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Abstract— Depth estimation is one of the most important
tasks in scene understanding. In the existing joint self-supervised
learning approaches of depth-pose estimation, depth estimation
and pose estimation networks are independent of each other.
They only use the adjacent image frames for pose estimation and
lack the use of the estimated geometric information. To enhance
the depth-pose association, we propose a monocular multi-frame
unsupervised depth estimation framework, named PLPE-Depth.
There are a depth estimation network and two pose estimation
networks with image input and pseudo-LiDAR input. The main
idea of our approach is to use the pseudo-LiDAR reconstructed
from the depth map to estimate the pose of adjacent frames.
We propose depth re-estimation with a better pose between the
image pose and the pseudo-LiDAR pose to improve the accuracy
of estimation. Besides, we improve the reconstruction loss and
design a pseudo-LiDAR pose enhancement loss to facilitate the
joint learning. Our approach enhances the use of the estimated
depth information and strengthens the coupling between depth
estimation and pose estimation. Experiments on the KITTI
dataset show that our depth estimation achieves state-of-the-art
performance at low resolution. Our source codes will be released
on https://github.com/IRMVLab/PLPE-Depth.

I. INTRODUCTION

Autonomous systems and intelligent robots have long
been people’s pursuits [1]–[3]. Depth information is of great
significance for the environment perception of them and is
widely used in autonomous robot localization and navigation
[4], 3-D reconstruction [5], object detection [6], etc. Based
on some sensors such as LiDAR and RGB-D cameras, depth
information can be directly acquired. However, they are often
expensive [7], large in size, and have high power consumption.
By contrast, depth estimation from monocular images costs
less and is easy to be applied.

Monocular depth estimation is widely studied. Traditional
methods, such as structure from motion (SfM) [8] and stereo
vision matching [9], rely on feature matching and can only
obtain sparse depth maps. With the development of deep
learning, pixel-level end-to-end depth estimation of an image
becomes a reality [10], [11]. The mainstream methods can be
divided into supervised, self-supervised, and semi-supervised.
The self-supervised method does not need expensive depth
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ground-truth and uses neighboring frames as supervised
signals, thus realizing the joint learning of depth and pose.
Various novel network structures, loss functions, and data
augmentation methods have been proposed [12]–[17]. The
current results of self-supervised depth estimation can even
be comparable to some supervised approaches.

However, in previous works, the pose is usually estimated
by independent convolutional neural networks, which only
use adjacent image frames as input, and ignore the use
of estimated depth information. 3D scene flow estimation
studies the motion correlation of adjacent frames [18]–[21].
In addition, a large number of pose estimation algorithms
based on 3D point clouds have been proposed, which have
achieved comparable results on LiDAR odometry [22]–[24].
Considering that the estimated depth map can be reconstructed
to 3D point clouds (pseudo-LiDAR), we can use the point
cloud pose estimation network to estimate the pose of the
pseudo-LiDAR.

We propose a new self-supervised training framework for
joint training of depth and pose. Our framework consists
of two pose estimation networks. One is a convolutional
neural network with images input, and the other is a point
cloud based pose network with pseudo-LiDAR input. A
pseudo-LiDAR is an explicit representation of the scene’s
3D information, although it may be inaccurate. On the one
hand, the pose estimation of the pseudo-point cloud can test
the accuracy of the depth estimation. The more accurate the
pseudo-point clouds are, the more accurately the pose can be
estimated. On the other hand, the pseudo-point clouds contain
more three-dimensional information than the images, which
are more capable of estimating the pose with higher accuracy.
We improve the image reconstruction loss to strengthen the
coupling of depth estimation and pose estimation so that they
can promote each other to obtain higher precision results.

As far as we know, this paper is the first attempt to
use pseudo-LiDAR to enhance depth estimation. The main
contributions of this paper include:

• We propose PLPE-Depth, a new self-supervised monocu-
lar depth estimation framework that uses pseudo-LiDAR
pose estimation to enhance the utilization of estimated
depth information.

