ð¢��y
�©¤J�{�k�5.

4.1 êâ8

�©¦^ LOL (Low light Paired Dataset) [17] êâ8Ú SID [2] êâ8µÿ�©JÑ��{. LOL

êâ8�¹ 500|ý¢|µeû��ã�,z�|ã��¹k�é�ã�,�Ò´�~ìÝã�Ú$ì

Ýã�,Ù¥k 485|Ôöêâ, 15|ÿÁêâ. SIDêâ8d SID Sonyêâ8 (SIDS)Ú SID-Fujiê

â8 (SIDF)üÜ©|¤. SIDSêâ8´d Sony α7s/��Åû�Â8. Têâ8Ó��¹¿SÚ¿

	|µã�,3¿S|µeæ8ã��1ìrÝ�3 0.03 lux� 0.3 lux�m,3¿	|µeæ8ã��

1ìrÝ�3 0.2 lux� 5 lux�m. SIDSêâ8��¹ 231Ü�Í1ã�Ú 2697ÜØÓÍ1���á

Í1ã�,Ù¥z�Ü�Í1ã�éAõÜØÓÍ1���áÍ1ã�,ã��©EÇ� 4240@ 2832.

3�ÐuÙ� SIDS êâ8ÿÁ8¥�3Ñ\ã�ÚI\ã���O�¯K, �ö3?���¥íØ


��O�ã�, ��BÖ��©ò?�cÚ?���êâ8©O·¶� SIDS-A Ú SIDS-B. �
?

1��*�¢�©Û,�©3ü���êâ8þ?1ÿÁ. SIDFêâ8´d Fujifilm X-T2��Åû�

Â8. Têâ8��¹ 193Ü�Í1ã�Ú 2397ÜØÓÍ1���áÍ1ã�,Ù¥z�Ü�Í1ã

�éAõÜØÓÍ1���áÍ1ã�,ã��©EÇ� 6000@4000. SIDêâ8Ú LOLêâ8��

�«O3u, SID êâ8¦^�´�ÅDaìÓ¼� RAW êâ,  LOL êâ8¦^�´ RGB ã�.

�BuÐ«ý¢|µeêâ8��[&E,ã 5�Þ
 SIDSêâ8��~ã�,ã 6�Þ
 LOLê

â8��~ã�, ùü|ã���ã��~ìÝã�, mã�$ìÝã�.

4.2 Ôö[!�ëê��

�e5é�©¢�L§¥�Ôö[!�ëê��?1�[0�. 3¦^ LOL êâ8�¢�¥,

�©¦^$ìÝã���Ñ\, ¦^�~ìÝ�ã���I\&E, �?1 1500 gS�Ôö, 3Ôö

8
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�Ð©�ãòÆSÇ��� 10−4, ?1 1000 gS��òÆSÇü� 10−5, ÔöL§¥�?1êâO

rö�.3¦^ SIDêâ8�¢�¥, �©¦^áÍ1 RAWêâ��Ñ\, éA��Í1 RGBã�

��I\&E, ÔöL§¥¦^�Åà}, �Å�=Ú�Å^=�êâOr�{*¿��þ, O\Ô

ö���õ�5, Ù¥�Åà}���� 512 @ 512, �?1 4000 gS�Ôö, ÔöÐ©�ãòÆS

Ç��� 10−4,?1 2000gS��òÆSÇ��� 10−5. �©¦^ L1 �����©���¼ê,¦

^ Adam `zì`z�äëê, `zì�ëê���%@ëê.

