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Abstract: Objective When capturing images using a camera, atmospheric floating particles, such as smoke, dust, and
fog, can affect image quality, leading to decreased clarity. These compromised images not only increase the likelihood of
human visual misjudgment but also hinder the development of visual tasks such as remote sensing monitoring and autono-
mous driving. Current dehazing methods are effective for homogeneous thin hazy images but often perform poorly on the
nonhomogeneous hazy images. Therefore, a multibranch non-homogeneous image dehazing method combined with concen-
tration partitioning and image fusion is proposed to address these challenges. A single non-homogeneous hazy image is
regarded as a combination of multiple local regions with homogeneous thin or dense haze. The entire non-homogeneous
image is dehazed by separately addressing different homogeneous hazy regions in a single nonhomogeneous hazy image.
Method Concentration partitioning and image fusion based multi-branch image dehazing neural network (CPIFNet), a two-
stage network framework for image enhancement and image fusion, is then designed. Experiment results revealed that train-
ing models based on homogeneous haze image datasets with different haze concentrations can lead to enhancement in image
models with varying enhancement intensities. Homogeneous hazed image datasets with different haze concentrations are
necessary to obtain varying enhancement models. FiveK-Haze is a synthesized dehazing dataset based on the atmospheric
physical scattering model, encompassing nine types of different homogeneous hazed images with varying haze concentra-
tions. The hazy images in the FiveK-Haze dataset are re-partitioned based on haze concentration, dividing the dataset into
1 to 5 different haze concentration levels to exclude the hazy image samples with excessive haze concentrations. Then, the
image enhancement network is trained on those new homogeneous dehazing datasets to obtain image enhancement models
for different haze concentrations. In the image enhancement networks, the deep image features of hazy images are continu-
ously extracted to obtain the stretching coefficient of the image enhancement model. This coefficient is multiplied with the
hazy image to produce the image enhancement result. The image enhancement network replaces network layers with
residual modules to extract deep feature information, avoiding feature information loss as the network deepens. The Rel.U
activation function is used after each convolutional layer to accelerate the convergence speed of network training and avoid
the transmission of negative values in the feature layers. Each enhancement network performs well for the corresponding
haze concentration image region. However, a single enhancement network can only effectively enhance image regions with
corresponding haze concentrations, which leads to insufficient or excessive dehazing in other regions. Therefore, an image
fusion network is designed to combine the advantageous regions in the multiple initial enhancement results, producing the
final dehazed result. In the image fusion network, deep image features of different image enhancement results are continu-
ously extracted, and the dehazed result is obtained by stacking and merging these deep image features. In addition to recon-
struction, perceptual, and structural losses, the image enhancement and image fusion networks also utilize color loss to
constrain the image dehazing results of the network modules. This condition is due to the severe loss of pixel information in
dense hazy images, complicating color restoration and allowing the color loss function to guide the color of the image dehaz-
ing result closer to the reference image. Result Theoretically, a dehazing dataset with more finely divided haze concentra-
tion levels could enable network models to learn additional information of hazed images. However, experiments reveal oth-
erwise. When the number of haze datasets is 3, that is, the number of image enhancement models is 3, CPIFNet achieves
the best dehazing performance. Large-scale experiments are conducted in comparison with more than 10 latest image dehaz-
ing algorithms, revealing that the proposed method is optimal in terms of performance indicators and dehazing effects. Com-
pared with the second-ranked self-paced semi-curricular attention network (SCAN) method, the method improves the refer-
ence indicators of peak signal-to-noise ratio (PSNR) and structural similarity index (SSIM) by 5.286 6 dB and 0. 113 8,
respectively, compared with the synthetic hazy image dataset FiveK-Haze. Compared with the second-ranked DEAN
method, the proposed method reduces the non-reference metrics as FADE and HazDes by 0. 079 3 and 0. 051 2, respec-
tively, over the real-world hazy image dataset. Additionally, additional tests are conducted on some publicly available data-
sets to obtain more comparative experiments and indicator evaluations. On the SOTS-indoor dataset, the method improves
PSNR and SSIM by 2. 518 2 dB and 0. 012 3, respectively, compared to the second-ranked DeFormer method. On the SOTS-
outdoor dataset, the method improves PSNR by 2. 83 2 dB compared to the second-ranked SGID-PFF method and enhances
SSIM by 0. 023 8 compared to the second-ranked DeFormer method. Conclusion A two-stage, multi-branch deep neural

network is designed to remove haze from a single non-homogeneous hazy image by separately addressing different homoge-
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neous hazy regions. Compared to existing methods, the proposed method can enhance the structural contrast of dense hazy

regions and slightly improve thin hazy regions while restoring color information.

