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Layer Priors And Encoding-decoding Network For Image Dehazing
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In order to solve the shortcomings of the current image dehazing algorithm, which has poor recovery effect
and general timeliness, a novel image dehazing algorithm combining the layer priors and encoding-decoding
network is proposed. Firstly, the haze image is divided into background layer and haze layer, and the time
gradient of background layer and horizontal gradient of haze layer and the pre-trained Gaussian mixture
model corresponding to each layer are used as the prior conditions to construct the model function. Then, a
channel attention module is added at the end of the encoder and the beginning of the decoder to assign different
weights to the haze related feature maps extracted by the encoder and calculate the transmittance accurately.
Thirdly, using the proposed fuzzy partition entropy graph cutting algorithm, the transmittance is divided into
close-range, mid-range and far-range under different scene light coverage. The experimental results show
that the new algorithm has a good dehazing effect on both synthetic and real fog maps compared with other
dehazing methods.
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1. Introduction

In a haze environment, affected by the scattering of sus-
pended water droplets and aerosols in the atmosphere,
quality degradation such as low contrast and tone shift
appear in captured images, which affects the function of
the outdoor visual system [1, 2]. Therefore, haze image
sharpening processing is of great significance for outdoor
vision system [3]. Most of the existing dehazing methods
are based on the physical imaging model of atmospheric
scattering, and the transmittance and atmospheric light in
the model are calculated to obtain the free haze image [4, 5].
Considering the different spatial positions of different tar-
gets in the scene and the influences of ambient light are also
different, Ju et al. [6] proposed the improved atmospheric
scattering model (IASM) considering the light of changing
scenes. Based on this improved model, the transmittance,

scene light and clear image are solved in this paper.

Different from the transmittance estimation algorithm
based on a priori, deep learning can learn haze related
information from many haze image sample data and es-
tablish a mapping relationship between the original image
and transmittance, which has good robustness. For ex-
ample, DehazeNet proposed by Cai et al. [7] used neural
networks to directly estimate the transmittance from haze
images, and obtained atmospheric light based on the low
transmittance value of distant regions, so as to obtain de-
hazed images. Zhang et al. [8] proposed densely connected
pyramid dehazing network (DCPDN) to jointly learn the re-
sults of atmospheric light, transmittance and haze removal.
However, in the process of transmission estimation, the net-
work did not consider the difference in the processing of
the feature graphs of different information, which limited
the performance of the network. Therefore, the channel
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attention mechanism is introduced into the transmission
estimation network to make the network pay attention
to the important channel feature graphs and estimate the
transmission efficiently and accurately [9].

On the other hand, in order to obtain the changing scene
light, the haze removal algorithm based on image segmen-
tation is widely used. Yin et al. [10] divided the image
into different regions according to the haze concentration
information in the haze map, calculated the scene light
according to the gray value of the incident light in each
region, and calculated the transmittance according to the
maximum contrast in each region. Finally, the total varia-
tional guidance model was used to eliminate the boundary
effect in the transmittance map and obtain a clear image.
Gao et al. [11] put forward the multi-region fusion method
(MRFM), which divided the haze map into sky region and
non-sky region, and used the anisotropic diffusion model to
fuse and optimize the transmission values of sky region and
non-sky region, so as to obtain haze removal images. Yoon
et al. [12] proposed wavelength adaptive dehazing (WAD)
algorithm, which correlated haze concentration with light
wavelength and object color, and divided haze image into
long view, medium view and near view according to the
color of object in the scene, thereby obtaining the trans-
mission rate and scene light of each region. However, in
the process of image segmentation to obtain scene light,
the above method does not consider the spatial correlation
of the scene, and it is easy to mistakenly divide the white
foreground target into the distant haze area. Therefore, this
paper proposes a fuzzy partition entropy graph cutting al-
gorithm to partition the scene optical region, and integrates
the graph cutting algorithm considering spatial correlation
into the fuzzy partition entropy to solve the problem of
misclassification caused by similar pixel values in different
regions.