4.3 é'��{

�Ün�y�©�{�k�5,�©�yk�{©Ol½5Ú½þü�¡?1
é'©Û. LOLê

â8¦^�é'�{�)��ãþï�{ (HE)!õÍ1KÜ�{ (EFF) [32]!RetinexNet [17]!Zero-

DCE [30]!Kind [31]. SID êâ8¦^�é'�{�)��ãþï�{ (HE)!õÍ1KÜ�{ (EF-

F) [32]!DRCN [33]!LTS [2]!SubPixelCNN (SPCNN) [34]!EDSR [35]!SCGA-Net [36]. 3þãÀJ�é

'�{¥, �¹kÄu²;�ã�?n�{�ã�Or�{ [32]!ÄukiÒÔö�ª�$ìÝã�

Or�{ [2, 17,31,36]!ÄuÃiÒÔö�ª�$ìÝã�Or�{ [30]!9�
3ã�E�+�~^�

�ÝÆS�{ [33∼35].

4.4 ÝþIO

�©¦^n�~^�ã��þµd�Ié�©�{?1½þ©Û, Ù©O´¸�&D' (Peak

Signal-to-Noise, PSNR)!(��q5 (Structural Similarity Indexm, SSIM) ±9Äu�ÝÆS�kë

�ã�µd�I [37] (Deep Image Structure and Texture Similarity, DISTS).

PSNR:

PSNR = 10× log10(
MAX2

I

MSE
), (8)

MSE =
1

m× n

m−1∑
i=0

n−1∑
j=0

[I (i, j)−K (i, j)]2, (9)

MAXI = 2B − 1. (10)

Ù¥, I Ú K ©OL«I\ã�ÚOr��ã�, B �Lã�� bit ê, m Ú n �Lã���Ú°.

SSIM:

SSIM(x, y) =
(2µxµy + c1)(2σxy + c2)

(µ2
x + µ2

y + c1)(σ2
x + σ2

y + c2)
. (11)

Ù¥, µ2
x Ú µ2

y� xÚ y�þ�, σ2
x Ú σ2

x ©OL« x Ú y���, σxy� xÚ y����, c1Ú c2´ü

�~þ,©O�u (k1L)2Ú (k2L)2, k1Ú k2´ü��ëê, L�����Ä������� 2B − 1 (é

u 8-bit ã�T�� 255).

DISTS:3$ìÝã�Or?Ö¥,du¤���Ú1ì^����,ý¢|µû��I\ã� 

 ¹kD(. Xã 7 ¤«, duI\ã�û���ISO�p (12800), Ïd�±w�Ù¹k���D(.

3$ìÝã�Or¯K¥, �ØOrã��D(�´����SN,Ïd¦^ PSNRÚ SSIM ùa

��ÄI\¹kD(�¹�µd�I�U¬é½þ©Û��*5�5�½�K�.�
�\�*éT

?Ö?1½þ©Û, �©?�Ú¦^
 DISTS [37] ��µd�I, T�I�±3I\ã�ÚOrã�

�3«nCz, D(��¹eE�±��Ün�µd.

9
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(a) LGRCN (b) Ground-truth

ã 7 (�ä�çã) I\ã�¹kD(ã�

Figure 7 (Color online) The ground truth image with noise

(a) Input (b) HE (c) DRCN (d) EDSR

(e) SPCNN (f) LTS (g) LGRCN (h) Ground-truth

ã 8 (�ä�çã) SIDS êâ8½5©Û

Figure 8 (Color online) Qualitative analysis on SID Sony Dataset

4.5 ¢�(J©Û

��y�©¤J�{�Ün5Úk�5, �©�{ (LGRCN) Úyk��
ã�Or�{©O

3 SIDS-A êâ8 (RAW êâ)!SIDS-B êâ8 (RAW êâ)!SIDF êâ8 (RAW êâ) Ú LOL ê

10
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â8 (RGBã�) þ?1
½þ©ÛÚ½5©Û©L 1 Ð«
�©�{3 SIDS-A êâ8þ�Ù§�

