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Abstract

The 3D geometry understanding of dynamic scenes captured by moving cameras is one of the cornerstones of 3D scene
understanding. Optical flow estimation, visual odometry, and depth estimation are the three most basic tasks in 3D geometry
understanding. In this work, we present a unified framework for joint self-supervised learning of optical flow estimation,
visual odometry, and depth estimation with two- and three-view geometric constraints. As we all know, visual odometry
and depth estimation are more sensitive to dynamic objects, while optical flow estimation is more difficult to estimate the
boundary area moved out of the image. To this end, we use estimated optical flow to help visual odometry and depth estimation
process dynamic objects and use a rigid flow synthesized by the estimated pose and depth to help learn the optical flow of
the area that moves out of the boundary due to camera motion. In order to further improve the consistency of cross-tasks,
we introduce three-view geometric constraints and propose a three-view consistency loss. Finally, experiments on the KITTI
data set show that our method can effectively improve the performance of the occluded boundary area and the dynamic object
area. Moreover, our method achieves comparable or better performance than other monocular self-supervised state-of-the-art
methods in these three subtasks.

Keywords 3D geometry understanding - Optical flow estimation - Visual odometry - Depth estimation - Self-supervised

learning - Dynamic scenes

1 Introduction

The 3D geometry understanding of dynamic scenes captured
by moving cameras is one of the cornerstones of 3D scene
understanding. Depth sensing, visual odometry, and optical
flow estimation all play essential roles in 3D geometry under-
standing. They are widely used in various fields, such as
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augmented reality, autonomous driving, 3D-reconstruction,
and robotics. However, none of them is a simple problem in
computer vision.

For monocular depth and ego motion estimation, tradi-
tional methods are usually based on correspondence search
[1, 2] and multi-view geometric [3]. For optical flow estima-
tion, traditional methods are usually based on the variational
model, which relies on prior assumptions to define an energy
function and then optimize it [4, 5]. However, traditional
methods tend to be sensitive to camera parameters and frag-
ile in challenging settings, such as featureless places, motion
blurs, and lighting changes. To address this problem, many
methods propose to use deep learning technology for super-
vised learning in 3D geometric structure understanding, such
as monocular depth estimation [6-8], visual odometry [9,
10], and optical flow estimation [11-14]. Although existing
supervised methods have demonstrated outstanding perfor-
mance, they also necessitate vast volumes of labeled data,
which can be difficult and expensive to obtain. Furthermore,
the amount of available labeled data for supervised training
is still limited.

To address the above problems, much recent work has
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focused on self-supervised learning methods without labeled
data, such as [15-19]. Compared with supervised learn-
ing, self-supervised learning is more complicated. In self-
supervised learning, depth pose learning is usually assumed
to be in a completely rigid scene, and it is challenging to han-
dle dynamic objects by themselves. However, optical flow is
good at handling dynamic objects in the scene. Although
depth sensing, visual odometry, and optical flow estimation
are different tasks, they are all essential in 3D scene under-
standing, and many practical applications need to handle
them simultaneously. Just as humans prefer to learn by mix-
ing some related tasks, we can also learn to solve these three
tasks by joining them. On the one hand, we can use the esti-
mated optical flow to handle moving objects in depth pose
learning. On the other hand, the rigid optical flow synthe-
sized by depth pose can improve the performance of optical
flow, especially in the boundary occlusion area.

Based on the above observation, we propose a new
jointly self-supervised learning framework for monocular
depth estimation, monocular pose estimation, and optical
flow estimation in an end-to-end fashion. We use geomet-
ric relations to combine these three tasks. Compared with
two-view geometry, three-view geometry can provide more
information. Unlike previous works [20-25] that only used
two-view geometric relationships, we consider both the two-
view and three-view geometric relationships to connect the
three “islands.” Finally, our experiments show the effec-
tiveness of introducing the three-view relationship, and our
method achieves comparable or better performance than pre-
vious methods in these three subtasks. In summary, our paper
makes the following contributions:

e We present a new jointly self-supervised learning frame-
work for monocular depth estimation, ego motion, and
optical flow estimation in an end-to-end system.

e We exploit three-view geometric relationships and pro-
pose a three-view consistency loss. In experiments, we
verified their effects on overall performance.

e Experiments on the KITTI dataset [26] show that our
method can effectively deal with occluded boundary
areas and dynamic object area, and achieves com-
parable or better performance with other monocular
self-supervised state-of-the-art methods in these three
subtasks.

