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ABSTRACT

Depth completion is a challenging task supporting the purpose of scene understanding and environment
perception in an autonomous vehicle. The existing method considered multiple modals input such as RGB
images and depth LIDAR images to utilize the complementary characteristics of those two sensors. However,
traditional autoencoder approaches have shown limitations in representing the data in low dimensional space.
Moreover, depth discontinuity also happened when fusing the camera image and LIDAR image due to the light
sensitivity in the RGB image. In our study, we are adapting CycleGAN focusing on learning the distribution
of the data rather than the pixel density to reconstruct the depth into dense one. We also consider the
semantic segmentation as additional input to mitigate the depth discontinuity problem. Our framework is trained
and evaluated on the KITTI benchmark with synchronized data capturing various road scenery. The
experimental results prove the proposed framework to be competitive performance and efficient in depth

completion task..
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I. Introduction

Nowadays, computer vision and deep learning
have proved to be an essential part of the
development of the autonomous vehicle. As the
crucial key for the ability to operate in the human
world, the perception system takes the responsibility
of collecting information from the surrounding
environment. In particular, the perception system
performs various scene understanding tasks such as
semantic segmentation, depth completion, object
detection, etc. In order to make a precise decision,
multiple types of sensors collecting different aspects
of data is mounted on the vehicle and by a fusion
procedure, the outcome data can be more reliable
and well visualized.

In 2001, LIDAR (Light Detection and Ranging),
which is a range measurement sensor, was first
introduced to the autonomous vehicle and received a
lot of attentions from researchers in the world.
Having a similar working principle with RADAR,
LIDAR can identify the distance to an object by
calculating the time of flight of a signal when
traveling from LIDAR to an object and reflecting
the sensor. However, instead of using radio waves,
LIDAR not only can shoot out multiple rays of laser
beams with high frequency but also can rotate 360
degrees to scan the surrounding environment.
Moreover, due to the characteristic of laser, LIDAR
achieves high precision within a great distance
compared to the RADAR. However, data collected
from LIDAR or point cloud is often sparse and
irregular structure. In particular, when a laser beam
hits an object and reflects, it sometimes cannot
return to the sensor because of the object’s surface,
environmental noises such as heavy light
illuminance or some extremely adverse weather
conditions, etc. As a result, point cloud appears
some holes identified as invalid measurement
regions. Depth completion is to fill up those holes in
sparse depth LIDAR data to generate a dense depth
map.

The existing methods such as FusionNet!",
PENet? or GuideNet™ utilize corresponding RGB

images as additional input to make the depth
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prediction and preserve scene structure in depth
image. However, since the RGB is highly sensitive
to optical changes, the result can be falsely predicted
and downgrade the performance. In this paper, we
will put semantic segmentation as a third input to
compensate for the optical changes in RGB images.
Network  (GAN),

introduced in 2014, had made a significant

Generative  Adversarial
contribution to image generation. The most
outstanding breakthrough of GAN is that it
efficiently learns the distribution of data rather than
their numerical density value. Therefore, GAN can
better represent the data in a low-dimensional
manifold than traditional autoencoder architecture. In
addition, structure preservation is also an essential
key in depth completion. This problem is considered
to be similar to the image-to-image translation
problem, which is the task of transferring the source
domain to the target domain while ensuring the
content is consistent. Zhu et al! proposed a
(CycleGAN)

translation

cycle-consistent adversarial

implementing the  image-to-image

concept. In particular, by taking advantage of feature

richness in RGB image, the CycleGAN can transfer
the color domain of RGB image to the depth
domain of the depth image and the sparse depth
map can be constructed into a dense and
well-structured depth map.

In summary, our contributions are as follow:

* We successfully adapted the CycleGAN
architecture for solving the depth completion
problem.

* We designed a generator having semantic
segmentation as an additional input and
introduced a smoothness penalization loss for
enhancing the model performance.

II. Related Works

IImage-to-Image translation. The purpose of
image-to-image translation is to transform the
content of an image from the source domain to a
target domain. The transformation must be consistent
in image content and style between two domains.
Generative  Adversarial Network (GAN)® s
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achieved multiple outstanding result in the task of
generating a realistic image using the adversarial
idea. CycleGAN™ is proposed by Zhu et al.
combining original GAN and cycle consistency loss
for unpaired image translation task. However,
CycleGAN not only has low performance when
converting images with complex structures but also
poorly generates semantic labels and object details
from RGB images. Fu et al'® proposed a
geometry-consistent generative adversarial network
(GcGAN) taking a single RGB as the first input and
its corresponding geometry transformation as the
second input, and GcGAN can generate the output
with the corresponding geometry constraint.
Nevertheless, despite achieving some noticeable
improvement, GCcGAN is still unable to compensate
for the problem of generating poor details in
CyccleGAN when transforming. In an effort to solve
the aforementioned problem, Li et al.”). proposed an
Asymmetric  GAN  (AsymGAN)
generating the result with fine-grained detail and

successfully

further improving image realistic. They designed the
second autoencoder following with the second
discriminator for learning auxiliary of image content,
but the complexity of the model is significantly
increased.

