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Abstract

The depth image obtained by consumer-level depth cameras generally has low resolution and miss-
ing regions due to the limitations of the depth camera hardware and the method of depth image
generation. Despite the fact that many studies have been done on RGB image completion and
super-resolution, a key issue with depth images is that there will be evident jagged boundaries
and a significant loss of geometric information. To address these issues, we introduce a multi-scale
progressive fusion network for depth image completion and super-resolution in this paper, which
has an asymptotic structure for integrating hierarchical features in different domains. We employ
two separate branches to learn the features of a multi-scale image given a depth image and its
corresponding RGB image. The extracted features are then fused into different level features of
these two branches using a step-by-step strategy to recreate the final depth image. To confine
distinct borders and geometric features, a multi-dimension loss is also designed. Extensive depth
completion and super-resolution studies reveal that our proposed method outperforms state-of-the-
art methods both qualitatively and quantitatively. The proposed methods are also applied to two
human-robot interaction applications, including a remote-controlled robot based on an unmanned
ground vehicle (UGV), AR-based toolpath planning, and automatic toolpath extraction. All these
experimental results indicate the effectiveness and potential benefits of the proposed methods.

1 Introduction manufacturing industry [1]. A Cobot has a human-

size scale and works alongside human workers in
In the era of Industry 4.0, adopting collaborative a shared, collaborative workspace [1]. Therefore,
robots (Cobot) has become a new trend in the the collaboration of humans and robots is enabled
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with a higher rate and more flexibility in produc-
tion. A 2015 paper [2] pointed out that adopting
Cobot in assembly achieves the best performance
than either manual assembly or fully automated
assembly. With the expectations of a high growth
rate of automation in manufacturing industries,
especially in small and medium-sized enterprises,
Fortune Business Insights projects the global mar-
ket value of the Cobot will increase from $1.36
billion in 2021 to $16.4 billion in 2028 [3].
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Fig. 1 The depth information is utilized in a variety of
human-robot interaction applications, such as: (a) Aug-
mented Reality-based interface [4] (image courtesy of
Yang et al.); (b) gesture control [5] (image courtesy of
Magrini et al.); and (c) toolpath extraction [6] (image
courtesy of Ni et al.).

To enable the coexistence of Cobot and the
human operator and the interaction between
them, the sensing of the workspace, the human
operator, and the workpiece is essential to a
Cobot system [7]. Particularly, the depth infor-
mation is utilized to avoid the collision between
the Cobot and human operator [8-11] for safety.
Moreover, the depth sensing provides new affor-
dances for ways of human-robot interaction, such
as guest control [5, 12] (see Fig. 1 (b)), tool-
path extraction [6, 13] (Fig. 1 (c)), navigation
and localization [14, 15], and augmented reality
(AR)-based interfaces [4, 16-18] (Fig. 1 (a)). The
current depth camera equipped with Cobot has

low cost and real-time performance, yet it suf-
fers from a lack of depth information and a lower
resolution due to its hardware limitations. Specifi-
cally, the depth camera, based on either structured
light or time of flight techniques, cannot handle a
transparent or highly reflective object surface [19],
therefore, there are regions with depth informa-
tion missing. Another cause of missing regions
is that the distance between the depth camera
and the object is beyond the maximum sens-
ing range of the camera [20]. Additionally, the
existing depth cameras are unable to capture high-
frequency information, which results in the loss
of comprehensive information. Both the incom-
plete and low-resolution depth information will
cause difficulty in the Cobot applications. For
example, in Fig. 11 (b), the missing depth causes
an incorrect visualization of the Cobot and the
environment. For toolpath extraction (see Fig. 1
(c)), the incomplete depth information leads to
an incomplete path, and the low-resolution depth
leads to an inaccurate path.

Researchers in the computer vision field have
proposed a variety of research works in depth
image completion. For Cobot applications, the
semi-dense depth images are generated using
RGB-D cameras, which is different from out-
door applications requiring sparse depth images
generated by LiDAR-based sensors [21-23]. The
existing completion methods for semi-dense depth
images either suffer from low efficiency [20], or a
complex network [24] requiring more time to train
and generate results. Another recent work [25] has
a simpler network, but it processes both RGB
information and depth information all together
in the same network. Considering that the RGB
image contains texture information and the depth
image includes geometry information, it is inap-
propriate to process them together in the same
network.

There are also methods dedicated to super-
resolution methods for depth images, including
optimization-based methods [26-29], and filtering-
based methods [30-33]. While optimization-based
methods fail to capture the global structure of the
objects and are usually time-consuming, filtering-
based methods, which utilize high-resolution
images to filter the depth images, suffer from obvi-
ous edge aliasing and excessive loss of details and
may introduce texture artifacts when the RGB
image provides biased guidance. In recent years,
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researchers have noticed that RGB images have
a higher resolution than depth images, and the
information in RGB images has the potential to
be used to improve depth images. Therefore, con-
volutional neural networks (CNNs) based meth-
ods [34-36], have been proposed to fuse the seman-
tic information of high-resolution RGB images
with the features of low-resolution depth images to
generate high-resolution depth images. Although
some good results are generated [37], the existing
CNN-based methods smooth out the sharp edges
of objects’ boundaries.

To address these aforementioned issues, we
propose a network framework for both completion
and super-resolution for depth images. The pri-
mary contributions of this paper are summarized
as follows:

® A new network with a multi-scale progres-
sive fusion strategy is proposed, which can
tackle two main problems of the low-quality
depth image captured by the RGB-D cam-
era: depth image completion and depth image
super-resolution.

® A hybrid training strategy combining random
masks and real-synthetic data is proposed so
that large-scale RGB-D datasets can be applied
to depth image completion.

e A fusion module taking both the color features
and the geometric features into consideration
is proposed to generate a high-quality depth
image.

