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Abstract— It is difficult for both cameras and depth sensors
to obtain reliable information in hazy scenes. Therefore, image
dehazing is still one of the most challenging problems to
solve in computer vision and robotics. With the development
of convolutional neural networks (CNNs), lots of dehazing
and depth estimation algorithms using CNNs have emerged.
However, very few of those try to solve these two problems at the
same time. Focusing on the fact that traditional haze modeling
contains depth information in its formula, we propose a CNN-
based simultaneous dehazing and depth estimation network.
Our network aims to estimate both a dehazed image and a fully
scaled depth map from a single hazy RGB input with end-to-
end training. The network contains a single dense encoder and
four separate decoders; each of them shares the encoded image
representation while performing individual tasks. We suggest a
novel depth-transmission consistency loss in the training scheme
to fully utilize the correlation between the depth information
and transmission map. To demonstrate the robustness and
effectiveness of our algorithm, we performed various ablation
studies and compared our results to those of state-of-the-art
algorithms in dehazing and single image depth estimation,
both qualitatively and quantitatively. Furthermore, we show
the generality of our network by applying it to some real-world
examples.

I. INTRODUCTION
What is the point in developing the best vision algorithm in

the world, if you cannot clearly see through the scene? Most
vision-based algorithms, such as object detection, semantic
segmentation, depth estimation, and so forth, use images or
videos taken by camera. However, if the dataset is obtained
from a scene where there is fire/smoke, fog, or serious air
pollution like smog, these algorithms are likely to fail. Haze,
which is the term that describes all of the examples men-
tioned above, refers to an atmospheric phenomenon in which
particles in the air cause light absorption and scattering. This
results in image degradation with a loss of contrast and color
clarity. Therefore, haze removal, i.e., dehazing is one of the
most critical, yet ill-posed problem to solve in computational
photography, computer vision and robotics.

Traditionally, dehazing algorithms have been based on
the atmospheric scattering model proposed in [3], [4]. The
atmospheric scattering model is defined as

I(x) = J(x)t(x)+α(1− t(x)), (1)

where I(x) is the observed hazy image, J(x) is the true scene
radiance, α is the global atmospheric light, and t(x) refers
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Fig. 1: Overall pipeline and results comparisons to state-of-
the-art methods.

to the medium transmission map. Therefore, many dehazing
algorithms focus on obtaining atmospheric lighting and a
transmission map to recover the original image of the scene
by solving the following equation:

J(x) =
I(x)−α(1− t(x)

t(x)
(2)

However, this is a challenging problem because the depth
information of a hazy scene is usually unknown, while the
transmission map t(x) is a range-based value:

t(x) = e−βd(x) (3)

with β as the scattering coefficient of the atmosphere and
d(x) as the depth map of the scene. Moreover, current
widely-used depth sensors, such as laser-based LiDAR or
stereo matching-based Kinect, etc., are not reliable in a
hazy scene because the scattering particles in the atmosphere
obstruct the depth acquirement.

This paper proposes an end-to-end convolutional neural
network designed for simultaneous dehazing and depth es-
timation, focusing on the fact that a transmission map has
a correlation with depth information. The network consists
of a shared encoder and four decoders, where each decoder
is assigned for an individual task. Some of the tasks are to



recover the true radiance of the scene, while others are to
make the training procedure more efficient. The technical
details of the network and training scheme are presented
more fully in Sec. III.

Thus, our simultaneous dehazing and depth estimation net-
work outperforms some of the state-of-the-art algorithms in
both dehazing and single image depth estimation. In Sec. IV,
we demonstrated the robustness and effectiveness of our
algorithm via quantitative and qualitative comparison in
various scenes.

II. RELATED WORK

A. Single Image Dehazing

Single image dehazing has always been a tricky problem
to solve because a lot of information taken from a hazy
scene is unknown or distorted. Therefore, various methods,
such as those introduced in [5], [6], [7] tried to tackle this
problem with handcrafted prior/constraint guidance. With the
emergence of deep learning, Cai et al. proposed Dehazenet
in [8], introducing an end-to-end CNN network with a novel
bilateral rectified linear unit (BReLU) which mainly focused
on acquiring a high-quality transmission map. Another algo-
rithm that focuses on obtaining an expressive transmission
map was proposed by Ren et al. in [9], via a multi-scale
deep neural network.