• We propose depth re-estimation, which strengthens the
mutual coupling between depth estimation and pose
estimation. We get the optimal pose from the image
pose and the pseudo-LiDAR pose, which is the one with
minimum reconstruction loss. The enhanced depth map
is reestimated with the optimal pose.

• We design a pseudo-LiDAR pose enhancement loss with
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the enhanced depth map and the pseudo-LiDAR pose. It
can facilitate the joint training of depth estimation and
pose estimation.

• Our approach achieves state-of-the-art performance at
low resolution on the KITTI dataset.

II. RELATED WORK

A. Supervised Depth Estimation

Dense depth ground truth can be obtained using depth
sensors such as RGB-D cameras and LiDAR. It can be used
as the depth estimation regression target. Eigen et al. [10]
first use convolutional neural networks for depth estimation.
There are two convolutional neural networks for global depth
estimation and local refinement, and the global estimation
result is part of the local network input. In addition, they
introduce a scale-invariant loss to measure depth relationships.
They build a network structure in [25] that can perform three
tasks: estimating image depth, surface normals, and semantic
labels. A series of scales are used to make depth estimation
gradually refined. Laina et al. [26] use ResNet-50 [27] for
depth estimation, which reduces network parameters so that
the network can operate in real-time. They also propose a
new loss called the Reverse Huber loss, which uses different
calculation methods for pixels with large and small error
estimates. Cao et al. [28] formulate depth estimation as a
classification problem, estimating the depth range of each
pixel and using cross-entropy loss for training. Bhat et al.
[29] divide the depth range into multiple bins, and the final
depth result is the weighted sum of the center values of each
bin. Their method can accommodate differences in depth
distribution between images.

B. Self-supervised Monocular Depth Estimation

The self-supervised monocular depth estimation methods
no longer rely on the supervision of depth ground truth
and use image reconstruction loss from monocular image
sequences to train. However, illumination variation, occlusion,
and dynamic objects can affect the accuracy of reconstruction
loss. Godard et al. [30] propose a minimal reconstruction loss
to solve the occlusion problem, and a multi-scale sampling
method to solve the visual tail shadow. They also mask the
pixels that have not changed in neighboring frames to solve
the interference caused by moving objects. Klingner et al.
[31] use a network branch to semantically segment images,
distinguish dynamic objects and mask them to solve the
interference of dynamic objects. Their semantic segmentation
network and depth estimation network can be trained jointly.
Jung et al. [32] also explore how to use semantic information
to improve depth estimation performance, and they propose
a metric learning method. Watson et al. [33] introduce depth
hints to prevent the reprojection loss from falling into local
minima. Some works build new frameworks. Zhao et al. [34]
construct a geometry-aware symmetric domain adaptation
framework (GASDA) inspired by CycleGAN [11]. MLDA-
Net [35] proposes multi-level feature extraction and a global
and local dual attention strategy.

C. Multi-frame Monocular Depth Estimation

Monocular cameras can provide continuous image se-
quences, and some works have attempted to use image
sequences at test time to improve depth estimation [36]–[43].
Among them, the test-time refinement method requires a lot
of extra computation for a group of test images, the time
cost is high [38]. The second method uses a recurrent neural
network to extract the features of sequence frames [41], [42].
This does not explicitly use the geometric information of
sequence frames. Independent of recurrent neural networks
and test time refinement, [43] proposes A new multi-frame
depth estimation model. They design an end-to-end adaptive
cost volume and introduce new losses to overcome dynamic
object effects. Our method is improved based on ManyDepth
[43].