The rest of this paper is organized as follows:
We reviewed the major related works about com-
pletion and super-resolution for depth images, and
industrial collaborative robot applications rely-
ing on depth information in Section 2. Section 3
describes the details of our proposed method,
including the network architecture, the depth
completion module, and the super-resolution mod-
ule. In Section 4, we conducted thorough exper-
iments to verify the proposed method and com-
pared it with existing methods. We also tested our
method in three HRI applications including: 1) a
remote-controlled robot based on an unmanned
ground vehicle (UGV) (see Fig. 10), 2) an AR-
based toolpath planning (Fig. 11), and 3) an
automatic toolpath extraction (Fig. 12). Finally,
we concluded our work in Section 5.

2 Related Work

In this section, we will introduce recent devel-
opments in completion and super-resolution for
depth images, and the collaborative robot appli-
cations that rely on depth information.

2.1 Completion for Depth Images

In 2018, Zhang et al. [20] proposed to complete
a semi-dense depth image with global optimiza-
tion with the help of surface normal and occlu-
sion boundary from the RGB image. Significantly,
Zhang also used multi-view reconstruction to gen-
erate a large dataset, which is very helpful for deep
network approaches. In 2019, Huang et al. [24]
based on Zhang’s approach, proposed to use the
network to get faster and better results. They
firstly generated a normal and boundary map
from the RGB image, then concatenated the RGB
image, predicted normal and boundary maps, and
raw depth image as the input of the network. In
order to get a depth image with a clear boundary,
they added a boundary consistency network. By
replacing the Cholesky optimization with a net-
work, they had a faster inference time and were
more desirable for real-world applications. In 2020,
Senushkin et al. [25] proposed a decoder modu-
lation branch adding to the U-net architecture.
They input the mask of the missing value and
used the decoder modulation branch to control the
decoding of a dense depth image. Some specific
works were also proposed in these years. Botach
et al. [38] proposed an RGB-D dataset of metallic
industrial objects and presented the experiments
performed for the depth completion task. Tan et
al. [39] proposed a Mirror3DNet, which was used
for completing the depth on the 3D mirror plane.

2.2 Super-Resolution for Depth
Images

According to the different starting points and
solutions, the related work of super-resolution
for depth images can be classified into three
categories: local super-resolution, global super-
resolution, and learning-based super-resolution.

Local Super-Resolution Local methods usually
consider the use of high-resolution RGB image
guidelines and local pixel relationships to do up-
sampling for low-resolution depth images. Joint
Bilateral Up-sampling (JBU) [31] considered the
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Gaussian distance of HR images and LR images in
the spatial domain to up-sample the depth image.
Liu et al. [29] extended Kopf’s work [31], consid-
ering the geodesic paths of depth pixels based on
joint filtering. Yang et al. [27] presented a frame-
work including cost volume and sub-pixel refine-
ment to produce a high-resolution depth image.
Choi [40] proposed different up-sampling strate-
gies for continuous and discontinuous regions in
the depth image. For depth-discontinuous areas,
the depth-histogram-based method they proposed
made the recovered depth boundary sharper.
Global Super-Resolution This type of method
usually considers the correlation between RGB
images and depth images and treats the depth
super-resolution task as a global optimization
problem on this basis. Diebel [26] was the first
to apply Markov Random Fields (MRF) to gen-
erate high-resolution depth images. Xie et al. [41]
introduced the self-similarity and the guidance
of a high-resolution edge map for depth super-
resolution on the basis of MRF, which also
achieved better results. Li et al. [42] proposed
a cascaded global interpolation framework to
recover the high-resolution depth image.
Learning-based Super Resolution With the
development of deep learning-based methods in
image processing, many learning-based super-
resolution methods have also been extensively
developed. Dong et al. [43] found the underly-
ing relationship between high-resolution images
and low-resolution images through a deep CNN
network, which provided a non-linear mapping
learning ability between image pairs. Guo et
al. [44] presented residuals at different resolutions
to guide LR depth images for accurate interpo-
lations. Voynov et al. [36] proposed perceptual
metrics to constrain the network to recover high-
resolution depth images. Experiments proved that
this kind of quality measure, which is similar to
human perception, is more reasonable. Wang et
al. [45] proposed a cascaded restoration network
that considered the edge and color information
of the input image. Experimental results showed
that the restoration module, including edge infor-
mation, improved the boundary resolution of the
recovered depth.

2.3 Industrial Collaborative Robot
Applications Relying on Depth
Information

The depth information is essential for a variety of
industrial collaborative robot applications, includ-
ing collision avoidance, automatic toolpath gener-
ation, grasp generation, and human-robot interac-
tion. These applications indicate the importance
of depth information in human-robot collabora-
tion.

Collision Avoidance Calcagni et al. [46] pre-
sented a collision avoidance strategy based on
three Intel Realsense D455 RGBD cameras. Sim-
ilarly, a dynamic obstacle avoidance strategy is
developed by Dumonteil et al. [47], which relies
on the depth information captured by a single
Kinect sensor. Ragaglia et al. [9] utilized the
depth information to avoid the robot colliding
with human operators during the collaboration. A
2021 paper [48] provides a comprehensive review
of control strategies based on depth sensing to
avoid collision.

Automatic Toolpath Generation The depth
information has been used to generate robots’
toolpaths automatically. Zaki [49] presented a
toolpath generation workflow comnsisting of 3D
scanning using a depth camera, surface recon-
struction, and automatic toolpath generation.
Gémez-Espinosa et al. [13] proposed and devel-
oped an automatic toolpath generation for welding
robots. The geometric features, such as lines and
curves, are extracted for the welding robot tool-
paths, taking the depth information of the 3D
part as the input. Another related work [6] also
focuses on generating toolpaths for welding based
on depth information but incorporates the human
operator’s input with the generated toolpaths in
a teleoperation setup.

