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Abstract: Depth estimation plays a pivotal role in advancing human-robot interactions, especially in indoor
environments where accurate 3D scene reconstruction is essential for tasks like navigation and object handling.
Monocular depth estimation, which relies on a single RGB camera, offers a more affordable solution compared
to traditional methods that use stereo cameras or LIDAR. However, despite recent progress, many monocular
approaches struggle with accurately defining depth boundaries, leading to less precise reconstructions. In
response to these challenges, this study introduces a novel depth estimation framework that leverages latent
space features within a deep convolutional neural network to enhance the precision of monocular depth maps.
The proposed model features dual encoder-decoder architecture, enabling both color-to-depth and depth-to-
depth transformations. This structure allows for refined depth estimation through latent space encoding. To
further improve the accuracy of depth boundaries and local features, a new loss function is introduced. This
function combines latent loss with gradient loss, helping the model maintain the integrity of depth boundaries.
The framework is thoroughly tested using the NYU Depth V2 dataset, where it sets a new benchmark,
particularly excelling in complex indoor scenarios. The results clearly show that this approach effectively
reduces depth ambiguities and blurring, making it a promising solution for applications in human-robot
interaction and 3D scene reconstruction.

Keywords: visual learning; deep learning in robotics and automation; computer vision for
automation; depth estimation; multi-scope vision

1. Introduction

In human-robot interaction, comprehending the spatial relationships of 3-dimensional (3D)
surroundings is a critical perceptual undertaking for various robotic applications, encompassing
manipulation, exploration, and navigation [1]. Accurate depth perception is typically required by
robots to evade obstructions and handle objects. In industrial settings, moving agents, i.e.
autonomous ground vehicles (AGV), robot arms often possess a color camera for surveillance
purposes. However, depth estimation frequently necessitates specialized equipment, such as stereo
cameras, structured-light sensors, or time-of-flight sensors, which are relatively costly compared to a
single RGB camera. While researchers have made strides in monocular depth perception, there
remains significant room for improvement [2].

In recent times, there has been a growing interest in a technique used to deduce depth
information from a single monocular image. This depth information is valuable as it provides useful
clues for the efficient understanding of a given scene such as the vanishing point location and
horizontal boundary. Due to this, various computer vision applications now consider depth
estimation as a crucial prerequisite for sophisticated operations, including 3D scene modeling &
reconstruction. Depth estimation has become vital for autonomous driving systems as it enables the
interpretation of the geometric structure in acquired images.

The stereo-matching principle is a fundamental technique for estimating depth using multiple
cameras. The stereo sensor comprises two horizontally displaced cameras, enabling the
corresponding pixels in both cameras to be aligned on the same horizontal line. Consequently, stereo
matching can generate a disparity map that depicts the positional differences between corresponding
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pixels in stereo images [3]. In contrast, structure from motion (SFM) and multi-view stereo (MVS) do
not limit the camera poses, causing the pixel correspondence to be non-linear and making it more
challenging to establish pixel correspondences [4,5]. The concept of applying stereo matching multi-
scope vision is centered on acquiring high-quality depth maps with a single camera and controlled
motion, whereby more constraints can be imposed on the reconstructed depth maps. When multiple
images captured at aligned camera positions are used for depth estimation, it is referred to as the
multi-scope vision, analogous to stereo vision using two horizontally aligned images. Motivated by
the principle that depth estimation with two perfectly aligned images in stereo vision is relatively
simpler than using two images with unknown camera poses, this paper contends that capturing
multiple images with aligned single camera positions could lead to more precise and robust depth
estimation.

Although there have been great strides in estimating depth from stereo images and videos,
monocular depth estimation is still difficult because of the uncertainty caused by the ill-posed nature
of the problem [6]. To address this limitation, statistical feature-based approaches were initially
studied. These approaches, represented by methods in categories such as graph optimization and
pixel clustering, typically begin by conducting image segmentation. The original distributions of
extracted features from individually segmented region, such as edge orientations, textures, frequency
coefficients, etc., are then aggregated to learn the corresponding depth values [7]. Other approaches
have attempted to assign perceptually appropriate depth values to an image based on its structural
similarity with other scenes [8]. Although statistical feature-based methods have shown promise in
inferring depth information from a single monocular image, they have limitations in accommodating
the diverse variations of geometric structures, especially in complicated indoor environments.
Recently, several researchers have started to apply the generative model via deep neural networks
for estimating depth values from a single monocular image, inspired by its success in various other
fields. The depth estimation problem is reformulated as the image-to-image generation problem,
where the input color image is converted into a corresponding depth image. The geometric features
that are virtuous at revealing the depth structures of a given scene are learned efficiently through
deep-layered architectures, without the need for designing hand-crafted features. The convolutional
neural network (CNN) with variable receptive fields is popularly employed to support the learning
process between color and depth images. Large-sized datasets constructed using Radar or LiDAR-
based capturing systems, such as the NYU v2 dataset [9], are adopted to train deep neural networks
effectively.