Key words: image dehazing; non-homogeneous hazy images; haze concentration partitioning; image fusion; multi-branch

neural network
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Table 1 The performance of different dehazing algorithms on the FiveK-Haze and Real-World datasets

FiveK-Haze Real-World
(ERFS

PSNR/dB SSIM FADE HazDes
AOD(Li %%,2017) 14.399 0 0.6322 0.4713 0.1927
EPDN(Qu %:,2019) 16.796 5 0.742 1 0.3823 0.193 4
FFA(Qin %,2020) 12.895 2 0.595 0 0.637 9 0.248 5
DMPHN(Das I Dutta, 2020) 9.266 7 0.5373 0.4109 0.190 6
LDN(Ullah 4,2021) 11.886 5 03345 0.462 1 0.2007
TBN(Yu %5,2021) 9.4857 0.589 4 0.644 4 03115
4KDN(Zheng % ,2021) 13.265 6 0.557 8 0.598 2 0.2310
SGID-PFF(Bai %,2022) 13.791 0 0.5819 0.443 7 0.190 7
SCAN(Guo %,2023) 18.621 3 0.795 3 03724 0.184 4
DEAN(Chen %,2024) 17.254 8 0.758 7 0.346 8 0.1817
CPIFNet(A30) 23.907 9 0.909 1 0.267 5 0.130 5

L IHL A 7R 45 5 Bt 45 R, AOD (all-in-one dehazing network ) ; EPDN (enhacend pix2pix dehazing network ) ; FFA (feature
fusion attention network ) ; DMPHN (deep multi-patch hierarchical network ) ; LDN (light-weight dehazing network ) ; TBN (two-branch
dehazing network) ; 4KDN (4K-image dehazing network) ; SGID-PFF (self-guided image dehazing using progressive feature fusion) ;

SCAN((self-paced semi-curricular attention network ) ; DEAN (detail-enhanced convolution and content-guided attention network ) .

AOD

SCAN

El5  REERFITELE Real-World B4 4 I 1M 45
Fig. 5 Test results of different defogging algorithms on the Real-World dataset
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&2 7 SOTS-indoor #1 SOTS-outdoor [ #F 5 _F AR EEE LR HEEEIEIF
Table 2 The performance of different dehazing algorithms on the SOTS-indoor and SOTS-outdoor datasets

SOTS-indoor

SOTS-outdoor

RPN
PSNR/dB SSIM PSNR/dB SSIM
AOD(Li %§,2017) 17.399 0 0.854 7 20937 1 09146
GDN(Liu%,2019) 13.200 0 0.510 8 0.400 4 0.1927
LDN(Ullah %,2021) 13.3256 0.306 0 19.1851 0.8619
TBN(Yu %%,2021) 9.4857 0.589 4 8.776 4 0.4249
MSS(Jo I Sim,2021) 15.0357 0.680 1 17.846 8 0.837 8
DSS(Li %,2022) 18.038 3 0.881 3 25.883 6 0.946 5
SGID-PFF(Bai 4,2022) 20.8159 0.939 6 28.232 1 0.947 8
SCAN(Guo %,2023) 20.226 1 09126 22.516 8 0.941 2
DeFormer(Song 45,2023) 20.909 9 0.958 9 24.367 6 0.956 3
CPIFNet(A30) 23.4281 0.971 2 31.064 1 0.980 1