{½þ'��(J, L 2 Ð«
�©�{3 SIDS-B êâ8þ�Ù§�{½þ'��(J, L 3 Ð«


�©�{3 SIDF êâ8þ�Ù§�{½þ'��(J, L 4 Ð«
�©�{3 LOL êâ8þ�

Ù§�{½þ'��(J, �`(J\oL«©3 SID Sony êâ8¥, Ñ\�$ìÝã�Í1�m©

� 0.04 ¦!0.1 ¦Ú 0.03 ¦n«��, éA��Í1I\ã��Í1�m� 10 ¦. �
¿©�y�

©�{�k�5,�©©Oén«ØÓÍ1�m�ã� (×100!×250!×300)±9�Üã� (All)?1


¢�é'. ÏLé¢�(J©Û��, �©�{3õ�êâ8þþ��
�`(J©

dL 1!L 2!ÚL 3 ��, Äu�ÝÆS�ã�Or�{���ãþï�{ (HE)!õÍ1KÜ

�{ (EFF) �DÚ�ã�Or�{�', PSNR!SSIM Ú DISTS ��þäk��/J,. dã 8 �

�,DÚ�{��±��?n4$ìÝã�, J,ã���Ý,�ÙØU�Ð/³�ã�D(,¡Eã

�Úç&E, Ïdé4$ìÝã�?1Or�, ã��þ�Uõk�. �'uÙ§ÄuòÈ ²�ä

�ã�Or�{ (DRCN!EDSR!SubPixelCNN!LTS Ú SCGA-Net), �©�{Ó��Ä
ã�A�

�ÛÜ'XÚ�Û'X, äk�Ð�A�L�Uå, Ïd¢�(J²w`uÙ§Ê«�{. ã 8(a) �

$ìÝ�Ñ\ã�, ã 8(b) �¦^ HE �{¼��Orã�, ã 8(c) �¦^ DRCN �{¼��O

rã�, ã 8(d) �¦^ EDSR �{¼��Orã�, ã 8(e) �¦^ SPCNN �{¼��Orã�,

ã 8(f)�¦^ LTS�{¼��Orã�,ã 8(g)¦^�©�{¼��Orã�,ã 8(h)�I\ã�.

duã 8(a) �¤��¸1ì^����¤����Í1�m�á, �
³�ã��D(, ¤���

��� ISO ��$, Ïd¤���Ó¼�ã��ç. lã 8 I5�o��µ¥�±w�, �©�{�

Orã�ÚI\ã��\�C, ��Ð/?�
ÚçLÞØg,�¯K, dd�±�yÛÜ-�Û'X

ÍÜ�k�5. AO�, ã 8(f) (LTS �{) �ã 8(g) (LGRCN �{) �', �¦^�Ñ´ U-net (

�, �cö¦^��òÈ��ä(�, �© (LGRCN) \\
ÛÜ- �Û'XÍÜ. lã 8(f) �±w

�, 3¦^�òÈ�ä�(J¥, du=�Ä
A�&Em�ÛÜ'X, Ïdk²wÚçØëYy�,

AO´3p9Ü©ÙÚçLÞäk²w�ä�a. lã 8(g) �±w�, �¦^
ÛÜ-�Û'XÍÜ

�¬�, þã¯KkéÐ�Uõ. Xã 9 ¤«, éu�
(J��, �Ò´duû���1ìrÝé$

½öÍ1�m�áE¤���þ��. éuù����3�Ä
ÛÜ-�Û'XÍÜ��Orã�k

��wÍ��þJ,, dd�?�Úy²
ÛÜ-�Û'XÍÜ�k�5Ú�5.

dL 4¢�(J�±w�,�©�{ (LGRCN)� HE!EFF [32]!RetinexNet [17]!Zero-DCE [30] ±

9Kind [31] �{�',þäk���J,. ã 10Ð«
�©�{�Ù¦�{3 LOLêâ8þ�½5é

'(J,Ù¥ã 10(a)�$ìÝ�Ñ\ã�,ã 10(b)� HE�{?n��Orã�,ã 10(c) � EFF�

{?n��Orã�, ã 10(d) � RetinexNet �{?n��Orã�, ã 10(e) � Kind �{?n�

�Orã�, ã 10(f) � Zero-DCE �{?n��Orã�, ã 10(g) ��©�{ (LGRCN) ?n��

Orã�, ã 10(h) �LI\ã�. lã 10(g) �±w�, �©�{�Or(JÚç�\O(, éD(

�³��\²w, �ã�[!�\�ß. �©ÏL�Ù§�{3 SID êâ8Ú LOL êâ8þ�¢�

é'��, �©�{5U�`, dd�y
�©�{�k�5Ú°�5.

