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In order to obtain the distances between the surrounding objects and the vehicle in the traffic scene in front of the vehicle, a
monocular visual depth estimation method based on the depthwise separable convolutional neural network is proposed in this
study. First, features containing shallow depth information were extracted from the RGB images using the convolution layers and
maximum pooling layers. Subsampling operations were also performed on these images. Subsequently, features containing
advanced depth information were extracted using a block based on an ensemble of convolution layers and a block based on depth
separable convolution layers. .e output from all different blocks is combined afterwards. Finally, transposed convolution layers
were used for upsampling the feature maps to the same size with the original RGB image. During the upsampling process, skip
connections were used to merge the features containing shallow depth information that was obtained from the convolution
operation through the depthwise separable convolution layers. .e depthwise separable convolution layers can provide more
accurate depth information features for estimating the monocular visual depth. At the same time, they require reduced
computational cost and fewer parameter numbers while providing a similar level (or slightly better) computing performance.
Integrating multiple simple convolutions into a block not only increases the overall depth of the neural network but also enables a
more accurate extraction of the advanced features in the neural network. Combining the output from multiple blocks can prevent
the loss of features containing important depth information. .e testing results show that the depthwise separable convolutional
neural network provides a superior performance than the other monocular visual depth estimation methods. .erefore, applying
depthwise separable convolution layers in the neural network is a more effective and accurate approach for estimating the
visual depth.

1. Introduction

Automobiles have become an indispensable means of
transportation for peoplenowadays. Development of ad-
vanced automobile has always been an important task for the
society. Estimating the monocular visual depth in the images
obtained in front of the vehicle can provide great assistance
to the driving experience and, furthermore, ensure that the
driving is safe. A mature and accurate depth estimation
technology in a traffic scene can effectively ensure that the
drivers and passengers remain safe on road [1–3].

Monocular depth estimation is the key to the re-
construction and understanding of the scene. .e initial use

of monocular depth estimation was to use statistically sig-
nificant monocular clues or features, such as perspective and
texture information, object size, object position, and oc-
clusion [4–6]. Recently, some works use convolutional
neural network-based models to significantly improve
monocular depth estimation performance [7–11], indicating
that depth features are superior to manual features. .ese
methods resolve the monocular depth estimation problem
by learning the convolutional neural network to estimate the
sequential depth maps. Since this problem is a standard
regression problem, the mean square error (MSE) of loga-
rithmic space or its variant is usually used as the loss
function.
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.e application of the convolutional neural network
based on the deep learning method in depth estimation has
promoted the rapid development of depth estimation
technology. Various depth estimation networks have been
proposed to improve the accuracy of depth estimation re-
sults, which makes the application of the visual depth es-
timation technology more and more extensive. .e
proposed and innovative methods can not only improve the
accuracy of depth estimation but also enable the predicted
depth map to be applied to other computer vision tasks and
improve its results.

In this study, we constructed a block based on depthwise
separable convolution layers and combined it with the block
used in ResNet for extracting the advanced feature in-
formation. Meanwhile, the low-level features obtained from
the convolution operation through the depthwise separable
convolution layers are merged using the skip-connection
technique during the decoding process. .e testing results
show that the neural network model developed in this study
provides more accurate depth estimation in a monocular
image compared to other available methods. .e following
innovations are featured in this study: (1) .e application of
depthwise separable convolution layer can reduce the
computational cost and parameter number while main-
taining a similar (or slightly better) performance. .is ap-
proach can capture the depth information features more
accurately, which further improve the accuracy of the final
predicted depth map. (2).e block structure used in ResNet
is referred in this study. Based on the depthwise separable
convolution layer, a block structure similar to that used in
ResNet is established in this study and used in conjunction
with the block in ResNet to constitute part of the encoder of
the neural network model. .is method allows the outputs
from all different blocks to be merged together without
changing the size of the characteristic map. .erefore, a
sufficient depth required for extracting abundant feature
information is ensured in the model, which also makes the
model framework more accurate. (3) .e characteristics of
skip connection not only allow us to piece together the
missing edge information associated with the advanced
features but also further provide the edge depth information
through the depthwise separable convolution. .e in-
formation contributes to a more accurate output from the
final model.