The appearance and success of the Generative Adversarial
Network (GAN), which was first proposed by Goodfellow
et al. in [10] to synthesize realistic images by competitive
generator/discriminator training via a min-max optimization
framework, enabled many other approaches to dehazing.
In [11], the authors suggested a joint discriminator based on
GAN to incorporate mutual information that the transmission
map and dehazed result hold. Zhang et al. [1] proposed a
multi-scale image dehazing method that uses a perceptual
pyramid deep network consisting of dense blocks and resid-
ual blocks. In [12], without the ground truth atmospheric
light and transmission map information, a network was
proposed to predict all the information. In the loss function,
dehaze reconstruction loss and a haze reconstruction loss
term were added.

B. Single Image Depth Estimation

Single image depth estimation was and still a difficult
problem to solve because there are not many geometric cues
in a monocular image. Recently, various methods have been
introduced to solve this problem without any geometric cues,
thanks to CNN. Eigen et al. [13] suggested a two-stack
convolutional neural network, with one predicting the global
coarse scale and the other refining local details. Liu et al.
combined a continuous conditional random field with the
CNN in [14], obtaining sharp boundaries and details in the
depth map. Laina et al. [15] developed a very effective deep
residual network based on the ResNet [16].

Another line of related work is depth completion from
sparse/semi-dense initial depth information. Recently, Ma
et al. [2] proposed feeding sparse depth information to
an additional channel with an RGB image as an input to

a ResNet [16]-based depth predictor. This resulted in an
outstanding results, even with a very small number of input
depth samples. However, this kind of setup is not valid in
a hazy scene, because most of the depth sensors commonly
used will fail and thus cannot provide any reliable initial
guidance.

III. METHODOLOGY

The overall pipeline of the proposed simultaneous dehaz-
ing and depth estimation network is shown in Fig. 2. It
contains a shared encoder and four decoders for individual
tasks. Each decoder is designed to predict the following: 1)
directly-regressed true scene radiance, 2) atmospheric light,
3) transmission map, and 4) depth map, respectively. The
technical details of the individual modules and the loss
function for the training will be explained thoroughly in the
following section.

A. Simultaneous Dehazing and Depth Estimation Network

The encoder of the network follows the structure of the
Densely Connected Convolutional Network (DenseNet) [17],
with four layers of dense blocks. Between every two dense
blocks, there exists a transition block. A transition block
is a combination of a 1× 1 convolution layer and a 2× 2
average pooling layer. From the first dense block to the
third transition block, we initialized the network using the
pre-trained weight of DenseNet201 [17]. This weight was
trained on the ImageNet [18], which is a dataset for image
classification. Although image classification and dehazing or
depth estimation are different tasks, the rich image repre-
sentation learned from image classification helps to train
the proposed network more effectively. Since we have to
preserved some spatial resolution of the encoded image
feature, we modified the last dense and transition block from
the original DenseNet201 [17]. The network architecture of
the encoder is described in detail in Table I.

There are four decoders in our simultaneous dehazing
and depth estimation network. These decoders share the
same image representation extracted from the encoder. Each
decoder outputs predicted directly-regressed true scene ra-
diance Jdirect , atmospheric light αpred , transmission map
tpred(x), and depth map of the scene Dpred(x). The overall
architecture of each decoder is similar to the encoder, but
it has transition blocks with upsampling layers instead of
average pooling layers. Transition blocks help the network
to effectively reorder and expand the spatial size of the
encoded feature. Also, additional residual blocks suggested
in [19] and refinement blocks suggested in [1] were added.
The residual blocks have two consecutive dense blocks with
two 3× 3 convolutional layers, which gives the ability to
recover more high-frequency information. The refinement
blocks takes a dense pyramid-like structure with four dif-
ferent spatial scales of average pooling and upsampling.
This helps the network to preserve both the global and
local information of the image, where global information
refers to high-level scene description, and local information
means semantic features and spatial location in the image.
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Fig. 2: Overview of the proposed simultaneous dehazing and depth estimation network.

