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ABSTRACT
Depth estimation is a classic task in computer vision, which is of great significance for many appli-
cations such as augmented reality, target tracking and autonomous driving. Traditional monocular
depth estimation methods are based on depth cues for depth prediction with strict requirements, e.g.
shape-from-focus / defocus methods require low depth of field on the scenes and images. Recently,
a large body of deep learning methods have been proposed and has shown great promise in handling
the traditional ill-posed problem. This paper aims to review the state-of-the-art development in deep
learning-based monocular depth estimation. We give an overview of published papers between 2014
and 2020 in terms of training manners and task types. We firstly summarize the deep learning mod-
els for monocular depth estimation. Secondly, we categorize various deep learning-based methods
in monocular depth estimation. Thirdly, we introduce the publicly available dataset and the evalua-
tion metrics. And we also analysis the properties of these methods and compare their performance.
Finally, we highlight the challenges in order to inform the future research directions.

1. Introduction
Scene depth estimation plays an important role in com-

puter vision, which enhances the perception and understand-
ing of real three-dimensional scenes leading to a wide range
of applications such as robotic navigation, autonomous driv-
ing, and virtual reality. [1, 53, 139, 145, 166]. Active depth
estimationmethods usually utilize lasers, structured light and
other reflections on the object surface to obtain depth point
clouds, complete surface modeling and estimate scene depth
maps [61, 182]. However, obtaining dense and accurate depth
maps usually requires extremely heavy costs of manpower
and computing resources [101, 178]. Therefore, image-based
depth estimation has become the mainstream of research,
and can be applied in a wide range of applications [89, 135].

The evolution of image-based depth estimation is shown
in Figure 1. In the early period, researchers estimated depth
maps depending on depth cues, such as vanishing points [142],
focus and defocus [138], and shadow [181]. However, most
of thesemethodswere applied in constraint scenes [138, 142,
181]. With the development of computer vision, many hand-
made features and probabilistic graph models have been pro-
posed, such as scale-invariant feature transform (SIFT) [88],
speeded up robust features (SURF) [7], pyramid histogram
of oriented gradient (PHOG) [9], Conditional Random Field
(CRF) [66], and Markov Random Field (MRF) [25], which
were adopted to predict monocular depth maps with parame-
ter and non-parameter learning in the machine learning pro-
cess [25, 66, 81]. The advent of deep learning technologies
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has brought great advantages to image processing [47, 68,
148, 172] especially depth estimation.

Traditional depth estimationmethods of image-based depth
estimation are usually based on binocular camera, which cal-
culates the disparity of two 2D images (taken by a binocular
camera) through stereo matching and triangulation to obtain
a depth map [40, 82, 117, 170, 180]. However, the binocu-
lar depth estimation method requires at least two fixed cam-
eras [185], and it is difficult to capture enough features in the
image to match when the scene has less or no texture [84].
Therefore, researchers turn their attention tomonocular depth
estimation. Monocular depth estimation uses only one cam-
era to obtain an image or video sequence, which does not
require additional complicated equipments and professional
techniques. It has vast application demands due to the avail-
ability of only one single camera in most application scenar-
ios. Thus,there is an increasing demand for monocular depth
estimation in recent years. Since monocular images lack
a reliable stereoscopic visual relationship, it is essentially
an ill-posed problem to regress depth in 3D space [102].
Therefore, researchers propose various methods for monoc-
ular depth estimation [8, 67].

Monocular images adopt a two-dimensional form to re-
flect the three-dimensional world. However, one dimension
of the scene, namely depth, has missed in the imaging pro-
cess, which makes it impossible to judge the size and dis-
tance of the object, nor to judge whether the object is oc-
cluded by another object. Therefore, we need to recover the
depth of the monocular image. Based on the depth map,
we can judge the size and distance of the object to meet the
needs of scene understanding. When the estimated depth
map can reflect the three-dimensional structure of the scene,
we can consider that the depth estimation method is effec-
tiveness.

This paper focuses on the research of monocular depth
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Figure 1: The evolution of depth estimation. This paper divides the development of depth estimation into three periods: the
early period, the machine learning period, and the deep learning period, where the depth estimation method of monocular image
based on deep learning is mainly surveyed and summarized.

recent years, details their remarks, and compares their per-
formances. Furthermore, this paper describes the limita-
tions of these existing methods and briefly introduces the
future trends. The remainder of this paper is as follows:
Section 2 introduces some deep learning models for monoc-
ular depth estimation; Section 3 summarizes deep learning-
based methods of monocular depth estimation, from training
manners and task types; Section 4 introduces the common
datasets and evaluationmetrics of depth estimation, and then
analysis their properties and compares their performance;
Section 5 discusses the challenges and trends of monocular
depth estimation; Conclusions are drawn in Section 6.

2. Deep Learning models for monocular depth
estimation
This section mainly introduces common deep learning

models for monocular depth estimation: Convolutional Neu-
ral Network (CNN) [63], Recurrent Neural Network (RNN)
[122], and Generative Adversarial Network (GAN) [39].
2.1. CNN

CNNcan automatically extract spatial features represent-
ing depth in a scene. It is a type of feed-forward neural net-
work, which extracts depth features and reconstructs depth
maps at the same time with fewer parameters compared to
traditional methods [165, 159, 86]. CNN mainly includes
convolutional layer, pooling layer, fully connected layer and

activation function, which enable CNN to learn the two-dimensional
spatial features of the input image. The convolutional layer
transforms the input into depth features; the pooling layer
reduces the size of the input feature map in max-pooling or
average-pooling manner; the fully connected layer is usually
located at the end of the CNN to output the results; and the
activation function is generally a continuously differentiable
nonlinear function to avoid pure linear combinations. Repre-
sentative CNNs includeAlexNet [63], VGG [131], GoogLeNet [137],
ResNet [48], DenseNet [52], and some lightweight network,
such asMobileNet [51], ShuffleNet [183], andGhostNet [46],
each of which is used as the backbone of the existing CNN-
based depth estimation network.
2.2. RNN

RNN is a sequence-to-sequence model with memory ca-
pabilities [13, 41] as shown in Figure 2(a), which is intro-
duced into monocular depth estimation so as to learn tempo-
ral features from video sequences. RNN includes three parts:
input unit, hidden unit, and output unit, where the input of
the hidden unit consists of the outputs of both current input
unit and previous hidden unit. Furthermore, Hochreiter et
al. [50] proposed a Long Short-Term Memory (LSTM) unit
as shown in Figure 2(b), which could learn long-term de-
pendences with a three-gate structure: input gate layer, for-
get gate layer, and output gate layer. Representative RNNs
including BiRNN [126], GRU [22], ConvLSTM [162], G2-
LSTM [78], ON-LSTM [127], Mogrifier LSTM [96] and
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Figure 2: (a) The basic structure of RNN, where S is the
internal status and the memory of the cell, I is the input, O
is the output, and (U ,V ,W ) is the sharing parameters of the
cell. (b) The basic structure of LSTM [50].

others are introduced into deep learning models for monocu-
lar depth estimation, which are usually combinedwith CNNs
to extract spatial-temporal features to recover depth [54, 149].
2.3. GAN

The supervised depth estimation model needs to learn
the 3Dmapping and scale information from the ground truth
(GT) depth maps. However, it is difficult to obtain GT depth
maps in real scenes so that researchers introduced GAN [39]
to generate clearer and more realistic depth maps compared
to other models [177]. GAN includes two modules: the
generator predicts the depth map as a depth estimation net-
work, and the discriminator determines whether the input
depth map is true or false, as shown in Figure 3. Represen-
tative GANs are introduced into depth estimation, including
conditional GAN [99], DCGAN [111], WGAN [4], stacked
GAN [177], SimGAN [128], and Cycle GAN [196]. Depth
estimation models with GANs can provide generation adver-
sarial constraints for the estimated depth maps and the GT
depth maps [32, 45, 58].