This paper proposes a lightweight human-robot interaction system for depth estimation from a
single RGB image that efficiently guides the learning process of the RGB image-to-depth relationship
by exploiting features extracted from the latent space network. These encoded features contain the
geometrical structure compactly, which is relevant to the depth layout of the given scene, and thus the
corresponding gradients sharpen the depth boundary efficiently. By considering the inherent
properties of the depth generation and the relationship between color and depth values, the proposed
method can reduce depth ambiguity in homogeneous regions and blurring artifacts at depth
boundaries. This approach is, a biomimetic approach, ampesizing low level visual perception using
skip connection, which is similar to stressing basic visual processing of primary visual cortex for visual
understading of brains. The main contributions of the proposed method are summarized as follows:

- We propose a human-robot interaction system for a monocular depth estimation auto-encoder
network to effectively learn the complex process of transforming a color image into a depth
image. Unlike previous approaches that relied on the concept of perceptual loss.

- The proposed technique aims to learn the process of “generation” from the latent space rather
than using a “classification” strategy to refine the estimated depth information.

- In contrast to other techniques, the proposed method works reasonably accurately since the
proposed network design does not use feature branches other than skip connections of residula
blocks.

This paper's summary is organized as follows. In Section 2, a comparison of comparable studies
is reviewed. Section 3 provides a thorough explanation of the proposed human-robot interaction
system for monocular depth estimation utilizing human-robot interaction to perceive an indoor
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environment. In Section 4, experimental findings are illustrated using a benchmark dataset. In Section
5, the results and conclusion are presented.

2. Related Work

In this section, we first go through previous systems for capturing images for depth estimation
and then explain algorithms that combine data to create depth maps for service robot systems.

Fang et. al., [10] propose a performance criterion for the depth estimation of an active vision
system. Lopez-Nicolas et. al., [11] present a new visual servoing approach for mobile robots with a
fixed monocular system on board. Sabnis et. al., [12] present a depth estimation technique based on
the defocus blur associated with a camera setting. Turan et. al., [13] present monocular endoscopic
capsule robots that can measure depth and odometry in real time without supervision. Jin et al. [14]
conduct specific behavioral tasks and autonomously improve a humanoid robot's depth-estimation
accuracy, with a novel PA-based cyclic learning framework. By mimicking the human finger touch
Xiao et. al., [15] propose a tactile sensing-based deep recurrent neural network (DRNN) with long
short-term memory (LSTM) architecture to improve the accuracy of the detection and depth
estimation of tumors embedded in soft tissue. The proposal of Cheng et. al., [16] is to build a modular
interactive framework based on RGB images, which aims to improve the phenomena of high
dependence on depth sensor camera and low adaptability to distance in human-robot interaction
(HRI) framework by using advanced human pose estimation technology. A disparity estimation
neural network for an electric inspection robot is proposed, which consists of two main parts:
PSMNet module and lightweight cutting module Yu et. al., [17]. Other influential work includes
Wang et. al., [18] Describe a novel method for estimating the scene structure and stiff body motion
characteristics from monocular image sequences. With a monocular image sequence devoid of depth
data, Shimada et al., [19] propose a method to properly estimate the posture e.g., joint angles of a
moving human hand as well as to fine-tune the hand model's 3D shape i.e., widths & lengths. Based
on monocular vision imaging, a high accuracy and efficiency estimation algorithm of the relative pose
of cooperative space targets is presented. To increase the accuracy of feature extraction and
estimation efficiency, multiple target tracking techniques are used, while the Levenberg-Marquardt
method (LMM) is used to achieve a well-global convergence Pan et. al., [20]. Gysel et. al., [21]
introduce a unique latent vector space model that, without the need for explicit annotations, jointly
learns the latent representations by marginalizing depth-map changes and outliers, Kashyap et al.,
[22] introduce a learning-based technique to directly estimate camera motion parameters from optic
flow. To quantify the discrepancies between the prediction and ground truth in the hierarchical
embedding spaces of depth maps, Wang et al., [18] present a hierarchical loss for monocular depth
estimation. Reading et. al., [23] Develop CaDDN as a completely differentiable, end-to-end method
for detecting objects and estimating depth simultaneously. Proposed a Multi-Scale Features Network
(MSFNet) that comprises an Enhanced Diverse Attention (EDA) module and an Up-Sample-Stage
Fusion (USF) module for better depth estimation Pei, [24]. The aforementioned unsupervised
framework cannot be directly applied to some difficult conditions, such as night and rainy nights,
where the key photometric consistency hypothesis is impractical due to the complicated illumination
and scenarios. Zhao et. al., [25] Examine the issue of unsupervised monocular depth estimation in
extremely complicated settings, and use an image transfer-based domain adaption approach to tackle
this difficult issue in human-robot interaction (HRI). Reducing model computational complexity
while retaining high accuracy performance is the goal of Guo et al., [26].