T L SRR 25 8 B A2 2R

£ R

SOTS-indoor

SGID-PFF DSS

SOTS-outdoor
H
3 i SRR
4)}&} ]
>
o
w)}
g
Z

FFA LDN MSS

SGID-PFF DSS

SCAN

DeFormer AL TeEKIR

6 I &% 57E SOTS-indoor 5 SOTS-outdoor £ 4 1 (1 it 24 5
Fig. 6 Test results of different dehazing algorithms on the SOTS-indoor and SOTS-outdoor datasets
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Table 3 Parameters and running time on single 256 x 256

test image of different dehazing algorithms

(=R7S SRR BfTRtEs

AOD(Li %§,2017) 1.70 K 0.003
LDN(Ullah %,2021) 3.01M 0.038
TBN(Yu %,2021) 7.02M 0.089
4KDN(Zheng %% ,2021) 6.41 M 0.025
SGID-PFF(Bai %,2022) 13.87 M 0.124
SCAN(Guo %,2023) 239 M 0.016
CPIFNet(4<30) 6.82 M 0.050

TE IR R R 4 51 i A2

F4 ARRENSBESEFENESMZEHPXR
Table 4 The relationship between the concentration
partitioning number and the transmittance

value distribution

o 7 S R EUE S A

x5 AEKEXSHER CPIFNet [E8EFEHR
Table 5 CPIFNet performance with different

concentration partitioning numbers

n=1 {0.02,0.04,0.06,0.09,0.14,0.22,0.36,0.57,0.99}
n=2 {0.02,0.04,0.06,0.09,0.14}, {0.14,0.22,0.36,0.57,0.99}

{0.02,0.04,0.05,0.07}, {0.07,0.11,0.18,0.27},
{0.27,0.42,0.64,0.99}

{0.02,0.04,0.06}, {0.06,0.09,0.14},
{0.14,0.22,0.36}, {0.36,0.57,0.99}

{0.02,0.03,0.04}, {0.04,0.06,0.1}, {0.1,0.14,0.21},
{0.21,0.31,0.45}, {0.45,0.74,0.99}

n=

Q538 #ZM% PSNR/IB  SSIM - FADE  HazDes
n=1 IENet, 1774 079 030  0.19
IENet, 1737 075 039 020
n=2 IENet, 1813 073 023 0.4
IFNet 2391 091 027 0.3
IENet, 1690  0.67 044 022
IENet, 1708 072 038  0.14
"l IENet, 1804 065 049 036
IFNet 1925 076 034 0.7
IENet, 1490 058 082 0.6
IENet, 1444 054 099 0.9
n=4 IENet, 1482 060 053 020
IENet, 1363 060 071 027
IFNet 1512 061 062 021
IENet, 1480 054 115 029
IENet, 1478 058 041 025
IENet, 1508 058 054 022
"l IENet, 1478 063 045 021
IENet, 1333 060 075 0.8
IFNet 1554 064 052 021

BRI ANRRAE LI o 28 A 2% o] B BRI 55 5
K& .

R T BIE FiveK-Haze %5848 £ H ¥4 5 55 3 55K
AR H KT 281 25, ASCH H NI ERIAAGE
SPRBUE X {0. 02, 0.04, 0.06, 0.09, 0. 14} 1, ¥
TR IR G S R BAIFR l TENet, ", 117
&R 1 34 5 55 58 AR B B H, 4T TENet BY 5200 .
TENet, B % 2 55 25 0 BT A S A0 380 5 2% L
11 IENet, S 4 I A BUR S50 15 B o 45
UIHIE T 34 1 55 3 RSB 45 H AR FI| T2 543
3.4.2  EURRLE T5E: A

AN ) MG Tl B 7 125 RE A 5 T o 22 R 2 11 2 2%
B AR SC A TR Y EBA Rl i RN RS

T L PR R R 2 5 iR 2

(a) Z5 515
Bl 7 B gk EUREAE 4 H X4 F IENet 520

Fig. 7 The impact of homogeneous hazy image dataset H, on
IENet ((a) hazy images; (b) IENet,*; (c) IENet,)

