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Multi-patch and Multi-scale Hierarchical Aggregation Network for Fast Nonhomogeneous Image
Dehazing

YANG Kun,ZHANG Juan and FANG Zhi-jun

School of Electronic and Electrical Engineering, Shanghai University of Engineering Science,Shanghai 201620, China

Abstract Despite dehazing algorithms based on convolutional neural networks have made tremendous progress in synthetic uni-
form hazy datasets, they still perform poorly on real nonhomogeneous hazy images. In order to achieve fast and effective nonho-
mogeneous image dehazing,we propose a multi-patch and multi-scale hierarchical aggregation network (MPSHAN) , which fuses
multi-patch local information and multi-scale global information. Secondly, we propose a hierarchical fusion module (HFM),
which not only decouples residual fusion to achieve richer non-linear feature expression, but also improves the feature fusion qua-
lity at key locations through the channel attention mechanism. At the same time,dilated convolution is used on hierarchies to ob-
tain multi-scale information, which enhances feature maps to optimize the fusion effect. In addition,in the loss function,we add
frequency domain loss to restore better edge quality. The experimental results show that the proposed algorithm has good robust-
ness on nonhomogeneous hazy images.and the average processing time of 1200 X 1600 high-resolution images is only 0. 044 s.
Compared with other dehazing algorithms,it achieves a better balance between image dehazing effect and running time.

Keywords Multi-patch, Multi-scale, Hierarchical fusion module, Attention mechanism,Dilated convolution,Image dehazing
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AT T A8 T B 0 2% 3238 I B, 48 T+ T R AR . sk
KB ARSI KR A W 4 458 MPSHAN #5181 2 50U A
42. 8 M, It £ #b T 45 ¥ DMPHN, PSNR £ J T 0. 95,
SSIM #£F+ 7T 0. 0228, B TH I ZEK T 76 % (0. 19s),

F 1 BAIGE I RLBEE 45 R
Table 1 Ablation study results of model structure
Algorithm MPP MSP HFM D PSNR/dB SSIM Runtime/s
Val Test Val Test

DMPHN!'2) N — —  — 18.18 16.94 0.6749 0.6177 0.025
DMSHN! 2! - N — — 17.71 16.42 0.6615 0.5991 0.015
MPSHAN v v — 18.43  17.21 0.6911 0.6263 0.037
MPSHAN+ HFM N J < — 18.87 17.52 0.6989 0.6294 0.042
MPSHAN+D N N — </ 18.52 17.16 0.6941 0.6314 0.039
MPSHAN+ HFM-+ D(ours) NG NG < </ 19.46 17.89 0.7044 0.6405 0.044
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M 2Z 15 By TAE . A2 RBE M 4% DMSHN 2| Z b T ¥ 4%
DMPHN, PSNR #£7} T 0.52dB.SSIM # K T 0. 018 6,35 47
] E 4 67 %6 €0. 01s), 732 47 I ] 3 B 9] 422 300 1 195 50
T A SO A 3B A W 4% 45 7 MPSHAN i PSNR # K JL T
T TAER PR, SSIM 3 K th g A 7+, E— 2 R PE 46
UE 56T T8 ol S 56 105 AT 4 B I AR ST IR W 2 *ﬁ*ﬁtt%%bT
™4 DMPHN, PSNR #£ 7 T 1. 28dB,SSIM #£ 7} T 0. 0295,
M4 T M4 DMPHN # e DMSHN. PSNR 27} 7 0. 47 dB.
SSIM #£F+ T 0.0134, 42 th (1 3R & W 45 4519 MPSHAN 7E
PSNR H1 SSIM I i34 K82 Z i TAERIMIA5 L |

2 RIS . BT B4 454 MPSHAN #5263
TRERAG B IRZRY kB
4.3.2 A BB LR

g 2 a4 B CE Ar =0. 1,4 =0. 05,4 =0. 02 LA
B Ap =0 FEAT T AR5 2 R E00H Al SE 50

E AR RUE N GURC R IR S

Table 2 Ablation study results of frequency domain loss function

| PSNR/dB SSIM
F Val Test Val Test
0 19.46  17.89 0.7044 0.6405

0.02 19.63 17.97
0.05 19.43 17.88
0.1 19.33 17.79

0.7122 0.6424
0.7106 0.6412
0.7110 0.6417

103K £ PEAL L M EE S AR R 2k L 2 A =0, 1 R
PSNR KT 5.6%0,SSIM $2 T+ T 1. 9%, 2 1A Pk 52 5 5 s
A% 24 A = 0. 05 BF, PSNR i UL #H %5, SSIM #2 7+ T