3. Deep Learning Methods for Monocular
Depth Estimation
Deep neural networks have played an important role in

various areas with their powerful feature learning ability.
Monocular depth estimation based deep learning is a task of

True?

 False?

RGB GT

Predicted depthGenerator

Discriminator

Figure 3: The general GAN-based framework for supervised
monocular depth estimation.

learning depth maps from a single 2D color image through
a deep neural network, which was firstly proposed by Eigen
et al. [29] in 2014. It was a coarse-to-fine framework, where
the coarse network learned the global depth on the entire im-
age to obtain a rough depth map and the fine network learned
the local features to refine the depth map, as shown in Fig-
ure 4. Since then, many researchers have carried out deep
learning methods for monocular depth estimation [28, 30,
36, 69, 83, 169, 174, 189].

The framework of monocular depth estimation based on
deep learning is an encoder-decoder network, with the RGB
image input and depthmap output, as shown in Figure 5. The
encoder network consists of convolution and pooling layers
to capture the depth features, and the decoder network in-
cludes deconvolution layers to regress the estimated pixel-
level depth map, with the same size as the input. Addition-
ally, in order to preserve the features of each scale, the cor-
responding layers of encoder and decoder are concatenated
with skip-connections. The entire network is constrained
and trained by the depth loss functions and converges when
the desired depth map is generated.

Deep learning methods for monocular depth estimation
often utilize gradient descent to train deep neural networks,
and obtain a local minimum finally. The best local minimum
depends on initialization and specific parameter settings. In
the initialization process, it is generally necessary to resize
the image to meet the needs of network learning. In addition,
it also need to set the initial learning rate, optimizer param-
eters, batchsize and mini-batchsize, to learn and save image
features. The commonly used learning method is stochas-
tic gradient descent, and the optimizer is Adam. When the
gradient no longer changes and the loss function becomes
stable, the network converges.

Compared with traditional methods, deep learningmeth-
ods for monocular depth estimation construct the multi-layer
neural network to learn deep features, which has higher accu-
racy. When there is small occlusion in the monocular image
or part of the ground-truth depth is missing, the deep learn-
ing methods can still estimate the depth of the scene, and
have low errors; when there is large occlusion in presence
in the scene or there is no ground-truth depth, deep learning
methods can learn the depth of the scene by adding network
constraints. In short, deep learning methods for monocular
depth estimation have shown strong robustness.
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Figure 4: The architecture of multi-scale network for monocular depth estimation proposed by Eigen et al. [29]. The top module
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Figure 5: The general pipeline of deep learning for monocular depth estimation. The left module is encoder network learning
depth features layer-by-layer, and the decoder network in the right module recovers the depth map.

This section reviews and summarizes deep learningmeth-
ods formonocular depth estimation from 2014 to 2020, which
was classified into two different perspectives: the training
mannerswith supervised, unsupervised and semi-supervised
manner, and the tasks with single-task and multi-task learn-
ing of depth estimationmodels. The overall diagram ofmonoc-
ular depth estimation based on deep learning is drawn in Fig-
ure 6.
3.1. Training Manners

The supervised monocular depth estimation network es-
timates the depth maps by learning the scene structure in-
formation from the GT depth maps. The cost of obtain-
ing the GT depth maps is very high, so that some monoc-
ular depth estimation networks need to be trained with less
or no GT to reconstruct depth maps, which are the semi-
supervised or unsupervised learning methods. This section
will review and classify deep learning methods from the per-
spective of training manners: supervised, unsupervised, and
semi-supervised models for monocular depth estimation.

3.1.1. Supervised Learning Methods
Supervised learning networks for monocular depth es-

timation are trained with the GT depth maps as shown in
Figure 7. The purpose of learning is to penalize the errors
between the predictions and GT depth maps constrained by
the loss functions formulated in Table 1, where the log(d)
as Eq.(1) is based on log depth [28], and the reverse Huber
(Berhu) function as Eq.(1) combines theL1 andL2 norms at
the same time to reduce the influence of error changes on the
range of weights proposed by Laina et al. [69]. That is, the
depth model converges when the predicted depth value is as
close to GT as possible, and other loss functions are variants
of the functions mentioned in Table 1.
(1) CNNs-based Methods. Researchers have designed
CNN-based monocular depth estimation networks to learn
depth features layer by layer through their convolution ker-
nels and recover depthmaps by deconvolution tomeet the re-
quirements of scene understanding. This section introduces
two aspects based on the absolute depth or relative depth



Deep Learning for Monocular Depth Estimation: A Review

D
e
e
p

 L
e
a
rn

in
g
 fo

r
 M

o
n

o
c
u

la
r
 D

e
p

th
 E

stim
a
tio

n

Training 

manner

Tasks

Supervised 

leanring 

Semi-

supervised 

learning

Unsupervised 

learning 

Single-task 

learning

Multi-task 

learning

Regression

Classification

Depth + Semantic 

segmentation

Depth + others

[76,162,176,188,191]

[11,33,74,87]

[19,70,76,163,197]

RNN-based

GAN-based

CNN-based

[45,58]

Stereo matching

Monocular 

sequence

[14,34,36]

[57,107,164,167,194]

[54,64,93,149,162]

[6,18,28,55,81]

LIDAR

Surface normal

Synthetic data [94,140,189,191]

[27,49,65,110]

[109,152,184,187]

[37,92,129,133]

Figure 6: The overall diagram of deep learning methods for monocular depth estimation. According to whether the network is
trained with GT, these deep learning methods are divided into supervised, unsupervised, and semi-supervised learning models;
according to the types of network prediction task, these methods are classi�ed into single-task and multi-task learning methods.

learned from monocular images.
For absolute depth learning, Li et al. [76] proposed a

two-streamed framework based onVGG-16 [131] formonoc-
ular depth estimation: one stream for depth regression and
other for depth gradients, which were combined through a
depth-gradient fusionmodule to obtain a coherent depthmap.
The entire model was constrained by the depth loss and the
gradient loss functions, enhancing the generalization abili-
ties of each stream mutually for richer 3D projections. Fur-
thermore, there are many monocular depth estimation meth-
ods based onmore complex CNNs to learn pixel-level depth,
such as VGG-based models [62, 188], ResNet-based mod-
els [69, 71, 188], and DenseNet-based models [71].

For relative depth estimation, Zoran et al. [197] proposed
a method adopting the relative relationship between point-

pairs in the image to infer depth information. They output
the relative relationship between the point-pairs and utilized
the numerical optimization method to obtain the dense depth
maps. Chen et al. [19] proposed a multi-scale network that
predicted pixel-level depth by learning relative depth. The
network was trained with the relative depth loss function
and performed depth recovery on monocular images in an
unconstrained environment, whose root mean square error
(RMSE) was 1.10 comparable to the absolute depth estima-
tion model [83]. Lee et al. [70] designed a CNN to esti-
mate the relative depth at different scales, which was opti-
mally reorganized to reconstruct the final depth map. Their
RMSE was better than most absolute depth methods men-
tioned above.

