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Abstract: Convolution operations with parameter sharing features primarily focus on the extraction of local
features of images but fail to model the features beyond the range of the receptive field. Moreover, when
the parameters of an entire image share the same convolution kernel, the characteristics of different regions
are ignored. To address this limitation in existing methods, a global and local feature fusion dehazing net-
work is proposed. We utilize transformer and convolution operations to extract global and local feature in-
formation from images, respectively. Subsequently, we merge and output these features, effectively em-
ploying the advantages of transformers in modeling long-distance dependencies and the local perception of
convolution operations, thus achieving efficient feature expression. Before the final output of restored im-
ages, we incorporate an enhancement module that includes multi-scale patches to further aggregate global
feature information and enhance the details of the restored images using a transformer. Simultaneously,
we introduce a global positional encoding generator, which can adaptively generate positional encodings
based on the global content information of images, thereby enabling 2D spatial location modeling of the de-

pendency relationship between pixels. Experimental results demonstrate the superior performance of the
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proposed dehazing network on both synthetic and real image datasets, producing more realistic restored im-

ages and significantly reducing detail loss.

Key words: image dehazing; generative adversarial network; transformer; positional encoding generator
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Fig.1 Diagram of conditional generative adversarial network
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Fig. 2 Framework of the generator
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Tab.1 Parameter information of the generator
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Fig.3 Diagram of global and local feature fusion module
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Tab.2 Objective evaluation results on synthetic image

datasets
REHDL PSNR SSIM
DCP 17.692 1 0.877 8
CAP 18.4758 0.820 4
AODNet 19.784 2 0.869 8
EPDN 21.503 6 0.879 2
Pix2pix 27.153 4 0.929 3
FFA-Net 31.126 5 0.958 3
L.D-Net 24.765 3 0.917 2
Ours 33.190 2 0.977 0

IF HA R 0 8T R s R i % S0
fHFE .
3.4 EXEGHBEELNHER

AN TR 25 55 B30 A 3 5 R R 4 T & 0
TR S5 SR 3R 3T, I3 X b AR 8] 7 B o
M A LLE H CAP Hl AODNet B 5 19 2 % 0%
A, & JE AR R A AR K% <, DCP

R3 EXEBGUBREENENINER

Tab.3 Objective evaluation results on real image datasets

B EPDN W 2% A= 1 ) R I 5 5 S 3E M E1HR
FEAE— B 1 €822 5 pix2pix F 2 & i 1 G A B A7
E—ENE IS ; FFA-Net & 2 (1 K144 i 17
TE 43 4075 AN 35 Wi 5 LD-Net & 5 19 B AL A
SMBE AR BN E, 5 EREEA L, Bt
55 I 26 52 T AR T 0 Ak SR B A 1 3 B C 55 LR

REHL PSNR SSIM
DCP 17.9823 0.698 2
CAP 17.104 6 0.656 4

AODNet 17.119 3 0.6132

EPDN 17.216 8 0.708 1
Pix2pix 18.109 2 0.7102
FFA-Net 17.658 2 0.6910
LD-Net 17.1328 0.6325
Ours 19.3115 0.747 8

(a) HZHE{E (b)DCP  (c) CAP
(a) Hazy images

(d) AODNet

(e) EPDN

(f) pix2pix (g) FFA-Net (h) LD-Net (i) Ours  (j) {&0Hi &%

(j) Clear images

6 A P PR B B0 B 5 X LE 2R

Fig. 6 Visual contrast effect on synthetic image datasets
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(@ EZREHE  (b)DCP
(a) Hazy images

(c) CAP

(d) AODNet (e) EPDN  (f) pix2pix (g) FFA-Net (h) LD-Net

() Ours  (j) {HMTEI

(j) Clear images

7 S PO AR B9 R 58 X L AR

Fig. 7 Visual contrast effect on real image datasets

AT T — s B L0 L5 80R R R ES AT B
P8 AH X 1 s EPDN AT &0 25 B 1 R b i 25
g, H AL B T B K B pix2pix il FFA-Net f
BB A s AR B B R SRR A
W ; LD-Net 7E 16 25 KR iy £ 5 RORRAA
o 5 RIRFTE A L, BT B R 4 JR AR R AR
AlA 55 M4 R T B0 255 3R B R @
A T v, 30 3 A B0 3 B [ B A T A
e PSNR FI SSIM F8 45 . 88K 43 TR 38 Ji
05 A7 SO ASOR  (H I 4% R B T AR A T i A
BRI

