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Image dehazing based on error feedback and haze aware

Gao Wenting  Liao Miao  Rong Jiali Guo Juanxiu

(School of Computer Science and Engineering, Hunan University of Science and Technology, Xiangtan 411100, China)

Abstract: Images captured in haze are often affected by contrast reduction, detail degradation, or color distortion, which significantly
impair visual quality and affect the performance of high-level vision tasks. To effectively remove the haze from images, a multi-scale
dense residual dehazing network (MDRD-Net) based on error feedback is proposed. In this network, error feedback modules ( EFM)
are symmetrically introduced in the encoding and decoding paths to compensate for the information loss caused by downsampling. Dense
connections are introduced between error feedback modules to enhance information interaction between non-adjacent layers. To make the
network focus on regions with thick haze and rich details, multiple haze aware modules (HAM) are cascaded in the feature extraction
stage. Additionally, an attention mechanism is introduced in the skip connections to adaptively fuse the features from the encoder and
decoder to overcome the semantic gap between deep and shallow features. Extensive experiments on the RESIDE public dataset
demonstrate that the proposed method can effectively remove the haze interference and obtain clear images with true colors, high
contrast, and rich details. The results, both quantitatively and qualitatively, show a significant improvement over those of many existing
state-of-the-art methods.
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Fig. 1 Multi-scale dense residual dehazing network based on error feedback
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Fig.2  Structure of error feedback modules in encoder and decoder
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Fig.7 Experimental results of different methods on real hazy images
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Table 2 Dehazing performance comparison of

different skip connection structures

B BRAE 25 4 PSNR T SSIM 1
Add 28. 88 0.972 1

Cat 29.02 0.971 1

Mix 30. 83 0.978 1
SCAM 32.08 0.984 1

SR FAAN IR B R A P A0 55 1] 1 1 2 55 25 SRt e
& 8 i, & 8 (a) HIE LRSS, 1K 8(b) ~ (e) F 47
SISR ] Add Cat \Mix , SCAM 1 g Bk BR % 45 114 9= 25 45
ATLAE R SCAM BESEAT 25 2B 25 4 1 [RI B, R A5 %
VU RE R AT N M R T %5 IR



5113

FFRE R ME s R IR L E 2221 -

(a) FRIGF
(a) Original hazy image

(b) Add

() SCAM

K8 AT BRBRE He 4t ) 5 55 45 R LA

Fig. 8 Comparison of dehazed results with different skip connection structures

2) EFM il HAM #i8eistHie

MDRD-Net >R FH 4t - i 45 FA 1 Ay 90 286 HE 42 | 78 24
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FHL3x3 KN BERUZ, A EFM 1 40 A5 i 25
¥J;(2) Base + HAM, 7£ Base MO ZERE 5] A HAM b,
(3) Base + EFM, 7E Base My 5&fili 5| A EFM Hidk; (4)
Base+HAM +EFM, 7£ Base HJ%&fili 5] A HAM Fl EFM
FiHe

%3 NANE ML B AE SOTS % AN 4 |- ATk fig
Fe#s, Base MZ4{X3545 26.9 dB i) PSNR Fl 0. 968 9 K
SSIM , B (R 55 PE B i 22 . P45 HAM 58 EFM A H 5
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rh[E AR E HAM R EFM AEH | 25 PERg e fd, UESE T
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R3 FAEMEEETE SOTS #iFEE LERELLE

Table 3 Performance comparison of different

network configurations on SOTS datasets

N [ R 4% i PSNR T SSIM 1
Base 26.90 0.968 9
Base+HAM 28.29 0.979 8
Base+EFM 31.17 0.983 2
Base+HAM+EFM 32.08 0.984 1

2.6 B{THIE

ENEIW RSV S ¢ 6 IRET SRR B S SR SRR 0]
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59 MDRD-Net, ¥J7E Pytorch 3185 K 4 F2, #K M GPU
HIZA T, MDRD-Net, ZHCEURAH 1. 195x10°, HHIE 5
TR BRI K — i AR Y S 358 A7 ) G G R
0.89 GFLOPs F1 0.18 s, W] & f T AECR-Net'*'
MSFDN "' il SGID-PFF"** | & B AR 305 o 7 25 [ Fil i [8]
W E B HA AL
Fx 4 FEFEWZITHIE LS

Table 4 Running time comparison of different methods

ik 7%&%&6%/ R =R ¢ BT 5§ﬁ
(x10%) GFLOPs LT

Dehaze-Net! ') 0.010 0.28 Matlab( CPU) 0. 98

AOD-Net! '/ 0. 002 0.01 Pytorch(CPU)  0.18

Y-Net' 2! 0.2547 0.02 Pytorch(GPU) 0. 19

AECR-Net!?*] 2.003 3.70 Pytorch( GPU) 0. 19

MSFDN %! 7.670 0.82 Pytorch(GPU) ~ 0.22

SGID-PFF 2! 13.87 15.48 Pytorch(GPU)  0.78

ATy ik 1.195 0. 89 Pytorch(GPU) 0. 18
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