Grasp Generation Recent advancement in com-
puter vision enable automatic grasp plan gener-
ation based on the RBG-D information. Mousa-
vian et al. proposed GraspNet [50], In this work,
a grasp generation system based on a variational
auto-encoder and grasp evaluator model achieves
an 88% success rate on diverse objects using 3D
point clouds from a depth camera, trained purely
in simulation and working directly in the real
world. A follow-up work [51], proposed by Fang et
al., established a large-scale grasp pose detection
dataset with more than 97,280 RGB-D images of
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Fig. 2 An overview of the proposed framework. The network is based on an encoder-decoder framework with a multi-scale
feature fusion strategy. From left to right, there are two branches, respectively, for the progressive feature extraction of the
color map and the depth image with multiple-level receptive fields. In the Reconstruct branch, the features of the color map
and the previous hierarchical features continue to guide the restoration of the depth image.

objects for training and testing automatic grasp
algorithms. They also proposed and implemented
a grasp generation algorithm as a benchmark for
others to compare with.

Human-robot Interaction The depth informa-
tion enables new affordances for more intuitive
and efficient interaction between human operators
and collaborative robots. The gesture-based inter-
face has been developed by Magrini et al. [5] to
enable the control of collaborative robots, which
is based on the RGB-D information of the opera-
tor’s hand. Several AR-based interfaces [4, 16-18]
are also proposed to provide intuitive robot pro-
gramming methods with AR visualization. The
depth of information is critical to providing a cor-
rect visual perception since successful handling of
occlusion is achieved by comparing the depth of
the real surroundings with the rendered virtual
model.

3 Proposed Method

We propose a consistent network for both depth
image completion and super-resolution (SR). As
illustrated in Fig. 2, our proposed model takes a
raw (incomplete or low-resolution) depth image
and its corresponding RGB image as input and
outputs a complete or high-resolution depth
image. It mainly consists of three branches: the

color encoder branch, the depth encoder branch,
and the reconstruct branch. The color encoder
branch utilizes several dense backbone blocks and
a residual learning strategy [52] to fully extract
textural and structural features from an RGB
image. The depth encoder branch employs a cus-
tom CNN network to extract information from
the raw depth image. To fuse the representations
between the two encoder branches, the reconstruct
branch introduces a fusion strategy to merge and
restore the features from different levels in the
output of former encoder branches.

3.1 Network Architecture

Color Encoder Branch To fully extract the
hidden features of the RGB image, we use sev-
eral convolution layers and dense layers to mine
hierarchical features. As shown in Fig. 2 (Down),
the color encoder branch of our approach consists
of six blocks. These blocks are utilized to gen-
erate feature maps with dimensions of 1/1, 1/2,
1/4, 1/8, 1/16, and 1/32 of the original image
size. We firstly employ two 3 x 3 convolutions and
a max-pooling layer with stride 2 to downsam-
ple the original RGB image. Then we use several
dense layers to mine hierarchical features. Fol-
lowing each dense layer, we utilize the transition
layers, which increase sensitivity of the network to
lower-level features. The operations in the color
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encoder branch can be described as follows:

Il,[ — 0_(w1,D *Il,l +b1,D)

conv

1,1 ,
Fdown = maxpooz(jclofzv) (1)
F;;llml = transition(Dense(Fé’OIwn))

where I'! is the RGB image, i € {I,2,3,4}
represents the i-th layer, WH? and b'? are
weight and bias in the first Conv layer, * rep-
resents the convolution operation, and o denotes
the element-wise activation function, which adopts
the rectified linear unit (ReLU). F dl O’fm is the first
output in the color encoder branch. Dense and
transition denote dense blocks and transition lay-
ers in DenseNet121 [52]. The dense block enables
full feature extraction across various scales and
employs a feature reuse mechanism that reduces
parameters of the network. This, in turn, enhances
the guidance of the subsequent reconstruction.
Depth Encoder Branch The depth encoder
branch follows a similar structure to our color
encoder branch, with the distinction that we
substitute the dense layers with conventional con-
volution layers. This modification is due to the
fact that depth images contain less channel infor-
mation compared to RGB images. Employing a
complex feature extraction mechanism in this sce-
nario may result in network overfitting. As illus-
trated in Fig. 2 (Top), we utilize two traditional
convolution layers with a 3 x 3 convolution ker-
nel to produce the input feature map. Then, we
apply several down-sampling modules to extract
multi-level features, which can be mathematically
represented as follows:

conv down

FitLD _ (Wi,D « D Jrbl,D) o
2

FitLD

LD = conupool (FLE )

conv

where i € {1,2,3,4,5}, and convpool represents
the Conv and Pooling layers.

Reconstruct Branch We design the reconstruct
branch to progressively refine the raw depth image
with the hierarchical features generated from the
other two branches. As shown in Fig. 3 (Mid-
dle), the highest-level input is obtained by directly
concatenating the feature maps of the last layer
from both the color and depth branches. In each
step of the subsequent reconstruction, we further
integrate the features between different branches

through the fusion module to learn the consis-
tency of features in different domains. The fusion
modules can be expressed as:

F;+1,R — [Fi’R Fm,I Fn,D ]

up " down’ " down

FitLE _ (W;Jrl’R * F}+1’R + b?l’R) (3)

conv

FitLR _ (Wi-i-l,R « FitLR +bi+1,R>
up conv
where ¢ € {1,2,3,4}, m = k—i—2 and n =
k—i—1. k = 7 represents the maximum number of
modules in the three branches. The F{ﬁ;ﬁ, F{?ogn

are obtained from the color and depth encoder
branches. F;’pR denotes the features in the previous

step of the reconstruct branch. ijl’R and bjfl’R

are the convolution parameters corresponding to
FitLR
¥ .