The absolute depth learning has higher accuracy, and the
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Table 1

The loss functions commonly used in supervised learning for monocular depth estimation,
where d respects the estimated depth, d∗ is the GT depth, y2i = log(d) − log(d∗), � is a
balance factor, and c is a threshold.

Name Formulation
L1(d, d∗) L1(d, d∗) = 1

N

∑N
i=1 ||di − d

∗
i ||1

L2(d, d∗) L2(d, d∗) = 1
N

∑N
i=1 ||di − d

∗
i ||

2
2

L(logd) L(d, d∗) = 1
N

∑N
i=1 y

2
i −

�
N

(

∑N
i=1 yi

)2

Berhu LBerℎu(d, d∗) =

{

|d − d∗
| if |d − d∗

| ≤ c,
|d−d∗|2+c2

2c
if |d − d∗

| > c.

RGB

Depth loss
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Depth
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Back-propagation

Figure 7: The general model of supervised learning for monoc-
ular depth estimation, whose inputs are the RGB and GT depth
images and the output is the estimated depth map.
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relative depth learning models are more robust which aren’t
affected by the data homography.

Combined with CRF. Conditional RandomField (CRF)
is a conditional probability distributionmodel under the con-
dition of a given input sequences [66]. CRF can establish a
structured connection between input and output, where the
key is to construct a reasonable and correct feature formonoc-
ular image depth estimation. In order to regress continu-
ous depth, depth estimation networks with fixed and shared
weights are constructed to learn different patches firstly. Then,
these estimations are propagated to the CRF module to ob-
tain the final depth, as shown in Figure 8.

Based on CRF, Xu et al. [163] proposed an attention
model to automatically learn robustmulti-scale features through
an integrated attention mechanism [85, 146, 155], where the
cascade-CRFs module reduced the RMSE of 0.088 com-
pared to the baseline based on ResNet-50. Ricci et al. [119]
proposed two deep models for monocular depth estimation,
one was based onmultiple CRF cascading, and the other was
based on a unified graph model. Multi-scale features were
merged through CRF integration multi-level cascade. Addi-
tionally, there are lots of CNNs combined with continuous
CRF [75, 83], hierarchical CRF [151], FC-CRF [11, 100], to
predict monocular depth in a supervised manner.

CNN has made great progress in monocular depth es-
timation recently. On the one hand, it learns and fits deep
features to reconstruct the scene depth maps by designing
deeper and more complex networks; on the other hand, it
combines with CRF to analyze and optimize the predictions
of the deep networks, to obtain refined depth map. How to
reconstruct the novel networks to adapt to monocular depth
estimation is an important research direction.
(2) RNNs-basedMethods. RNN-based supervised learn-
ing networks formonocular depth estimation capture the spa-
tial features and temporal information from monocular im-
age sequences [54, 149]. Different from CNN-based mod-
els, the encoder of RNN-based network is designed with all
LSTM (or ConvLSTM) layers or consists of convolution and
LSTM (ConvLSTM) layers to extract and reserve spatial-
temporal features for monocular depth estimation, as shown
in Figure 9.

Kumar et al. [64] proposed the DepthNet with ConvL-
STM [162] layers to predict monocular depth maps and im-
plicitly learned the smooth temporal variation. The encoder
of DepthNet only consisted of eight ConvLSTM layers likes
Figure 9(a), which made the network fully use the tempo-
ral information in sequences, and the convolution operation
helped to maintain the spatial geometric relationships be-
tween the cells. Furthermore, Mancini et al. [93] adopted
LSTM units to exploit the input stream sequentiality and
predict scene depth, where the LSTM layers followed the
convolution layers in the encoder network, illustrated in Fig-
ure 9(b).
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(3) GANs-based Methods. GAN-based supervised net-
works can generate depth maps close to the GT [45, 58], as
shown in Figure 3. Specially, Jung et al. [58] introduced
GANs to the monocular depth estimation, where the gener-
ator consisted of a GlobalNet to extract global features and
a RefinementNet to estimate local structures from the input
image. The entire model was trained with an adversarial loss
built on the estimated depth map and the GT depth map:

min
G

max
D

Ex∼PGT [logD(x)]+Ex∗∼PG [log(1−D(x∗))] (1)

where G is the generator function, D is the discriminator
function, x is the depth estimated by the generator, x∗ is the
GT depth map, and P represents the domain of pixel.
Summary. Supervised deep learning methods have been
widely studied and applied in monocular depth estimation,
mainly including CNN-based, RNN-based and GAN-based
models, where the CNN mainly learns the spatial features
of the scene, the RNN learns the temporal information from
the video sequences, and GAN is introduced to generate and
discriminate depth maps. Because the supervised learning
methods need plenty of GT depth maps as the supervision,
the accuracy rate is high when scale of the predicted depth
map is close to the GT depth map. They can effectively map
the 3D structure of the scene. However, GT depth maps
are difficult to obtain. Therefore, depth estimation methods
based on virtual images have attractedmany researchers, and
many unsupervised learning methods have emerged, which
do not require GT and reduce the requirements for datasets
with GT.
3.1.2. Unsupervised Learning Methods

Supervised learning methods need to input a large num-
ber of images with GT depth maps during the training stage.
However, high-resolution publicly labeled datasets still need
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Figure 10: The principle of stereo matching methods for depth
estimation, where I(L) and I(R) are stereo pair-wise images
taken by the left and the right cameras, respectively.
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Figure 11: The general model of unsupervised methods with
stereo matching for monocular depth estimation.

numerous equipments and intensive labor work. Therefore,
researchers explore unsupervised deep learning methods for
monocular depth estimation without GT depth maps. Un-
supervised monocular depth estimation are usually trained
with stereo pair-wise images or monocular image sequences,
and tested on monocular images or sequences, which are
trained with scene geometric constraints.
(1) StereoMatching. Unsupervised learningmethods are
inspired by traditional stereo matching methods as shown in
Figure 10, which usually utilize left and right images to cal-
culate depth value [136]. The learning model is trained with
stereo pair-wise images and tested on single image, as shown
in Figure 11. The depth network estimates the disparity map
between the left and right images, where the new image can
be constructed with image warping based on the disparity
map and the right image. The pixel p(s) can be obtained
through

p(s) ∼ KT (t→ s)D(t)K−1p(t) (2)
where K is the camera intrinsics matrix, T (t → s) is the
transformation between left and right images,D(t) is the es-
timated depth map, and p(t) is the homogeneous coordinate
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of a pixel in the reconstructed image.
Therefore, the depth network is constrained by the dif-

ference, a reconstruction error, between the source and the
reconstructed image. Common image reconstruction loss
functions are L1 and SSIM [156] as follow:

Lrec =
∑

p
|I(p) − Iw(p)|1 (3)

Lrec = �
1 − SSIM(I(p) − Iw(p))

2
+(1−�)|I(p)−Iw(p)|1

(4)
where I(p) and Iw(p) represents the source image and the
warped image reconstructed from the source image, respec-
tively. � is a weight between L1 norm and SSIM term.