2. Related Work

Before the application of deep learning methods, the task of
estimating monocular depth in the field of computer vision
has been accomplished by manual extraction of the key
features traditionally. .e earlier studies were primarily
focused on the depth estimation of stereo images. In these
studies, the depths are calculated using a geometric algo-
rithm [2, 3] based on the 3D points determined by image
triangulation. Since then, different manual methods for
expressing the monocular depth feature have been proposed
[4, 5, 12–19]. Since the features extracted by manual ap-
proaches can only capture local information, probabilistic
graphical models such as Markov random fields (MRFs) are

usually constructed based on these features in order to
include the long distance and global information [4, 20, 21].
Another successful method to use global information is the
DepthTransfer method [6]. Such a method uses the GIST
global scene feature [22] to search for candidate images that
are “similar” to the input image in a database containing
RGB-D images.

In recent years, deep learning-based depth estimation
techniques have been proposed continuously by different
studies. Some depth estimation methods using deep con-
volutional neural networks have been widely studied. Eigen
et al. [23] proposed a method which combines two depth
estimation networks: a coarse network that predicts the
global depth distribution and a fine network which refines
the detail of the local depth map. Eigen and Fergus [7]
further extended this study to a three-level network structure
and performed surface normal estimation and semantic label
estimation, as well as depth estimation. Roy and Todorovic
[8] integrated a relatively shallow CNN into a forest re-
gression method. Laina et al. [9] designed a depth estimation
network [24] based on the ResNet architecture. .ey pro-
posed a top project structure to improve the resolution of the
depth map. In addition, they proposed the concept of Huber
loss in the network training which combines the Euclidean
function and L1 function. Mancini et al. [25] implemented a
long short-term memory layer in the neural network model.
.is method alleviates some inherent limitations of mon-
ocular vision such as global scale estimation in the sequential
image stream and reduces the computational cost. Xie et al.
[26] employed the skip-connection strategy to combine the
low spatial resolution depth maps in deeper layers with high
spatial resolution depth maps in lower layers.

In order to improve the progress of depth estimation, a
conditional random field (CRF) is added to the neural
network. Yin et al. [27] applied depth estimation in scale
recovery and combined it with CRF, which further improves
the accuracy of the results. Wang et al. [10] trained a CNN
for joint depth estimation and semantic segmentation. .ey
further employed a CRF model to improve the prediction
results from the CNN. Xu et al. [28] integrated the side-
output maps from the CNN using multiple consecutive
CRFs. .is method involves extracting features from each
single layer of the network and combining the features to
estimate the depth map.

.ere are some other methods that are used for the depth
estimation. Li et al. [29] proposed a dual flow CNNwith high
training speed for predicting depth and depth gradient. .e
information was combined to yield an accurate and detailed
depth map. Li et al. [30] treated monocular depth estimation
as a heavy multicategory marking task. .ey combined the
side outputs from an expanded convolutional neural net-
work following a hierarchical manner and performed depth
estimation using multiscale depth cues. In addition, they
recommended to use soft weighting and reasoning instead of
hardware reasoning to convert the discrete depth values into
continuous depth values. Chakrabarti et al. [31] predicted
the derivatives of the depth at different orders in a proba-
bilistic manner and estimated the depth map through a
localization process. Ummenhofer et al. [32] trained a
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convolutional network that calculates depth and camera
motion from a continuous, unconstrained image end-to-
end. Lee et al. [33] proposed a deep learning algorithm for
depth estimation in a monocular image based on the Fourier
analysis in the frequency domain. Fu et al. [34] proposed a
deep ordinal regression network (DORN) to improve the
computation efficiency. In their method, the true depths are
first discretized into a number of subintervals using a
spacing-increasing discretization strategy. Subsequently, a
pixelwise ordinal loss function is designed to simulate the
ordinal relationships of these depth subintervals. .e dif-
ferent methods proposed in the literature studies have
greatly promoted the development of depth estimation
techniques. However, some of these methods ignored the
importance of the depth of the neural network for extracting
feature information. Some other methods may have suffi-
cient neural network depth but fail to include the shallow
feature information which results in reduced accuracy of the
overall depth estimation result.