D. Pseudo Point Cloud and Deep LiDAR Odometry

LidAR is one of the main sensors for autonomous driving.
It can provide high-precision 3D scene information, but
the cost is expensive. Recently, pseudo-liDAR point clouds
reconstructed by depth estimation have been widely used
in object detection [6], [7], [44], scene flow estimation
[45], and visual odometry [46], etc. Deep LiDAR Odometry
is a hot research topic. The main idea is to estimate the
pose transformation of continuous point clouds through the
network. Some works have designed innovative network
structures and achieved good estimation results [22], [47]–
[50]. The pseudo-LiDAR has the same data type as the point
cloud acquired by LiDAR. These networks can also be applied
to pose estimation of pseudo-LiDAR.

III. MAIN APPROACH

A. System Overview

We propose a novel self-supervised multi-frame monocular
depth estimation framework. The input to the system contains
a continuous RGB image sequence (It−N , It−N+1, ..., It)
and camera intrinsics matrix K. We aim to obtain a high-
accuracy multi-frame monocular depth estimation network
θdepth. The estimated depth map is expressed as Dt =
θdepth(It−N , It−N+1, ..., It). The framework of our method
is shown in Fig. 1. We introduce a pseudo-LiDAR point cloud
pose estimation network θpc_pose. The estimated depth map
is reconstructed into a pseudo-LiDAR. After preprocessing
of the pseudo-LiDAR, the pose estimation of the continuous
frame pseudo-LiDAR is carried out. Pseudo-LiDAR contains
more 3D information than images so that it can achieve more
accurate pose estimation. In the training process, we can
obtain two kinds of poses: the image-input network pose
estimation Tt→t′_image and the pseudo-LiDAR-input network
pose estimation Tt→t′_pc. We will calculate the photometric
reconstruction error separately and choose the optimal pose
to perform depth re-estimation. We design a Pseudo-LiDAR
pose enhancement loss to facilitate the joint learning of depth
estimation and pseudo-LiDAR pose estimation.
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Fig. 1. Our multi-frame depth estimation and pose estimation framework. It consists of a feature extractor, a depth generator, an image-input pose
estimation network, and a pseudo-LiDAR pose estimation network. The image-input pose network estimates the pose transformation of adjacent images,
and then the cost volume is built. The depth generator generates depth maps from cost volume and image features. The pseudo-LiDAR is obtained by
reconstruction and preprocessing. Finally, The pseudo-LiDAR pose estimation network estimates the pose transformation of adjacent frames.

B. Multi-frame Monocular Depth Estimation

Our multi-frame monocular depth estimation network is
inspired by ManyDepth [43]. It contains a feature extraction
module, a cost volume, and a depth generator. The input of the
network is consecutive frames of monocular video (It−1, It).
It−1 is the source image, and It is the target image. The
feature extraction module extracts image features. Image-
input pose estimation network estimates pose transformation.
The estimated pose is used to warp the source image feature
map, and then the cost volume is constructed from the warped
source image feature map and the target image feature map.
The depth generator generates a dense depth map of It from
the cost volume and the feature map of It. For the depth
estimation of a static single frame image, we make It−1 = It
and then do the same as above.

C. Pseudo-LiDAR Pose Estimation

In this section, we introduce one of our main innovations,
pseudo-LiDAR pose estimation. Different from the previous
pose estimation, pseudo-LiDAR pose estimation depends on
the result of depth estimation.

1) Pseudo-LiDAR: With the dense depth map of depth
estimation and the camera parameter matrix, the coordinates
of each pixel in 3D space (x, y, z) can be projected. The
calculation method is given by the following formula:

x = (u−cU )
fU

d,

y = (v−cV )
fV

d,

z = d,

(1)

where d is the depth of the pixel, (u, v) is the pixel
coordinates, and (cU , cV ) is the pixel coordinates of the
image center. fU and fV are the horizontal and vertical focal
lengths of the camera.

We get the pseudo-LiDAR point cloud PCp through the
above calculation. Compared with depth map, pseudo-LiDAR
is a more direct representation of 3D scenes and can provide
richer geometry, shape, and scale information. A richer

representation of 3D information is the prerequisite for more
accurate pose estimation.

