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Abstract— In recent years, supervised deep learning methods
have shown a great promise in dense depth estimation. However,
massive high-quality training data are expensive and impractical
to acquire. Alternatively, self-supervised learning-based depth
estimators can learn the latent transformation from monocular
or binocular video sequences by minimizing the photometric
warp error between consecutive frames, but they suffer from
the scale ambiguity problem or have difficulty in estimating
precise pose changes between frames. In this paper, we propose
a joint self-supervised deep learning pipeline for depth and egomotion estimation by employing the advantages of adversarial
learning and joint optimization with spatial-temporal geometrical
constraints. The stereo reconstruction error provides the spatial
geometric constraint to estimate the absolute scale depth. Meanwhile, the depth map with an absolute scale and a pre-trained
pose network serves as a good starting point for direct visual
odometry (DVO). DVO optimization based on spatial geometric
constraints can result in a fine-grained ego-motion estimation
with the additional backpropagation signals provided to the depth
estimation network. Finally, the spatial and temporal domainbased reconstructed views are concatenated, and the iterative
coupling optimization process is implemented in combination
with the adversarial learning for accurate depth and precise egomotion estimation. The experimental results show superior performance compared with state-of-the-art methods for monocular
depth and ego-motion estimation on the KITTI dataset and a
great generalization ability of the proposed approach.
Index Terms— Depth estimation, ego-motion, self-supervised,
adversarial learning, direct visual odometry.

I. I NTRODUCTION

T

HE computer vision society has regarded 3D localization
and reconstruction as a pure geometric problem in the
past. The epipolar geometry constraint between two views
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Fig. 1. Scale ambiguity in monocular vision, in which the lack of the absolute
scale of the scene results in different estimated depths of P with varying
displacement d. Thus, the projected pixels in the image plane might have
equal coordinates when using different pose scales based on the structure
from motion methods for monocular cameras. Different d values result in
distinct depth estimations of the 3D point P.