Unsupervised learning methods based on stereo match-
ing usually adopt CNNs formonocular depth estimation. Garg
et al. [34] adopted the general model as shown in Figure 11
to learn monocular depth maps in an unsupervised manner
with the reconstruction loss in L1 norm as Eq.(3) in 2016.
On this basis, a number of researchers began to utilize the
left and right views to train networks with stereo matching
based on 2D CNNs and 3D CNNs.

For 2D CNNs, Godard et al. [36] proposed the left-right
consistency constraints to train the unsupervised network,
where they reconstructed the left and right view simultane-
ously. Their model was constrained by the reconstruction
loss, the disparity smoothness loss, and the left-right dis-
parity consistency. Experiments proved that the addition of
the new loss functions enhanced the accuracy of the pre-
dicted depth map from each view. Moreover, Xie et al. [161]
added a selection layer in image reconstruction, Wong et
al. [158] designed a global-to-local network for feature ex-
traction, Goldman et al. [38] constructed a Siamese network
to learn stereo images, Andraghetti et al. [3] enhanced the
depth estimation with traditional visual odometry. Watson et
al. [157] strengthened stereo matching with depth hints. Ur
et al. [115] applied unsupervised pre-trained filter method.

For 3D CNNs, some researchers adopted context infor-
mation to constrain unsupervised networks in 3D convolu-
tion blocks for monocular depth estimation [14, 59, 60], as
shown in Figure 12. During training, two 2D CNNs with
shared weights learn feature maps from left and right im-
ages, respectively. And then, these two groups of feature
maps are concatenated to the 3D convolution network in a
cost volume module [15, 143] to estimate the final depth
map combined with context information [42, 175]. Spe-
cially, Chang et al. [14] proposed the PSMNet, trained in
a top-down / bottom-up manner to perform unsupervised
monocular depth estimation, where a spatial pyramid pool-
ing module was used as a matching cost volume by aggre-
gating semi-global environment information and a 3D con-
volution module adjusted the matching cost volume by com-
bining multiple stacked hourglass-based 3D CNNs with in-
termediate supervision.

Depth
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Figure 12: The general model based on unsupervised 2D with
3D CNNs for monocular depth estimation, where the weights
of these two 2D CNNs are shared and the cost volume is con-
strained with context information to mapping the depth map.

Estimated depth

Camera pose

Projection

Depth Network

Pose Network

I(t-1)

I(t)

I(t+1)

Figure 13: The general model of unsupervised learning based
on monocular sequences for depth estimation, where the entire
model estimates depth and camera pose simultaneously, and
they project and interact with each other.

Unsupervised learning models based on stereo matching
is mainly constrained by the projection and mapping rela-
tionship between the left and right pair-wise images, which
still require the datasets containing stereo images. There-
fore, how to utilize only a single camera in the training stage
for unsupervised monocular depth estimation has attracted
the attention of researchers.
(2)Monocular Sequences. Unsupervised learningmod-
els trainedwithmonocular sequences consider the scene struc-
ture and camera motion at the same time, where camera pose
estimation is similar to the images transformation estimation
and has a positive impact on monocular depth estimation
[168, 190, 195]. Recently, researchers have introduced the
visual odometry [105, 125] into the depth estimation based
onmonocular sequences, where the scene depth can be learned
by predicting the camera motion.

The general model of unsupervised learning based on
monocular sequences for depth estimation is shown in Fig-
ure 13, which consists of two sub-networks, depth network
for depth estimation and pose network for visual odometry,
respectively. During the training stage, these two networks
are trained jointly, and the entire model is constrained by
image reconstruction loss similar to stereo matching meth-
ods. The difference is that the image warping is built on
adjacent frames of the monocular sequence. For loss func-
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Figure 14: The general model of domain adaptive methods
for monocular depth estimation combined with synthetic data,
where the network in test stage is trained on synthetic data
with GT in training stage.

tions, the smoothness loss and the photometric consistency
loss in stereo matching methods are adopted in the unsuper-
vised methods based on monocular sequences apart from the
reconstruction loss.

Zhou et al. [194] designed two networks to estimate depth
maps and camera motion in the monocular video indepen-
dently, which could be trained jointly or separately with re-
construction loss and photometric consistency loss functions
[144, 154] and tested on one image or monocular sequence.
Their work provided many useful references for subsequent
works, such as, models trainedwith 3D geometric constraints
[91, 167, 193], estimation with uncertainty or confidence
maps [16, 107], networks designed with self-attention [57],
and others [2, 164, 176].
Summary. Unsupervised learning methods for monocular
depth estimation directly learn depth information from ge-
ometric constraints. It mainly includes two types: one is
based on the stereomatching, where the geometric constraints
are built on the left and right images; the other is based on
monocular sequences, where the geometric constraints are
built on adjacent frames. Compared with the supervised
learningmethods, unsupervised learningmethods don’t need
GT depth maps, which reduces the cost of building depth la-
bels yet suffer from lower accuracy.
3.1.3. Semi-supervised Learning Methods

In order to effectively utilize a large amount of relatively
cheap unlabeled data to improve learning performance, re-
searchers have proposed the semi-supervised learning meth-
ods, which introduces other information, such as synthetic
data, surface normals, and LIDAR, as the semi-supervised
learning manners to reduce the model’s dependence on GT
depth maps, which enhance the scale consistency and im-
prove estimated accuracy of depth maps.

RGB image Estimated depth

Sparse depth

Depth 

consistency

Depth network

Figure 15: The general model for monocular depth estimation
with LIDAR, where the sparse depth is captured by LIDAR.

(1) Combined with Synthetic Data. The synthetic data
generated by the graphics engine provides a possible solu-
tion for collecting a large amount of depth data. Thus, re-
searchers introduce synthetic datasets with depth labels to
monocular depth estimation. How to overcome the domain
gap between synthetic and real data is a challenge during
training [10, 118].

With the development of image style transfer and its con-
nectionwith domain adaptation, researchers adopted the style
transfer and adversarial training to estimate depth maps in
real scenes [5, 103], which relied on the models trained with
a large amounts of synthetic data, as shown in Figure 14. The
depth estimation network is trained with synthetic images
and corresponding GT depth maps. During the test stage,
the trained network is applied directly to predict the depth
maps from real RGB images with transfer learning to mini-
mize the gap between the real and synthetic domain.

DispNet [94] was the first network that introduced im-
age style transfer for depth estimation. It utilized a large
comprehensive synthetic dataset to train, and fine-tuned the
model on the less available GT data. Based on the DispNet,
Zheng et al. [192] proposed a two-module domain adaptive
network, T 2Net, where one module was trained with syn-
thetic and real images and reconstructed each other with the
reconstruction loss and generative adversarial loss [21, 26,
39], and these outputs were input into the other module to
predict the real depth maps. Besides, there are more mod-
els with self-attention [191], cycle consistency [189], cross-
domain [44, 140, 141], and others for domain adaptation to
predict monocular depth maps.