Layers Base Dense Block 1 Transition Block 1 Dense Block 2 Transition Block 2

Structure 7×7 conv
3×3 max pool

[
1×1 conv
3×3 conv

]
×6 1×1 conv

2×2 avg pool

[
1×1 conv
3×3 conv

]
×12 1×1 conv

2×2 avg pool
Output Size 128×128×64 128×128×256 64×64×512 64×64×512 32×32×256

Layers Dense Block 3 Transition Block 3 Dense Block 4 Transition Block 4

Structure
[

1×1 conv
3×3 conv

]
×48 1×1 conv

2×2 avg pool
1×1 conv
3×3 conv

1×1 conv
2×2 upsample

Output Size 32×32×1792 16×16×896 16×16×1344 32×32×256

TABLE I: Detailed architecture of the encoder.

Layers Refinement Block 9 Refinement Block 10 Refinement Block 11 Refinement Block 12 Final

Structure
32×32 avg pool

1×1 conv
32×32 upsample

16×16 avg pool
1×1 conv

16×16 upsample

8×8 avg pool
1×1 conv

8×8 upsample

4×4 avg pool
1×1 conv

4×4 upsample

[
3×3 conv
7×7 conv

]
×2

TABLE II: Detailed architecture of refinement blocks.

The detailed architecture of each refinement block is shown
in Table II.

The outputs of all four refinement blocks are then con-
catenated and fed into the final dense block to predict
the information for which each decoder was designed. The
final dehazed result that we used is the dehazed image
reconstructed using estimated α and t. The output of Decoder
J is only used to help the whole network’s training. This idea
was first proposed in [20], and was proven to be effective.

B. Loss Function

Our loss function E is a linear combination of reconstruc-
tion loss ER, atmospheric light loss Eα , transmission map
loss Et , depth loss ED, and depth-transmission consistency
loss EC as follows:

E = ER +Eα +Et +ED +λEC, (4)

where the loss weight λ was set empirically. Each term will
be described thoroughly in the following subsections, and
we denote ‖ · ‖2 as L2-norm.

1) Reconstruction loss: We define two types of recon-
struction loss for effective training. One is dehazing loss,
and the other is rehazing loss.

Dehazing loss is L2-norm between the dehazed image and
the true radiance J. There are two terms for dehazing loss,
namely, the dehazing loss between reconstructed dehazed
image Jrecon and the original clean image J, and another de-
hazing loss between directly-regressed dehazed result Jdirect
and the true radiance J.

With the predicted transmission map, atmospheric light,
and the original image, we can reconstruct the hazy image
Irecon as well, following Eq. (1). Rehazing loss is L2 norm
as well, between the rehazed image Irecon and the input hazy
image I.

The final reconstruction loss can be formally expressed as

ER =‖ Jrecon− J ‖2 + ‖ Jdirect − J ‖2

+ ‖ Irecon− I ‖2,
(5)

2) Atmospheric light, transmission map & depth loss: In
a CNN-based algorithm, a dataset with input/ground truth



pairs is often inevitable in network training. However, there
are not a lot of options for dehazing. It is even more
difficult to prepare a dataset with ground truth atmospheric
light, a transmission map, and depth information. In this
work, we use the NYU-Depth V2 dataset [21] to synthesize
original/hazy image pairs with ground truth atmospheric
light, a transmission map, and a depth map. A detailed
explanation of synthetic haze dataset generation will be
discussed in Sec. IV-A.

Atmospheric light, a transmission map, and a depth map
are individual outputs from the decoders of our network.
Atmospheric light and the transmission map are trained with
L2 loss as in Eq. (6). The training loss for depth map
estimation is L2 loss between the predicted depth map Dpred
and the ground truth depth Dgt .

Each loss term can be written as
Eα =‖ αpred−αgt ‖2

Et =‖ tpred− tgt ‖2

ED =‖ Dpred−Dgt ‖2,

(6)

where αgt and tgt are the ground truth values of atmospheric
light α and transmission map t.

3) Depth-transmission consistency loss: As Eq. (3) notes,
the transmission map and the depth information have a
correlation. To be more specific, the transmission map inside
a log function ln is a scaled version of the depth map. To
give the decoder t and the decoder D guidance regarding this
correlation, we modeled depth-transmission consistency loss.