is widely used for visual odometry (VO), which estimates
the relative pose between two frames. In recent years, deep
learning has become prevalent for a variety of computer vision
tasks. Numerous researchers attempt to design deep learning
methods to solve the depth and ego-motion problems.
Most depth estimation and VO models are trained in a
supervised manner, in which enormous ground truth depth
and pose datasets are required. However, it is difficult and
expensive to acquire the massive datasets, not to mention the
issues that arise when the quality of the datasets varies with
the use of different sensors and the capture process under
distinct conditions. When less ground truth depth maps are
used for learning, the depth estimation performance degrades
severely. In contrast, unsupervised learning [1] provides an
alternative way to force a deep network to learn the transformation relations between frames. Zhou et al. [2] propose to
use the photometric warp error between adjacent frames as
the supervised signal to jointly train two deep networks for
monocular depth and ego-motion estimation, respectively.
However, the current monocular framework, which relies
on the visual difference between consecutive frames, suffers
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from the scale ambiguity problem as shown in Fig. 1. More
specifically, the lack of the absolute scale results in various
pairs of poses T (including rotation R and translation t) and
depths D with different scales. Thus, the projected pixels in the
image plane might have equal coordinates when using different
pose scales based on the structure from motion(SfM) methods
for monocular cameras. Although the use of binocular video
sequences can solve scale ambiguity problems, the learned
deep networks will be restricted for use with the same stereo
camera setups. Simultaneously, depth estimation based on
deep learning is due to its semantic learning capabilities rather
than direct geometric constraints.
Steinbrucker et al. [3] propose a direct VO (DVO) method
to model the relationship between input dense depth maps
and output pose predictions. The optimization objective is to
minimize the pixel-level photometric warp error for sequential
RGB-D images. DVO methods show better accuracy when the
motion between frames is small, since they use the dense direct
geometry information.
In the past few years, generative models achieve impressive
success in modeling complex high-dimensional data distributions, of which Generative Adversarial Networks (GANs) [4]
have become a powerful framework for generative and potential spatial learning. However, depth estimation, as a more
difficult generative task, has yet to be fully explored.
In this paper, we proposed a joint self-supervised learning
based pipeline for depth and ego-motion estimation by integrating adversarial learning with spatial-temporal geometric
constraints. Specifically, a generator is trained to combine
both a depth-pose net and DVO to generate a reconstructed
view conditioned on a warping formula; and the original view
is then fed into a discriminator that is adversarially trained
to distinguish whether the reconstructed view is plausible or
not. The rationale behind our idea is that a generator producing accurate depth maps and poses will also lead to better
reconstructed images, which are harder to be distinguished
from original unwarped images by the discriminator, thereby
pushing the generator to build more realistic warped images
and thus more accurate depth and pose predictions. The part
of this work was presented in IEEE ICME conference [63],
the contributions of our proposed architecture are summarized
as follows:
1. We incorporate deep learning-based depth estimation with
the spatial geometrical constraint of stereo reconstruction and
the temporal geometrical constraint of DVO. This framework
enables making full use of the semantic learning ability of deep
learning for accurate dense depth estimation, while solving the
scale ambiguity problem.
2. Ego-motion estimation based on deep learning learns
only the latent transformation between frames, while it is not
accurate for small pose changes. The DVO used to refine
the estimated ego-motion by the pose-net, which provides a
fine-grained pose estimation for adjacent frames, and gives
an effective back-propagation gradient to the depth estimation
network.
3. The proposed joint training pipeline of adversarial
learning and the traditional geometry method enables an
iterative coupling optimization process for accurate depth
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and fine-grained ego-motion estimation. This pipeline also
exploits conditional GAN during training to refine the
reconstructed view from a generator, taking advantage of
the latent distribution rather than a binary variable from the
discriminator to train both the discriminator and generator.
Extensive experiments demonstrate that our framework outperforms most advanced technologies; the depth estimation
results are not only quantitatively more accurate but also
qualitatively more detailed and VO estimation is also closer
to the ground truth.
II. R ELATED W ORK
A. Depth Estimation from images, as one of the crucial
techniques in 3D scene reconstruction, has been playing
an important role for many computer vision applications.
However, the estimated depth map by traditional methods
has defects, for example, depth inhomogeneity, local depth
deletion, high computational complexity, and the requirement
of a postprocessing module. All these problems make the
traditional depth estimators encounter difficulty when applied
to real-world scenarios.
With the development of neural network, Eigen et al. [5],
[6] proposed a series of works using deep learning methods
to estimate depth in a supervised manner, thus using groundtruth depth at training time. More specifically, a multiscale
deep network with scale-invariant losses is proposed to learn
representations directly from image pixels instead of extracting
features from image batches. Similar works have also been
reported [7]–[13]. However, supervised deep learning methods
need a vast amount of training images with high quality
ground truth depth data, which are expensive and intractable
to capture.
To alleviate this laborious ground truth collection problem,
many unsupervised learning frameworks are proposed for
depth estimation. Garg et al. [14] propose an unsupervised
deep learning method by using stereo image pairs that are
captured by two cameras whose pose translation relationship is
known. Godard et al. [15] improve the estimation performance
by adding the left-right consistency to the loss function of
the network. In addition, some works [16]–[19] use stereo
matching in combination with other advantageous strategies
to estimate the depth and achieve the desired effect.
Zhou et al. [2] train a depth network and a pose network
from monocular sequences. To obtain promising performance
in depth and ego-motion estimation by using the photometric
error in videos as the supervisory information in training. The
works in [20], [21] improve the method in [2], but all of them
do not solve the scale ambiguity problem.
There are other strategies for solving monocular depth
estimation problems, such as specially designed network structures [22]–[24] combined with information such as optical
flow [25]–[27]. Some works [28], [29] use edge information
for network optimization and had achieved ideal results.
Similar to the works of [14], [15], [19] we train the depth
estimator that uses the baseline constraint between stereo
images to obtain the absolute scale. In addition, the stereo
spatial reconstruction constraint and temporal constraint from
monocular videos are jointly imposed in the deep learning
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framework to produce more accurate ego-motion estimation,
resulting in a more reliable depth map.
B. Visual Odometry techniques compute the location
and orientation for moving robots in an unknown
environment from a series of images captured by the
mounted cameras. In the past decades, model-based and
geometry-based VO approaches have been studied widely.
Steinbruecker et al. [3] proposed a DVO method to model
the relationship between input dense depth maps and output
pose predictions. The target was to minimize the pixel-level
photometric warp error for sequential RGB-D images.
Compared with VO approaches using sparse features, DVO
approaches show better accuracy when the motion between
frames is small since they use all the dense information.
Recently, data driven-based or deep learning-based
VO methods have shown promising results due to their
powerful learning ability and good robustness in various
challenging environments. Kendall et al. [30] presented
a convolutional neural network (CNN)-based approach,
of which RGB images are the input and the six-degree
pose is the regression output. Wang et al. [31] proposed an
end-to-end DVO pipeline adopting deep recurrent CNNs.
Moreover, ego-motion estimation based on deep learning
methods are further studied in the works of [32].
It is worth noting that, the abovementioned approaches
require either manually labeled camera poses or ground truth
of depth data. In contrast, unsupervised learning methods,
which are trained with only unlabeled raw data, are much easier to deploy and have more practical potential. Zhou et al. [2]
trained an end-to-end unsupervised learning network containing a depth network and a multiview pose network using
monocular sequences. Unfortunately, it suffers from the scale
ambiguity problem since only the orientation of camera movement is known while the absolute metric is unknown.
Furthermore, the authors in [33], [34] adopt stereo image
pairs to recover the absolute scale and solve the scale ambiguity issue. We are thus motivated to integrate the absolute
scale recovery module and DVO to realize a self-supervised
pose estimation deep learning framework, which is able to not
only avoid the problems of scale ambiguity but also improve
the ego-motion estimation accuracy.
C. Generative adversarial networks (GANs) [4] generates
high-quality samples leveraging the idea of a unique zero-sum
game and confrontational training and have more powerful
feature learning and expression capabilities than traditional
machine learning algorithms. The representations learned by
GANs can be used in a variety of applications, including image
and the text generation [35], [36], style transfer [37], image
super-resolution [38], latent space learning [39], [40], etc.
The GANs have attracted substantial attention for their
advantage in data generation problems. The backpropagation
algorithm (BP) is used to train two networks. Specifically,
the generator and discriminator networks can work together
to provide a powerful framework for creating unsupervised
learning models. However, some problems exist in the vanilla
GAN, such as the vanishing gradients, the difficult training
procedures, the inability of the loss function of the generator
and the discriminator to guide the training process, the lack oof
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diversity of sample generation, the susceptibility of training to
overfitting, etc.
Arjovsky et al. [41] propose a Wasserstein GAN (WGAN)
that uses the Wasserstein distance (also known as
earth-mover’s distance, EMD), instead of using the
Jensen¨CShannon (JS) or Kullback-Leibler (KL) divergence
to measure the distance between real and generated samples.
Subsequently, Gulrajani et al. [42] propose an improved
WGAN structure, named WGAN-GP denoting a WGAN
with a gradient penalty, to implement the Lipschitz constraint
method instead of the weight clipping in WGAN. The
WGAN-GP method is shown to produce a generated sample
with a higher quality than that of WGAN with stable training.
Yang et al. [43] reconstruct the complete three-dimensional
(3D) structure of a given object from a single arbitrary
depth view. Using the adversarial learning combination of
the autoencoder generation capability and the conditional
GAN (CGAN) framework, the precise and refined threedimensional (3D) structure of the objects in the highdimensional voxel space is inferred.
Pilzer et al. [44] propose a reconstruction of disparity
maps by employing two generator subnetworks through joint
training of adversarial learning, organized in a circular form to
impose constraints during the supervision. Different from [44],
although the adversarial training is used, [44] is based on the
loss of cyclic consistency, and only the constraint information of the binocular stereo pair is used; however, we are
conducting the adversarial training under the joint spatial
and temporal constraint. The generation function proposed by
Kumar et al. [45] learns the adjacent image depth map and the
relative target pose, the discriminant function of which learns
the distribution of monocular images and correctly classifies
the authenticity of the composite image. Similar strategies are
also applied to stereo pairs [46]. Kim et al. [47] use adversarial
loss to fit the distribution of depth predictions with the groundtruth depth, producing perceptually more convincing solutions.
Our pipeline also exploits the GAN during training to refine
the reconstructed view from the generator, taking advantage
of the latent distribution rather than a binary variable from the
discriminator to train both the discriminator and generator.
III. T HE P ROPOSED A PPROACH
The proposed joint deep learning pipeline is shown
in Figure 2, where the absolute scale of the dense depth
map is estimated by minimizing the photometric warp error
between left-right images with a stereo reconstruction error
being used as a spatial geometrical constraint. Meanwhile,
the deep learning pose network is used as an initial point
for the geometrical optimization and the DVO estimates the
fine-grained ego-motion even for a small pose change by
using the inverse compositional algorithm with the temporal
constraint between adjacent frames. The joint training pipeline
benefits from adversarial learning and traditional geometrical
optimization.
A. Spatial Geometric Constraint for Depth Estimation
To calculate the absolute scale of the depth map, stereo
images are used to train the depth-network as shown
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Fig. 2. The framework of the proposed method. Given a pair of spatial stereo images Il−t2 , Ir−t2 and an extra temporal image Il−t1 , the spatial constraint