2) Data Preprocessing of Pseudo-LiDAR Point Cloud:
The original dense point cloud has a total of H ×W points,
which contains lots of large error points. To improve the
quality of pseudo-LiDAR, points higher than dh meters and
points lower than dl meters are removed as sky points and
ground points, and distant points with a depth over df are
also removed. Ground points contain less feature information,
and high points and far points tend to have greater depth
estimation errors. In order to reduce the computational burden
and ensure the same number of points in each point cloud,
we randomly sample N points to obtain sparse high-quality
Pseudo-LiDAR point cloud.

3) Pseudo-LiDAR Pose Estimation Network: We use our
previous work PWCLO-Net [22] as the pseudo-LiDAR
pose estimation network. It contains a feature pyramid
encoder, an attentive cost volume for generating embedding
features, an embedding mask to weight local motion, a pose
generation network to generate the original pose, and three
pose refinement networks to refine the pose from coarse to
fine. The inputs of the network are adjacent pseudo-LiDAR
PCt and PCt′ , and the outputs are four poses from coarse
to fine. We select the most refined one among them as the
final pseudo-LiDAR pose estimation result.

D. Self-supervised Monocular Depth Estimation

Similar to [43], we only select the before and after frames
of the target image It as the source images It′ during training.
We use the depth map of the target image Dt and the pose
transformation Tt→t′ to reconstruct the image with the same
perspective as the target image. The reconstructed image is:

It′→t = It′ ⟨proj(Dt, Tt→t′ ,K)⟩ , (2)

where ⟨⟩ is the sampling operator. proj() returns 2D co-
ordinates of the projected depths Dt in It′ . K is camera
intrinsics.
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TABLE I
DEPTH EVALUATION RESULTS ON THE KITTI EIGEN SPLIT [10]. PREVIOUS SELF-SUPERVISED MONOCULAR DEPTH ESTIMATION METHODS ARE

COMPARED WITH OURS. WE ALSO LIST SOME SUPERVISED LEARNING METHODS. D: DEPTH SUPERVISION. S: SELF-SUPERVISED FROM STEREO VIDEO.
M: SELF-SUPERVISED FROM MONOCULAR VIDEO. AT: AUXILIARY TASK. THE BEST RESULTS IN EACH SUBSECTION ARE IN BOLD AND THE SECOND