Domain adaptation methods can successfully solve the
domain difference of the deep end-to-end disparity estima-
tion network. However, when the illumination or the satura-
tion of the style transfer changes suddenly, the accuracy of
the estimated depth map will decrease accordingly.
(2) CombinedwithLIDAR. Researchers also adopt aux-
iliary depth sensors to capture GT information, such as LI-
DAR, for monocular depth estimation [27, 31, 49, 65, 110].
Auxiliary depth sensors cause some noises and the measured
depth values are usually sparser than GT depth maps. The
general model for monocular depth estimation with LIDAR
is shown in Figure 15. The depth network learns not only
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Figure 16: The general model for monocular depth estimation
combined with surface normal estimation, where the normal-
to-depth module is depended on the geometric relationship
between the depth and normal.

structure features but also depth and noise from sparse data
captured by LIDAR, where the entire mode needs to add the
depth consistency constraint built on the sparse data and es-
timated depth map as follow:

Ldeptℎ(p) =
∑

p
||D(p) −Z(p)||1 (5)

where p is the depth pixel, D(p) is the estimated depth map,
and Z(p) is the sparse data from LIDAR.

Kuznietsov et al. [65] proposed a semi-supervised learn-
ing network formonocular depth estimationwith sparse data,
which input left and right images to the model and built a
stereo alignment as a geometric constraint. Thus, the depth
consistency losses include two parts: one is the error be-
tween the left estimated depth map and sparse data, and the
other is the error between the right estimated depth map and
sparse data. Experiments proved that the added sparse data
did improve the performance than supervised and unsuper-
vised methods [28, 34, 36, 83].
(3) Combined with Surface Normal. There are still
some features with similar information to depth extracted
from the input RGB image, which contribute to predict the
depth maps more accurately and conveniently, e.g. surface
normal.

There is a strong correlation between the surface normal
and the depth: the surface normal is determined by the local
tangent plane of the 3D point, which can be estimated from
the depth; the depth is constrained by the local tangent plane
determined by the surface normal. The general model for
monocular depth estimation combined with surface normal
estimation is shown in Figure 16. Qi et al. [109] proposed
the GeoNet, which consists of a depth-to-normal network
exploiting the least square solution of the surface normal
from depth and a normal-to-depth network refining the ini-
tial depth map in a kernel regression module. They took the
advantage of the theory that surface normals change less in
local plane to refine monocular depth estimation, where the
specific derivation process could be found in Reference [109].

Furthermore, there are somemodels with depth-normal con-
sistency [110, 167], surface regularized constraints [152, 187],
and depth completion [184], for monocular depth estimation
combined with surface normal estimation.
Summary. Semi-supervised learning methods for monoc-
ular depth estimation relies on auxiliary information, such as
virtual data, sparse depth, and surface normals, apart from
learning the depth features from theRGB image, whichmakes
the depth map more accurate than that estimated in unsuper-
vised learning methods. Although auxiliary information is
easier to obtain than GT depth maps, it still increases the
amount of input data and the dependence of depth estima-
tion on it.
3.1.4. Summary

This section mainly reviews and summarizes the deep
learning methods for monocular depth estimation from the
networks training manners, including: supervised, unsuper-
vised, and semi-supervised learning methods. Supervised
learning methods for monocular depth estimation have the
highest accuracy, yet strong dependence on GT depth maps;
unsupervised learning methods build geometric constraints
on the input images to predict depth maps without supervi-
sion, but its accuracy is slightly inferior to supervised learn-
ing and semi-supervised learning methods, where scale am-
biguity, occlusion, and other problems need to be overcome;
semi-supervised learning methods depend on auxiliary in-
formation, which are easier to obtain than GT depth maps.
The summaries for different learning manners are concluded
in Table 2.
3.2. Tasks

From the perspective of task types, deep learning meth-
ods for monocular depth estimation can be divided into two
categories. On the one hand, we can train a single network
only for depth estimation, that is single-task learning; on the
other hand, we can combine depth estimation with other re-
lated tasks to learn together for the features projection and
improve the depth estimation performance, that is multi-task
learning. This section will review the two aspects of single-
task learning and multi-task learning methods.
3.2.1. Single-task Learning Methods

The core of the single-task learning methods is to con-
struct an association model between the RGB image and the
depth map, that is, the model is learned from the RGB im-
age, and recover the depth value. According to whether the
depth value returned by the network is continuous or not,
single-task learning methods can be divided into regression
methods and classification methods.
(1) Regression Methods. Regression methods based on
deep learning usually learn scene structure features from in-
puts and regress continuous depth values to fit the input.
Most of the existing monocular depth estimation methods
are regression methods, which can directly obtain a depth
map containing continuous pixel-level depth values. The
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Table 2

A summary of the deep learning methods for monocular estimation in supervised, unsu-
pervised, and semi-supervised learning manners.

Methods Models Descriptions Remarks Papers

Supervised Figure 7
GT depth maps are used as the su-
pervision signal of the deep learn-
ing network.

High precision, simple framework,
yet heavy dependence on GT. [29] [33] [69] [163]

Unsupervised Figure 11
Using epipolar geometric con-
straints instead of GT as the super-
vision.

GT is not required, but there are
problems such as scale blur, dy-
namic blur, and occlusion.

[34] [36] [38]

Semi-
supervised

Figure 14
Figure 15
Figure 16

Relying on virtual data, sparse
depth, surface normal and other
auxiliary information.

Heavy dependence on the auxil-
iary information. [65] [109] [192]
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Figure 17: The general model of classi�cation methods for monocular depth estimation, where the discretization module discretizes
continuous depth values, and the mapping module combines the segmented depth maps into the �nal depth map.

general model of regression methods is similar to Figure 5,
where the estimated depth values are continuous.

According to the deep learning model used, it can be di-
vided into CNN-based [27, 69, 76], RNN-based [64, 162,
176], and GAN-based regression methods [45, 191]. Zhang
et al. [188] proposed an end-to-end progressive hard mining
network (PHN) to regress depth maps, in which an intra-
scale module restored the depth information, an inter-scale
module fused the depth cues, and a hard-mining refinement
module constrained the recursive refining and reduced error
propagation to fully learn boundaries of different scales and
estimate depth maps in regression.

Ideally, the estimated depth values should be continuous.
However, regression methods for monocular depth estima-
tion are usually faced with more complex network structures
and constraint functions. Therefore, some researchers began
to discretize the depth values and introduced the classifica-
tion methods to learn depth maps.

(2) Classification Methods. Depth estimation and se-
mantic segmentation are similar, and both are pixel-level
predictions. Taking into account the characteristics of the
scene from far to near, classification is also used to estimate
monocular depth maps, as shown in Figure 17. Firstly, the
continuous depth values are discretized. Then, the depth es-
timation network learns the corresponding classification la-
bels for discretized depth values and regresses segmented
depth maps. Finally, these segmented depth maps are com-
bined into the final depth map.

There are several deep learning models in classification
for monocular depth estimation, such as full convolutional
models [11], residual models [74, 116, 134], and ordinal
classification models [33, 87]. Fu et al. [33] put forward
a deep ordered classification network to estimate monocu-
lar depth maps. It performed linear sampling on the depth
value in logarithmic space, and arranged all categories in de-
scending order according to the distance relationship, where
the discrete depth values were used for ordered regression
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Figure 18: The general model for monocular depth estimation
combined with semantic segmentation, where the shared en-
coder captures the scene structure features and two separate
decoders perform semantic segmentation and depth regression
respectively.

network training. Experiments proved that treating depth es-
timation as a regression problem might lead to larger errors
in areas too far or too close to the camera, while treating as
a classification problem could effectively avoid a relatively
large error for predicting a larger depth value.
Summary. Single-task learningmethods formonocular depth
estimationmainly include regression and classificationmeth-
ods, where the regression methods directly returns continu-
ous depth values, and the classification methods discretize
the depth values firstly and then regress those in piecewise.
However, the network and constraint functions of the regres-
sion are becoming more and more complex, and it is easy
to cause local minima; and the classification method has a
strong dependence on the discretization form and weight set-
ting, otherwise the loss will be increased.
3.2.2. Multi-task Learning Methods

In order to make full use of the complementarity of the
depth and other features, researchers have proposed to de-
sign a unified framework for jointmulti-task training, and the
features extracted from different tasks are projected to each
other to enhance the final depthmap. This section introduces
the depth estimation methods combined with semantic seg-
mentation in monocular images and the methods combined
with visual odometry, optical flow estimation, and others in
monocular videos.
(1) Combined with Semantic Segmentation. Scene
perception includes many aspects, where depth information
describes the geometric relationship in space, and the se-
mantic information represents the entitymeaning of different
parts in the scene [90, 106, 171]. These tasks share similar
context information [24, 79]. Many works have been pro-
posed to combine semantic segmentation with depth estima-
tion, processing data under the same neural network [56, 98,
113, 186].