(b) IENet * (¢) IENet,

i B Rl 7 TR R R R 2% TFNet (520, (1R
R il A5 77 IFNet B 5 — 208 sigmoid S0 pRi
HAOH i 7 3 S %A L T A AR IR A T e ¢
G55 G HE B fil A D7 75 v IFNet fieJg — 2 4l A
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ReLU #0 o8B0 i =B e & R 55
4R RO BN T BB RS I A A S i A
FLALE IR PERESE b , A MEFR B 5 7 2 O 1
RESR AR A0 T A Rl 5 T ik

% 6 7t FiveK-Haze #1 Real-World #{#E& & F
A ERE& 77 7% B IFNet M BEFE R
Table 6 IFNet performance with different fusion methods
on FiveK-Haze and Real-World datasets

4 J7% PSNR/AB SSIM FADE HazDes
Wesas 23.907 9 0.9091 0.2675 0.1305
A E fil & 189632  0.8251 02875  0.1315

E IR R R 2 5 B A2

3.4.3  IZKLEMANAY LA

FH 5 K RS 1 46 B Re A 1 A 58 R A9 IR
DT A5 Aot 25 050 245 g i A AH 2B AR R A5 B )
Wiy e ] B OCFR o BRI, AR SC b T R
() R RN [R5 388 i ) 25 TEN et X 25 55 45 2R 119
% W . IENet-k3. IENet-k5. IENet-k7. IENet-k9 .
IENet-res 73 | & /s FHRSF R/ R 3 x 3.5 x 5.7
7.9 x 9 1Y B DL S Bk 25 15 B ) RT3 o ) 2%
IENet, # 7 /R T 3 T FiveK-Haze 5038 5 I 25 1
IENet-k3 . IENet-k5 . IENet-k7 . IENet-k9 . IENet-res 7F
5 22 55 B 4 FiveK-Haze AOIMRSE M0 H %
B L Real-World By PEREFE AR . WNE TR LI E
WP, AR SO FH R 2 AR 9 BT B A AT AU AR T 25 55
AR B PR REAE A, H SRR B TR A A 22 )
AT T 225 ) B PR RE RN 5% 25 45 A D2 i 1 Rt Y

&7 7EFiveK-Haze 1 Real-Worlds #{#E5 &
ARSI E R IG5E W 45 B I RE 4R H
Table 7 Image enhancement networks performance with
different structures on FiveK-Haze and
Real-World datasets

glizii PSNR/dB SSIM FADE HazDes
IENet-k3 16.890 7 0.7244  0.4891 0.194 5
[ENet-k5 17.369 3 0.7482  0.4885 0.1925
[ENet-k7 17.280 9 07250 04891 0.192'1
IENet-k9 17.069 1 0.7130  0.4902 0.193 8
IENet-res 17.7375 0.7878  0.2095 0.193 7

E L P SRR 5 8 R AL 45

L5 IR 22 2 R RAE A B0 )
3.4.4  BEAIIRIARE

H Tk 25 BB R R A5 BB R ™ Y 1
O, SRS AR AR T o R . PRI, AR SOR 3
R Kok ds T R 2 25 45 S 01 2 % BRMG 1Y 60 3E
Lo AT S UE B 2R i A AR SORE 1 e
1 2% (9 CPIFNet #% 7 CPIFNet (w/L, ) , ¥ A JH & ¢,
192519 CPIFNet Fk & CPIFNet(w/oL,) . 3 8 J&/R
T CPIFNet(w/L,) Fl CPIFNet(w/oL, ) 154 1.2 B L) f&
A% E R TE AR . ASHER i, CPIFNet(w/L,)
TE A3 B 2% VR B 52 55 PR A RE 6 A B 2 A T CPTF-
Net(w/o L,) .

&8 7 FiveK-Haze 1 Real-World #1155 FE T
RER K R E I CPIFNet M BEIEHR
Table 8 CPIFNet performance with different loss

functions on FiveK-Haze and Real-World datasets

WL pRsr  MZM4% PSNR/AB SSIM FADE HazDes
TENet, 1562  0.69 043 0.18

CPIFNet(w/L,) ~ TENet,  18.03 0.70 027  0.10
IFNet 1943 080 029 0.16

IENet, 1737 075 039 020

CPIFNet(w/ol,)  TENet,  18.13  0.73 023 0.14

IFNet 2391 091 027 0.3
AR B e L

4 4 &
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