4.6 �K¢�

�
?�Ú&¢ÛÜ-�Û'XÍÜ��5, �©3 SID Sony êâ8é�K�.?1Ôö, ¿

3 SIDS-A ?1
ÿÁ. Ó�l�.5U (PSNR!SSIM!DISTS)!�.ëêþ (Param)!�.O�

þ (FLOPs) ±9ín�m (Runtime) o��¡éØÓ��K�{?1
©Û. 3O��.�O�þ

±9ín�m�, �©¦^
 1024@1024 ©EÇ� RAW êâ?1ÿÁ, 3ín�m�O�þ��

11
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(a) LTS [2] (b) LGRCN (c) Ground-truth

ã 9 (�ä�çã) ÛÜ-�Û'XéOrã��þ�K�

Figure 9 (Color online) The effectness of local-global relationship on enhanced image quality

L 1 �©�{�Ù§�{3 SIDS-A êâ8þ�¢�(Jé'

Table 1 Comparison results on SIDS-A Dataset

SIDS-A × 100 × 250 × 300 All

PSNR↑ SSIM↑ DISTS↓ PSNR↑ SSIM↑ DISTS↓ PSNR↑ SSIM↑ DISTS↓ PSNR↑ SSIM↑ DISTS↓

HE 12.268 0.073 0.283 11.526 0.463 0.407 11.853 0.504 0.426 11.880 0.056 0.375

EFF [32] 14.633 0.288 0.323 13.587 0.216 0.429 13.587 0.210 0.484 13.917 0.236 0.417

DRCN [33] 28.035 0.789 0.154 26.430 0.763 0.222 26.993 0.735 0.243 27.142 0.760 0.208

SPCNN [34] 27.497 0.831 0.150 25.040 0.696 0.257 24.953 0.657 0.275 25.697 0.700 0.240

EDSR [35] 25.830 0.704 0.141 24.389 0.678 0.198 24.615 0.653 0.220 24.923 0.677 0.189

LTS [2] 29.597 0.810 0.091 28.004 0.790 0.138 28.489 0.765 0.158 28.683 0.787 0.130

LGRCN 30.742 0.814 0.081 29.056 0.795 0.126 28.854 0.767 0.150 29.506 0.790 0.121

Ø��g��5K�, Ó�3�Ó��¸eE
 10000 ¢�, ¿O�Ùþ�. XL 5 ¤«, �K¢

�� (w/ Conv) ¦^DÚ�òÈ�O��©JÑ�ÛÜ- �ÛÍÜ�¬. �K¢�� (w/ MHSA) ¦

^õÞg5¿åÅ�O��©JÑ�ÛÜ-�ÛÍÜ�¬. �K¢�n (w/ DWConv) ¦^�Ý�©

lòÈO��©JÑ�ÛÜ-�ÛÍÜ�¬. �K¢�o (w/ LGRCB) ¦^�©JÑ�ÛÜ-�ÛÍ

Ü�¬©ÏL¢�(J�±w�, ¦^�Ý�©lòÈO��©JÑ�ÛÜ-�ÛÍÜ�¬��{�

±3ëêþ!O�þ!$1�mþ���`�(J, ,3½þ©Û�(J¥Ly%��, �'u¦

^ LGRCB ��{, Ù PSNR �eü
 1.075 dB. ¦^ LGRCB ��{, Ù3½þ©Û�(J¥��

�Ð�(J, Ó�3ëêþ!O�þ!$1�mþ���
�Ð�²ï. ÏL±þ�o|�K¢�, ¿

©y²
ÛÜ-�Û'XÍÜ�7�5.