First, we divide the log-scaled transmission map predicted
from the decoder t, tpred , with the predicted depth map
Dpred , and name it consistency term, noting as C. This term
should have uniform value over all pixels because C equals
to β times depth-normalizing constant, following Eq. (3).
Therefore, a standard deviation of C should be 0 for each
transmission map/depth map pair.

We simply use the standard deviation of C as loss and
add it to the total training loss. Thus, depth-transmission
consistency loss is given by

EC =‖ std(C) ‖2, (7)

with C being ln tpred/Dpred , and std(·) being standard devi-
ation.

IV. EXPERIMENTS
A. Datasets & Training

As introduced in other dehazing algorithms via deep
learning, we synthetically generated the dataset for dehazing.
The set has input/ground truth tuples which contain the
following: 1) a hazy image, 2) ground truth atmospheric
light, 3) a ground truth transmission map, 4) a ground truth
depth map, and 5) true radiance. We used the fully-labeled
NYU-Depth V2 dataset [21], which contains 1449 pairs of
RGB and depth images taken from indoor scenes. It was not
possible to use the raw dataset of the NYU-Depth V2 dataset,
since the depth map was retrieved by Kinect. The raw depth
information from Kinect has sparsity, which would make the
synthesized transmission map and hazy image noisy.

For the training set, 1000 randomly chosen pairs were
used. In generating atmospheric light, a random value be-
tween 0.5 and 1 was chosen as α and applied uniformly
for all pixels. This is due to the assumption that the global
lighting would be the same in an indoor scene. For the trans-
mission map, the depth map normalized by the maximum
value of each scene was used, and the scattering coefficient
β was selected randomly between 0.4 and 1.6. Each pair was
used for four different combinations of α and β . Therefore,
the total number of items in the training set was 4000.
Similarly, a test set was generated from 100 pairs, which
were not selected in the training set, and it was sampled
with four pairs of α and β , which makes the total test set
400 pairs.

The original image resolution of the NYU-Depth V2
dataset is 680× 480. When fed to the network, all the
information was resized to 512×512, and this resolution was
also used in quantitative evaluation for dehazing. For depth
estimation evaluation, the resolution was resized back to
680×480, for easier comparison with other algorithms. We
applied some data augmentation as well, with random scaling
by the factor within [1,1.5], random rotation by degree within
[−5,5], and a 50% chance of horizontal flips.

In the training procedure, the whole network was trained
in an end-to-end manner, and every decoder was trained
from scratch. We used the ADAM optimizer with an initial
learning rate of 1e−4 and a weight decay of 1e−8. The
learning rate was reduced to 70% for every 25 epochs. We
used a batch size of 4 and trained for 100 epochs. Our
network was implemented by using PyTorch on a machine
equipped with four NVidia 1080 Ti GPUs.

B. Ablation Study

To demonstrate the effectiveness of each module of our
network, we performed ablation studies. We trained the
network with and without some components of the network,
respectively. The results are shown in Table III.

As seen in Table III, the addition of Decoder D itself
significantly improved the performance of the network. This
proves that when the correlation between the transmission
map and the depth map was given in the training scheme, the
performance of the network improved. Depth-transmission
consistency also helped the network to acquire a more
accurate and refined result.

C. Comparison with State-of-the-arts

To demonstrate the robustness of our algorithm, we com-
pare both our qualitative and quantitative results to those
of other state-of-the-art methods. For dehazing comparison,
we selected He et al. [6], Ren et al. [9], Li et al. [22] and
Zhang et al. [1]. Note that Ren et al. [9], Li et al. [22]
and Zhang et al. [1] are CNN-based algorithms, while He
et al. [6] solves the problem with a dark channel prior. All
CNN-based algorithms were trained with the same dataset
as the proposed network.

For quantitative evaluation and comparison, we use the
structural similarity index (SSIM) [23], which can be calcu-



(a) Input (b) He et al. [6] (c) Ren et al. [9] (d) Li et al. [22] (e) Zhang et al. [1] (f) Ours (g) GT

Fig. 3: Dehazing results evaluated on hazed NYU-Depth V2 dataset.

(a) Input (b) He et al. [6] (c) Ren et al. [9] (d) Li et al. [22] (e) Zhang et al. [1] (f) Ours

Fig. 4: Dehazing results evaluated on real-world images.