3.2 Loss Function

To optimize the network parameters for the
specific tasks of depth completion and super-
resolution, we employ separate loss functions for
each task. These loss functions capture different
aspects of the desired output and guide the net-
work to generate high-quality depth images and
super-resolved images.

Depth Completion To facilitate our depth com-
pletion task, we define three types of loss func-
tions: L1 loss, grad loss, and structure loss.

L1 Loss L1 loss is an element-wise loss, which can
be defined as:

et @

Lpoint 1

1 W H

where Lyoint denotes the L1 loss, and W, H
denotes the width and height of the predicted
depth image. I ;ed, Iﬁ; denote the value of pixels
in the predicted depth image and ground truth.
Gradient Loss The gradient is close to zero in the
area of continuous depth. In contrast, the gradient
is often very large in areas of discontinuous depth.
This phenomenon indicates that the edge of the
depth image is strongly related to the gradient. As
a result, we define the gradient loss as the mean
absolute error between the predicted depth image
and the ground truth. When we get the predicted
depth image, the gradient loss is defined as:
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;

(5)
where Lg.q represents the gradient loss, and
W, H denote the width and height of the predicted
depth image. I} red N gt denote the predicted depth
image and ground truth V3,V denote the verti-
cal and horizontal gradient.

Structure Loss Even with the L1 loss and
Gradient loss, the predicted depth value may still
be inconsistent in a certain area, which makes the
reconstructed point cloud result worse. Thus, we
adopt the structure loss [53, 54] to favor some local
consistency, which can be expressed as:

Ly = — 3 SSIM (117 17" K
i = g 0 0SS (157 125, K)

i=1 j=1
(6)
where Ly, represents the structure loss. k is the
sliding window size used to calculate the SSIM,
and we set £k = 11 in our implementation.
The overall loss function is defined as:

Ltotal = )\lLl + )\QLgrad + )\SLssim~ (7)

Using empirical rules, we find that both the
structure loss and L1 loss are too strong. To
address this issue, we conduct several experi-
ments to determine the weights and ultimately
set the values of A\, Ag, and A3 to 0.1, 1.0, and
0.01, respectively. This helps balance the three
losses and ensures optimal performance across all
experiments.
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Super Resolution We define three types of losses
for optimizing the generated super-resolution
depth image: L1 loss, Edge loss, and Structure
loss.

Edge Loss We define Edge loss on the depth edge
to obtain the boundaries with more details. It is
an element-wise edge loss based on gradient, and
can be defined as follows:

Legge = % Hsobel(]-' (DLR,IHR)) - sobel(DHR)H1
(8)

where Leqqe represents the edge loss, DLE ig the
low resolution depth, DH¥® is the high resolution
depth, I"'® is the high resolution RGB image, and
F(DHE [HE) yepresent the predict high resolu-
tion depth, and sobel is a boundary operator in the
image processing field. It should be noted that this
operator requires a hyper-parameter k£, namely the
size of the sliding window. In our experiments,
k=5.

The final loss is a weighted combination of the
three losses above, as follows:

Ltotal = )\1L1 + )\ZLedge + >\3Lssim' (9)

In this work, we utilize the same approach as
before to determine the weight of each loss. A1 =
0.1, Ay = 1, and A3 = 1 are set to balance the
losses for all the experiments.

4 Experiments

4.1 Datasets
We conduct experiments on several datasets.

e NYU-Depth Raw [55] is one of the largest
and most diverse indoor RGB-D datasets, con-
taining over 500 indoor scenes and a total of
over 500,000 pairs of RGB-D images with the
resolution of 640x480 pixels.

e NYUv2 [56] is captured by both the RGB and
depth cameras from Kinect for indoor scenes.
It has 1449 RGB-D images in 3 cities and 464
scenes with the resolution of 640x480 pixels.

e ScanNet [57] is also captured from Kinect for
indoor scenes. It has 2.5 million RGB-D images
in 1,513 scans acquired in 707 distinct spaces
with the resolution of 640x480 pixels.

e IRS [58] is a large-scale synthetic but natu-
ralistic indoor robotics stereo (IRS) dataset.

It contains more than 100,000 RGB-D images
and high-quality surface normal maps with over
100K stereo with the resolution of 960x540
pixels.

e Matterport3D [59] is an RGB-D dataset con-
taining 10,800 panoramic views from 194,400
RGB-D images of 90 building-scale scenes with
the resolution of 1280x1024 pixels.

e Middlebury [60-62] consists of high-resolution
stereo sequences with complex geometry and
pixel-accurate ground-truth disparity data. The
image resolution in this dataset is 640x480
pixels.

e MPI Sintel [63] has 1064 synthesized stereo
images and ground truth data for the dispar-
ity. The image resolution in this dataset is
1024 %436 pixels.

4.2 Depth Completion Experiments

Hybrid Training Strategy for Real-
Synthetic Data The primary hurdle faced by
deep learning-based algorithms for depth com-
pletion is the limited availability of high-quality
datasets. There are only two types of datasets
currently employed for this task: real-world scene
datasets and synthetic datasets. However, the
real-world scene datasets are incomplete in terms
of depth images, and this leads to a significant
portion of RGB-D datasets obtained from large-
scale 3D sensors with missing depth information
being underutilized by deep learning-based meth-
ods. It has been shown that using a combination
of synthetic and real-world datasets for training
models can improve scene understanding and
produce superior results, as illustrated in [64].
To overcome this challenge, we propose a hybrid
training strategy that combines real and synthetic
data, as illustrated in Fig. 3.