�
é�©¦^��Û'X�ï�{�Ün5?1��\�ïÄ,�e5¦^Ù§�{O��©

¦^��{, ù
�{�) Transformer (TF) [24] (=¦^
ü�?èì)!Non-local Attention [25] (N-

12
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L 2 �©�{�Ù§�{3 SIDS-B êâ8þ�¢�(Jé'

Table 2 Comparison results on SIDS-B Dataset

SIDS-B × 100 × 250 × 300 All

PSNR↑ SSIM↑ DISTS↓ PSNR↑ SSIM↑ DISTS↓ PSNR↑ SSIM↑ DISTS↓ PSNR↑ SSIM↑ DISTS↓

HE 12.268 0.073 0.283 11.526 0.046 0.407 11.853 0.050 0.426 11.880 0.056 0.375

EFF [32] 14.633 0.288 0.323 13.587 0.216 0.429 13.597 0.210 0.484 13.916 0.236 0.417

DRCN [33] 28.509 0.790 0.159 26.801 0.762 0.229 27.020 0.732 0.244 27.410 0.760 0.213

SPCNN [34] 27.669 0.756 0.185 25.335 0.695 0.267 24.948 0.654 0.277 25.901 0.698 0.246

EDSR [35] 26.316 0.712 0.141 24.785 0.687 0.201 24.625 0.649 0.220 25.193 0.680 0.190

LTS [2] 29.944 0.807 0.096 28.238 0.787 0.145 28.357 0.761 0.160 29.031 0.786 0.134

SCGA-Net [36] - - - - - - - - - 29.32 - -

LGRCN 31.462 0.815 0.084 29.654 0.796 0.132 28.950 0.766 0.152 29.937 0.790 0.125

L 3 �©�{�Ù§�{3 SIDF êâ8þ�¢�(Jé'

Table 3 Comparison results on SIDF Dataset

SIDF × 100 × 250 × 300 All

PSNR↑ SSIM↑ DISTS↓ PSNR↑ SSIM↑ DISTS↓ PSNR↑ SSIM↑ DISTS↓ PSNR↑ SSIM↑ DISTS↓

DRCN [33] 26.798 0.741 0.168 25.147 0.671 0.257 24.105 0.671 0.257 25.580 0.694 0.226

SPCNN [34] 26.597 0.716 0.190 23.880 0.614 0.305 22.330 0.576 0.332 24.636 0.648 0.263

EDSR [35] 26.311 0.710 0.142 24.468 0.637 0.234 23.632 0.612 0.263 25.041 0.662 0.202

LTS [2] 27.895 0.757 0.117 25.893 0.684 0.195 24.710 0.654 0.221 27.374 0.709 0.168

SCGA-Net [36] - - - - - - - - - 27.63 - -

LGRCN 29.306 0.762 0.010 27.335 0.693 0.167 26.182 0.667 0.200 27.876 0.716 0.147

L 4 �©�{�Ù§�{3 LOL êâ8þ�¢�(Jé'

Table 4 Comparison results on LOL Dataset

LOL Metric HE EFF [32] RetinexNet [17] Zero-DCE [30] Kind [31] LGRCN

PSNR (dB)↑ 14.541 14.478 16.774 16.733 20.862 22.993

SSIM↑ 0.377 0.521 0.420 0.520 0.832 0.846

DISTS↓ 0.200 0.187 0.230 0.187 0.112 0.092

L 5 �©�{�K¢��¢�(J

Table 5 Ablation study on SID Sony Dataset

SIDS-B Metric w/ Conv w/ MHSA w/ DWConv w/ LGRCB

PSNR (dB)↑ 29.031 29.451 28.862 29.937

SSIM ↑ 0.786 0.786 0.784 0.790

DISTS↓ 0.134 0.134 0.136 0.125

Params (M)↓ 7.761 6.189 5.406 5.865

FLOPs (G)↓ 54.978 53.368 52.567 53.036

Runtime (ms)↓ 8.986 9.324 8.803 9.250

13
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(a) Input (b) HE (c) EFF (d) RetinexNet