The model for monocular depth estimation and semantic

segmentation consists of one encoder network and two de-
coder networks for depth regression and semantic labels pre-
diction, where these two decoder networks share weights, as
shown in Figure 18. During training, we can train only one or
two-both tasks at the same time. The shared encoder learns
feature maps from the input, yet two decoders with shared
weights to recover depth maps and semantic segmentations,
respectively. Furthermore, the whole model is constrained
by the attention guidance from context information, and the
predicted results will be back-propagation to update network
parameters and optimize the results.

Eigen et al. [28] were the first to unify the three tasks of
depth, surface normal, and semantic annotation. Based on
that, more andmoremethods have been proposed formonoc-
ular depth estimation with semantic segmentation. Atapour-
Abarghouei et al. [6] considered depth estimation as a super-
vised image-to-image translation problem with a generative
network and applied adversarial learning to force the model
to select a mode to overcome the multi-modal problem re-
sulting in blurry outputs. For semantic segmentation, they
applied a fully supervised generative network trained with
cross-entropy loss functions. What’smore, models with self-
attention [55], instance segmentation [17, 150], multi-scale
learning [100], guidance manner [18, 43], and others [81,
187] are proposed to estimatemonocular depth combined se-
mantic segmentation. Experiments proved that the addition
of semantic information did increase the accuracy of monoc-
ular depth estimation.

Monocular depth estimation combinedwith semantic seg-
mentation can take advantage of the context information of
the scene, overcoming problems such as object boundaries
blur and improving the accuracy of the predicted depthmaps.
(2) Combinedwith others. In addition to combiningwith
semantic segmentation tasks, depth estimation based onmonoc-
ular video is often combined with other tasks, such as vi-
sual odometry [20, 30, 179] and optical flow estimation [169,
173].

Visual odometry is similar to the images transformation
estimation and accurate camera pose estimation contributes
to image reconstruction and further helps depth estimation [168,
190, 195]. However, most early methods only consider static
scenes, which are no longer applicable in the dynamic scene
actually. Because there are usually dynamic objects in real
scenes, such as cars and pedestrians. In order to better esti-
mate the depth maps of the dynamic scene, researchers have
introduced optical flow estimation into monocular depth es-
timation. Optical flow estimation can capture motion in-
formation in the scene, which contributes to the monocular
depth estimation of dynamic scenes [92].

Based on the combination with visual odometry and op-
tical flow estimation, there are a large quantity of works deal-
ing with dynamic objects in the scene and the problems of
occlusion andmotion blur [37, 112, 153]. The general model
ofmonocular depth estimationwith visual odometry and flow
estimation is shown in Figure 19, which usually consists of
multiple sub-networks and each sub-network performs a dif-
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Figure 19: The general model for monocular depth estimation
combined with visual odometry and �ow estimation, which
includes three sub-networks: the depth network, the �ow net-
work, and the pose network for depth, scene �ow, and camera
pose estimation, respectively.

ferent task. All tasks are jointly trained and the estimation
of each task project and promote each other.

For dynamic objects and occlusion, Godard et al. [37]
proposed an automatic occlusionmethod,Monodepth2, which
minimized photometric error to reduce the artifacts at the
object boundary, and improved the sharpness of the occlu-
sion boundary. At the same time, they put forward an auto-
masking method to filter out some pixels that didn’t change
in appearancewhen dynamic objectsmoved at the same speed
as the camera in the scene. Moreover, there are some meth-
ods dealing dynamic objects with object masks [147], object
motion estimation [12], flow consistency [97, 153], displace-
ment field [112], etc.

In addition to combining visual odometry and optical
flow estimation, there are some works that combine features
estimation for further pixel-level depthmaps estimation [129,
133, 174]. For example, Spencer et al. [133] proposed an un-
supervised network framework, DeFeat-Net, that could si-
multaneously learn monocular depth, dense feature repre-
sentation, and self-motion. It was robust and could work in
many challenging environments, such as changing weather
and light conditions, with established pixel-wise loss func-
tions [23, 72, 132].
Summary. Multi-task learningmethods formonocular depth
estimation usually predict depth maps with other tasks, such
as semantic segmentation, visual odometry, and scene opti-
cal flow estimation. By capturing features related to depth
information in the scene, the accuracy of depth estimation
is improved and the scene understanding is enhanced. How-
ever, there are still many challenges in multi-task learning
that need to be overcome, such as limited datasets with se-
mantic labels or missing labels, motion blur and occlusion
caused by dynamic objects in the scene.
3.2.3. Summary

This section mainly reviews and summarizes the deep
learning methods for monocular depth estimation based on

the task types, including single-task learning and multi-task
learning methods. Single-task learning methods usually es-
timate monocular depth maps in regression or classification
manner, distinguished from whether the returned depth val-
ues are continuous or discrete. Multi-task learning methods
usually combine depth estimation with semantic segmen-
tation, camera pose, and scene flow estimation, which are
trained jointly and interact with each other. The summaries
for different learning tasks are concluded in Table 3.

4. Datasets and Metrics
This section introduces the datasets and evaluation met-

rics of deep learningmodels for monocular depth estimation.
4.1. Datasets

There are a number of datasets for monocular depth es-
timation, with different types and depth ranges between in-
door and outdoor scenes. This section introduces some com-
mon datasets in deep learning methods for monocular deep
estimation.
KITTI. KITTI dataset [35] is an outdoor dataset formonoc-
ular deep estimation and object detection and tracking based
on deep learning, which is jointly developed by Karlsruhe
Institute of Technology in Germany and Toyota Institute of
Technology in the United States, as shown in Figure 20(a).
KITTI dataset is captured through a car equipped with 2
high-resolution color cameras, 2 gray-scale cameras, laser
scanner and global positioning system (GPS), whose max-
imum measuring distance is 120m. The dataset contains a
total of 93,000 RGB-D training samples, including five cate-
gories: “Road”, “City”, “Residential”, “Campus”, and “Per-
son”, from the city of Karlsruhe, the wild area and the high-
way. The original image size of KITTI is 1,242 × 375, and
its ground-truth depth maps are sparse.
NYU Depth V2. NYU Depth V2 dataset [130] is an in-
door dataset for monocular depth estimation based on deep
learning, which is provided by Silbereman et al. at the New
York University. NYU Depth V2 dataset contains 407,024
frames of RGB-D image pairs captured by aRed-Green-Blue
(RGB) camera and the Microsoft Kinect depth camera to si-
multaneously collect the RGB and depth information of 464
different indoor scenes. The original image size of NYU
Depth V2 is 640 × 480 and the depth of the dataset ranges
from 0.5m to 10m. Due to the positional deviation between
the RGB and the depth camera, the original depth maps con-
tain missing parts or noises. Therefore, authors select 1,449
images from the dataset and use the coloring algorithm [73]
to fill and obtain dense depth maps, which are manually la-
beled with the semantic information. The 1,449 samples
are divided into 795 training samples and 654 test samples.
Some samples of NYU Depth V2 dataset are shown in Fig-
ure 20(b).
Make3D. Make3D dataset [123, 124] is another outdoor
dataset for monocular depth estimation based on deep learn-
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Table 3

A summary of the single-task and multi-task learning methods for monocular estimation,
where multi-task learning methods include depth estimation with semantic segmentation.

