B @ WIRIKEHR(E AR )

]ﬁ : Journal of Hunan University(Natural Sciences)
EA ISSN 1674-2974,CN 43-1061/N

i

i

(I K2R (B RABIARR)) B EH KRB

A - T TN AR S B IHLHI Y T B EIE 2555 W 2%

= Wi, sk, FhE

DOI: 10.16339/j.cnki.hdxbzkb.2022299

WA 3 2021-10-02

Mgk HiH:  2022-05-09

51 R Wode, BUUKR, AR BTN SRR I T B EHR 2 55 M 4%

[J/OL]. W K22 (H SRR RR).
https://doi.org/10.16339/j.cnki.hdxbzkb.2022299

@NKit s

www.cnki.net

PEER: (EgER TR, FtENF B R ER TSR ER. Hoefa. B0 e
B ERERBNACSHE, HIBSRTITF. EmAad AR, HERse e A e i i
TR CRIEM L LI HERUE R, AT AR . WIS . B e R R
FRAFE 45 W1 DUIL8) O e (0 ED R Sl Hh AR A B T S 1 o S e R X 468 1 R R N 2 L 2B & (il
SR FLAG) A T H B EE ) e FARI AR BA QIR RHEERGEE, FF 6
BRSO R, AAETE S AR AT g S HARZ AT s R ) 28 BB A & [ 5 R T
HAR R AR R, ERE MG —HEIE S 7 f9 87 AU BE 1R E T AL Mo B AR S
DR T E R 2% R i, SRR — kAT, MBSO SO H & . WU AR AR N 2%,
AL BT R R AT A B S B L

HERBA: 400 g 5 (P ESART OefBo) BraELGRARZY, £ (hHE
FARIAT (WD) R & LA S 40T T P9 25— B 4 i, DLE RS B A O 20, 7 B
W /TR SO s i HERCE R B e Ae . R R E AR (2RO ) 2 [ 58T H
PG FEL R TR 1) R 2% S S R H YD (ISSN 2096-4188, CN 11-6037/Z), Ft LAZS LI 3T (1 44 i J4 4 1
KRS IE AR



2022-05-09 14:54:39
https://kns.cnki.net/kecms/detail/43.1061.n.20220506.1217.008.html

KBRS : 1674-2974-2022(10)-0000-00 DOI:10.16339/j.cnki.hdxbzkb.2022299

ET/NERBLER VSR T REREFML
W, R, FEE
2N E KRR T HE R TESE, HF 224 730070

W E 2 RKAT S ESEBFRRA R, =AM EURE A R TR A A8 IR 1 )
W, AT 555 7 1L AR RE 78 40 R A MG Je SRR (5 2., HOAS e 58 B3R UG (1) 4 ]S 4l S R AE
R AF A 22 5 AR S BG4 RS ) 8. Sk, ASCHRH T — R TN AR e S e
JINUEI T BYEMG L FZ W4 Bk, BT 4 i o BUG AT 2 B E N o i e
PSR IREUE %5 BRI 20 1R AE, AR T — P 3t G 4 R RRAE 22 =) 35 B AR BRI RF-AE
TR AR, IN5E T 8 AE UG AL BRI RN AT OB T THI 2R X o HOR, AR TR AE SR
R T 80ER 7 Aok 2 RIEEMEBEHE, ¥R T MEHRRGE). &5, X EY
JEMITE % BUGHAT B P AT, 19 2Im AT E S . 156 BB SR SR 30m 46 i K& s e
SERR, A SCHTHR AR T I oA X 25 1A 2T R AR ER ) P e
KW BB EE; DR BRMAENL; FHERS
hESES TP39141  CHRIRERS A

T-shaped image dehazing network based on wavelet transform and
attention mechanism

YANG Yan, WU Xudong”, DU Kang

School of Electronic and Information Engineering, Lanzhou Jiao Tong University,
Lanzhou, Gansu 730070, China

Abstract Affected by suspended particles such as haze in the atmosphere,images taken outdoors
often suffer from low contrast and low visibility. Existing dehazing methods fail to make full use of
the local feature information of the image, and cannot fully extract the global details of the image.
Therefore, there are problems such as incomplete dehazing and loss of image details. For this reason,
this paper proposes a T-shaped image dehazing network based on wavelet transform and attention
mechanism. Specifically, the proposed network obtains the edge detail features of the hazy image
by performing multiple discrete wavelet decomposition and reconstruction on the image, and
proposes a feature attention module that takes into account both the global feature and the local
information extraction of the image, which strengthens the network's learning in image visual
perception and detail texture. Secondly, in the process of feature extraction, a T-shaped method is
proposed to obtain multi-scale image features, which expands the network's representation ability.
Finally, perform color balance on the reconstructed clear image to obtain the final restored image.
A large number of experimental results in synthetic data sets and real data sets show that the network
proposed in this paper has superior performance compared with other existing network models.
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Table 1 Comparison of PSNR and SSIM tested on

ablation experiments

Conv+Relu \
CA v ol
PA V V
Residual \ \ \
PSNR 20.86 | 21.24 | 21.39 | 21.75
SSIM 0.984 | 0.984 | 0.984 | 0.986

£ 2 BV
Table 2 Influence of the DWT

Metrics Up — Down sampling DWT
PSNR 13.70 21.09
SSIM 0.8789 0.9853
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Table 3 Comparison of PSNR and SSIM tested on synthetic hazy images

Metrics DCP AOD | DehazeNet FFA KTDN | Ours
PSNR 20.53 19.96 20.79 19.25 17.17 21.09
SSIM 0.9778 | 0.9839 0.9766 0.9729 | 0.9687 | 0.9853
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Fig.6 Experimental results of the outdoor synthetic hazy images. (a)hazy image; (b)DCP;(c)AOD-
Net;(d)DehazeNet;(e)FFA-Net;(f)KTDN;(g)Proposed;(h)clear image
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Fig.7 Experimental results of the indoor synthetic hazy images. (a)hazy image; (b)DCP;(c)AOD-
Net;(d)DehazeNet;(e)FFA-Net;(f)KTDN;(g)Proposed;(h)clear image
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Table 4 Comparison of r and e tested on real hazy images

Metrics DCP AOD DehazeNet FFA KTDN Ours
r 0.0039 | 0.0084 0.0906 0.0006 0.0001 | 0.0012
e 7.9743 7.3704 6.5795 6.9516 6.9120 | 8.629
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Fig.8 Experimental results of real hazy images. (a)hazy image; (b)DCP;(c)AOD-Net;(d)DehazeNet;(e)FFA-
Net;()KTDN;(g)Proposed;
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