(e) Kind (f) Zero-DCE (g) LGRCN (h) Ground-truth

ã 10 (�ä�çã) LOL êâ8½5©Û

Figure 10 (Color online) Qualitative analysis on LOL Dataset

LA)!Global Self-Attention [38] (GSA)!Criss-Cross Attention [39] (CCA). XL 6 ¤«, Ù¥ MHSA �

L�©¦^�õÞg5¿åÅ�, A → B �L¦^ B O� A. �©¦^��Û'X�ï�{3�.

5U, �.E,ÝÚín�mþ��
�Ð�²ï.

L 6 ¦^ØÓ�Û'Xïá�{�¢�é'

Table 6 Comparison results using different methods of establishing global relationships

SIDS-B Metric MHSA MHSA → TF MHSA → NLA MHSA → GSA MHSA → CCA

PSNR (dB) ↑ 29.937 29.798 29.787 29.847 29.687

SSIM ↑ 0.790 0.787 0.787 0.787 0.786

DISTS ↓ 0.125 0.130 0.130 0.130 0.130

Params (M)↓ 5.865 8.296 5.799 5.930 5.749

FLOPs (G)↓ 53.036 55.518 52.969 53.103 52.918

Runtime (ms)↓ 9.250 10.920 9.046 9.227 9.484

XL 7 ¤«, �©éÛÜ-�Û'XÍÜ�¬ (LGRCB) �V\ �éÛÜ-�Û'XÍÜ ²�

ä (LGRCN) 5U�K��
?�Ú�ïÄ, Ù¥ nth CB �L31 n �òÈ¬� �O�T�ò

È�. lL¥�±w�ÛÜ-�Û'XÍÜ�¬3 LGRCN � 4th CB �, LGRCN ¼�
�`� S-

14
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SIM �, 3 LGRCN � 7th CB �, ¼�
�`� PSNR!DISTS �, �´d��.�ëêþ�p©

O´ 7.288 M Ú 7.643 M. 3 5th CB �, �,d� LGRCN 3 PSNR!SSIM Ú DISTS þ��

' 4th CB Ú 7th CB Ñ�$�
, �´d� LGRCN �ëêþ%'ùü� �$éõ. Ïd, �©�

%@�Y´3T �¦^ LGRCB.

L 7 LGRCB 3 LGRCN ØÓ ��¢�(J

Table 7 Experimental results using different methods of establishing global relationships

SIDS - B Metric 1st CB 2nd CB 3rd CB 4th CB 5th CB 6th CB 7th CB 8th CB 9th CB

PSNR (dB) ↑ 29.051 29.690 29.848 29.891 29.937 29.894 30.069 29.885 15.693

SSIM ↑ 0.782 0.787 0.788 0.791 0.790 0.790 0.789 0.785 0.379

DISTS ↓ 0.139 0.130 0.126 0.124 0.125 0.125 0.121 0.121 0.510

Params (M) ↓ 7.754 7.732 7.643 7.288 5.865 7.288 7.643 7.732 7.754

FLOPs (G) ↓ 52.890 52.863 52.858 52.888 53.036 52.888 52.858 52.863 52.890

Runtime (ms) ↓ 10.563 9.569 9.177 9.268 9.250 9.289 9.170 9.632 10.601

4.7 *Ð¢�

�
?�Ú�yÛÜ-�Û'XÍÜ�¬��*Ð5, �©©O3ã��©EÇ?ÖÚã���

?Öé�©¤J�{?�Ú�?1
�y. éuã��©EÇ?Ö, �©æ^ IMDN [40] ��¢��

ÄO�ä, ÏL3T�äþ8¤ÛÜ-�Û'XÍÜ�¬é�©�{?1�y, ¿ò?U���{P

� IMDN-LGRC. Uì IMDN [40] ©¥�¢��O, �©3 DIV2K êâ8é��.Ú?U���.