Methods Models Descriptions Remarks Papers

Single-task Figure 7 Only perform a single-task of
monocular depth estimation.

Predicting monocular depth maps
by regression or classification. [33] [87] [188]

Depth with
semantic
segmenta-
tion

Figure 18
Adopting the complementarity be-
tween depth information and se-
mantic information for multi-task
learning.

The accuracy of depth estimation
is improved by applying context
information.

[6] [18] [28] [55]

Depth with
others Figure 19

Using inter-frames geometric con-
straints and image reconstruction
to learn multi-task estimations.

No need for GT, but problems with
scale blur, re-projection, dynamic
blur, and occlusion.

[37] [133] [169]
[194]

(a)

(b)

(c)

(d)

Figure 20: Samples of monocular depth estimation datasets. (a) is KITTI dataset [35], (b) is NYU Depth V2 dataset [130], (c)
is Make3D dataset [123, 124], and (d) is SceneNet RGB-D dataset [95] (the left images are RGB images and the right are the
ground-truth depth maps).

ing, which is constructed by Saxena et al. in Stanford Uni-
versity. Make3D dataset includes daytime city and natural
scenery, with depth maps being collected by a laser scanner.
The depth ranges from 5 m to 81 m, and the range larger
than that is uniformly mapped to 81 m. This dataset con-
tains a total of 534 RGB-D image pairs, 400 of which are
used for training and 134 are used for testing. The original
resolution of the RGB image is 2,272 × 1,704, and the res-
olution of the depth map is 55 × 305 pixels. Some samples
of Make3D dataset are shown in Figure 20(c).
Virtual Datasets. The above datasets, KITTI, NYUDepth
V2, and Make3D, are all collected from real scenes. There
are some virtual datasets generated by computers, such as
SceneNet RGB-D dataset [95], and SYNTHIA dataset [121].
These virtual datasets include various scene types under dif-

ferent weather, environment, and lighting conditions. The
appropriate dataset should be selected according to the spe-
cific task in research. Some samples of SceneNet RGB-D
dataset are shown in Figure 20(d).
4.2. Metrics

Evaluationmetrics proposed by Eigen et al. [29] is adopted
to evaluate and compare the performance of depth estima-
tion methods. Evaluation metrics include error and accuracy
metrics. The error metrics (smaller is better) include ab-
solute relative error (Abs.rel), square relative error (Sq.rel),
rootmean square error (RMSE), and the logarithm rootmean
square error (log RMS); the accuracy rate metrics (the big-
ger the better) include � < 1.25t, where t = 1,2,3. These
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metrics are formulated as:
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where di and dgti are the predicted and ground-truth depth re-
spectively at the pixel indexed by i, and T is the total number
of pixels in all the evaluated images.
4.3. Analysis and Comparisons

In order to evaluate and compare these monocular depth
estimation methods based on deep learning, we adopted the
publicly available pre-trained networks trained or tested on
KITTI [35] dataset. Table 4 illustrates some properties of the
deep learning methods, including year, supervision, main
contributions, tasks, and training data. The performance
comparison of various methods is listed in Table 5, includ-
ing error metrics and accuracy metrics. We don’t describe
the properties and performance of all themethodsmentioned
above, but only summarize some representative models.

5. Challenges and Trends
Over the past several years, monocular depth estimation

based on deep learning has been extensively researched and
developed. However, there are still some limitations needed
to be overcome.

1) In order to improve the accuracy, researchers deepen
the layers of the deep neural networks, which increases the
memory usage and space complexity.

2) Inmulti-task learning, deep learningmethods formonoc-
ular depth estimation always apply multiple sub-networks or
sub-modules to process different sub-tasks, which increases
the amount of calculation and memory consumption.

3)Monocular depth estimation networks usually are enco-
ding-decoding networks. After multiple layers of informa-
tion processing, the depth features are severely lost, which
leads to the low-accuracy estimated depth maps and cannot
meet the requirements of practical applications.

In this section, this paper summarizes the key challenges
and looks at the directions for future research of monocular
depth estimation.

Integration and optimization of the network frame-
work. In many supervised learning models, semantic seg-
mentation will be added with depth estimation, but it is still
an independent module that handles independent tasks. In
the unsupervised learning methods, there are generally mul-
tiple sub-networks which are able to learn depth estimation,
visual odometry, and flow estimation, respectively. How-
ever, these networks are not well connected, which leads to a
large number of parameters increasing the memory require-
ments and calculations. How to better integrate the network
is a research direction and is worth exploring in the future.

We can obtain different features at the same time by us-
ing the same deep learning network, such as semantic in-
formation, optical flow features, and depth features. In the
encoding stage, different types of features are extracted and
matched at the same time; in the decoding stage, they are
decoded separately to meet the application requirements.
Datasets construction. The quality of datasets largely
determines the generalization ability and robustness of the
deep learning model. In order to improve the results of depth
estimation, more data, with better quality and more scene
types, is needed. However, these existing datasets used for
depth estimation are relatively limited, and the construction
of a new dataset is time-consuming and expensive. At present,
some researchers utilize computers to generate a large num-
ber of images for depth estimation, but the quality is uneven.
How to construct a dataset for monocular depth estimation
that meets deep learning is a future research direction.
Dynamic objects and occlusion problems. Realistic
scenes are usually complicated, such as containing a large
number ofmoving objects, occlusions, illumination changes,
weather changes. However, most of the existing depth esti-
mation models only consider the ideal conditions. Although
some researchers have begun to deal with dynamic objects
and occlusion scenes and have made some progress recently,
how to better estimate the depth of complex scenes to meet
practical applications is still a very challenging task, which
is an important future research direction.
High-resolution depth map output. Depth estimation
is a fundamental step for practical applications such as aug-
mented reality (AR) and virtual reality (VR), and it has a
high demand for the accuracy and resolution of the depth
map. However, the resolution of the depth predicted by most
of the current depth estimation models is usually low, for the
purpose of improving calculation efficiency. At present, re-
searchers have used color image super-resolutionmodels [77,
80, 108] to refine the super-resolution of depth maps [104,
120, 160]. But how to directly output the high-resolution
depth map is still a direction that needs to be studied.
Real-time performance. Image depth estimation is the
basic module of SLAM, which is closely integrated with in-
dustrial applications, such as autonomous driving. There-
fore, practical applications have high requirements for the
real-time performance of depth estimation. However, in or-
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Table 4

Properties of the deep learning methods for monocular depth estimation. �Sup.� is �S�
representing the supervised, �U� representing the unsupervised, and �Semi� representing
the semi-supervised method. �Data� is the training data, where �RGB-D� means RGB and
depth maps, �Stereo� means stereo images, �Mono.seq� means monocular sequences, and
�Stereo.seq� means stereo sequences.