Deep residual neural network (ResNet) has achieved
great success in computer vision applications. Furthermore,
Chen et al. [35] have successfully applied depthwise sepa-
rable convolution layers in the field of semantic segmen-
tation computer vision. In light of these achievements, we
proposed a new approach to estimate visual depth in this
study. We first constructed a block by combining the skip
connections with the conventional convolution layers based
on the depth separable convolution layer (SeparableConv2D
layer). Subsequently, this block is combined with the block
in ResNet for extracting features containing depth
information.

When dealing with depth estimation in a monocular
image, the use of block can help build a neural network with
sufficient depth for extracting features containing greater
depth information with higher accuracy. Furthermore, using
block with residual characteristics can effectively resolve the
vanishing gradient problem encountered when stacking
more neural network layers. In depthwise separable con-
volution, the standard convolution is firstly decomposed
into a depthwise convolution and then a pointwise con-
volution. .is approach greatly reduces the computational
complexity. Specifically, a spatial convolution is performed
on each input channel independently in the depthwise
convolution, while the outputs from the depthwise convo-
lutions are combined by pointwise convolution. In addition,
depthwise separable convolution significantly reduces the
computational complexity of the proposed model while
maintaining a similar (or better) performance.

After Laina et al. [9] successfully applied ResNet to the
depth estimation task, we find the efficient performance of
the residual block in ResNet [24] and modify it to build a
more suitable residual block for depth estimation..e depth
separable convolution layer has been used successfully by
Chen et al. [35], which proved that the features with high
accuracy depth information can be extracted by the depth
separable convolution layer. It is very important for depth
estimation task. .erefore, we reference the advantage of
residual properties to build a new block, which is based on
the depth separable convolution layer. Furthermore, Zhou

et al. [36] and Yang et al. [37] connected multilayer feature
information by skip connections that are of great help for the
final results. .erefore, we use skip connections in our
neural network architecture.

3. Proposed Model Method

3.1. Network Architecture Framework. An end-to-end
learning framework is used in this study to accomplish
the computer vision task of monocular depth estimation.
Such a framework involved learning the direct mapping
from a colorful image to the corresponding depth map. In
recent years, a considerable amount of studies has shown
that the depth of the CNN architecture is very important to
the performance of the network. However, simply stacking
more layers in the current CNN architecture does not
necessarily guarantee an improvement and may instead
leads to a drastic reduction in the performance. .is is
because simply stacking layers in the CNN can cause van-
ishing gradient problem which prevents feature fusion in the
neural network when training starts. Residual neural net-
work has been developed to tackle the vanishing gradient
issue and achieved huge success in major computer vision
fields. One of the most representative examples, ResNet, has
been very popular in the field of computer vision tasks.

Two types of residual blocks in ResNet, conv_block and
identity_block, are used as references for this study. Fol-
lowing their structures, two similar blocks are established in
this study using depthwise separable convolution: the
sep_block and ap_block. Furthermore, the blocks sharing a
similar structure such as conv_block and sep_block or
identity_block and ap_block are used together to establish
the neural network model in this paper. Different from the
original conv_block and identity_block, all the blocks used
in this study exhibit a convolution timestep of 1. Meanwhile,
the size and number of filters used in the conventional
convolution layers and the depthwise separable convolution
layers are same for all blocks. To distinguish from the re-
sidual block used in the original ResNet model, the blocks
constructed in our study are named conv_block and iden-
tity_block. Figure 1 shows the main structure of the neural
network model constructed in this study.

.e extraction of shallow feature information and
downsampling of the images are performed using three
conventional convolution layers and three maximum
pooling layers in this network system..e advanced features
are extracted by using a combination of conv_block and
sep_block plus a combination of identity_block and
ap_block. .ere are two ways to use these blocks in this
study: the first way is to use conv_block together with
sep_block, while the other way is to use identity_block
together with ap_block. .ese two approaches are used
separately. In other words, two types of neural network
model are constructed in this study, but the main structure
of these models is still represented by Figure 1. When
merging the outputs from six blocks using the concatenate
layer, the feature map is upsampled using a transposed
convolution layer after going through a convolution layer.
.is process is repeated until the feature map is restored to
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the same size with the original image for yielding the �nal
depth map predicted by the neural network. Meanwhile,
considering the advantage of residual characteristics, the
outputs from three convolution layers used for extracting
low-level features are processed by three depthwise separable
convolution layers during the transposition convolution
operation. �e outputs from the three depthwise separable
convolution layers are subsequently fused to the output from
three transposed convolution layers of the same size using
three Add layers, respectively.