Despite the advancements made by generative models employing deep neural networks in
estimating depth information from monocular images, existing approaches continue to struggle with
clearly revealing depth boundaries, resulting in blurry restoration results. This paper presents a new,
straightforward method for depth estimation from a single image that addresses the issue of blurring
artifacts at the depth edges. Technical specifics will be discussed in the subsequent section.
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3. Proposed Monocular Depth Estimation

This chapter details the proposed monocular depth estimation model and its training
methodology. The ultimate task of this approach is to acquire better depth information to reconstruct
a 3D model of the environment from which the robot can understand the surroundings and serve
humans. The aim of this research is to explore the generative process that creates the depth
arrangement from the geometric structure of a monochromatic image. In order to maintain the depth
boundary, we utilize a deep convolutional neural network to compactly encode the single RGB to
depth relationship in the latent space. This helps us efficiently enhance the quality of the depth map
obtained from the color input image in our proposed method. In order to accomplish this, we will
initially present the general structure of our two deep neural networks. Following that, we will
provide a detailed explanation of the complete depth estimation procedure utilizing our training
approach. Ultimately, a detailed explanation is provided for the loss function used, which includes
data loss, latent loss, and gradient loss.

3.1. Depth Estimation Deep Learning Model

The proposed architecture for depth estimation consists of two encoder-decoder networks:
depth-to-depth and color-to-depth networks. Both networks have a similar structure consisting of
three main elements: encoder, ResBlocks, and decoder. The general layout is depicted in Figure 1.
The input image is compressed into latent features effectively by multiple ResBlocks on the encoder
side, with a slightly modified version from the original residual network shown in Figure 2.

As is commonly known in brain science, the primary visual cortex (V1) detects basic visual
characteristics such as shape, color, contrast ratio, and line direction, and the secondary visual cortex
(V2) uses the detection results of the V1 to recognize a higher level of visual perception such as depth
and relationships between objects. Therefore, for detecting the edge of depth more clearly, the role of
V1 percepting the primary visual information is important. The skip connection of the residual block
in this approach has the effect of highlighting the primary visual information of image. By layering a
sufficient number of ResBlocks, latent features implicitly encode characteristics for generating depth.
The small spatial size of these highly encoded latent features holds necessary information to
reconstruct the target image, specifically the depth map. Batch normalization and ReLU layers follow
every convolution layer except the last output layer. On the decoder side, the feature map size is
doubled through up-sampling using bilinear interpolation. The depth map is effectively produced
by the symmetric decoder using the latent features.

I Conv Block
[ Residual Block

=D B () (=T @

Residual Block

Figure 1. The general structure of the method suggested for estimating depth. The depth generation
network being suggested consists of both convolution and deconvolution layers. In order to
effectively understand how color and depth are related in each image, the suggested network is
trained with a loss function that includes features from the latent space of the network.