BEST IS UNDERLINED

Methods with AT Train AbsRel SqRel RMSE RMSE log δ < 1.25 δ < 1.252 δ < 1.253

Lower is better Higher is better
Eigen et al. [10] D 0.203 1.548 6.307 0.282 0.702 0.890 0.958
Liu at al. [51] D 0.202 1.614 6.523 0.275 0.678 0.895 0.965
Garg et al. [52] S 0.152 1.226 5.849 0.246 0.784 0.921 0.967
Godard et al. [12] S 0.148 1.344 5.927 0.247 0.803 0.922 0.964
Zhan et al. [14] S 0.144 1.391 5.869 0.241 0.803 0.928 0.969
Kuznietsov et al. [53] DS 0.113 0.741 4.621 0.189 0.862 0.960 0.986
Guo et al. [54] DS 0.096 0.641 4.095 0.168 0.892 0.967 0.986
P3Depth [55] D 0.071 0.270 2.842 0.103 0.953 0.993 0.998
Geonet-VGG [56] ✓ M 0.164 1.303 6.090 0.247 0.765 0.919 0.968
Geonet-Resnet [56] ✓ M 0.155 1.296 5.857 0.233 0.793 0.931 0.973
Shen et al. [57] M 0.156 1.309 5.37 0.236 0.797 0.929 0.969
DPSNet [58] ✓ M 0.159 1.355 5.679 0.232 0.785 0.935 0.973
Wang et al. [59] M 0.151 1.257 5.583 0.228 0.810 0.936 0.974
DF-Net [60] ✓ M 0.150 1.124 5.507 0.223 0.806 0.933 0.973
GANVO [61] M 0.150 1.141 5.448 0.216 0.808 0.939 0.975
CC [62] ✓ M 0.140 1.070 5.326 0.217 0.826 0.941 0.975
EPC++ [63] ✓ M 0.141 1.029 5.350 0.216 0.816 0.941 0.976
Struct2depth [36] M 0.141 1.026 5.291 0.215 0.816 0.945 0.979
DOP [64] ✓ M 0.140 1.068 5.255 0.217 0.827 0.943 0.977
SC-SFM [65] M 0.137 1.089 5.439 0.217 0.830 0.942 0.975
Monodepth2 [30] M 0.115 0.882 4.701 0.190 0.879 0.961 0.982
Li et al. [66] M 0.130 0.950 5.138 0.209 0.843 0.948 0.978
ΩNet [67] ✓ M 0.125 0.805 4.795 0.195 0.849 0.955 0.983
Chen et al. [68] M 0.129 0.976 4.958 0.203 8.848 0.951 0.979
Jia et al. [69] M 0.130 0.957 4.907 0.203 0.851 0.954 0.980
Packent-SFM [70] M 0.111 0.785 4.601 0.189 0.878 0.960 0.982
Wang et al. [71] M 0.106 0.799 4.662 0.187 0.889 0.961 0.982
RM-Depth [72] M 0.108 0.710 4.513 0.183 0.884 0.964 0.983
ManyDepth [43] M 0.098 0.770 4.459 0.176 0.900 0.965 0.983
PLPE-Depth (Ours) M 0.096 0.716 4.414 0.176 0.900 0.964 0.983

The reconstruction loss pe is the weighted sum of L1 loss
and SSIM.

pe(Ia, Ib) = αSSIM(Ia, Ib) + (1− α)∥Ia − Ib∥1, (3)

where α is a weighting factor.
In the training process, depth estimation is performed twice

for a set of images.
1) First Depth Estimation: For the first depth estimation,

the pose estimation results of the image-input pose estimation
network θimage_pose are used. The depth maps of It′ and It
are as follows:

Tt_image = θimage_pose(It′ , It). (4)

Tt′_image = θimage_pose(It′−1, It′). (5)

Dt_raw = θdepth(It′ , It, Tt_image). (6)

Dt′ = θdepth(It′−1, It′ , Tt′_image). (7)

2) Pseudo-LiDAR Pose Estimation: The pseudo-LiDAR is
back projected from the depth map using the camera intrinsics
matrix K. After preprocessing, the adjacent pseudo-LiDAR
{PCt′ , PCt} is input into the pseudo-LiDAR pose estimation
network θpc_pose.

PCt = [recons(Dt,K)] , PCt′ = [recons(Dt′ ,K)] , (8)

where recons means reconstruction from two dimensions
to three dimensions, and [ ] represents the preprocessing
operation in Sec. III-C.2.

Tt_pc = θpc_pose(PCt′ , PCt). (9)

3) Depth Re-estimation: We calculate the reconstruction
loss using Ttimage and Ttpc, respectively. The one with
minimum reconstruction loss is selected as the optimal pose:

lpe = pe(It, It′ ⟨proj(Dt_raw, T,K)⟩). (10)

Tt_optimal = argmin
T∈{Tt_image,Tt_pc}

lpe. (11)

The depth map of It is re-estimated using the optimal pose.

Dt_new = θdepth(It′ , It, Tt_optimal). (12)

4) Pseudo-LiDAR Pose Enhancement Loss: Following [30],
[43], we use the minimum of reconstruction loss pe over all
source images as per-pixel reconstruction loss Lp.