It should be noted that a batch normalization layer and a
ReLu layer are implemented after every single convolution
layer and transposed convolution layer. �ese additional
layers are not shown in the �gure for simplifying the model
structure schematic. �e detailed composition of the four
blocks will be discussed in Sections 3.2 and 3.3.

3.2. Deep Residual Network Block. Using deep residual
network blocks can not only extend the depth of the neural
network and improve its performance but also prevent the
network performance from degradation with increasing
network depth.

Two residual network blocks in ResNet, conv_block and
identity_block, are modi�ed slightly and used in this study as
conv_block and identity_block. �e detailed structure maps
of these blocks are shown in Figure 2.

�e identity_block shown in Figure 2(a) is de�ned as

y � F x, Wi{ }( ) + x, (1)

where x and y are the input and output matrices of the
stacked layer, respectively. �e functionF(x, Wi{ })is the
residual mapping that needs to be learnt. Since skip con-
nections are performed by adding the elements, x and Fmust
share the same size.

�e conv-block shown in Figure 2(b) is de�ned as

y � F x, Wi{ }( ) +Wix. (2)

Similar to equation (1), the size of x and Fmust be equal.

3.3. Depthwise Separable Convolutional Network Block.
Depthwise separable convolution layers can reduce the
computational cost and number of parameters while
maintaining a similar (or slightly better) performance. �e
network blocks sep_block and ap_block are constructed
based on depthwise separable convolution layers but fol-
lowing the structures of conv_block and identity_block. �e
detailed structure maps of these two blocks are shown in
Figure 3.

In depthwise separable convolution, the standard con-
volution is �rst decomposed into a depthwise convolution
and then into a pointwise convolution (i.e., the convolution
layer on the left side in sep_block). Speci�cally, a spatial
convolution is �rst performed on each input channel in-
dependently in the depthwise convolution, and pointwise
convolution is used subsequently to merge the outputs from
the depthwise convolutions. �e deep convolution supports
setting up an expansion ratio. �e depthwise separable
convolution layers set with an expansion ratio are called as
atrous separable convolution layers.�is type of convolution
layer is employed in one of the neural network models
established in this study. Speci�cally, only the second
depthwise separable convolution layer among the three
depthwise separable convolution layers located on the right
side in sep_block is an atrous separable convolution layer.
�e detailed testing procedure and results will be discussed
in the testing section.

3.4. Using of Skip Connection. Skip connection is usually
used in residual networks and is an identity mapping
method �rst proposed by ResNet. In ResNet, a residual
network structure called residual network is introduced,
which is di�erent from the ordinary CNN in that it connects
an additional transfer line directly from the input source to
the output source, which is a kind of identity mapping, used
for residual calculation. �is is called shortcut connection,
and it is also called skip connection. �e e�ect is to prevent
gradient dispersion and degradation problems caused by the
increase of network layers.

Convolution layer
Max pooling layer
Conv_block/Identity_block
Sep_block/Ap_block

c

+

+

+

Separable convolution layer
Transpose convolution layer

+ Add layer
c Concatenate layer

Figure 1:�e neural network structure.�ere are only two ways to
use conv_block/identity_block and sep_block/ap_block. One is to
use conv_block combined with sep_block, and the other is to use
identity_block combined with ap_block.
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In this article, we mainly use two skip-connection
methods. One is the summation based on elements, such
as the Add layer in Figure 1, and the other is the splicing
based on elements, such as the concatenate layer in Figure 1.
We use the concatenate layer to concatenate all the features
of block output to ensure the full use of these advanced
feature information. In addition, after multilayer feature
extraction, many edge contour information of the object in
the original image has been lost in the advanced features,
which is very unfavorable to the �nal depth prediction result.
�erefore, we use the Add layer to fuse the low-level features
with rich contour information in the initial stage of coding
with the high-level features in the decoding stage in the way
of element addition so as to improve the accuracy of the
prediction results of the whole network.