H T AN [ 2 55 B A e AR
A SCHG 2555 W48 AE L2 P ANA 55 LG B A v
1570058, A58 X B OR B 8 BT R o A T
PLE i DCP F CAP £ 255 Y R B, 2x 45 52 R &
B R — 2 M 36k F )8, AODNet Y 2555
BORIEA I 5, & AR P AT A K % A
EPDN & & 1 &l 14 75 5t 26 X 5 b 58 ok 8540 .
pix2pix LI T — & M EF RO B EF 5 EIE
4115 RN S0 BN 3 BT . FEA-Net 19 25 25 20U R AT)
SR PEAR  LD-Net A B}l 0 2 58 4= 2 B R

MRS S o RO L T 4R 25 5 I 4% A I A IR
T E S AR, AR B KR AT AL
LA, o 3 A
3.5 HELXIE

R T IR T AR A G R A R A G G A
oA 20m: 5t 7 S IH m s e gE AT . B
XAV G 5 5 vk 6 B T 6 FPOR [ 9 4 A5 =X,
SR s (1) 4 Jry Ao 5 4 A5 2 2% 5 (2) Jm) 3B 7 B
T A B 05 (3) [ A2 o7 B 2 A% 5 (4) AH X o B
Hnfid s (5) A2 ) B ALY (6) T B g
6 Fifr 2 £ 75 XA A 1 P A5 54l 9 R L S PR B i
EREMEM SR mE 4w, NPl LLEH,
SRR DA L TR N SR il I Ay IR A R SN0
EMG G IR a5 R 2 e 2, [l B, A 3 8 A X £
A5 BIEAGER), HA A T 40 & i i
B A RE S AT 0 B I BOR o P B A 7 B
Ry L X e R I RO R EPOR A s
s b B85 B P ARG A T RGA RN
5 B A L7 B 4 A, SE B0 T i fE 19 PSNR Al
SSIM #5475 .
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() HZR®E  (b) DCP (c)CAP  (d) AODNet  (e) EPDN (h)LD-Net (i) Ours
(a) Hazy images (i) Ours
K8  E A M 55 R AL o6 ) LE AR

Fig. 8 Visual contrast effect on real outdoor hazy images

F4 FRMEHBAROENTINER

Tab.4 Objective evaluation results of different positional encoding methods

IS GRS €S P EMRBUE &
PSNR SSIM PSNR SSIM

2 SR A T 4 AT A A 33.190 2 0.9770 19.3155 0.7478

JRIFRALE G bt LE B A% 32.677 6 0.9715 19.073 9 0.7279

[P {7 G ) 32.698 2 0.9725 18.977 3 0.7247

AR A B 4 31.814 8 0.966 8 18.705 8 0.7117

GBS RvATE 1 32.679 2 0.9707 18.714 6 0.720 3

T A B Gy 31.498 5 0.9586 18.668 5 0.708 5

Ry T TE G SR A R A i b RS EREROEDTMHER

T B AN f S 10 SRR B 0 B VAT T I, X Tab.5 Objective evaluation results of the enhancer
Peah R 5 TR o b a] DU ), 1 5 A5 B of) EREE AR R HI: FR R 4
FH AL £ 9 R % B 1% Transformer 9 — 45 gl & HISRABIEL  PSNR SSIM PSNR SSIM

TG 4 R A B e R Ak 331902 0.9770 19.3115 0.7478
MR T T TR A R % 32.4869  0.9701 17.5342  0.6627
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FRAEAR B, KR4 A SRR BE B 40001 O¢ 28 Fl Ry 3
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