from Ir−t2 , while the temporal constraint that establishes on the
aims to minimize the photometric warp error between Il−t2 and its reconstruction Il−t2

from Il−t1 . Finally, the reconstructed view and the target
DVO attempts to minimize the photometric warp error between Il−t2 and its reconstruction Il−t1
view are further fed into the discriminator, aiming to distinguish the distributions of latent representations of real and reconstructed views, while the generator
is trained to force these two distributions to resembled each other.

in Figure 2. Given the baseline of a stereo system, which
is provide clear geometric constraints in the spatial domain,
the depth estimation network is adopted to obtain depth maps.
Consequently, we can use the baseline distance and focal
length information to convert the depth data into disparity
data, and then use it to reconstruct the left/right views. The
photometric consistency between the reconstructed view and
the target view is used as supervisory information for training
the depth estimation network.
Specifically, for those overlapping regions of a stereo image
pair, the corresponding pixels of a left-right image-pair can be
matched by their disparity d, which is calculated as:
d = b f × Dinv ,

(1)

where b is the baseline distance of the stereo camera; f is
the focal length; and Dinv is the inverse depth value of the
corresponding pixel.
Stereo matching is based on the work of Godard et al. [15],
such that given a stereo image-pair Il−t 2 and Ir−t 2 , where
Il−t 2 is the target view and Ir−t 2 is the reference view,

we can synthesize the reference view Il−t 2 as Ir−t
2 from
the source view Ir−t 2 by using the horizontal distance d.
Similarly, we can reconstruct the right image from the given
left image. A hybrid loss function Ls−l1 , which combines
the structural similarity (SSIM) index [48] and L1 norm,
is used as the left and right photometric consistency loss of

the synthesized view and the target view:


{Ls−l1 [Il−t 2 (x i ), Ir−t
Ll =
2 (x i )]},
xi


Lr =
{Ls−l1 [Ir−t 2 (x i ), Il−t
2 (x i )]},
xi

Ls = Ll + Lr .