Model Dehazed Image (SSIM) Transmission Map (SSIM) Depth (RMSE)
Baseline 0.8827 0.8203 N/A
Baseline + Decoder D 0.9410 0.9403 0.653
Baseline + Decoder D + Depth-Transmission Consistency 0.9547 0.9801 0.622

TABLE III: Ablation study: performance changes with and without each component of our network.

lated as

SSIM(x,y) =
(2µxµy + c1)(2σxy + c2)

(µ2
x +µ2

y + c1)(σ2
x +σ2

y + c2)
, (8)

where µ and σ2 are the average and variance of the in-
dividual input, and σxy is the covariance of x and y. The
SSIM metric is commonly used in image enhancement and
computational photography because the structural similarity
may refer to local and detailed information of the image.

The quantitative results obtained using the test dataset

[6] [9] [22] [1] Ours
Image 0.8642 0.8203 0.8842 0.9560 0.9547

Transmission 0.8739 N/A N/A 0.9776 0.9801

TABLE IV: Quantitative SSIM evaluation on hazed NYU-
Depth V2 dataset.

generated with NYU-Depth V2 dataset [21] are shown
in Table IV. Although the algorithm with the best dehazing
result in the SSIM metric was Zhang et al. [1], the difference
between Zhang et al. [1] and ours is relatively small in



(a) Input (b) Ma et al. [2] (c) Ours (d) GT

Fig. 5: Qualitative depth estimation results evaluated on hazed NYU-Depth V2 dataset.

comparison to other methods. Our network performed the
best in transmission map estimation. Both Ren et al. [9] and
Li et al. [22] do not output a transmission map from the
network, so their results were neglected.

Some of the qualitative result in dehazing tasks are shown
in Fig. 3 and Fig. 4. Fig. 3 shows the qualitative results
obtained using the synthetic test dataset. It is visually clear
that our results are better than those of He et al. [6], Ren et
al. [9] and Li et al. [22]. In comparison to Zhang et al. [1],
the result seems similar.

Fig. 4 shows the qualitative evaluation on real hazy
images collected from previous methods [9], [8]. In every
example, our method recovered more detailed information of
the image, while preserving the natural color. For example,
the dehazed result of Zhang et al. [1] on the first sample or
the result of Li et al. [22] on the third sample shows too
much of an artificial contrast and color shift.

For depth estimation, we chose the RGB version of Ma
et al. [2]. We used three kinds of metrics for quantitative
evaluation, namely, root mean square error (RMSE), mean
absolute relative error (Rel), and δn. Here, δn refers to the
portion of pixels for which the error between the predicted
value and the ground truth is below a certain threshold; δn
can be formulated as

deltan(x,y) =
n({x : max( x

y ,
y
x )< 1.25n})

n(y)
, (9)

with n(·) as the cardinality of a set.
The results are presented in Table V. The qualitative

results are also shown in Fig. 5. These results show that
our algorithm outperforms Ma et al. [2] in every metric.

With a general approach to single image depth estimation,
it is hard to get the good image representation that would
help the network to configure the depth information of the
scene. However, in our method, by simultaneously trying to
solve both dehazing and depth estimation, the depth quality
is significantly improved.

RMSE Rel δ1 δ2 δ3

Ma et al. [2] 0.811 0.250 0.495 0.820 0.963
Ours 0.622 0.219 0.635 0.898 0.981

TABLE V: Quantitative depth evaluation on hazed NYU-
Depth V2 dataset (RMSE & Rel: lower the better, δn: higher
the better).

V. CONCLUSIONS

In this work, we addressed the difficulty of CNN-based
dehazing as well as the depth estimation from hazy scenes.
By fully utilizing the principal of the haze model, we propose
a CNN-based simultaneous dehazing and depth estimation
network. Our network was trained with multi-tasking loss,
helping the decoders be guided to each other. Moreover, with
the depth-transmission consistency loss, we maximized the
correlation between the decoders and were able to output
the best result. We showed that our algorithm performs in
a promising manner, in both dehazing and depth estimation,
achieving a performance comparable to or better than other
state-of-the-art algorithms.
Acknowledgement This work is in part supported by the U.S. Air
Force Office of Scientific Research under award number FA2386-
17-1-4660.
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