Depth completion. Depth completion is the task
of generating valid depth measurements and
replacing unidentified regions in sparse LIDAR
images. Two main approaches are single depth
image input and multiple modals input. Uhrig et
al.® proposed a sparse convolution mechanism
working on sparse data and used a validity mask to
indicate the position of valid depth value. However,
the performance of the model gradually decreases in
a deeper layer. Lu et al” further improved by
focusing on learning and constructing the semantic
segmentation information in the depth image.
HMSNet"” proposed by Eldesokey et al. also has
some improvement. They designed a
multi-functional ~ layer for  upsampling and
downsampling the sparse depth. In contrast to the
single depth input, multiple modals input taking
RGB image as additional input outperformed the

single depth input method due to the complemented

characteristics between RGB image and sparse depth
LIDAR image. Mat et all''! designed a deep
regression model taking a concatenated sparse depth
map with the corresponding RGB image to predict

the depth value. Eldesokey et al.'”!

proposed a
normalized convolution layer in CNN for adapting
the sparse data and extracted a confidence map
indicating the validity of pixels in the sparse data.
This approach also came with a small number of
parameters, which significantly reduced the size of
the model. Besides RGB images, other aspects also
is being considered as supportive information to
enhance the accuracy of prediction, such as surface

normal™ o4,

and semantic segmentation

In our study, we will consider the semantic
segmentation information as an additional input to
compensate for the light sensitivity of the RGB
image problem, which makes the depth discontinuity

in the predicted result.
. Methodology

3.1 Architecture overview

The overall framework is shown in Figure 1. Our
backbone is based on the CycleGAN™ architecture
consisting of two design generators, and two similar
design discriminators. As abovementioned, we
embed the semantic segmentation as additional input
by concatenating with the sparse depth LIDAR. The
proposed architecture has two stages:
* In the first stage, set of three input 2D LIDAR

depth image, RGB image and semantic

segmentation are fed into the generator G, to

generate the dense depth LIDAR image. Then,
both of the generated result and the corresponding

/ N

Groundtruth / \
Real or fake ?
depth image \D1 /) eal or fake

e

sparse depth

RGB image

«’//\\\‘ generated //J\\
‘\C\;ii/}_) dense depth *)‘\Fii /)_>

generated
RGB image

Real or fake ?

[ cycle

consistency

Fig. 1. Overview of overall architecture.
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dense depth ground truth will be put into the

discriminator D), for classification.

In the second stage, the generated dense depth
result from the generator G, will put into the
generator F); to transfer back to the color domain
or the RGB image. Then, the generated RGB
image and the original corresponding RGB image

will also be put in the second discriminator ),

for classification purpose.

The detail of the generator G/F, and the
discriminator D,/D, will be discussed in the next

sector.

3.2 Architecture details
Generator. The architecture of both G, and F) is

the
(2]

similar. We design the generator having
autoencoder architecture similar with the PENe
which has two branches with similar layer layout.
The upper aims to predict the dense depth map from
RGB image with a confidence map. The lower also
aims to upsampling the sparse LIDAR sample with
a confidence map. Finally, final depth map is
combined from two branches by a fusion metod
applied in FusionNet'™. In particular, we denoted the
depth map and confidence map generated from RGB
image as d,, and c,,; the depth map and the
confidence map upsampled from sparse LIDAR as
dy and c;. The final depth D is:

Skip connection

ec,yz,(x,y) * ci(z,y)

,,gb(ac,y) +e
Cxl(mﬂy)

* dd(%y)

D

oo (z,y) Te

The detail of the generator is shown as Figure 3.
However, we also make some modifications to
the We the

deconvolutional layer causing heavy checkerboard

decoder. replace traditional
artifact as shown in Figure 2 with the resize
S (1 of

nearest-neighbor upsampling layer followed by a

convolution  layer consists a
convolution layer.

Discriminator. The architecture of both ), and
D, is similar. We design discriminator based on the

DCGAN! The backbone of the

discriminator is constructed by applied series of

architecture.

convolutional block. Each block consists of three

consecutive layers: a convolution layer, a

BatchNorm layer and a ReLU activation layer.
Finally, a sigmoid layer is placed at the end to
output a probability indicating which one is real of

fake sample. The detail of the discriminator is

Fig. 2. Heavy checkerboard artifact.

Sparse depth

o

Semi-dense depth

3”

Semantic segmentatlon

-ihﬁﬂ

(1 () 3)

RGB image

Dense depth

Semi-dense depth

(1)

@

Convolution layer Latent space

Fig. 3. Overview of the generator architecture
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Dense depth image m - - -

Convolution layer  BatchNorm layer

Fig. 4. Overview of the discriminator architecture.
shown as Figure 4.