()

Figure 2. Detailed view of Residual Block.
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Every level of feature maps effectively captures the data that signifies the internal correlation
within each spatial dimension. Skip connections, as described in [27], are utilized in the color-to-
depth network for bringing back local details. The suggested approach can effectively capture both
specific elements and overall structures of the depth map by utilizing learned latent features related
to depth generation. These underlying characteristics influence the final outcome, the depth-map
created from the initial color image, to resemble the real depth map. Because of the implicit
enhancement provided by this guided network, the proposed scheme is able to detect the depth
boundary in the estimated result, even in complex outdoor settings.

The comprehensive structure of the network as proposed can be found in Figure 2. The sizes of
the convolution filters vary from 3x3 to 9x9 based on the convolution layers they are used in. By
utilizing the latent features learned during the depth generation process, the suggested network can
reconstruct both local details and global layouts of the depth map. A thorough description of the
training approach for these two networks will be given in the following subsection.

Table 1. Detailed architecture of the proposed depth estimation network.

Module Layer type Weight dimension Stride
Conv 64x3x9x9 1
ResBlock 64x64x9x%x9 1
Conv 128x64x7x7 2
ResBlock 128x128x7x7 1
Encoder Conv 256 x 128 x 5x 5 2
ResBlock 256 x 256 x 5x 5 1
Conv 512x256x3x3 2
ResBlock 512x512x3x3 1
Conv 512x512x3x3 2
ResNet 6x ResBlock 512x512x3x3 1
Upsampling - -
Conv 512x512x3x3 1
ResBlock 512x512x3x3 1
Upsampling - -
Conv 256 x 512 x3x 3 1
ResBlock 256 x 256 x 5 x5 1
Decoder Upsampling - -
Conv 256 x 128 x 5x 5 1
ResBlock 128x 128 x7x7 1
Upsampling - -
Conv 128x64x7x7 1
ResBlock 64x64x9x%x9 1
Conv 64x3x9x9 1

3.2. Latent Loss Functions

Once the predicted depth map is obtained from the color-to-depth network R and the
corresponding ground truth, the guided network G is used to extract dense features from each
ResBlock on the encoder side. In order to determine the loss value, we adopt a comparable method
to Johnson et al. [28] that involves measuring the disparity between features extracted from the
activation layer of each scale and the latent space. Our proposed approach involves using the guided
network G for depth restoration in a depth-to-depth auto-encoder, instead of relying on pre-trained
models like VGG, ResNet, etc. This method focuses on teaching the decoder the process of
'generation’ from the latent space, rather than using a 'classification' strategy in perceptual loss:

Nj
1 2
LGO).6G) =) (E D600 - GO 5) (1)
7%

J
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The latent loss function is determined by adding up the discrepancy between Gj(y) and Gj(y#),
are feature maps originating from the activation layer preceding the j* convolution layer. Gj(yk) and
Gj(y#) represent the kth feature value extracted from the estimated depth map y and the ground
truth y+k, respectively. Njrepresents the dimension of the feature map obtained from the j* activation
layer. The aim of the proposed latent loss function is to make the depth map estimated from the latent
space of the top encoded layer equal to the ground truth at the feature level.

3.3. Gradiant Loss

In order to, improve the details effectively at depth boundaries, a crucial issue to address, we
suggest utilizing both image-level and feature level gradients in the loss function. More precisely, the
consistency of gradients between the predicted depth map and its corresponding ground truth (at
the image level) is calculated in the following manner:

N
1
Lea(y,y") = NZ [Yni = Yiil + [vvi = voil (2)
7

where yii and y.i represent the it gradient value of the estimated depth map in the horizontal and
vertical directions, respectively. In the same way, y*.i and y*. represent the gradient value of the
actual data in both directions. The depth map consists of a total of N pixels. Furthermore, the gradient
loss is determined by calculating the gradient of encoded features collectively:

Nj
1
La(G),G(yM) = Z (ﬁ Z | Gnj i) — G j il + |Gy j (i) — Gv,j(yi)|> (©)]
j

Jj k

where G & Goj represents gradient of encoded features of specific inputs in the horizontal & vertical
directions, respectively. By incorporating both terms into the ultimate loss function, the depth map's
high-frequency components can be effectively enhanced. A key benefit is that the encoded-features
within proposed network effectively represent the depth structure in a condensed manner across
multiple scales, leading to significant assistance from their gradients in enhancing the clarity of depth
boundaries as illustrated in Figure 4. Hence, the gradient of the encoded-features suggested in this
article is believed to be helpful in effectively recovering the depth boundary.