This new algorithm is based on the improved atmo-
spheric scattering imaging model considering the changing
scene light, and uses the channel attention neural network
to predict the transmission, and uses the fuzzy partition
entropy graph cutting algorithm to divide different scene
light regions to calculate the scene light and atmospheric
light, and obtain the haze removal image. The new algo-
rithm has the following advantages: 1) the time direction
gradient and the horizontal direction gradient are used as
the network prior; 2) A transmission estimation network
of channel attention mechanism is proposed, which intro-
duces the channel attention mechanism into the coding and
decoding network to make it pay attention to important
channel feature maps and improve the accuracy of trans-
mission estimation; 3) Fully consider the spatial correlation

of the scene, and use the fuzzy partition entropy graph cut-
ting algorithm to divide the transmittance map into three
regions: near, middle and distant, so as to obtain accurate
atmospheric light and scene light.

2. Materials and methods

2.1. Physical imaging model of atmospheric scattering

The common atmospheric scattering physical imaging
model can be expressed as Eq. (1).

I(x, y) = J(x, y)t(x, y) + A[1 − t(x, y)] (1)

Where ( x, y ) is the coordinate position index of pixel. I
is haze image. t is transmittance. J is clear image. A is
atmospheric light.

It can be seen from Eq. (1) that haze images all come
from atmospheric light [13]. However, in the actual imag-
ing process, due to the occlusion of the scene and the dif-
ference in reflectivity and absorptivity of different objects,
the imaging is actually jointly affected by atmospheric light
and scene light, and it is not accurate to only consider atmo-
spheric light in the imaging process. Therefore, the I(x, y)
can be rewritten as Eq. (2),

I(x, y) = R(i)ρ(x, y)t(x, y) + A[1 − t(x, y)] (2)

Where J(x, y) is expressed as R(i)ρ(x, y).R(i) is the scene
light intensity at the i position in the image, which is af-
fected by the location information of the scene. ρ(x, y) is the
pixel value of the clear image at the coordinate (x, y). Here
(x, y) ∈ E(i).E(i) is the set of all pixels in scene i. t(x, y) rep-
resents the transmission rate of the imaging point ( x, y ) in
the atmosphere, and its value is affected by the atmospheric
scattering coefficient and depth of field in the transmission
process, and decreases in an exponential order, which can
be expressed as Eq. (3).

t(x, y) = e−βd(x,y) (3)

Where d(x, y) is the imaging distance of the imaging
point (x, y), and β is the scattering coefficient. From equa-
tion (2), it can be seen that ρ can be obtained by accurately
estimating R, A, and t.

2.2 Haze removal algorithm based on layer prior
Generally, a haze image can be regarded as the super-

position of a haze-free background layer B and a haze-free
layer R. The purpose of dehazing is to obtain the back-
ground layer and haze layer of the haze image through
decomposition, but this is an ill-posed problem. Therefore,
reference [14] proposed a joint probability method to maxi-
mize the background layer and the haze layer by using the
maximum a posterior probability (MAP). After a certain
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mathematical transformation, the model can be equivalent
to solving the minimum value of the energy function as
Eq. (4).

min
B,R

∥O − B − R∥2
F + Φ(B) + Ψ(R) (4)

Where ∥ · ∥F is the Frobenius norm. O is the haze image.
The value of each pixel in the optimal solution B and R
should not be greater than the corresponding value in O
and not less than 0.Φ(B) and Ψ(R) are the prior conditions
of the background layer and the haze layer respectively,
which are used to regularize the two layers and can be
expressed as Eqs. (5) and (6).

Φ(B) = −γ ∑
i

log GB [Pi(B)] + α∥∇B∥1 (5)

Ψ(R) = −γ ∑
i

log GR [Pi(R)] + β∥R∥2
f (6)

Where P(·) is the i -th block of the corresponding layer.
G(·) is the probability density of the image block in the
corresponding GMM. ∇B is the gradient of the haze layer.
γ, α and β are the coefficients of the corresponding terms.
The layer prior algorithm uses a pre-trained GMM model
with 200 Gaussian components [15] as one of the priors
of the background layer. In addition, at the beginning
of the algorithm, a lightweight GMM model is trained
online by using the artificially marked obvious rain area
as the training image, as one of the priors of the haze layer.
In order to facilitate the solution, logarithmic form and
L1 norm regularization are adopted, and gradient is also
a prior knowledge commonly used in the field of image
restoration in recent years [16, 17].