Papers Year Sup. Main Contributions Tasks Data

Eigen [29] 2014 S Coarse-to-�ne, CNN Depth RGB-D

Eigen [28] 2015 S Multi-scale, CNN.
depth, normal, semantic
annotation

RGB-D, semantic
labels

Zoran [197] 2015 S
Relative dense depth, numerical
optimization, residual network

Depth RGB-D

Laina [69] 2016 S BerHu loss, residual network Depth RGB-D

Li [76] 2017 S
Two-stream framework, depth-
gradient fusion, CNN

Depth RGB-D

Xu [163] 2018 S Cascade-CRFs, attention model Depth RGB-D

Mancini [93] 2017 S Convolution+LSTM Depth Mono.seq+depth

Kumar [64] 2018 S ConvLSTM Depth Mono.seq+depth

Jung [58] 2017 S GAN, global-to-local Depth RGB-D

Garg [34] 2016 U Image reconstruction, CNN Depth Stereo

Godard [36] 2017 U
Left-right photometric and dis-
parities consistency, disparity
smoothness loss

Depth Stereo.seq

Zhou [194] 2017 U
Reconstruction and photometric
consistency loss

Depth, camera pose Mono.seq

Chang [14] 2018 U
Spatial pyramid pooling module,
2D+3D CNN

Depth Stereo

Zhou [193] 2018 U
Bundle adjustment, super-
resolution, clip loss

Depth, camera pose Mono.seq

Goldman [38] 2019 U
Siamese network, geometric
consistency

Depth Stereo

Guizilini [42] 2020 U 3D packing, SfM-based Depth, camera pose Mono.seq

Poggi [107] 2020 U Depth uncertainty estimation Depth Mono.seq

Zheng [192] 2018 Semi Domain adaptive, GAN Depth Synthetic RGB-D

Zhao [189] 2019 Semi
Domain adaptive, cycle consis-
tency, GAN

Depth Synthetic RGB-D

Kuznietsov [65] 2017 Semi
LIDAR, stereo geometric con-
straint

Depth Stereo, sparse GT

Qiu [110] 2019 Semi
LIDAR, binary mask, attenetion
map

Depth, normal RGB, sparse GT

Qi [109] 2018 Semi
Normal-to-depth, depth-normal
consistency

Depth, normal RGB

Zhang [187] 2019 Semi Cross-task, a�nity learning
Depth, normal, semantic
segmentation

RGB, semantic la-
bels

Dos [27] 2019 Semi
Sparse-to-Continuous, Hilbert
maps [114], occupancy map

Depth RGB, sparse GT

Zhang [188] 2018 S
Progressive hard mining net-
work, learning multi-scale
boundaries

Depth RGB-D

Fu [33] 2018 S Ordered regression Depth RGB-D

Liu [87] 2020 S
ConvLSTM, ordinal classi�ca-
tion

Depth Mono.seq

Atapour [6] 2019 U
Temporally consistency, depth
completion, GAN

Depth, �ow, semantic
segmentation

Mono.seq

Wang [150] 2020 U
Semantic Divide-and-Conquer
Network

Depth, semantic and in-
stance segmentation

Mono.seq

Godard [37] 2019 U
Per-pixel minimum re-projection
and multi-scale estimation for
occlusion

Depth, camera pose Mono.seq

Spencer [133] 2020 U
Minimun re-projection, auto-
masking

Depth, dense feature,
camera pose

Mono.seq
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Table 5

Evaluation on KITTI dataset and best result is emboldened and bolded. The slower of the
error metrics, the better; and the higher of the accuracy metrics, the better. �Sup.� is �S�
representing a supervised method, �U� representing an unsupervised method, and �Semi�
representing a semi-supervised method.

Methods Sup. Abs.rel Sq.rel RMSE log RMS � < 1.25 � < 1.252 � < 1.253
Eigen [29] S 0.203 1.548 6.307 0.282 0.702 0.890 0.958

Liu [83] S 0.201 1.584 6.471 0.273 0.680 0.898 0.967

Mancini [93] S 0.312 0.107 5.654 0.366 0.512 0.786 0.911

Kumar [64] S 0.137 1.019 5.187 0.218 0.809 0.928 0.971

Xu [163] S 0.122 0.897 4.677 - 0.818 0.954 0.985

Fu [33] S 0.072 0.307 2.727 0.120 0.932 0.984 0.994
Chen [18] S 0.118 0.905 5.096 0.211 0.839 0.945 0.977

Garg [34] U 0.152 1.226 5.849 0.246 0.784 0.921 0.967

Godard [36] U 0.148 1.344 5.927 0.247 0.862 0.960 0.964

Wong [158] U 0.133 1.126 5.515 0.231 0.826 0.934 0.969

Goldman [38] U 0.113 0.898 5.048 0.208 0.853 0.948 0.976

Andraghetti [3] U 0.091 0.548 3.690 0.181 0.892 0.956 0.979

Watson [157] U 0.106 0.780 4.695 0.193 0.875 0.958 0.980

Guizilini [42] U 0.078 0.420 3.485 0.121 0.931 0.986 0.996
Atapour [6] U 0.193 1.438 5.887 0.234 0.836 0.930 0.958

Zhou [194] U 0.208 1.768 6.856 0.283 0.678 0.885 0.957

Yin [169] U 0.155 1.296 5.857 0.233 0.793 0.931 0.973

Casser [12] U 0.109 0.825 4.750 0.1866 0.874 0.958 0.983

Wang [153] U 0.112 0.418 2.320 0.153 0.882 0.974 0.992

Godard [37] U 0.115 0.903 4.863 0.193 0.877 0.959 0.981

Johnston [57] U 0.106 0.861 4.699 0.185 0.889 0.962 0.982

Spencer [133] U 0.126 0.925 5.035 0.200 0.862 0.954 0.980

Shu [129] U 0.104 0.729 4.481 0.179 0.893 0.965 0.984

Dos [27] Semi 0.123 0.641 4.525 0.199 0.881 0.966 0.986
Atapour [5] Semi 0.110 0.929 4.726 0.194 0.923 0.967 0.984

Zhao [189] Semi 0.143 0.756 3.846 0.217 0.836 0.946 0.976

Zhao [191] Semi 0.143 0.927 4.679 0.246 0.798 0.922 0.968

der to obtain higher accuracy, researchers often construct
deeper networks, withmore parameters andmore constraints,
to perform depth estimation, which requires more calcula-
tion time and thus cannot meet the real-time requirements of
practical applications. Therefore, how to apply a lighter net-
work for real-time estimation while ensuring the accuracy of
prediction is a future research direction.

6. Conclusion
Monocular depth estimation plays an important role in

scene understanding and high-accuracy depth maps are ben-
eficial to the realization of multiple applications. This pa-
per introduces related deep learning models and summarizes
deep learning-basedmonocular depth estimation algorithms,
from training manners to task types. Furthermore, this pa-
per also summarizes the properties and performance of these
monocular depth estimation methods. Finally, this paper
identifies the potential challenges and suggests some future
research directions of the monocular depth estimation based
on deep learning.
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