?1
Ôö, ¿3 Set5 êâ8?1
ÿÁ. éuã���?Ö, �©æ^ PRN [41] ��¢��ÄO�

ä, ÏL3T�äþ8¤ÛÜ-�Û'XÍÜ�¬é�©�{?1�y, ¿ò?U���{P� PRN-

LGRC. Uì PRN [41] ©¥�¢��O, �©3 Rain100H êâ8�Ôö8éü��.?1#Ôö,

¿3 Rain100H êâ8�ÿÁ8?1
ÿÁ. XL 8 ¤«, ÏLV\ÛÜ-�Û'XÍÜ�¬�3ØÓ

§ÝþJ,ÄO�ä�5U,¿�Ø¬²wO\ÄO�ä�ëêþ. ?�Ú�,�©3��?Öþ?1


½5©Û. Xã 11 ¤«, 3é PRN [41] O\ÛÜ-�Û'XÍÜ�¬��±k�J,��ã��À

ú�þ, AO´ã¥Iµ�«�, �±w� PRN [41] ���ã�E�3�½§Ý��è, ,3O\


ÛÜ-�Û'XÍÜ�¬��±éÐ�?Eù
¯K.

L 8 �©�{3Ù§?Ö�¢�(J

Table 8 The results of our method on other tasks

Task Dataset Scale Method PSNR (dB) ↑ SSIM ↑ Params (M) ↓

×2 IMDN [40] 37.981 0.960 0.694

IMDN-LGRC 38.083 0.961 0.740

SR Set5 ×3 IMDN [40] 34.355 0.927 0.703

IMDN-LGRC 34.418 0.927 0.749

×4 IMDN [40] 32.097 0.893 0.715

IMDN-LGRC 32.281 0.896 0.761

Derain Rain100H - PRN [41] 28.083 0.884 0.095

- PRN-LGRC 28.347 0.886 0.107
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(a) Input (b) PRN [41] (c) PRN-LGRC (c) Ground-truth

ã 11 (�ä�çã) RPN Ú RPN-LGRC ã����(J

Figure 11 (Color online) Image Deraining results by RPN and RPN-LGRC
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Local-Global Coupling Relationship based Low-light Image En-
hancement
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Abstract Convolutional neural networks have made significant progress in various fields of artificial intelligence.

However, the convolution operation which is based on shared parameter sliding window mechanism only focuses on

modeling the local relationship and is insufficient to establish global relationship. Nonetheless, the local and global

relationships are both crucial for feature representation. Therefore, this paper concentrates on how to efficiently

construct and couple the local and global relationships to mine more abundant feature information and enhance

the discriminability of features. To this end, a local-global coupling module is designed, which is composed of four

basic components: feature extraction, local relationship branch based on Depth-wise Convolution (DWConv),

global relationship branch based on Multi-head self-attention (MHSA), and local-global relationship coupling

based on Point-wise convolution (PWConv). Grounded on this, a local-global relationship coupling with encoder-

decoder structure neural network is proposed, which can efficaciously model the local-global coupling relationship,

strengthen the discriminative ability of feature information, and improve the performance of the model. Extensive

experiments on low-light image enhancement datasets demonstrate the effectiveness of the proposed method,

which significantly outperforms the state-of-the-art counterparts. Furthermore, the importance and effectiveness

of local-global relationship coupling is analyzed through ablation and extended experiments.

Keywords low-light image enhancement, local-global relationship, computer vision, convolution neural network,

deep learning
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