We collect 100,000 missing mask samples from
a real-world scene dataset [56, 59]. To construct a
mask dataset with relatively balanced missing val-
ues, we use various data augmentation methods,
including 0-1 reversal, horizontal flip, vertical flip,
and rotation by 90 and 270 degrees. The result-
ing mask dataset, shown in Fig. 4, covers a wide
range of missing proportions from 0-100%. All
mask images are resized to 480x640 pixels. As a
result, we obtain a mask dataset with over 600,000
samples exhibiting diverse missing patterns. To
create the training data, we utilize 70000 pairs of
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RGB-D images from NYU-Depth Raw [55], 40000
pairs from the ScanNet [57] as real-world RGB-D
datasets, and 50000 pairs from the IRS [58] as syn-
thetic RGB-D datasets. We randomly select masks
and depth images and perform pixel-level multipli-
cation to get incomplete depth images. Notably, in
order to make full use of the large-scale real-world
RGB-D dataset, we train our proposed network
alternately using real-world and synthetic RGB-D
datasets with a 1:1 ratio.

Implementation We train our network using
the proposed hybrid Training Strategy for Real-
Synthetic Data. To optimize the network param-
eters, we utilize the Adam optimizer [65] and set
the learning rate to le~* for the entire training
process. The training is performed using PyTorch
on a computer with an i7-9700k CPU, 16 GB of
RAM, and a GTX 1080Ti GPU.

Evaluation Metrics We utilize three evaluation
metrics in our study, which include Mean Relative
Error (REL), Root Mean Squared Error (RMSE),
and Threshold Accuracy (9;). These metrics are
defined as follows:

Mean Relative Error(REL):

n p yp

Root Mean Squared Error(RMSE):

1 2
LS 4l ()
P
Threshold Accuracy(d;):

max (yp yp) — § < thr for thr = 1.05,1.10,
Y Yp
1.25,1.25%,1.253;
(12)
where ¥y, and g, are respectively the ground truth
and the prediction of the depth image, and n is
the total number of pixels for each depth image.

Evaluation on NYUv2 Following the work of
Senushkin et al. [25], we cut off black borders (45,
15, 45, 40 pixels from the top, bottom, left, and
right sides) from the RGB-D images and resize
them into 320x240 pixels for a fair comparison.
As illustrated in Table 1, our method outperforms

all other methods across the metrics, especially on
RMSE and REL. We also test our proposed hybrid
training strategy for Real-Synthetic Data on the
work of Senushkin et al. [25] labeled with (our)
in Table 1. Moreover, we visualize some results
in Fig. 5 to demonstrate the effectiveness of our
method in generating accurate depth predictions.
As we can see, our model produces sharper object
boundaries and achieves higher accuracy near the
edges of objects.

Evaluation on the Matterport3D We train
our network with our proposed training strategy
and test it on the Matterport3D test dataset to
make a fair comparison with other methods. To
account for any potential impact of using dif-
ferent training datasets, we also train the work
proposed by Senushkin et al. [25], which is labeled
(our). As shown in Table 2, our proposed method
achieves superior performance compared to state-
of-the-art (SOTA) methods in terms of the root
mean squared error (RMSE), which is the pri-
mary metric for evaluating the accuracy of depth
completion. While our method may not always
achieve the best performance in other evalua-
tion metrics besides RMSE, we think that it may
come from the incomplete problem of Matter-
port3D. As depicted by Zhang et al. [20], only
64.6% of the pixels missing from the raw depth
images in Matterport3D are filled. Another rea-
son is that we use different datasets to train our
models, which may lead to some domain problems.
According to Table 2, the model trained with our
dataset does not outperform the model trained
with Matterport3D.

Evaluation for Sparse Depth Completion
The difference between LiDAR-based outside
depth completion and our indoor scenario depth
completion is that the former uses a sparse depth
image as input, while the latter uses a semi-dense
depth image. To obtain a sparse depth image, we
randomly chose 500 points from each raw semi-
depth image on the NYUv2 dataset. We then test
our model over the dataset to verify its generaliza-
tion ability for sparse depth completion. Notably,
we compare our method with both indoor-based
and outdoor-based methods.

Quantitative results are shown in Table 3.
Compared to the indoor-based method [25], we
get much better results in terms of all metrics.
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Huang [21] Senushkin [22] Ours

Fig. 5 The visualization result of the NYUv2 Test dataset. From the visualization result, our result has more accuracy
than others and the boundary is clearer than others. GT refers to the ground truth depth image, while Sensor refers to the

incomplete depth image obtained from RGB-D cameras.

Table 1 NYUv2 Test. We use the results for Senushkin et al. [25] and Huang et al. [24] reported in [25]. Methods
labeled (our) are trained by our proposed training dataset. In the top two rows, the models are trained with the
Matterport3D dataset, while in the bottom two rows, the models are trained using our proposed training strategy.

RMSE | REL] 6195117 019521 01258 7

Methods

Huang et al. [24] 0.271
Senushkin et al. [25] 0.205
Senushkin et al. [25] (our) 0.847
Our Work 0.106

0.016 0.981 0.991 0.994
0.016 0.988 0.996 0.999
0.009 0.833 0.858 0.888
0.002 0.993 0.999 1.000

2 2
»yq. 21

.

-

Bl
..“'1 h’ﬂ

RGB Sensor GT Ours

Fig. 6 The visualization result of the NYUv2 Test dataset
for sparse depth completion. From the visualization result,
we can see that our model can effectively generate a
completed depth image.

For outdoor-based methods [23, 66, 68, 69], which
trained on the outdoor RGB-D datasets, we may
not be able to reach state-of-the-art performance,
but we can still outperform some of them [23, 66].
The results of our method are visualized in Fig. 6.
It can be observed that our model generates com-
plete depth images with clear boundaries for most
parts of the input sparse depth images.

Comparison with the Former Adaptive
Convolution Method Table 4 clearly shows that
our new network is capable of producing depth
images with higher accuracy and efficiency. The
results demonstrate that our network is better at
fusing color and depth image features than the
approach using adaptive convolution [70]. More-
over, with densenet as the backbone, our network
can extract features from the color branch more
quickly.
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Table 2 Matterport3D Test. We use the results for Senushkin et al. [25], Zhang et al. [20] and Huang et al. [24] reported
in [25]. Methods labeled “our” are trained using our proposed training dataset. The top three rows are the methods trained
with the Matterport3D dataset. The bottom two rows represent models trained using our proposed training strategy.

