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Abstract

Image depth estimation is a technology that is the basis of various image analysis. As analysis methods using deep learning models
emerge, studies using deep learning in image depth estimation are being actively conducted. Currently, most deep learning-based
depth estimation models are being trained with clean and ideal images. However, due to the lack of data on adverse conditions such
as haze or fog, the depth estimation may not work well in such an environment. It is hard to sufficiently secure an image in these
environments, and in particular, obtaining non-homogeneous haze data is a very difficult problem. In order to solve this problem, in
this study, we propose a method of synthesizing non-homogeneous haze images and a learning method for a monocular depth
estimation deep learning model using this method. Considering that haze mainly occurs outdoors, datasets mainly containing outdoor
images are constructed. Experiment results show that the model with the proposed method is good at estimating depth in both

synthesized and real haze data.
FI9E: Aol 4, B L N, A 8, HeEld

Keywords: depth estimation, non-homogeneous haze, haze synthesis, deep learning

24 7159 7)ol B 7160l v 23, 485, AR/VR 59
1. A2 Abg o] BTt w2 o) BT 2 gk 58 2, A
FYT 2 A9le) A YR AR BHANE F HER S
B 201 4 7142 JHANE Fe) G ApEe  UT JIET S7AT. oo we qmde) 3w A
A2 2R L 7)So|th A} 7o) 24 7L tpakst gy e o Aol £ Ve o2 FAS A fA%

*corresponding author: Seungyong Lee/POSTECH(leesy@postech.ac.kr)

Received : 2022.06.11./ Review completed : 1st 2022.06.29. / Accepted : 2022.07.05.

DOI:

10.15701/kegs.2022.28.3.45

ISSN : 1975-7883(Print)/2383-529X(Online)

- 45 -



~
oF
[
Q
g

o oX
°T
g
3

E.
0]
e
=2
=2
:.oj_l,
>
rlr
EN
N, O
&
S
>
it
D)
A AN
o o,
K=
)
=
rO
)
ok M o8 o oX

3
%

ol
o
EE Il
o
u

2
=
o2
oy
o
bl
d
o
fn)
o
A
X
m
i
-
A
ok
2
[l
g,
Mo
e
fy
ok
rlr

(a) Clean image (b) Hazy image

(c) Depth estimation in (a)

(d) Depth estimation in (b)
Figure 1 An example of the depth estimation result of the Boosting [3]

model based on LeRes [4]. For haze images, the model does not

estimate the depth well.
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(a) Homogeneous hazy image

(b) Non-homogeneous hazy image
Figure 2 Example images of a homogeneous hazy image and a non-
homogeneous hazy image. In (b), thick haze is formed due to 8 even

at close distance
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Depth estimation 1. Extracting
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2. Synthesizing
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Figure 3: Haze data generation process for depth estimation. Create pseudo depth and synthetic haze in the dehazing dataset and depth

estimation dataset.
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(@) Non-homogeneous hazy image (b) t(x) for synthesis extracted in (a)
Figure 4: Example of extracting t(x) for synthesis from a real hazy

image using the scattering model and dark channel prior
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Figure 5: Example of synthesizing a non-homogeneous hazy image
using the scattering model [5]. (a) is a synthetic hazy image, and (b) is
a clean image used for the synthesis. (c) and (d) are t(x) for synthesis
and randomly selected global atmospheric light, respectively.
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Table 1: Comparison of SOTA models

containing outdoor images.

on benchmark datasets

Model Datasets RMSE Type.of Method
learning
SharinGan [19] 1\[/{?)1(?311]) 8.388 unsupervised mono
Monodepth2 [21] 1\[/{%1(?311]) 7.417 self-supervised mono
DPT-Hybrid [20]  KITTI [24] 2.573 supervied mono
LapDepth [18] KITTI [24] 2.446 supervied mono
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Figure 6: Qualitative results of Make3D dataset experiments. The results of the Haze M Lapdepth model and the Clean M Lapdepth model
are similar.
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Figure 7: Qualitative results of synthetic haze dataset experiments. The area surrounded by the red box is an area where the output of the
Haze M Lapdepth model is visually more similar to the ground truth than the output of the Clean M Lapdepth model.

Input Ground Truth LeRes Boosting Haze NH-O Lapdepth

Figure 8: Qualitative results of real haze dataset experiments. The area surrounded by the red box is an area where the output of the Haze NH-O
Lapdepth model is visually more similar to the ground truth than the output of the LeRes [4] Boosting [3] model
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Table 3: Quantitative results of Make3D test dataset experiments

Model RMSE SSIM
Clear M Lapdepth 8.76 0.94
Haze M Lapdepth 9.16 0.93
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