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Attentive residual dense network of visual attention mechanism for
weakly illuminated image enhancement

DENG Zhen', WANG Yi-bin*, LIU Li-bo'"

(1. School of Information Engineering , Ningxia University , Yinchuan 750021, China ;
2. School of Engineering » Sichuan Normal University , Chengdu 61000, China)

Abstract: Weakly illuminated image enhancement as a kind of pre-processing technologies is widely
used in various computer vision tasks. Traditional image enhancement methods has poor robustness.
While, methods based on existing convolutional neural networks (CNNs) estimate the enhanced
image from weakly illuminated image directly without injecting the visual attention mechanism, igno-
ring weakly illuminated regions and leading to inaccuracy result. To resolve this problem, we propose
an attentive residual dense network for weakly illuminated image enhancement. The proposed network

contains two parts: attentive recurrent network and residual dense network. With the guidance of the
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illumination map., attentive recurrent network focuses more and more on the weakly illuminated re-

gions and generates the attentive illumination map following a coarse-to-fine strategy via the recurrent

architecture. This attentive illumination map concatenated with the weakly illuminated image are in-

jected into the subsequent residual dense network to ensure this network assign more computational

source to weakly illuminated regions and estimate enhanced image accurately. The experiments dem-

onstrate that our method achieves favorable performance against that of existing image enhancement

methods based on synthetic images and real images.

Key words: weakly illuminated image enhancement; Retinex mode; convolutional neural network; re-

sidual dense network; attention mechanism
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Fig.4 Residual dense network architecture

T )2 R AR 1 JBC % T A T 6% ok 0 T )2 T 4%
2 RE B IR I3 L 3 2 S AR GURAIE | O TR )2 0 285 2 4l
PR IE R 2 AE B, T A
Iy AU Ly AR O A5 1 0 559 08 BRAS B, A 3
2] Ty Rl I ZIEIR) 25 5, 3 Bk — A e 458
R FLUZ Convl Al ReLU PREHREL Iy A
Iy THRIZFRHE Fo
Fo=6(W,*,Iy+B,), (6)
K, FREKN 2 WEBEAMEW, 2EHEH
PRERIEE s B, &2 50 8 RelLU #I6 #RAE
WA TRERAE R Z R E B Fo 09 R 22 S i
A BRI —2F

FRAESE 58 . H T 59 00 BIENME 5 52 31 e 75 19 52
M) Jsy 405 ' B R AIE B2 B Sy PRI, sk B FH AR i 2
SR 22 AR B SR O BEURR AR, O 2 — 20 K L g B —
ANFERT T () R AR 25 8], DA 45 B4 R RRAIE
EHAREREIREN F, @ AL I 4 4
% 25 M8 % B e RDB R 52 SRR AE e 5t
F,=Hgpp (F3)=
H rop.s CH gop.s (H ros2 (H g1 (Fo)))) s (7)
s Hyos,s Hroo s Hrosos s Hgos,s 28 515E T
%5 1,2.3.4 MR ZEPHRLE RDB M REGF, A
BREL H . (050 H 5 F Ok R 188 55 (0 4 1
A JRy FRAE A < B AR AR o 2 2 IOy A5 2R
L MERLA AR RHE TR 2L KR E . A,
W5 45 5% 22 B B b RDB $2 BURRE BEAT SR B /N
2R R EREA R s A IR — DB ZE Conv2
S
F,=6(W,* [F,,F,,F,,F,]+B,) . (8
PG i 5 )5 R SR AE Upscale S5 7
JZ Conv3 ¥ H#1E Fs HE N5 Ty KGR R 25 (1]
KNSR R T
Ix=c(W,* F,*+B,) (9
K Fo A HERIE Fs EoRFEMZE R «, B
K1 B REEwW, 26 HEBERE;B, &
2% .
2.2.3 BREMERRLEM
e 22 B B L H (Residual Dense block, RDB)
i Sy 00 285 11 5 A A e A e o 0 %85 IR 24 A 4 2 )
KDL AL G 5 AR e KAk W 45 A5 BT S i
Ky st. RDB B HALEE 3 A& 4 . 4 %5 0% 4%
JZ2 SRR Al A )2 DL R R R AR 222 S, B g
F R E K E 5 iR .