Methods RMSE | 61057 01107 12507 Oro52 T d1953 1
Zhang et al. [20] 1.316 0.657  0.708 0.781 0.851 0.888
Huang et al. [24] 1.092 0.661 0.750 0.850 0.911 0.936
Senushkin et al. [25] 0.961 0.726 0.813 0.890 0.933 0.949
Senushkin et al. [25] (our) 0.970 0.615 0.701  0.802 0.871 0.904
Our Work 0.933 0.663 0.726 0.799 0.866 0.902

Table 3 NYUv2 Test for sparse depth completion in the outdoor scenario. We use the results that are reported

in their paper. Each raw image is generated by a random-sampling strategy for 500 points.

Methods RMSE | REL | 01,051 T d1.052 T 01,053 T
Gansbeke et al. [66] 0.344 0.042 0.961 0.985 0.995
Li et al. [23] 0.272 0.034 0.973 0.992 0.997
Senushkin et al. [25] 0.263 0.035 0.975 0.993 0.998
Our work 0.218 0.028 0.979 0.995 0.999
CSPN [67] 0.117 0.016 0.992 0.999 1.000
Park et al. [68] 0.092 0.012 0.996 0.999 1.000
Huynh et al. [69] 0.090 0.014 0.996 0.999 1.000

4.3 Super Resolution Experiments

Implementation We conduct our experi-
ments on four datasets: NYU-Depth Raw [55],
NYUv2 [56], Middlebury [60-62] and MPI Sin-
tel [63]. The experiments on the above three
datasets are conducted in two types. In the first
type, we train the model on NYU-Depth Raw
with batch size 8 for 5 epochs and test it on
NYUv2. In the second type, we select 34 RGB-
D images from the Middlebury and 58 RGB-D
images from the MPI Sintel depth following the
work in [34]. We utilize 82 images for training
and 10 images for validation. In order to gen-
erate low-level inputs for super-resolution tasks,
we begin by cropping the high-resolution (HR)
depth image to a size of 128x128 pixels. We then
employ nearest neighbor sampling to downsample
the image and subsequently utilize Bicubic inter-
polation to upsample it back to its original size.
The downsampling is carried out at sampling
rates of 2, 4, 8 and 16, respectively. This is a
standard approach since the Middlebury dataset
has one type of image and related depth images.

4.3.1 Evaluations

Evaluation metrics. We use two evaluation met-
rics, which are Root Mean Squared Error (RMSE)
and Peak Signal-to-Noise Ratio (PSNR). The
Root Mean Squared Error has been introduced in
the Deep Completion experiment.

Peak Signal-to-Noise Ratio (PSNR):

(13)

MAX?

where M AX is the maximum of the image color
and MSFE is the Mean Square Error for the input
image and output image.

Evaluation on NYUv2 To evaluate our
method, we train GF [28], TGV [71], RDN [72],
DepthSR [44], and SRFBN [73] on NYUv2 using
the codes provided by their authors. For MSG [34],
DU-DEAL [45] and GbFT [74], we directly use
the released models to generate a super-resolution
depth image. As shown in Table 5, the aver-
age RMSE/PSNR of our results are better than
most current SOTA methods. Our model has the
best performance for the scenarios with down-
sampling rates of 2, 4, and 16. We also compare
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Table 4 Comparison with the former study of adaptive convolution. We compare the results of our network
with those of the former study using adaptive convolution. Max Err and Min Err refer to the maximum and minimum
difference between the predicted and ground truth depth values.

Methods Average Err(m)  Max Err(m)  Min Err(m)  Avg. Time (second)
Zhang et al. [20] 0.170 0.329 0.085 13.450
Xian et al. [70] 0.119 0.261 0.037 0.045

Our work 0.107 0.440 0.025 0.021

Table 5 Quantitative comparisons of four scales on the NYUv2 Test Dataset in terms of average RMSE/PSNR values.
The lower the RMSE or the higher the PSNR, the better the performance.

Average RMSE | Average PSNR 1

Method
2x 4x 8x 16x 2x 4x 8x 16x

Bibcubic 4.20 4.38 6.11 7.38 39.03 36.61 33.86 31.37
GF [28] 5.41 6.07 12.64 17.18 38.03 36.23 32.31 29.25
TGV [71] 3.20 5.18 10.11 18.09 40.05 35.91 32.17 28.17

RDN [72] 4.83 5.62 7.58 - 36.52 35.10 32.42 -

SRFBN [73] 291 3.79 10.82 - 41.03 38.61 35.16 -
DU-REAL [45] 3.08 4.47 7.19 10.32 45.47 40.71 35.82 31.10
DepthSR. [44] 4.23 5.20 5.53 7.90 40.34 37.85 37.40 34.05
GDbFT [74] - 2.14 3.86 5.86 - 41.94 36.73 33.16

Xian [70] - 1.56 8.32 - - 51.32 33.13 -
Ours 2.10 3.57 3.83 5.83 47.35 41.06 38.82 34.82

Table 6 The average running time (seconds/frame)

with different scales on the NYUv2 Test datasets.