(2)
(3)
(4)

The summation of the left and right photometric consistency
loss is the spatial geometry constraint. Since the pose between
the left and right images is fixed in a stereo system, there is no
pose estimation involved. Thus, the direct supervision of the
depth-net by the left and right consistency loss is added in the
network, and absolute scale of the monocular video sequence
can be calculated, resulting in an accurate depth map.
B. Temporal Geometric Constraint for Ego-Motion
Estimation
In addition, the temporal geometric constraint can be
exploited for ego-motion estimation. Given a temporal imagepair Il−t 1 and Il−t 2 , during the training of pose-net, the adjacent frames are reconstructed by the image warping process.
For each pixel point pl−t 2 in the target view Il−t 2 , we first
project it to the adjacent reference view Il−t 1 according
to the predicted depth and the predicted pose of the camera. Then, the value of the pixel of the target view Il−t 2
is reconstructed at position x i using bilinear interpolation.
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Since the Jacobian matrix and the Hessian matrix in the
inverse compositional algorithm do not need to be recalculated
in each iteration, the inverse compositional algorithm has
faster convergence than the gradient descent method. It is
also worthy of noting that DVO is convergent only when the
initial error r is close to zero; thus, a good initial pose is
a prerequisite for obtaining an optimal solution. Therefore,
we jointly train depth-net and pose-net in the first stage to
provide pose initialization for DVO, and the DVO provides a
temporal geometry constraint to refine the pose-net. For the
initial error caused by excessive motion, we use the image
pyramid to downsample the input image and use the depth
map to ensure the convergence of the algorithm.

Algorithm 1 The inverse compositional algorithm

C. Joint Training With Spatial-Temporal
Geometrical Constraints

The projected coordinates are obtained by:

Il−t
1 = f (K , Tt2 →t1 , D) · Il−t 1 ,

(5)


where Il−t
1 is the reconstructed target view of Il−t 2 based on
the pose prediction function f , K is the camera’s intrinsic
matrix; D is the depth value of the pixel in the target view
Il−t 2 , and Tt 2→t 1 is the camera coordinate transformation
matrix from the target view to the reference view. We can
synthesize the target view Il−t 2 from the reference view Il−t 1
using the estimated pose and spatial transform [49]. Therefore,
the photometric consistency loss between the monocular image
sequences is:


{Ls−l1 [Il−t 2 (x i ), Il−t
(6)
Lt =
1 (x i )]}.
xi

Eq. (6)implies that the reconstruction accuracy is highly
reliant on the depth map and the pose between two views.
Since the depth map obtained is accurate with absolute scale
in this paper, and thus, the temporal reconstruction error is
backpropagated mainly to adjust the pose between two views
in a self-supervised manner. However, the obtained pose may
not be accurate since the self-supervised learning process
learns the approximation of transformation with no geometry
information involved.
Inspired by the recent advance in DVO, we use DVO as an
explicit temporal geometric constraint for ego-motion estimation. DVO is a generalized image registration method based
on Gauss-Newton minimization to accelerate convergence, and
uses the inverse compositional algorithm to improve computational efficiency [50], [51]. DVO takes the target view Il−t 2 ,
the corresponding depth map D and the adjacent reference
view Il−t 1 as inputs, and aims to find an optimal camera
pose P to minimize the photometric error between the warped
reference image and the target image in an iterative manner;
the objective of DVO is:

[(W (x i , p, D)) − Il−t 2 (x i )]2 ,
(7)
Lt −vo = mi n p
xi

where W is the warping transformation, and p is the parameter
of pose T . This nonlinear least square problem can be well
solved by the Gauss-Newton method. To improve computational efficiency, instead we use the inverse compositional
algorithm [51].

In our proposed joint training pipeline, the depth and egomotion estimations are optimized with spatial and temporal
geometrical constraints. Meanwhile, the depth and pose
networks provide a credible initial pose and a depth estimate
without scale ambiguity through pretraining, respectively. The
depth and ego-motion estimation are optimized in an iterative
manner, which means the depth map with absolute scale
improves the ego-motion estimation based on DVO, while
the DVO errors are backpropagated to the depth network
to improve the estimation accuracy. More specifically, for
the photometric consistency loss of the monocular image
sequence, our reconstruction errorL is related to only the
depth D and the pose T ; thus, the training objective can be
described as:
Ldvo = argmi n τ mi n p L{ f D (τ ), f T ( p)},

(8)

where τ is the parameter of depth-net,and p is the parameter
of camera pose T . Given a depth D, minimizing L{ f T ( p)}over
camera pose p can be viewed as the function
argmi n p L{ f T ( p)} = f T (D, Il−t 1 , Il−t 2 )

(9)

where D is f D (τ ). Our solution to the pose predictor f T can
be expressed as the best pose by minimizing the photometric
consistency loss, such that by substituting Eq. (9) into Eq. (8),
we can derive:
Ldvo = argmi n τ L{ f D (τ ), f T [ f D (τ )]}.