2.2. Transmission estimation network based on encoder-
decoder network

The network structure of transmittance estimation based
on encoder-decoder is shown in Fig. 1, including shallow
feature extraction, encoder, decoder and mapping layer.

Fig. 1. Transmission estimation network based on
encoder-decoder network.

1. Shallow feature extraction. Extraction of shallow fea-
ture maps, such as edge, texture and contour, is con-
ducive to the mining of deep feature maps. A shallow

feature extraction module is constructed using Con-
volution (Conv), Normalization (BN), Rectified Linear
Unit (ReLU) [18] and pooling layers with a size of 3×3
and step size of 1.

FS = HSF(I) (7)

Where I is the input haze map. HSF is a function of
shallow feature extraction operator. FS is the output
of the HSF and also the input to the encoder.

2. Encoder. The convolutional residual block (CRB) and
channel attention block (CAB) are used for construc-
tion. CRB introduces residual connection on the ba-
sis of shallow feature extraction module (Fig. 1). In
addition, CAB is added at the end of the encoder to
assign different channel feature map weights to the
feature maps extracted by CRB, so that the network
pays more attention to important information related
to the transmission estimation task, such as dense fog
information. Therefore, the encoder function can be
defined as Eq. (8).

Fd = HEN (Fs) =

HCAB
{

HCRB,d {· · · [HCRB,1 (Fs)] · · · }
} (8)

Where HEN(·) represents the encoder function.
HCRB,d represents the d − th convolutional residual
module function. HCAB represents the channel atten-
tion module function. Fd is the output of the encoder.

3. Decoder. To reconstruct the transmittance, the Fd

is symmetrically upsampled using a deconvolution
block (DEB). The first step of the decoder still uses
CAB to assign the appropriate weight to Fd, and then
uses a combination of deconvolution (Deconv), batch
normalization (BN) and rectified linear unit (ReLU)
and the DEB module of residual connection imple-
ment upsampling operation step by step.

Fb = HDE (Fd) =

HDEB,b {· · · HDEB,2 {{HDEB,1 [HCAB (Fd)]}}}
(9)

Where Fb is the output of the decoder. HDE(·) is the
decoder function. HDEB,b stands for the b− th decon-
volution module function.

4. Mapping layer. At the end of the network, a convo-
lution layer is used to map the feature map to the
transmittance map, and the function of the mapping
layer can be expressed as Eq. (10).

t = HMAP (Fb) (10)



1394 Chu Zhao et al.

Where HMAP (·) is the mapping layer function. t is the
output of the mapping layer and also the transmittance
map estimated by the network. The transmittance
estimation network based on channel attention uses
the loss function L to search the optimal parameters
of the model.

L = L2 + λLg + βL f (11)

In the formula, λ and β are the weight coefficient of Lg,
and L f respectively. The expression of L2 is as Eq. (12).

L2 =
1
N

N

∑
i=1

∥∥∥HCAN

(
Ii
)
− t2

∥∥∥
2

(12)

Where
{

Ii, ti
}N

i=1
represents N haze images and the

corresponding true transmittance. HCAN represents
the function of the channel attention network, and
HCAN

(
Ii
)

is the estimated transmission of the chan-
nel attention network when the i− th haze image is
input. The expression for Lg is shown in Eq. (13).

Lg =
1
N

{
N

∑
i=1

∥∥∥Gv

[
HCAN

(
Ii
)]

−Gv

(
ti
)∥∥∥

2
+

N

∑
i=1

∥∥∥Gh

[
HCAN

(
Ii
)]

− Gh

(
ti
)∥∥∥

2

}
(13)

Where Gv and Gh are operators for calculating the
vertical and horizontal gradients of the image respec-
tively.