To summarize, extracted features from the guided network's latent space enable learning the
intricate color-depth relationship in the proposed method (refer to (1) and (2)). The depth layout's
core structure can be accurately reconstructed from just one monocular image due to its inherent
properties of depth generation being condensed. Additionally, the gradients of these encoded
features have shown to be effective in recovering the depth boundary, a task that has proven
challenging for previous techniques.

4. Experiment

We trained our model using the original NYU Depth v2 [9] dataset collected indoors. The
unprocessed datasets have many extra pictures gathered from identical locations as those in the
popular smaller datasets, but with no prior editing. More precisely, areas that do not have a depth
measurement are left blank. However, our model is inherently equipped to deal with such gaps, and
its need for a substantial training set makes these original distributions valuable sources of data.

4.1. NYU 92 Depth Dataset

The dataset known as NYU Depth [9] is comprised of 464 indoor scenes that were recorded as
videos. The official train & test division with 249 scenes for training and 215 for testing is utilized,
and the training set is created using the raw data from these scenes. The RGB inputs are reduced by
half in size from 640x480 to 320x240. As the depth and RGB cameras have varying frame rates, each
depth image is matched with the closest RGB image in time, resulting in discarding frames where
one RGB image corresponds to multiple depth images. The dataset's camera projections are utilized
to align RGB and depth pairs, with pixels lacking depth values being excluded. Invalid areas due to
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windows and shiny surfaces are eliminated by masking depths that match the minimum or
maximum values in each image. A pair of images is shown in Figure 3, with the training set having
120,000 distinct images rearranged into a list of 220,000 by evening out the scene distribution (1200
images per scene). The model undergoes testing on the 694-image NYU Depth v2 test set (with depth
values filled in).

@ (O (a) (b) (a) ()

Figure 3. An example of a dataset RGB image and Ground truth depth map. (a) A single RGB image,
and (b) the corresponding ground truth.

The coarse network is trained for 2 million samples using stochastic gradient descent (SGD) with
batches of size 32. After that, the fixed fine network is trained with 1.5 million samples using outputs
from the pre-trained coarse network. The coarse convolutional layers 1-5 have a learning rate of 0.001,
while coarse full layers 6 and 7 have a rate of 0.1. Fine layers 1 and 3 are set at 0.001, and fine layer 2
has a rate of 0.01. The ratios were figured out through trial and error on a validation set, which was
then included back into the training set for final evaluations, and the overall scale of all the rates was
adjusted to a multiple of 5. The momentum is 0.9. The coarse network is trained for 38 hours, and the
fine network is trained using a NVidia GTX 1080Ti GPU.

4.2. Performance Evaluation

Moreover, to demonstrate the universality of our proposed method, we applied it to the NYU
depth v2 dataset and present several examples of depth estimation in Error! Reference source not
found.. These results illustrate that our method significantly enhances the depth layout of indoor
scenes. It is worth emphasizing, the model trained on the NYU v2 dataset can be directly applied to
estimate the depth map of similar datasets without requiring fine-tuning.

Eigen et al. Sihaengetal.  Zhangetal. Proposed

Figure 4. In a visual comparison of the generated depth outcomes, the depth boundaries are
anticipated, whereas other methodologies yield hazy and blurry predictions.

Finally, we evaluated the processing speed for estimating the depth map from a single input
image and present the results in Error! Reference source not found.. For a fair comparison of
processing speed, we resized the input image to 512 x 256 pixels and compared our method to two


https://doi.org/10.20944/preprints202411.0868.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 November 2024 d0i:10.20944/preprints202411.0868.v1

previous approaches with conditional generative adversarial net Xiaofeng et al., [30], and with
Convolutional Neural Networks (CNNs) Gan et al., [31] known for their relatively fast performance.
Notably, our proposed method operates exceptionally recklessly. Therefore, we believe that our
network architecture has the potential to be widely used in various human-robot interaction system-
based applications.