(10)

Therefore, in the differentiable DVO process [50], the effect
of depth on the photometric consistency loss mainly derives
from two aspects: the partial derivative of loss over depth and
pose.
dLdvo
∂Ldvo ∂Ldvo ∂ f T
=
+
.
d fD
∂ fD
∂ fT ∂ f D

(11)

Eq. (11) shows that our depth-net can obtain additional
backpropagation information from the pose prediction. In view
of this, the temporal geometry constraint establishes a direct
relationship between the depth map and the pose in the DVO
process, and provides additional error gradients to the depthnet to optimize the network, resulting in a more accurate depth
map and fine-grained ego-motion.
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Moreover, in order to obtain smooth depth predictions,
our approach encourages depth local smoothing by introducing edge-aware smoothing terms in the joint optimization
process. Edge smoothness loss is based on the work of
Godard et al. [15], expressed as:


 

 
 
∂x Dx  e−∂x Ixi  + ∂ y Dx  e−∂ y Ixi  . (12)
Lsm =
i
i
xi

Our total loss function for view synthesis based on geometric constraints is:
Lgc = αLs + β(Lt −v 0 + Lt ) + γ Lsm .

(13)

Since the loss is defined on top of spatial geometric constraints and temporal geometric constraints, rather than utilizing labeled data, our proposed network is an self-supervised
learning network. Depth-net uses the spatial geometric constraint between stereo pairs to restore the absolute scale of
the depth map, while the two consecutive monocular images
use temporal geometric constraints to estimate the camera
pose and introduce DVO to provide additional backpropagated
error information to optimize the depth map, which in turn
refines the ego-motion. Finally, spatial-temporal geometry
constraints are used to reconstruct the temporal image-pairs
to achieve joint optimization of the depth network and the
pose network. Although our system is trained with binocular
video sequences, only a monocular camera is used in deployment, thus, our proposed network is a monocular system for
depth and ego-motion estimation based on monocular video
sequences.
D. Global Optimization With Adversarial Training
In addition to the photometric error between the reconstructed view and target views, which is essentially the pixellevel difference between two views, the reconstructed view
tends to be blurred by using photometric error. The beauty of
the adversarial learning is to force the network to generate a
high-quality reconstructed view instead of a blurred image, and
the error signal from adversarial learning will be backpropagated to the depth estimation network (part of the generator)
to refine the depth map. In adversarial training, we use a
joint view synthesis network as a generator, which is a depthpose prediction network with geometric optimization. Under
the supervision of the synthetic view, through the feedback
adjustment, the networks learn the correlation between the
overall structure and the depth-pose of the view, and eventually
it generates reliable depth and pose transformation information. To better evaluate the difference between the synthetic
view and the real target view, the synthetic view and the
target view are further fed into the discriminator, aiming to
distinguish the distributions of latent representations of real
and synthetic views, while the generator is trained to force
these two distributions resemble each other.
In our adversarial training framework, the potential distribution of the high-dimensional real or reconstructed views from
the discriminator stabilizes the training of the GAN based on
WGAN-GP loss [42]. On the other hand, if the training is
based on the standard cross-entropy loss, it can cause the GAN
to collapse easily.

4135

The generator is first trained to minimize the geometric constraint-based loss function Lgc , as a content loss to
synthesize the reconstructed view. In adversarial learning,
the reconstructed image is generated by using the loss function
Lg as follows
Lg = Lgc + δ(−E[D(y  )]),

(14)

where the real view and the reconstructed view are identified
by the loss function Ld .


Ld = E[D(y  )] − E[D(x)]+λE[(∇ y ∗ D(y ∗ )2 − 1)2 ], (15)
where y ∗ = x + (1 − )y  , ∼ U [0, 1], x is the real view
and y  is the reconstructed view. A detailed definition and
derivation of the loss function can be found in the related
works [41], [42].
In this paper, minimizing Lgc tends to synthesize a reasonable reconstruction view; in adversarial training, minimizing
Lg tends to have a more similar data distribution for the
synthesized view than the target view. By minimizing Ld ,
we can improve the discriminator’s ability to distinguish
between a target view and a reconstructed view.
IV. E XPERIMENTS
In this section, performance of the proposed joint learning
and estimation pipeline is validated on both monocular and
stereo sequences. We show the qualitative and quantitative
evaluation results on the benchmark KITTI [52] dataset and
compare with state-of-the-art monocular depth estimators and
VO methods. In addition, we also test the generalization
ability of the proposed method on the Make3D [53] and
NYUDv2 [54] datasets.
The system is trained with the KITTI dataset, which contains 61 video sequences, including 42382 rectified stereo
pairs. The original image resolution is downsampled from
1242×375 size to 640×192 size for computational efficiency.
Two different data split methods on the KITTI dataset are
adopted to evaluate the depth and ego-motion estimation
performance, respectively. For monocular depth estimation,
we use the Eigen-split scheme [5]. For the quantitative comparison, we employ several metrics that have been used in
prior works [5]:




gt   gt
Abs Relative difference: T1 p∈T d p − d p  d p .