L f =
1
N

{
N

∑
i=1

∥∥∥Fv1

[
HCAN

(
Ii
)]

−Fv1

(
ti
)∥∥∥

2
+

N

∑
i=1

∥∥∥Fv2

[
HCAN

(
Ii
)]

− Fv2

(
ti
)∥∥∥

2

} (14)

2.3. Scene light estimation and image de-hazing

The scene light factor of different regions is estimated from
the corresponding scene region E, so it is particularly im-
portant to accurately divide the scene light region. The
transmission rate is divided into near, middle and long
range by using the fuzzy partition entropy graph cutting
algorithm. This method incorporates the graph cutting al-
gorithm considering spatial correlation into the threshold
segmentation algorithm, which not only avoids regional
misclassification, but also facilitates accurate estimation of
scene light and atmospheric light.

The fuzzy 3-partition entropy algorithm [19] is used
to search the optimal threshold for dividing the pixel
sets of near scene Eb, middle scene Em and long scene
Ed. Membership functions Md, Mm, Mb for sets Ed, Em, Eb

are defined using the S function and its inverse function
Z = 1 − S. Then the fuzzy partition probability of each set
is as Eq. (15).

Pb =
255

∑
k=1

h(k)Mb, Pm =
255

∑
k=1

h(k)Mm, Pd =
255

∑
k=1

h(k)Md

(15)
Where h(·) is the transmittance histogram, and the prob-

ability of occurrence of any grayscale k in the transmittance
is calculated. Pb, Pm, Pd divide the probabilities for the set
of Eb, Em, and Ed.

The fuzzy 3-partition entropy model of the transmit-
tance graph is shown in Eq. (16). The iterative strategy-
based method [20] can be used to quickly search the thresh-
old of dividing Ed, Em, Eb sets when the fuzzy entropy is
maximum.

H = −Pd log (Pd)− Pm log (Pm)− Pb log (Pb) (16)

The threshold determined by the maximum fuzzy en-
tropy is directly used to divide the pixels, without consider-
ing the spatial correlation of pixels, which is easy to cause
regional misclassification due to the similar transmission
values of different regions. Therefore, the graph cutting
algorithm [21] considering spatial correlation is integrated
into the fuzzy partition entropy, and the fuzzy partition
entropy graph cutting algorithm is proposed. The energy
function E of graph cutting is expressed as Eq. (17).

E = λD
(
lp
)
+ Q

(
lp, lq

)
(17)

Where p and q are adjacent pixels. lp and lq are labels,
and their values can be long view "d", middle view "m"
and near view "b". D

(
lp
)

is the data item, representing
the cost of pixels in the transmittance being divided into
label lp.Q

(
lp, lq

)
is the smooth term, representing the cost

of p and q marked as lp and lq · λ = 1 is the balance factor
between the data item and the smooth item. For D

(
lp
)
, the

set partition probability at the maximum of Eq. (16) is used
to design. 

D
(
lp = ”b”

)
= − log (Pb)

D
(
lp = ”m”

)
= − log (Pm)

D
(
lp = ”d”

)
= − log (Pd)

(18)

The smooth term is defined as Eq. (19),

Q
(
lp, lq

)
= exp

(
−
(
kp − kq

)2

2δ2

)
× 1

dist(p, q)
(19)

Where, kp and kq are the gray levels of adjacent pixels p
and q.δ is the variance between adjacent pixels. dist (p, q)
is the Euclidean distance between pixels p and q. After the
graph cut model is constructed, α − β exchange algorithm
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is used to solve the graph cut model, so as to obtain the
optimal partition of Ed, Em, Eb sets.

From the divided pixels set of Ed, Em, Eb, the top 1% pix-
els with the highest brightness value in the initial haze map
are selected, and their brightness mean value is taken as
the scene light of each collection area, and the initially esti-
mated scene light R is obtained. However, the scene light
R estimated by the above method has obvious boundary
effect, which is inconsistent with the real situation. In order
to approximate the real result, the regular optimization
algorithm is used to refine the scene light.

R′ = argmin
{∥∥R − R′∥∥2

2 + θ1
∥∥∇ (R′)−∇(G)

∥∥2
2

}
(20)

Where θ1 = 0.4 is the regularization parameter. G is
the brightness component of the haze image. ∇ is the
gradient operator. The first term of Eq. (20) ensures that the
optimized scene light R′ approximates the segmentation
result of the fuzzy partition entropy graph cut, while the
second term constrains the edge features of R′ so that it
is consistent with G. The optimized scene light R′ can be
obtained by adopting the iterative optimization strategy.