4. Experiments and Analysis of Results

4.1. Data Set Introduction. �e image data set used for
network training and testing in this paper is the outdoor
depth estimation data set—KITTI data set [38]. It is also the
largest public outdoor data set in the �eld of depth esti-
mation. �e data set contains real image data collected from
scenes such as city streets, country roads, and highways.
Each image contains a variety of contents including multiple
cars and pedestrians. Di�erent levels of occlusion and
truncation are also present in the images. Due to the vast
amount of data included, this data set can be used for
training complex deep learning models that are used for
depth analysis or depth prediction in a single image. Due to
the numerous outdoor scenes included, the KITTI data set
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Figure 2: Two types of blocks. (a) identity_block. (b) conv_block.
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Figure 3: Two types of blocks. (a) ap_block. (b) sep_block.
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has been used in many computer vision tasks and becomes a
recognized standard for testing network models.

.e data set used in this study contains two parts: the
training data set and the testing data set..e training data set
includes 4286 original colored images and the corre-
sponding depth labels. It is primarily used for training the
neural network model until the optimum weights are ob-
tained. .e testing data set includes 343 colored images and
the corresponding depth labels. .e testing data set is used
for testing the accuracy of the prediction from the neural
network model loaded with the optimum weights. It is
further used for comparing the prediction from the neural
network model with those given by other methods. During
both the training and testing stage, all the images are im-
ported into the network for extracting the required in-
formation. .e final depth estimation map given by the
prediction has the same size with the original colored
images.

4.2. Training Method. Both the training and testing exper-
iments of the deep neural network model are performed on
the Keras learning framework, which is based on the Ten-
sorFlow backend. .e computer used for performing these
experiments is equipped with a GTX 1080 Ti GPU pos-
sessing 11GB memory. .e Adam algorithm [39] is used as
the optimization method during the training process, and
the learning rate is set at 0.01. .e batch size used for neural
network training is 4.

.e neural network is constructed using an end-to-end
deep learning framework. To be used as input to the neural
network, the images from the data set must have the same
size. However, the size of the images in the data set provided
by KITTI is not completely consistent. .erefore, before
training the neural network model, the size of the image
needs to be processed in a unified way. After extracting the
key features in the neural network, a predicted depth map
with the same size will be generated from the input RGB
image. In the process of model training, mean-squared error
(MSE) is used as a loss function to obtain the optimal weight
Wbest in the training stage..e calculation formula ofMSE is
as follows:

1
T



T

i�1
Yn −Yn( 

2
. (3)

Here, Yn is the depth label of the nth original image in the
data set, Yn is the predicted depth map obtained by pro-
cessing the nth original image in our neural network model,
and T is the training data set.

4.3. Experimental Methods and Comparison of the Results.
Four different experimental methods of depthwise separable
convolution are used in this study for depth estimation.
Different results are generated from these methods. Based on
the type of block used, conv_block or identity_block, in
conjunction, these four methods can be classified into two
categories. .e first category is associated with sep_block
which is constructed based on depthwise separable

convolution and follows a similar structure with conv_block.
.is block is mainly composed of separable convolution
layers in three depth directions, a conventional convolution
layer, ReLu layers, and (batch) normalization layers. .e
detailed structure of sep_block is shown in Figure 3(b).
.ese twomodels share a same neural network framework as
shown in Figure 1. Within this category, we discussed how
the experimental results will be affected by the use of atrous
separable convolution in conv_block and sep_block. In the
first experimental method, the neural network is constructed
by combining the original conv_block and sep_block di-
rectly without the use of atrous separable convolution. .e
experimental results “Proposed1” obtained using this
method are superior to those obtained by other classical
depth estimation methods. A comparison of these results is
shown in Table 1. In the second experimental method, an
expansion ratio is set in the second conventional convolu-
tion layer/depth separable convolution layer among the
three conventional convolution layers/depth separable
convolution layers located on the right side in conv_block
and sep_block. As shown in Figure 1, the expansion ratios of
the first conv_block, the first sep_block, and the second
sep_block are set to 1; the expansion ratios of the second
conv_block and the third sep_block are set to 2; and the
expansion ratio of the last sep_block is set to 4. .e final
experimental results “Proposed2” are shown in Table 1.
Although the second method, compared to the first method,
only yields a minor enhancement in the first two major
indicators, it provides a significant general improvement
compared to the other classical depth estimation methods.