gt 2  gt
Squared Relative difference: T1
dp .
p∈T d p − d p 





gt 2
RMSE: T1 p∈T d p − d p  .





gt 2
RMSE (log): T1 p∈T log d p − log d p  .

gt
d
d
= δ < thr,
Threshold: % of d p s.t. max gtp , dpp
dp

where T is the number of pixels with ground-truth in the
gt
test set, d p and d p are the ground truth and predicted depths,
respectively, at a pixel indexed by p. Regarding the evaluation
of VO performance, the official KITTI Odometry set is used
to train and test our proposed networks.
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0.01. It should be noted that in the mixed loss function Ls−l1 ,
the ratio of SSIM to L1 is 0.85:0.15.
C. Depth Estimation Results

Fig. 3.
Adversarial-net structure, where the adversarial loss drives the
synthetic view toward the real view, producing perceptually more convincing
solutions.

A. Network Architecture
1) Depth-Net: Our depth-net is composed of an encoder and
a decoder, which is similar to the network structure in [15].
The skip-connections scheme is adopted to fuse the features
from different lower layers of the encoder [55], [56]. The
rectified linear unit (ReLU) is used as the activation function
after the last prediction layer in the depth-net. The output
of our depth-net is the inverse of depth Dinv , instead of the
depth. Since ReLU might produce a zero prediction, i.e., for
an infinite
 depth output in the network, we use the formula
D = 1 Dinv + 10−4 to convert the inverse of depth to
depth.
2) Pose-Net: Our pose-net has a similar network structure
to the one described in [34]. The input of the pose-net is
two consecutive monocular frames, and the six degrees of
freedom (DoF) pose matrix is the regression output, which can
be converted to a 4 × 4 transformation matrix. The pose-net
contains seven convolutional layers and three fully connection
layers.
3) Adversarial-Net: For the adversarial network, we design
a unique fully convolutional network (FCN) that is combined
with the flatten operation. The details of the network are shown
in Figure 3. A total of seven convolutional layers are used, and
every convolution layer in the adversarial network are activated
with a leaky ReLU except for the last layer, which uses the
sigmoid function instead. Finally, the flattening operation is
performed on the convolved features. Our discriminator is
designed to output the corresponding long latent vector which
represents distributions of the real view and the synthetic view.
B. Training Hyper-Parameters
We train our CNNs in the TensorFlow framework [57], and
the Adam optimizer [58] is used for parameter optimization,
and set [β1 , β2 , ] = 0.9, 0.999, 10−8 . The network contains 50 million trainable parameters, and takes approximately
13 hours to train using a single NVIDIA RTX 2080ti. The
training typically converges after approximately 200K iterations. The initial learning rate of all training networks is set
to be 0.001. When the network iterates to 20% of the total
iteration number, the learning rate is set to be half of the
original value. The weights in the geometric constraint loss
function is set to α, β, γ = [1, 1, 0.1], which empirically
ensures a high stability in our training process.
For the WGAN-GP, λ is set as 10 for the gradient penalty
as in [42]. In adversarial training, we set the weight δ to

1) Results on KITTI: The Eigen-spilt method selects
697 images from the 28 sequences in KITTI as the test
datasets for monocular depth estimation. The rest of the
33 scenes containing 23,488 stereo pairs are used for training.
We use the same settings as configured in [33], resulting
in 23,455 temporal stereo pairs for training and 697 images
from the images split for testing.
To obtain a fair comparison, the 80 meters is used as
the maximum depth threshold values for metric evaluation.
Table I and Figure 4 present the error measurements of
different methods and the visualization results of estimated
depth maps, respectively. As shown in Table 1, the methods
trained on the KITTI raw dataset are denoted by K. D denotes
depth supervision, S denotes stereo input pairs, M denotes the
monocular video sequence and MS means monocular video
sequences combined with stereo pairs. Models with additional
training data from CityScapes [60]are denoted by CS+K.
Our approach performs much better than state-of-the-art depth
estimators in terms of lower estimation errors and higher
accuracy.
For the algorithms trained with depth ground truth [5], [7],
the direct learning from the input image to depth depends
entirely on the fitting ability of the neural network. However,
the depth samples are limited and there is no additional
geometric constraint; therefore, the generalization ability of
supervised methods is not satisfied.
Unlike the algorithms for training monocular sequences [2],
[50], which use only temporal domain information, our proposed method makes full use of the geometric constraints of
temporal-spatial domain information to achieve better results.
Compared with the binocular sequence algorithms, we use
the geometric constraints in the traditional DVO algorithm to
optimize the pose estimation in the spatial domain, and provide
additional error propagation for the depth estimation network
to achieve better poses.
In addition, in order to better integrate the temporal constraint with the spatial constraint, we concatenate the synthetic
views of the spatial domain and the temporal domain, and
optimize with the adversarial training to approximate the distribution of the target view, resulting in favorable performances
for depth estimation. As seen in Figure 4, we obtain better finegrained depth estimation than that of works in [2], [15] and
[33], and the object boundaries are preserved much better.
2) Ablation Studies: Table II shows an ablation study on
depth estimation for our method, which illustrate the importance of each component of the proposed system. Among
them, ‘temporal’ denotes training process with only monocular
video sequences. ‘spatial’ denotes training with binocular
video sequences, where stereo pairs provide baseline approximations. ‘direct-vo’ denotes the use of DVO in the framework
with geometric constraints imposed on the temporal domain,
and ‘adv-learn’ denotes the adversarial training of synthetic
views and target views.
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TABLE I
Q UANTITATIVE C OMPARISONS OF O UR M ETHOD W ITH THE M ETHODS R EPORTED IN THE L ITERATURE ON THE T EST S ET OF THE KITTI R AW D ATASET
U SED BY THE E IGEN -S PILT