Given the atmospheric light intensity A, scene light R′,
and transmittance t, a clear image ρ can be obtained by
Eq. (2). In order to avoid the denominator being infinite
because t is too small, the lower limit of t is set t0, and a
clear image can be calculated by Eq. (21).

ρ =
I − A [1 − max (t, t0)]

R′ max (t, t0)
(21)

3. Results and discussion

3.1. Experiment Settings

A PC is used for model training and testing. The CPU is
Intel Core i9-7900X, the main frequency is 3.30GHz, the
memory is 64 GB, and the GPU is a NVIDIA RTX 3080Ti
graphics card. All experiments in this paper are designed
and implemented under the Pytorch deep learning frame-
work. In the training process, the training image is ran-
domly cropped to 256×256 pixels, the batch size is set to
4, and the training is 50 rounds. In addition, the Adam
optimizer with the attenuation coefficient as the default is
used to speed up the training process, the initial learning
rate is set to 0.001, and it is reduced by half every 5 turns.

The algorithm is trained on ITS, and tested on both
synthetic and real haze image datasets. The training set
contains 1399 clean images and 13990 paired haze images.
In order to verify the effectiveness and superiority of the
proposed algorithm, DCP [22], NLD [23], DA [24], EPDN
[25] and PSD [26] de-hazing algorithms are selected for
experimental testing and comparison.

3.2. Experimental results on synthetic haze images

Qualitative comparison is made on the test set SOTS in
RESIDE dataset, and the experimental results are shown in
Fig. 2. As can be seen from Fig. 2, the DCP method based

Fig. 2. Comparison of different methods on the SOTS test
set.

on prior information can effectively de-haze the image, but
the generated de-haze image will produce serious color
distortion. As shown in Fig. 2, the sky region of the DCP
method is abnormally blue. In addition, compared with the
clear image, the brightness of the haze removal image gen-
erated by DCP is darker, which seriously affects the visual
perception effect of people. Similar to the DCP, the NLD
also fails to effectively remove the haze in the sky region
of the image because the prior information of unilateral as-
sumption is not applicable to all scenes, and the de-hazing
image generated by the NLD algorithm produces unnec-
essary artifacts. The de-hazing image generated by DA
algorithm has a satisfactory visual effect, but it still causes
a certain degree of color distortion in some images. EPDN
can effectively remove haze in the image, but it will make
the brightness of the generated image dim and the con-
trast decrease. The image generated by PSD algorithm has
high brightness and contrast, but the color susaturation
also makes the image generated by this PSD algorithm
look unreal. Compared with other algorithms, the haze re-
moval image generated by the proposed algorithm LPEDN
is more natural in color, clearer in texture and higher in
fidelity.

To further verify the performance of LPEDN, we con-
duct quantitative comparison on RESIDE dataset. The eval-
uation indexes are Peak Signal-to-Noise Ratio (PSNR) and
SSIM. The experimental results are shown in Table 1.

As can be seen from Table 1, on the indoor data set,
the proposed algorithm obtains the optimal image haze
removal results, whose PSNR and SSIM are 30.98dB and
0.983, respectively. On outdoor data sets, the proposed al-
gorithm also achieves the best de-hazing results, and com-
pared with the second-best algorithm DA, the proposed
algorithm increases PSNR from 22.70dB to 23.68dB, and
SSIM from 0.928 to 0.935. The above experimental results
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Fig. 3. Comparison of different methods on the URHI test set.

Table 1. Quantitative experimental results of different
methods on SOTS dataset.

Method
Indoor data set Outdoor data set

PSNR/dB SSIM PSNR/dB SSIM
DCP 20.06 0.873 20.55 0.899
NLD 17.40 0.802 18.22 0.872
EPDN 25.20 0.933 20.43 0.903
PSD 16.43 0.730 15.26 0.772
DA 30.43 0.982 22.70 0.928
LPEDN 30.98 0.983 23.68 0.935

show that LPEDN can effectively remove haze on both
indoor and outdoor data sets.