______________ R (R

s | ! %
/,;,,:’—' - L 2N -
RIS Sl tent E
m H =3 > m
[T SISV ™ 2

7/ N_7

K5 gk 22 B R A i

Fig.5 Residual dense module architecture

B 2 3% B . 2 R % 4 BB I KM BUIR A R &
FAMTRMA 4 HEHE M ReLU #0IE R BL 7 241 5%,
P E)Z . 5155 0% B A [/ 19 02, e Ak 19



1468 WS Bos

% 36 &

B o o 25 B — > RDB 55 (1) iy A& 3 31 24 61
RDB B i) B — AN 1% 7 45 2 b, A %5 3 352 2
IR KR R T 7R L I B T T S B B SRR AE 14 3% SR A%
e B F, M F, 535085 r A 5% 22 50 % AR
RDB f i A Rkt B 5% 35 42 2 i8S ¢ 46
FURN Rel. U 07 pR B8R4 i SR -
F,.=cW, *[F, ,F, ,,F, ]+B,),
1))
KXrp:[F, W F, s F, A% r—14 RDB
M Foo o 5200 » 4~ RDB T c —1 AN &M
B AERE F, o F, s Foo G W, 2
PR ZE S o B HRBENRE; », FoR
AR N T IEGB, B I 22
Jr FRARFAE LA < O T b A I A ) 4R
WU B A5 L K B % i 4R R S B I RRE FL
< F 5 F JERIE S BUZ A 15 2] R &8
FRIEM A TEREER Fooe:
Foe=Wyie % [F, 1 F, s F,  J+Buirs
an
K [F, W F, s Fo J R BRI E s Wy 22
MHT - A RDB R #REEALA 2 198 B Cony,
(IRLEE ; %, 2 KN 1 BB B e R RE.
JrI R 2527 21 R TR RO DR B AR Ak TR
TN T ) 5 W I, FE AR I B SR BN T R AR 25 2
kX
F.=F, \+F, v . a2
2.2.4 ML AR
W& A BB L=L + Ly, Hp L,k
T G 5 I 2% 1 458 % R B, 1% oR B H B R A A
AW TN 5 I BB ¥ 5 3% 22 MSE (Mean
Square Error) i€ X :

N

La= A" lIs—1. 017, a3

KA MEN 0.8 N AN 3. M =10, %
MR T8 T T AR R S E BRI AR R 0.5,
B3 6 PR OB ¢ (BN, Ty v 55 % R X ek ) 1R &
[EBZ 32T DIIIN

Ly N 28 5% 25 % 0 245 (1 453 2 pR K, TR B
R £ H L F 8 5 RS f (T ) 5 ELSE ER T A1y
MSE % ¥ .

Ly= [l fIyw—Iel* (14)

S R T AR 2 T I 4% 11 e S R AR

3 EIER SN

31 TERMESSHIEE

TE R 25 W 2 o 28 ) 25 B A Py Torch - 65
% IE7E 4 % NIVIDIA RTX 2080 Ti GPU B3}
FHL U 2Rt Ak R % ADAM (Adaptive
Moment Estimation) , #] 4 %% 2J % 0.05, %100 000
WIEAAF 2 TR 50 %0, 4% 800 000 1K,

BG4 LSTM K % U2 0 36 L4
TERE KN Ry 3 X3 KN 1, G HAME R i
0, FRZEPHE ML K RDB S50k 1 &8 . bR 4
Je REAE Bl A 2 R R SRR AR Bl A 2 S R R K
AN XTI GIAME R iy 0 Sb, HR BB
YERIR RN 3 X3, i G IiAME FE &y 0, M
TR Z R R BUZ TS BRI KO 2, I
iy A MG 28 38 182 2 R A 2 B2 I R AIE 25 [) K/
St A BRI — 2, 1 7 S )2 R A
MR PR E B R FEERAE, 3E— D R e RN
JE A i A BRI

x1 HRERTERHENERSHLE

Tab.1 Parameters setting of attentive residual dense convolution neural network

NS = B BN HAb i 7
RDB Conv 3X3, 1X1 1 0 16
)2 FHAE 4 Convl 3X3 2 0 32
42 JRy AL il Conv2 1X1 1 0 8
W14 T 2 Conv3 3X3 1 0 1