Fig. 4. Qualitative comparison results on the KITTI dataset. Here, ground truth depth maps are interpolated for visualization purposes. Compared to
Zhou et al. [2], Godard et al. [15] and Zhan et al. [33], our depth map prediction preserves more details and provides a more precise reconstruction of objects,
such as the van, person, guidepost and tree.

The comparison of the experimental results of the two
methods demonstrates that each component is beneficial for
improving the depth estimation performance. The comparison
of Method T and Method TS shows that the geometric
constraints from spatial domain are more powerful than the
geometric constraints of the temporal one, since the baseline of
the stereo pair provides accurate spatial geometric constraints,
while the temporal domain geometric constraints suffer from
the mutual coupling of depth and pose.
A comparison of Method TS and Method TS+Adv shows
that adversarial training can learn the relevant structural

information between the synthesis view and the target view
and provide effective feedback for the deep network, similar
to the conclusion reached by Kumar et al. [45]. The difference
is that we use a more advanced adversarial loss function and a
more effective self-supervised learning optimization scheme,
without using the depth ground truth information for training.
Method TS+DVO shows that the joint usage of spatialtemporal geometric constraints can provide better feedback
for the depth estimator and further improve performance.
Method TS+DVO+Adv demonstrates that the best performance of depth estimation is achieved when using the
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TABLE II
A BLATION S TUDY ON THE T EST S ET OF THE KITTI R AW D ATASET U SED BY THE E IGEN -S PILT S CHEME . T HE R ESULTS A RE C APPED AT 80 M D EPTH .
M EANS T HAT THE C ONSTRAINT IS U SED , A DV * R EPRESENTS THE R ESULT OF U SING VANILLA GAN

Fig. 5.

Qualitative ablation study. We can see that our model with all added components results in better depth artifacts.

combination of all the components. Furthermore, we are not
the first to use generative adversarial ideas for such tasks.
In [46], the authors tried to use a vanilla GAN in a similar
framework; however, the improvement in the results shown in
the paper was not significant. Initially, we also used a vanilla
GAN in our framework, and similarly, the effect showed a
limited improvement. As it does not always obtain better
results, we analyzed the reasons for these findings.
The discriminator aims to distinguish whether the warped
images are plausible or not. If we use 0/1 to judge, there is
no way to give the generator an accurate signal, the reason
is that both the target image and reconstruction images are
high-dimensional distributions. To naively classify it as only
two categories would fail to capture geometric details of
the object. Alternatively, our discriminator is designed to
output the corresponding long latent vector that represents the
distributions of the target image and reconstruction images,
and we use WGAN-GP as loss functions for our framework.
Therefore, our discriminator is employed to distinguish the
distributions of latent representations of the target image and
reconstruction image, while the generator is trained to make
the two distributions resemble each other.
In addition, in the ablation studies, we have expanded the
qualitative comparison, as shown Figure 5, and we can see
that our model with all the added components results in better
depth artifacts.
3) Results on Other Datesets: To evaluate the generalization
ability of our monocular depth estimation model, we further
test the model trained by KITTI on the test dataset Make3D
[53] directly. Quantitative evaluation results are provided
in Table III, from which we can state that our model obtains

Fig. 6.