3.3. Experimental results on real haze image

In order to further verify the performance of LPEDN, it is
compared with other algorithms on the real haze data set
URHI. Experimental results are shown in Fig. 3.

As can be seen from Fig. 3, DCP tends to dim the bright-
ness of the image after haze removal, especially in the sky
area, which will produce artifacts, thus affecting the visual
effect of the haze removal image. Although the NLD al-
gorithm can effectively de-haze the image, the generated
de-haze image has serious color distortion, which makes
its visual effect poor. In contrast, image de-hazing methods
based on deep learning often result in less thorough de-
hazing, resulting in under-hazed images. For example, DA
and EPDN will still cause a certain degree of haze residue
in some areas of the image, and the texture features of the
image are not obvious. The image generated by PSD is
brighter and has higher contrast. However, due to the ex-
cessive enhancement in some areas, the image generated
by PSD is still over-saturated to a certain extent [27, 28].

In contrast, the LPEDN algorithm enables the model to
effectively de-haze while avoiding the color distortion of
de-hazing image generated in the de-hazing process to a
great extent, thus presenting a better de-hazing effect on
the real image with haze. Also, the detailed results are
shown in Table 2. It can also be concluded that the new
algorithm in this paper obtains the optimal result.

Table 2. Quantitative experimental results of different
methods on URHI dataset.

Method PSNR/dB SSIM
DCP 18.51 0.814
NLD 19.77 0.827
EPDN 20.59 0.862
PSD 21.65 0.887
DA 23.81 0.939
LPEDN 24.97 0.946

3.4. Running time comparison

The running time of this algorithm consists of the transmis-
sion estimation time of channel attention network and the
calculation time of scene light and atmospheric light. The
encoder and decoder of the network each contain four mod-
ules, the network layer number is small, the framework is
simple, and the transmittance of a single haze image is esti-
mated to be only 0.2 s . On the other hand, when estimating
atmospheric light and scene light, the recursive strategy is
used to search for maximum fuzzy entropy. The average
running time of a single image is 0.2 s , and the subsequent
α − β exchange algorithm takes only 3 s to solve the graph
cut model. Finally, it takes 0.5 s to solve the canonical opti-
mization model by gradient descent method. As shown in
Table 3, the running time of the proposed algorithm is 3.9s
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in total, which is better than that of DA algorithm and PSD
algorithm. Although the running time is longer than that of
EPDN algorithm and NLD algorithm, it can be seen from
Tables 1 and 2 that the de-hazing effect of the proposed
algorithm is obviously better than that of PSD algorithm
and DA algorithm.

Table 3. Running time comparison with different methods.

Method NLD EPDN PSD DA LPEDN
Time/s 2.5 1.79 4.4 4.6 3.9

4. Conclusions

This paper presents a haze removal algorithm based on
layer prior and encoder-decoder network. When using the
encoder-decoder network to estimate transmission, a chan-
nel attention module is added in the middle of the encoder
and decoder to assign different weights to the feature maps
containing different information, so that the network is
more sensitive to important feature maps (such as the fea-
ture map containing haze information) and provide more
effective information for the subsequent network layer. In
the estimation of scene light and atmospheric light, the
transmission is divided into near, middle and distant by
using the fuzzy entropy graph cutting algorithm, and the
corresponding scene light and atmospheric light are ex-
tracted from each region. In this strategy, the graph cut
algorithm considering spatial correlation is integrated into
the fuzzy partition entropy algorithm to ensure that the
regions with similar transmission values will not be misclas-
sified. The experimental results show that both objective
and subjective results are superior to the existing de-hazing
algorithms. It can be seen that accurate prediction of trans-
mission and full consideration of changing scene light can
improve the accuracy of image haze removal. However,
the new algorithm uses fuzzy partition entropy graph cut
and scene light iterative optimization algorithm to estimate
the changing scene light, which reduces the efficiency of
de-hazing, and the average de-hazing time of a single im-
age is 3.9s. In the future, the process of solving scene light
will be further optimized to improve efficiency, so that it
can be applied to engineering practice such as intelligent
driving.
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