3.3 Loss function

The cycle consistency loss. The cycle
consistency™ is applied to constrain the consistency
when transforming between from RGB domain into
depth domain and reversing. The loss is formulated

as:

lq;de = Em ~ Diatala )”Fd(Gd(d) - d) H1
+E I£,(G,(rgb) —rgb)l;,

Z ™ Pdatal(rgb)

where d denoted as predicted depth map, rgb
denoted as corresponding rgb image sample.

Structural similarity reconstruction loss. We
further constrain the transformation by using the
SSIM!"! metric to ensure the scene structure and the
original content between input RGB image and the
generated RGB image in stage two of the model.
The loss is formulated as:

1. =1—SSIM (rgb,rgb),

ssim

where rgb is the input RGB image, and the rgb is
the RGB image generated by the generator F).
Depth loss. Following the study by Carvhalho et

[18]

al."”, we decide to use L, to minimize the loss

between the generated depth value and the
groundtruth. The loss is formulated as:

ld@pth, = |1gt,>0 © (d_gt)|17

LeakyReLU layer  Convolutional block Sigmoid layer

where d denoted as predicted depth map, gt denoted
as corresponding groundtruth sample. 1, ., denoted
as the indicator showing valid depth value in depth
LIDAR image.

Smooth penalization loss. As mentioned before,
due to the light sensitivity of RGB, we use the
semantic segmentation image to compensate the
problem. Inspired by [19], we adapt the
second-order differential loss to reduce the impact of

the optical changes. The loss is formulated as:

N

1 [v2s)| [v2s)|
lsmoath = WZ“VJQL‘U* e +|v3dt|* e’ )’
i=1

where Vv ?2d,, Vyz d; denoted as the second-order
derivative in the x-direction and y-direction of the
generated depth image, V7 s,, V,;si denoted as the
second-order derivate in the x-direction and
y-direction of the semantic segmentation image. e is
the exponential function. /V is the total number of
pixels.

Adversarial loss. In the DCGAN, adversarial loss

using BCE loss is used to help the discriminator/), /
D, classifying between the generated sample and the
groundtruth sample. The loss is formulated as:

baaw = E, ~ Ddatalgt) llog D, ()]

+E [1—log D, (Gy(x)]

T~ Pdata(d

The above loss function is used for the

discriminator ), in the first stage with the sample

generated by G;. The adversarial loss for D), is
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similar but with the sample generated by F£),.

The overall loss used in training is formulated as:

loss = /\1 lq;de + )\2 lssim + )‘3 ldepth
+ /\4 lsmooth, + )‘5 ladu’

where A, \,, Ay, A, A; are the hyper parameters

controlling the weight of each loss.
IV. Experiment Results

4.1 Dataset

In our study, KITTI dataset is used for training
and evaluating. The dataset contains total of 85898
training samples, 1000 verification samples, 1000
test samples. Each RGB frame is synchronized with
project LIDAR point to 2D image plane. During
training, we reduce the image dimension from

1216x352 to 512x256 for saving time and memory
capacity.

RGB Image

Sparse Depth

Groundtruth

Semantic Segmentation

NConV

Sparse-lo-Dense

CSPN

Our

Fig. 5. Visualization of the comparison result
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4.2 Evaluation metric

We use 4 standard metric using in depth
completion benchmark: root mean square error
(RMSE) [mm], mean absolute error (MAE) [mm)],
root mean square error of the inverse depth
(iRMSE) [1/km], and mean absolute error of the
inverse depth (iMAE) [1/km].

4.3 Performance evaluation

Table 1. shows the performance comparison
between different architecture. Compared to
IR_L2®), NConv-CNN"? and PwP2Y, we have
better result and suffer less noise in the upper region
in the depth image. CSPN™” and Sparse-to-Dense!'!}
show that they fail to fill out the valid depth in the

131 shows that

upper area. Moreover, DeepLIDAR
they are losing some content and scene structure
compared to the RGB image. Overall, our result

prove to have better in visual and smoother in depth

transition as shown in Figure 5.
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Table 1. Performance comparison of others architecture

Method Input RMSE [mm] MAE [mm] iRMSE [1/km] iMAE [1/km]
IR_L2 [9] depth-only 901.43 292.36 4.92 1.35
CSPN [20] multiple-input 1019.64 279.46 2.93 1.15
NConv-CNN [12] multiple-input 829.98 233.26 2.60 1.03
Sparse-to-Dense [11] multiple-input 814.73 249.95 2.80 1.21
PwP [21] multiple-input 777.05 235.17 2.42 1.13
DeepLIDAR [13] multiple-input 758.38 226.50 2.56 1.15
Our multiple-input 746.96 267.71 2.24 1.10
V. Conclusion Bengio, “Generative  adversarial  nets,”

We proposed an architecture using a CycleGAN
that takes multiple inputs to generate a dense depth
We  further the
segmentation with the sparse depth LIDAR image to

map. concatenated semantic
compensate for the sensitivity of the RGB image to
lighting conditions in the surrounding environment.
In our future study, we will combine the task of
semantic segmentation with the CycleGAN and

build a multi-task architecture.
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