Qualitative results on the Make3D dataset.

comparable and even better performance than most of the
other methods. It is worth noting that the models used as
comparisons in Table III are not trained on the Make3D
dataset; analogous to the proposed approach,they use only
Make3D to demonstrate the generalization capabilities. From
the experiments, we can say that the global scene structures
are well captured by our model. As shown in Figure 6, object
details in the image can be estimated precisely. In addition,
we tested the model trained by KITTI directly on the widely
used authoritative indoor dataset NYU-Dv2 [54], and the
results are shown in 7. We also obtained reasonable depth
predictions on the indoor dataset.
D. Pose Estimation Results
To obtain a fair comparison both qualitatively and quantitatively, we used the same KITTI Odometry dataset as in Sfm [2]
for training. The KITTI Odometry-split provides only ground
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TABLE IV
V ISUAL O DOMETRY R ESULTS E VALUATED ON S EQUENCE 09 AND 10 OF
THE KITTI O DOMETRY D ATASET. LC D ENOTES L OOP C LOSURE . terr
I S AVERAGE T RANSLATIONAL RMSE D RIFT (%). rerr IS AVERAGE
ROTATIONAL RMSE D RIFT (◦ /100 M )

TABLE V
Q UANTITATIVE E VALUATION OF THE O DOMETRY TASK U SING THE
M ETRIC OF THE A BSOLUTE T RAJECTORY E RROR

Fig. 7.

Qualitative results on the NYU-Dv2 dataset.

TABLE III
R ESULTS ON THE M AKE 3D D ATASET. T HE E RRORS A RE C OMPUTED
O NLY FOR P IXELS IN A C ENTRAL I MAGE C ROP W ITH G ROUND
T RUTH D EPTH L ESS T HAN 70 M ETERS . A LL OF M ODELS A RE NOT
T RAINED ON THE M AKE 3D D ATASET AND U SE O NLY M AKE 3D
TO E VALUATE THE G ENERALIZATION C APABILITIES

truth camera poses of 11 videos indexed from 00 to 10. We use
videos indexed from 00 to 08 for training, and the rmaining
are used for testing.
We use monocular images to test all the methods under
comparison. Since SfM [2], VISO2-M [61] and ORB-SLAM
[62] have the scale ambiguity problem, the absolute scale of
camera poses and depth maps cannot be recovered. Hence,
we conduct postprocessing to align their results with the
ground truth. Referring to DFR-F [33], the reconstructed map
by ORB-SLAM and VISO2-M are rescaled to match the
ground truth map according to the standard protocol. The
pose estimation between frames in SfM [2] works only
in short videos that last for five frames. By tuning the
scale factor, each of the short videos is aligned to the
ground truth independently. Therefore, the measured error
for [2] represents only the relative translation error for short
sequences.

Since our approach jointly optimizes DVO and the absolute
scale from stereo images, we do not need any postprocessing
for scale alignment in evaluation. We obtain the estimated
framewise camera pose by applying the proposed approach
to the entire sequences. Based on the evaluation protocol of
the KITTI VO dataset, we use possible sub-sequences with
the length (100, 200, …, 800). Table IV shows the average
translation error and the rotation error for testing the sequences
09 and 10. As seen from Table IV, our stereo vision-based
VO learning approach obtains superior results to those of the
monocular learning method in SfM [2], VISO2-M [61] and
ORB-SLAM [62]. Compared with the other stereo visionbased method DFR-F [33], our performance is the best. Note
that, we do not have the loop closure step in our framework.
In Table IV, we also show the effect of adding various optimization modules on the pose estimation through the ablation
study. It can be seen that the performance improvement of the
joint optimization of all modules is the most significant.
In addition, we evaluate our pose estimation performance
using the average of the absolute trajectory error. The results
are shown in Table V. Compared to other deep learning
methods, we have achieved similar or better results.
Since the KITTI sequence is recorded by cameras that
are mostly mounted on moving cars, the camera coordinate
y representing the camera height is almost constant. Thus,
only the z, x components in the trajectories generated by the
different methods are displayed, as shown in Figure 8. All
methods are tested with monocular images. The purple title is
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Fig. 8.

Qualitative result on visual odometry. Full trajectories on the testing sequences (09, 10) are plotted.

the deep learning method, and the red title is the traditional
algorithm, our method is the better among all methods.
V. C ONCLUSION
We presented a self-supervised learning framework for
monocular depth estimation and monocular VO measurement.
To obtain the depth estimation of images without the scale
ambiguity, stereo image pairs with known transform poses
are used for training. When the absolute scale is determined,
VO can be computed by minimizing the photometric warp
error between consecutive frames in sequences. We note
that DVO can calculate the camera pose matrix between
frames without learning the pose transform by CNN models.
By incorporating DVO, our learning strategy requires fewer
parameters and promising for many applications. In addition,
our pipeline uses a view synthesis framework based on spatial
and temporal geometric constraints as a generator, and a
discriminator network is used to distinguish the synthetic view
from the real target view, while a global joint optimization is
performed by adversarial learning. The experimental results
show that our model obtains a more accurate pose reference
and a fine-grained dense depth map estimation.
In the future, we will consider solving the problems of
occlusions, nonrigid objects, and dynamic scenarios in the
framework. The SfM technique can be incorporated in the
pipeline. Moreover, since no bundle adjustment (BA) is implemented in the proposed system, our VO estimation performance is worse than the state-of-the-art SLAM systems. Thus,
integrating BA into our pipeline is another plan.
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