.e other two experimental methods used in this study
belong to the second category. .ese methods involve the use
of identity_block and ap_block together for performing depth
estimation tests. .ese two blocks have a similar structure
consisting of three conventional convolution layers/
depthwise separable convolution layers, ReLu layer, and
(batch) normalization layers. .e detailed structure is shown
in Figures 2(a) and 3(a). .e neural networks established in
the second category experiments are slightly different from
those shown in Figure 1. Specifically, we added a conventional
convolution layer before the first identity_block, the second
identity_block, and the fourth ap_block in Figure 1. .ese
three conventional convolution layers have the same number
of filters with the three blocks. .e experimental method in
this category is the same with the first experimental method
included in the first category, where the identify_block and
ap_block are used together for performing the prediction.
Table 1 shows the experimental results “Proposed3” obtained
by this method which is superior to those obtained by other
classical depth estimation methods.

4.4. Analysis of Experimental Results. When evaluating and
comparing the experimental results, the evaluation index is
obtained by comparing the predicted depth map with the
depth label of the original image. In this study, six objective
parameters which are commonly used for assessing mon-
ocular visual depth prediction are selected as the evaluation
indices. .e parameters include the following.
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Root mean squared error (rms):
�������������
1
T


n∈T

Yn −Yn( 
2



. (4)

Logarithmic root mean squared error (log_rms):
������������������
1
T


n∈T

logYn − logYn

����
����
2



. (5)

Average log10 error (log10):
1
T


n∈T

logYn − logYn


. (6)

.reshold accuracy (thr):

max
Yn

Yn

,
Yn

Yn

  � δ < thr. (7)

Here, Yn is the depth label of the nth original image in the
data set, Yn is the predicted depth map obtained by pro-
cessing the nth original image in our neural network model,
and T is the testing data set.

Table 1 shows the comparison of the depth estimation
results obtained with the KITTI data set using the neural
network proposed in this study and other classical models. A
smaller error indicator value and a larger accuracy indicator
value in Table 1 represent a better estimation performance.
.e data from our study which are superior to those from
other classical studies are in bold. When testing the per-
formances of the neural network model proposed in this
study and other neural network models implemented for
comparison, no data preprocessing step is required and
involved. It is found that, for monocular visual depth es-
timation problem, the neural network model proposed in
this study can provide much better results with a higher
depth estimation accuracy compared to the other models.

.e introduction of deep learning has brought rapid
development in the field of monocular visual depth esti-
mation as well as an increasingly higher estimation accuracy.
However, the continuous expansion and deepening of the
deep learning framework will result in increasing depth of
the neural network. Following this trend, a larger and larger
amount of data will be required for training and testing the
neural network. However, the increasing depth of the neural
network can cause disconnection of the information be-
tween the early and latter session of the network, loss of

important feature information, and vanishing gradient
problem during the training process. All these phenomena
will lead to failure of the entire model. Meanwhile, an ex-
tremely deep neural network model contains a huge number
of parameters itself. .ese parameters impose a very high
demand on the hardware performance of the computer.
Besides, training these parameters will also consume a
considerable amount of time. .ese concerns are the bot-
tlenecks of many deep neural networks. .e introduction of
residual networks can well avoid the vanishing gradient issue
which provides great help to the continuous stacking of deep
neural network layers. In addition, depthwise separable
convolution can significantly reduce the computational cost
and number of parameters without sacrificing the network
performance and, furthermore, helping the network extract
more features containing depth information.