Method 2x 4x 8x 16x
Bibcubic 0.01 0.01 0.01 0.01
GF [2§] 2.75 2.89 2.81 3.21
TGV [71] 29.57 29.42 29.28 36.2
RDN [72] 3.46 2.35 2.29 \

SRFBN [73] 0.50 0.23 0.24 \

MSG [34] 0.30 0.32 0.38 0.44

DU-REAL [45] 024 024 022  0.22
DepthSR [44]  1.84 185 1.86  1.85
Ours 0.18 0.17 0.15 0.16

with our previous work [70]. This method outper-
forms it for input depth images with low densities.
Considering that capturing depth images in real-
world circumstances usually has a low density,
our proposed method is more suitable and prac-
tical for real-world applications (e.g., AR-based
HRI applications). Furthermore, we analysis the
performance of our method visually. As shown in
Fig. 7, our method not only keeps the bound-
ary details correct when up-sampling the depth

but also makes the restored depth more consis-
tent and reasonable. Additionally, our proposed
model can also recover super-resolution depth at
a higher sampling ratio. That is, the details of the
super-resolution depth image can still be retained
under the 8x ratio, which is shown in Fig. 8.
On the NYUv2, Bicubic, GF [28], and TGV [71]
generate results with some artifacts or noises.
RDN [72] and SRFBN [73] can’t generate partic-
ularly good details when restoring depth images.
DU-REAL [45], GbFT [74] and DepthSR [44] pro-
duce competitive results, which generate more
details than other work [28, 71-73]. In contrast,
our method generates the depth boundaries with
more details.

Evaluation on Middlebury The quantitative
results are shown in Table 7. In general, our
proposed method exhibits lower RMSE values
compared to other methods when evaluated on six
test datasets (namely, Art, Books, Dolls, Laundry,
Moebius, and Reindeer), which indicates that our
method is better than other depth image super-
resolution methods, especially for 4x and 8x cases.
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(a) GT (b) Bibcubic (¢) GF (d)y RDN
(e) DU-DEAL (f) DepthSR (g) SRFBN (h) Ours

Fig. 7 Visual Depth Super Resolution comparison results for 4x on NYUv2 Test datasets.

(e) DU-DEAL (f) DepthSR (g) SRFBN (h) Ours

Fig. 8 Visual Depth Super Resolution comparison results for 8x on NYUv2 Test datasets. From (a) to (h), they are the
upsampling results of Bibubic, GF [28], RDN [72], DU-REAL [45], DepthSR [44], SRFBN [73], and Ours. The details are
drawn inside the box.

(b) Bibcubic (d) RDN
(¢) DU-DEAL H TGV (2) SRFBN (h) Ours

Fig. 9 Visual Depth Super Resolution comparison results for 4x on Middlebury datasets. From (a) to (h), they are the
high-resolution depth images and the results of Bicubic, GF [28], RDN [72], DU-REAL [45], TGV [71], SRFBN [73], and
Ours.
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Table 7 Qualitative analysis results on four scales in terms of RMSE (]) values.

Method Art Books Dolls

2x 4x 8x 16x 2x 4x 8x 16x 2x 4x 8x 16x
Bibcubic 3.53 3.84 447 572 131 1.61 234 334 328 334 347 3.72
GF [28] 2.75 391 532 836 136 1.76 210 336 1.23 248 397 4.86
TGV [71] 3.03 378 7.08 1159 1.29 1.61 215 3.05 1.63 1.96 2.62 4.08
RDN [72] 2.61 3.82 bH.87 - 146 2.01 3.08 - 1.25 1.70 2.22 -
SRFBN (73] 1.99 3.02 3.58 - 0.54 1.22 1,51 - 1.04 181 2.06 -
MSG [34] 0.66 1.47 245 4.57 037 0.67 1.03 1.60 0.34 0.69 1.05 1.60
DU-REAL [45] 0.62 115 215 4.32 034 0.57 101 154 031 0.65 098 142
DepthSR, [44] 053 120 222 391 031 060 089 151 032 0.62 085 1.48
Ours 0.51 1.05 2.08 3.87 0.30 0.55 0.83 1.47 0.29 0.58 0.80 1.35
Method Laundry Moebius Reindeer

2x 4x 8x 16x 2x 4x 8x 16x 2x 4x 8x 16x
Bibcubic 3.35 349 3.77 435 328 336 350 381 340 3.52 3.83 5.82
GF [28] 2.26 2.67 384 523 192 229 385 522 227 289 398 5385
TGV [71] 2.15 251 382 641 121 165 213 273 241 271 3.79 7.27
RDN [72] 2.53 3.22 4.65 - 1.22  1.61 2.39 - 3.32 293 441 -
SRFBN 73] 1.67 213 2.28 - 1.12 143 1.52 - 1.63 2.07 2.15 -
MSG [34] 037 0.79 151 262 035 066 1.02 163 042 098 1.76 291
DU-REAL [45] 035 0.76 149 256 034 0.62 097 154 039 0.95 161 253
DepthSR [44] 034 078 132 226 032 059 092 151 039 096 1.57 247
Ours 0.32 0.71 1.21 2.15 0.29 0.56 0.85 1.42 0.35 0.82 1.45 2.21

We also show the visual comparison results in
Fig. 9. Our method produces better results in
the details (in the red box) and boundaries (in
the blue box). Compared with traditional meth-
ods [28, 71], our method produces less noise as
well. Compared with current learning-based meth-
ods [34, 44, 70, 72-74], our method can produce
more clear and reasonable super-resolution results
for depth images.

Running Time To compare the computational
efficiency of our method with other methods, we
conduct tests on the NYUv2 Test datasets, which
has a resolution of 640x480. The implementa-
tion codes of Bicubic, GF, RDN, SRFBN, and
DepthSR are written in Python (implemented
using TensorFlow or PyTorch) with GPU acceler-
ation, while TGV and DU-REAL are implemented
with Matlab. MSG is implemented with Caffe.
The code of our method is implemented with

PyTorch and accelerated by the GPU. We cal-
culate the average running time for the entire
dataset, and the results are presented in Table 6.
The running time of our method is faster than
other methods except bicubic at different scales.