(e)GridDehazeNet

(DFFA

1. 1%, % 5 2 W B 32 75 24 A = 0. 02 i, PSNR #7117
4.5%0, SSIM $&T+ T 3%, . BUR W B i 42 TH I i, ZE 90 IE 46
PEAG R FREFE 2 =0, 02 B, BURIR & R B 42 T i £ . PSNR
I T 8%  SSIM T T 11%,, STHLER T IR MIE S
8] (g ARSI 2 S A R W O i PR R
4.4 FiE3tbE
4.4.1 NH-HAZE L #5 #»f ik

15 NH-HAZE"V SR8 L 5 &Ry ikl 47 7 3 b, 72 58
TEAN I L 25 B b, A SC i PSNR #1 SSIM # U5 T 85 4 19 1%
S, EEALERNE S FMJ ﬁtlﬂ DCP" J5 ¥k 7 CPU L ik
mﬁ" K, HARWTE GPU L

%3 AR EETE NH-HAZE 308845 08 1 4] 1

Table 3 Quantitative comparison of different methods on NH-HAZE
PSNR/dB SSIM
Algorithm Runtime/s
Val Test Val Test
pcpttt) 10.66  11.32 0.4426 0.4184 >1
AOD-Net% 14.21  13.04 0.5274 0.4429 0.004
GCANett® 16.46  14.63 0.6272 0.5421 0. 205
GridDehazeNett)  17.87  16.55 0.6561 0.6036 0.027
FFAL 17.07  15.14  0.6457 0.5691 >1
DMPHN!Z] 18.18  16.94 0.6749 0.6177 0.025

MPSHAN (ours)  19.63 17.97 0.7122 0.6423 0. 044

AR5 2R A 6 LA AT 4 BT 7R AR He H Al vk L TT LA B
A SCTT i TR S0 T 25 P GTE JR) S S0 B R X L T B -
TR 2 S BERL P AR SCIR I 24 T M2 RE R SR & M
20 A R ik A e S R T A X LU RIS T A R OR

e

(g) DMPHN (h)ours

4 AREEFE I LA NH-HAZE 5048 4 b /2 X 1
Fig.4 Qualitative comparison of different dehazing methods on NH-HAZE
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4.4.2 Dense HAZE k7 ik 4 5t 1k

TE ¥ 5 1) 9% 45 55 MU 4 Dense HAZEMY b, St A% 3¢
TR MA ST T — LIRS, R4S T AT
HLEEMB LR, MILEEZHT RREH
DMPHN, A Jr ik fE B ik 45 | PSNR T 42 % 0. 62 dB,
SSIM #2755 70.016 3, 72 i 4 I PSNR #2£ % T 0. 56 dB,
SSIM 42 T0.0257, 3 HABSRARHE T P2 1938 47 7R B

F 4 AJFFETE Dense- HAZE ¥4 4 195 &AL
Table 4 Quantitative comparison of different methods on
Dense-HAZE

] PSNR/dB SSIM ]
Algorithm Runtime/s
Val Test Val Test
pepht 11.76  10.86 0.3623 0.4 >1
AOD-Netl® 13.38 13.65 0.4155 0.5002 0.004
GCANet ] 11.40  13.37 0.3398 0.4476 0.339
GridDehazeNet'?)  13.96  13.60 0.4425 0.4650 0.027
FFAL] 14.08 14.25 0.4557 0.5019 >1
DMPHN!2 13.96  14.02 0.4759 0.4936 0.025
MPSHAN (ours)  14.58  14.58 0.4922 0.5193 0.042

5 45 T L2 5 AL RE X L, AR e A T i AR SO R
FY TG 25 PRI AR B 0 390 5 o D €0 R A T B T

(a)hazy image (b)DCP (c)AOD-net  (d)GCANet (e)GridDehazeNet

-

(DFFA (g) DMPHN (h)ours (1) ground truth
B 5 RFEEIT A Dense- HAZE $ii # b i 1 #3461
Fig.5 Qualitative comparison of different dehazing methods on
Dense-HAZE
GRIE N TNEARULEBRELEG TN %

AR T — R A TR 2 R T2 SR A 2% 25 4 (MP-
SHAN) , I il i J= 2l -G AL B R A5 1 97 5K 5 AR DL L s
PR EREAT T A . EBE R RE BT RO .
BEFHCRGEN T WIRARTT . 165 E & FE MR SZR PHEN T
ARSCE A ARG R, R Z RGN T AR AT
Ge 4R TR A L BT B K PR B Ak B ], AR R
e AR b, FRATDH 2k — 20 00k 100 45 09 # F 254 L )T e 22 0
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