Taking advantage of the residual characteristic, we
established a neural network model using blocks in this
study..is not only ensures a sufficient depth of the network
but also allows us to apply this idea to the entire network.We
first extracted the shallow-layer information using the
depthwise separable convolution layers and further merged
them with the advanced features. .is approach fully pre-
serves the feature information and allows us to obtain more
accurate depth information features. At the same time, the
features are extracted using the block without changing the
size of the feature map. In addition, the outputs from
multiple blocks are used in series for generating the features.
.ese practices allow the neural network developed in this
study to extract plentiful accurate advanced features.
Moreover, since the blocks used to extract the main ad-
vanced features are composed of depthwise separable
convolution layers, the computational cost and parameter
amount of this network are much smaller than those of
neural networks that extract features only using the two
blocks in ResNet. .e comparison shown in Table 1 dem-
onstrates that the neural network model developed in this
study has a superior performance compared to many other
models.

Our neural network model did not yield a better per-
formance indicator on δ < 1.253 than the method proposed
by Yin et al..is is because a conditional random field (CRF)
is implemented in their method. However, we have per-
formed an extensive number of studies and found that the
increase in three performance indicators brought by the CRF
is accompanied by the increase in three error performance

Table 1: Depth estimation results on the KITTI data set.

Method
Accuracy (higher is better) Error (lower is better)

δ < 1.25 δ< 1.252 δ < 1.253 rms log_rms log10
Xie et al. [26] 0.488 0.947 0.972 2.6440 0.272 0.167
Laina et al. [9] 0.674 0.943 0.972 2.4618 0.243 0.126
Yin et al. [27] 0.640 0.947 0.979 2.5193 0.247 0.134
Dimitrievski et al. [40] 0.634 0.916 0.945 2.8246 0.305 0.127
Mancini et al. [25] 0.566 0.945 0.970 2.6507 0.264 0.145
Proposed1 0.693 0.949 0.975 2.3993 0.232 0.117
Proposed2 0.691 0.949 0.976 2.3676 0.231 0.117
Proposed3 0.699 0.949 0.975 2.3786 0.232 0.116
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indicators. .erefore, employing the CRF in the model
cannot provide an improvement to every single performance
indicator. While one performance indicator from our
method is inferior to that in another study, our method can
still provide significant improvements in the other perfor-
mance indicators, which suggests that the network model
developed in this study has a general superior performance
than the other network models.

.e experimental results obtained in this study are
shown in Figure 4. Figures 4(a) and 4(b) show the original
RGB image and the depth label (ground t), respectively.
Figures 4(c)–4(e) show the depth prediction map obtained
using the experimental methods “Proposed1,” “Proposed2,”
and “Proposed3,” respectively.

5. Conclusion

It is very important to perceive the traffic environment and
use the objects detected in the traffic scene to provide as-
sistance to vehicles for traveling on road, in particular self-
driving. .e advancement made in the field of computer
vision task for monocular depth estimation can provide
significant help to the autonomous vehicle technology and
ensure a better driving safety on road. In this study, we

estimated the depth map using the images captured in front
of the vehicle. .ese depth maps can provide important
information on the traffic scene of the vehicle and help
ensure a safe driving experience. To overcome the low ac-
curacy issue encountered in past monocular depth esti-
mation methods, a novel neural network model which
combines conv_block and sep_block or identity_block and
ap_block is proposed in this study. .is model can ensure a
sufficient depth of the neural network while reducing the
computation cost and number of parameters by employing
depthwise separable convolution. A combination of these
approaches not only enables extraction of rich and accurate
feature information by the neural network developed in this
study but also allows fusion of low-level and advanced
features with the help of skip-connection technique. Ex-
perimental tests were performed using the KITTI data set for
validating the effectiveness of our proposed method. .e
experimental results show that the algorithm proposed in
this study can improve the accuracy of monocular depth
estimation.

Constructing neural networks in forms of block can
simplify the overall structure and further improve the ro-
bustness of the model. We plan to make further adjustments
based on the original block to improve the accuracy of the

(a) (b) (c) (d) (e)

Figure 4: Experimental results chart. (a) RGB image, (b) ground truth, (c) depth prediction map of Proposed1, (d) depth prediction map of
Proposed2, and (e) depth prediction map of Proposed3.
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network..e improvements in the neural network for depth
estimation will benefit the perception of the traffic envi-
ronment and assist the driving experience substantially. .is
is also the motivation for continuous advancement in
monocular visual depth estimation.
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