4.4 Human-robot-collaboration
Applications in Manufacturing

To evaluate the proposed method in real-life HRI
applications, we set up three scenarios for exper-
iments: 1) a remote-controlled robot based on an
unmanned ground vehicle (UGV) (see Fig. 10), 2)
an AR-based toolpath planning (Fig. 11), and 3)
an automatic toolpath extraction (Fig. 12). For
the first two scenarios, we use a ZED mini depth
camera to capture depth images with 1280x720
resolution at 30 frames per second (FPS), while
for the third scenario, we use a Microsoft Kinect
depth camera with 640x480 resolution at 30 FPS.
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Fig. 10 A remote-controlled robot based on an unmanned ground vehicle (UGV) in a production line environment. Black
boxes are used to highlight the areas of depth images that have been fully completed.

We apply the proposed completion and super-
resolution methods to the three scenarios without
an additional training step. All experiments are
conducted in the same setting as the training
stages, as indicated in the implementation part
of sections 3.2 and 3.3. The details of the experi-
ments are presented as follows.

A Remote-controlled Robot based on A
UGYV As shown in Fig. 10, a UGV equipped with
a robot manipulator and a depth camera is con-
trolled remotely by an operator through networks.
This system enables exploration and operation
in a production line environment, which heavily
relies on depth information for UGV’s naviga-
tion and accurate robot operations. We apply our
methods to the captured raw RGB-D images to fill
in the missing depth information. Since the ground
truth of the depth is not available, we visualize the
results in Fig. 10, where the black areas in the raw
depth images represent missing depth regions. Our
model is successful in restoring and completing the
depth maps. Moreover, our method exhibits supe-
rior performance in the black box regions when
compare to the work of Senushkin et al. [25], which
is regarded as one of the best methods in depth
completion.

AR-based Toolpath Planning We apply the
proposed method to an AR-based HRI interface.
For such an interface, a video see-through-based
AR headset is utilized to display the virtual
contents in the real environment for toolpath plan-
ning [4, 18] or pick-and-place tasks [75]. The
general procedure for users of these interfaces con-
sists of three steps (see Fig. 11 (a)): 1) define
and edit waypoints for the toolpath; 2) check the
simulation of the virtual robot traveling through

AR based Toolpath Planning Depth Map Rendering AR Scene Rendering

Fig. 11 The AR-based toolpath planning interface allows
users to define the toolpath through an AR rendering of the
virtual robot traveling along the toolpath (a). The depth
image before processing causes an occlusion error in the
rendering due to the depth image incompletion and low
quality (b), while the AR rendering works properly with
the processed depth by our method (c).

the planned path; and 3) go back to step 1 if
there are collisions during the simulation; other-
wise, let the physical robot execute the motion
following the planned path. For these steps, it is
essential to have a visualization of virtual contents
with correct occlusion information (i.e., whether
the virtual content is on top of or behind a phys-
ical object). The accurate and high-quality depth
image of the physical environment is utilized to
compute the occlusion with the virtual contents.
We implement the same AR rendering and occlu-
sion algorithm [76] based on [4, 18], and test it
with the raw depth image before and after our
method. As shown in Fig. 11 (b), the missing
depth information of the frame structure (the
white corner of the frame shown in the left figure
of Fig. 11 (b)) affects the occlusion computation
and leads to the incorrect rendering of the virtual
robot. After being processed by our method, the
depth images are completed and refined (see the
left figure of Fig. 11 (¢)), and therefore the virtual
robot is rendered correctly with proper occlusion.
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Fig. 12 The automatic toolpath planning algorithm can extract the toolpaths from the captured depth camera, and an
experimental setup is shown in (a). The raw depth images with missing depth information (the “Before” column of (b)
and (c)) are completed and refined utilizing the high-resolution RGB images (the “RGB” column of (b) and (c)). The
resultant depth images show a clear improvement in the completion of the missing depth information and the accuracy of

the boundaries (see the “After” column of (b) and (c)).

The high efficiency of our method is an important
feature for the real-time performance of AR-based
interfaces.

Automatic Toolpath Extraction Another
application is the automatic toolpath path extrac-
tion for efficient HRI [3]. We follow Ni et al’s
work [3] to set up our experiment (see Fig. 12
(a)). The mechanical parts are scanned by a
Microsoft Kinect depth camera, and there is miss-
ing depth information and inaccurate boundaries
between different parts (as shown in the mid-
dle of Fig. 12 (b) and (c)). Such depth images
will cause difficulty for the toolpath extraction
algorithms and, therefore, need to be improved.
We apply the proposed completion and super-
resolution methods for two depth images utilizing
the high-resolution RGB images (see the leftmost
of Fig. 12 (b) and (c)). The resultant depth images
show a clear improvement in regions with missing
depth information and boundaries. Please refer to
the right column of Fig. 12 (c¢) to see the com-
pleted and refined boundaries (regions in the white
rectangles).

5 Conclusions

In this paper, we propose a multi-scale pro-
gressive network for efficient depth image repair
and super-resolution with the help of a fusion
strategy. Our method consists of three branches:
the color feature encoder branch, the depth fea-
ture encoder branch, and the reconstruct branch
based on the fusion module. The color feature
encoder branch uses a multi-scale network based

on DenseNet to extract the color feature. The
depth feature encoder branch is used to extract
the geometric features of the input depth image.
Then, the reconstruct branch fuses these multi-
scale features at different levels to reconstruct the
high-quality depth image. We also propose a joint
training strategy combining random masks and
‘real-synthetic’ data to generate a large number
of large-scale RGB-D datasets. Numeric results
on public datasets and our dataset demonstrate
the effectiveness and efficiency of our method.
We also apply the proposed methods to three
human-robot interaction applications, including a
remote-controlled robot based on a UGV, AR-
based toolpath planning, and automatic toolpath
extraction. The testing results indicate that our
methods can effectively complete and improve the
depth images and, therefore, have the potential to
benefit downstream HRI applications.
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