5511 4 B R A AL A T R A 2 T R 4 ) 4% 55 ' FE IR R B 5 1469
32 HEE R 2 FEEBRE W& AE

AR SCE S BRI VA BodE T rp ok
B 600 7K IE# G IIER , X Se R R T &
NGRS/ iR 775 W L N RS S A /e
I8 Retinex B (23 (1)) & el R 804 . 18 H
JEHES R T, BIOCEMRNLO. L] ¥ 540 11 L 15 51
XoF I 1 55 56 IR PGB0 HE 4

HRAE R 25 55 BRI 2% AR A ST A 1 35, X
oKk IE IR EMR L AR F ik Jr % AL A L
7 Ak OR F R IE S 800 5506 B IES . R A R 4 200
XFER , Hodr 4 000 % EHEAE Il 254, 200 XF K]
BAE R4
33 FEREFENEHAMEE

R T IR IE R £ e 25 AR Y A R L 3R AT 9E i
A IR B Y T e X 4 SRR AT T R IR g
TEH & 200 X 55 06 B S B E 5 O BE B R 0 E5
Xt Ho = =AM T R IR e 55 RS S
FALEMR 100 XF, o6 RS 35 29 B8 B B 58 BR
100 X o 45 A 4 B I Zad B2 P B8 2 80
AR INZE 40 000 ¥, LA B SCIRE .

T R R 2 T P 1 I £ A R A O
T4 SRJG 7 2 45 IR0 06 20 0 4% 1
1~4 WA, P4 PSNR Fl SSIM 1E 5 by £ 5
TR INA R R B0 A B 190 4 % Bk PR BB 1 s i), 2%
RN 2 Frw , 1 A I W 4% 04 in A AT DA B 3 4R
5 E{% 1) PSNR H1 SSIM, 74 52 J7 v 9 PR Be AL T
HoAbEE A . — Jr T U I 3 7 90 44 %) T A 4R v R
5 i AL R R B D 2 1k R T oy B ) —
J5 AR UGB T IR 26 55 1 IR B 2 gy

(@FIHRER (b) LIMES ¥ (c) LOREF

(a)Weakly illuminated (b) LIME algorithm (c) LORE algorithm
images

Tab.2 Performance of network with different block
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Fig.6 Visual comparisons of different algorithms on synthetic weakly illuminated images
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Tab.3 Quantitative comparisons of different algorithms on testing dataset
R IR e 555 (BT 1% 6 A 5 R )
Sk 1 /s
MSE PSNR SSIM MSE PSNR SSIM

LIME & ¥ 2 587.41 14.84 0.69 2 624.80 13.92 0.68 0.86
LORE %% 899.72 22.49 0.85 912.63 20.98 0.84 0.64
DFN 3% 476.52 23.15 0.88 485.13 23.65 0.89 0.32
ARCH % 441.67 27.67 0.91 462.46 26.01 0.92 0.43

26 3 AT DL, 78 2 RO BE e 55 R T AR OB
Py ¥ 7R 22 MSE & ik, 3 LIME., LORE #
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LORE.DFN 843 5l 48 5 1 46.48%0.19.34 % .
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Fig.7 Visual comparison of different algorithms on real weakly illuminated images
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Tab.4 Quantitative comparisons of different algorithms on real weakly illuminated images

Bk Entropy Chromaticity Quality SE 5 R A] /s
LIME &% 6.935 1 0.030 4 2.851 0 0.87
LORE %1 7.191 4 0.011 9 2.698 4 0.65
DFN &% 7.058 6 0.009 8 2.534 7 0.33
AR 7.288 1 0.007 2 2.356 2 0.44

BB A A R FE 1 s 9L AR
4 LIME #1 LORE 58 3 76 7 35 4b ¥ 5} 8] | 43
B T 49.42% 1 32.31% , /X b DFN & 3 ik
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51T MG PR 9 45 45 4 7 A= e HLE 40, 3%

Hr oot e BRTE . i ik O Ak B O IR R
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e 85 1) 465 £ A o A5 92 0 4% BE T 4 O U F
JRy BB R 8 O BRI, DA TR 7 AR 5 O IR
DXl 75 21 39 56 L T PR B O IR X B A5 2 £R B Y A
SR VPLBE ROR WG B B R, SEIR R B i
AR BR B 7R, R SO IR 7 5 b PR A8 A 52 T
18 1 P8R 0 S S A B g R ROR B
SR 1 O o X, B B L e ROR L O Ho AL B
RORB o X HE — 20 U K Ol IR v B P A S
VB 5 D vk v R — TR A LA AR 50 TR
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