In this outcome, the total number of valid pixels in the ground truth is denoted by T. Based on
this, our proposed method compared with state-of-the-art techniques on the NYU v2 dataset [9], and
the corresponding outcomes are presented in Error! Reference source not found.. Our approach
exhibits high performance for all the evaluation metrics. By utilizing latent features from our guided
network and corresponding gradients, our proposed method can efficiently restore the depth
boundary, thus reducing depth ambiguities and leading to improved performance. In particular, our
approach shows a significant improvement in the root mean squared error difference (RMSE) as
explained in (4), reducing it by 45.86% compared to the approach proposed by Eigen et al. [32]. Based
on these results, it can be concluded that our method can effectively restore the depth layout of indoor
scenes, leading to better performance in human-robot interaction systems.

1
RMSE = | > |ly=y'II @
INT Layer

To demonstrate the effectiveness and robustness of the proposed method, a comparison is made
with typical methods introduced by Saxena et al. [7]. The study aims to improve the monocular depth
estimation by controlling the motion of an RGB camera and capturing images at well-controlled
orientations & positions. The results of three methods, Eigen et al. [32], Sihaeng et al.[33], and Zhang
et al.[30], are presented in Error! Reference source not found. to qualitatively evaluate the

performance. Ground truth samples have been incorporated for better visualization.

Table 2. Performance analysis of the state-of-the-art architectures with proposed network

architectures.
Architectures Eigen et al. Sihaeng et al. Zhang et al. Proposed
RMSE 0.907 0.454 0.590 0.416

The proposed method successfully restores the depth boundary compared to previous
approaches, especially revealing the small sign with high contrast in the first example of Error!
Reference source not found., which other methods fail to restore. The boundary of objects is also
successfully restored with clear corresponding regions. Based on these comparisons, the proposed
method can provide reliable depth information from a single image. The performance is
quantitatively evaluated using five metrics: RMSE, which is commonly used for depth estimation
performance evaluation.

4.3. Discussion

The issue of depth perception is a crucial aspect of computer vision, which has been the focus of
attention of numerous researchers, resulting in significant advances in recent decades. However,
most of the work done in this field, such as stereopsis, has relied on using multiple image geometric
cues to determine depth. In contrast, single-image cues provide a largely independent source of
information, which has not been extensively explored until now. Given the importance of depth and
shape perception in various applications, including object recognition, robot grasping, navigation,
image compositing, and video retrieval, we believe that monocular depth estimation can significantly
enhance these applications, particularly in cases where only a single image of a scene is available. We
have developed an algorithm to infer detailed depth estimation from a single still image. Our
algorithm surpasses previous methods in both quantitative accuracy and visual quality. Our
approach employs a loss function that emphasizes both latent loss and gradient loss. Apart from the
assumption that the environment consists of multiple small planes, we do not make any explicit
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assumptions about the structure of the scene, unlike Delage et al. [34] and Hoiem et al. [35], who
assume that the scene comprises vertical surfaces standing on a horizontal floor. This allows our
model to generalize well, even to scenes with significant non-vertical structures.

RGB Input Ground Truth Proposed failed case

In a few situations, our suggested model underperformed and produced results that were
completely different from the ground reality. The failure possibilities of the anticipated depth
estimate were shown in the figure above. We discovered via our research that the dark, low light,
and ground truth without details are difficult to anticipate even closely, thus an environment with
defined boundaries is required to process accurate prediction. To demonstrate the effectiveness of
our approach in real-world human-robot interaction system applications, the images captured by our
proposed technique are not perfectly calibrated and rectified, resulting in more noise in the
correspondence of depth estimation. In such cases, single image depth estimation, which is more
robust than stereo estimation, is preferred. However, in industrial environments, this approach can
be improved for better reconstruction for 3D modeling of indoor environment for human-robot
interaction.

5. Conclusions

This paper introduced a new approach for estimating depth from a single monocular image,
which can be used for use for reconstructing 3D environments for robots. The main concept of this
novel method involves utilizing encoded features extracted from a latent space network to guide the
depth estimation process. To improve the quality of the estimated depth map while preserving the
sharpness of the depth boundaries, the method utilizes a loss function that emphasizes both latent
loss and gradient loss with Residual Blocks which are ampsizing the primary visual perception. It is
inspired by V1's role percepting primary visual information of brains to recognize the edges of depth
information more clearly. Additionally, the proposed method produces clean boundaries, which
makes it suitable for 3D modeling of the scene. Experimental findings demonstrate an outstanding
performance of the proposed method in the task of depth estimation to be used for 3D modeling of
indoor environment for human-robot interaction.
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