Lp = min
t′

pe(It, It′ ⟨proj(Dt_raw, Tt_optimal,K)⟩). (13)

The raw loss is:

Lraw = (1−M)Lp + Lconsistency + Lsmooth, (14)

where M is a binary mask that is one in unreliable pixels
and zero in other pixels and Lconsistency is the consistency
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Fig. 2. Depth visualization. Monodepth2 [30] uses It, while ManyDepth [43] and ours use {It−1, It}. Our algorithm can provide more refined results on
posts and road signs.

loss. They are both from [43]. Lsmooth is the smoothness
loss from [30].

The new depth map and pseudo-LiDAR pose are used to
calculate the pseudo-LiDAR pose enhancement loss.

Lp_aug = min
t′

pe(It, It′ ⟨proj(Dt_new, Tt_pc,K)⟩)). (15)

Laug = (1−M ′)Lp_aug + L′
consistency + L′

smooth. (16)

Our final loss is L = Lraw + Laug.
It is worth noting that although we use the future frame

of the target image in the training process, we only use the
past frame of the target image in the test because the future
frame is unpredictable in reality.

IV. EXPERIMENTS

A. Implementation Details

a) KITTI Raw Dataset: The KITTI raw dataset [73] is a
benchmark dataset for depth estimation and pose estimation.
It contains image sequences with depth ground truth in a
variety of scenes. We use the data split of Eigen et al. [10] to
train and test models. Following previous works, the range of
the depth estimate is set to [10−3, 80m], because few pixels
are deeper than 80m.

b) Network Architecture: The architectures of image-
input pose estimation network θimage_pose and depth esti-
mation network θdepth are the same as in [43]. Following
[43], there is also a teacher monocular network θconsistency ,
which uses the standard architecture from [30]. For pseudo-
LiDAR pose estimation network θpc_pose, we use the standard
architecture with 8192 points input from [22].

c) Pseudo-LiDAR Pose Estimation Network Pre-training:
We use the pretrained weights of θimage_pose, θdepth, and
θconsistency provided by [43] to pre-train our pseudo-LiDAR
pose estimation network θpc_pose. We fix the weights of
θimage_pose, θdepth, and θconsistency, and use the pose pre-
diction results of θimage_pose to supervised train the pseudo-
LiDAR-input pose estimation network θpc_pose. The loss
function adopted the total loss in [22]. The pseudo-LiDAR
preprocessing parameters dh is 2.2m, dl is 1.1m, and df
is 30m. The number of sampling points N is 8192. The
learning rate is 10−3, and the batch size is 6. We use the
Adam optimizer to train for 20 epochs. The training results
are used as the pre-trained weights of θpc_pose.

We initialize our models with the pre-trained weights.
Adjacent monocular images {It−2, It−1, It, It+1} are used
for training and {It−1, It} for test. The resolution of the
image is 640× 192. We use the Adam parameter optimizer
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TABLE II
ABLATION RESULTS ON THE KITTI EIGEN SPLIT [10].

Methods AbsRel SqRel RMSE RMSE log δ < 1.25 δ < 1.252 δ < 1.253

Lower is better Higher is better
w/o Pseudo-LiDAR Pose Estimation 0.100 0.753 4.480 0.178 0.895 0.963 0.982
w/o Depth Re-estimation 0.101 0.759 4.505 0.180 0.892 0.963 0.983
w/o Pseudo-LiDAR Pose Enhancement Loss 0.098 0.728 4.428 0.177 0.897 0.964 0.983
Full model 0.096 0.716 4.414 0.176 0.900 0.964 0.983

to train for 20 epochs. The weighting factor α is 0.85. The
learning rate is 10−4. After training 15 epochs, the learning
rate decays to 10−4. The batch size is 6. All the experiments
are performed on an NVIDIA RTX2080 Ti GPU.

B. Evaluation Results

The results of the depth estimation we trained on the KITTI
dataset are shown in Table I. As a comparison, we present the
results of other self-supervised monocular depth estimators.
Similar to us, Wang et al. [71] and ManyDepth [43] use
adjacent frames {It−1, It} in the test-time. ManyDepth [43]
is able to achieve better performance with higher resolution
1024× 320 and test-time refinement. To be fair, we list the
results of [43] with low resolution 640 × 192 and without
test-time refinement.

As it can be seen, we have achieved the current optimum
in AbsRel, RMSE, RMSE log, δ < 1.25, δ < 1.253. In
SqRel and δ < 1.252, we achieve the second best. Compared
with ManyDepth2 [43], we are significantly better in AbsRel,
SqRel, and RMSM, and equal in RMSE log, δ < 1.25, and
δ < 1.253. It is only slightly worse on δ < 1.252. We
approach in AbsRel and outperform advanced supervised
method in δ < 1.25. Fig. 2 shows the depth maps of
Monodepth [30], ManyDepth [43] and ours. The red circles
mark the parts with obvious contrast. Our algorithm can
provide more refined results on posts and road signs. This is
thanks to our use of pseudo-LiDAR.

C. Ablation Study

Our ablation experiments are divided into three groups.
1) Without Pseudo-LiDAR Pose Estimation: When Pseudo-

LiDAR Pose Estimation is removed, the network framework
degrades into to ManyDepth [43]. The loss is:

Lp = min
t′

pe(It, ⟨proj(Dt_raw, Tt_image,K)⟩). (17)

Lablation_1 = (1−M)Lp + Lconsistency + Lsmooth. (18)

2) Without Depth Re-estimation: Only the first depth
estimation is performed. The image-input pose Tt_image is
estimated by θpc_pose. The depth map is:

Dt = θdepth(It′ , It, Tt_image). (19)

The pseudo-LiDAR pose Tt_pc is estimated with the first
depth estimation results. Instead of the optimal pose, Tt_pc
is used to calculate the reconstruction loss.

Lp = min
t′

pe(It, ⟨proj(Dt_raw, Tt_pc,K)⟩). (20)

The final loss function is:

Lablation_2 = (1−M)Lp + Lconsistency + Lsmooth. (21)

3) Without Pseudo-LiDAR Pose Enhancement Loss: Only
the raw loss is used as Lablation_3 = Lraw.

The experimental conditions are the same. The results of
the ablation experiments are shown in Table II. As one can
see, in the absence of pseudo-LiDAR pose estimation, depth
re-estimation, and pseudo-LiDAR pose enhancement loss, the
depth estimation results are significantly worse. The results
prove that each of our innovations promotes depth estimation.

D. Future Improvement

Although our depth estimates have performed quite well,
there is still much need to be improved. We notice that the
current pose estimation is still not accurate enough, which may
limit depth estimation optimization. One possible solution
is to use denser point clouds or fusion of image and point
clouds for pose estimation. Another way is to sample more
critical points in the point cloud instead of sampling randomly.
Another problem is that the depth re-estimation increases the
computational load. How to simplify the calculation is an
optimization direction. In addition, we only used depth re-
estimation during training. How to use pseudo-LiDAR to
correct the initial depth estimation at test-time needs further
exploration.

V. CONCLUSION

We propose a new self-supervised learning framework
for multi-frame depth estimation and pose estimation. We
introduce pseudo-LiDAR pose estimation and use the result
of depth estimation to estimate pose. We select the one
with smaller reconstruction loss between the pseudo-LiDAR-
input pose and image-input pose for multi-frame depth re-
estimation. This strengthens the coupling between depth
estimation and pose estimation. We also improve the recon-
struction loss and design a Pseudo-LiDAR pose enhancement
loss to facilitate the joint learning. As far as we know, this
paper is the first attempt to use pseudo-LiDAR to enhance
depth estimation and has achieved pretty good performance
on the KITTI dataset. Our framework still has room for
improvement, we will consider pseudo-LiDAR and image
features fusion for pose estimation, and try some other depth
re-estimation methods. In addition, we will try to remove
more points with large errors in the pseudo-LiDAR to reduce
the estimation error in our future work.
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