2 Related works

Traditional visual odometry (VO) and visual simultaneous
localization and mapping (VSLAM) approaches Traditional
VO and VSLAM approaches, which include geometry-based
methods, can be further divided into indirect and direct meth-
ods. The standard approach of indirect method or sparse
feature-based methods is to extract the feature points or lines
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of the raw images, match the features using feature descrip-
tors, recover camera motion using epipolar geometry, and
finally refine the pose through reprojection error minimiza-
tion. The representative indirect methods are VISO2 [27] and
ORB-SLAM?2 [28].

Unlike indirect methods, direct methods directly esti-
mate the camera pose by minimizing the photometric error
between image pixels. Since direct methods directly use the
brightness information of pixels, the time for feature detec-
tion and descriptor calculation can be saved. Typical direct
methods are LSD-SLAM [29] and DSO [30].

Supervised learning of depth estimation, VO, and optical
flow estimation With recent development of deep learning,
great progress has been made in many tasks of 3D geometry
understanding, including depth estimation [6, 7, 31], VO [9,
10, 32-37], optical flow estimation [11-14].

For depth estimation, Eigen et al. [6] propose a supervised
monocular depth estimation method, which introduces a fully
convolutional network. Based on [6], Liu et al. [7] introduce
Conditional Random Fields (CRFs) into depth estimation
and define a CRFs loss function. Unlike [7], Laina et al. [31]
propose a single architecture that is trained end-to-end and
does not rely on post-processing techniques, such as CRFs or
other additional refinement steps. In difference to previous
approaches using convolutional neural networks (CNNs),
DepthFormer [36] and BinsFormer [37] employ Transformer
[38] to further improve the performance of depth estimation.

For VO, Kendall et al. [32] first propose PoseNet, which
uses CNN to learn the 6-DoF pose of the camera. Then,
Li et al. [33] extend it to RGB-D. The above two methods
are mainly related to relocalization problems. Costante et
al. [34] implemented a frame-to-frame VO system based on
CNN for the preprocessed optical flow. Then, Wang et al.
[9, 10] propose an end-to-end VO method based on RCNN,
which can catch up with the best method based on tradi-
tional VO [27]. Currently, DeepVO [9] is also arepresentative
method of supervised learning. The supervised VO method
also includes Vinet [35], which is the visual inertial VO with
deep learning.

For optical flow estimation, FlowNet [11] is a pioneer in
supervised optical flow estimation. Following the FlowNet,
FlowNet2 [12] designs a stacked encoder—decoder network,
which stacks multiple sub-networks and uses image warping
between each sub-network. In contrast with [11, 12], SpyNet
[14] introduces a classical spatial-pyramid formulation for
flow estimation, which uses warping operation and estimate
flow fields at each pyramidal level with a coarse-to-fine
strategy. PWC-Net [13] combines sophisticated conventional
strategies such as pyramid, warping, and cost volume into
network design. PWC-Net achieves state-of-the-art perfor-
mance on KITTI [26, 39] and MPI Sintel [40].

Self-supervised/unsupervised learning of depth estima-
tion and optical flow estimation Despite the great success
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of supervised learning methods, labeling large datasets is not
trivial but very expensive in real-world scenes. Hence, many
self-supervised/unsupervised learning approaches have been
proposed, such as depth estimation [15, 16, 41], optical flow
estimation [17, 19, 42-44].

For depth estimation, Garg et al. [15] first propose a self-
supervised encoder—decoder network for monocular depth
estimation with binoculars for training, which uses photo-
metric loss and smoothness loss. Based on [15], Godard et
al. [16] additionally considered left-right consistency loss,
which enforces consistency between left and right views dis-
parities. Pilzer et al. [41] exploit knowledge distillation and
cycle-inconsistency to improve performance further.

For optical flow estimation, Ahmadi et al. [42] first pro-
pose an unsupervised network for optical flow estimation,
which uses photometric loss for training. Yu et al. [43]
additionally introduce a standard robust smoothness loss to
constrain the spatial correlation of flow fields. However, pho-
tometric loss and smoothness loss cannot work in occlusion
regions. Therefore, [17, 19, 44] propose to improve the per-
formance of unsupervised learning by processing occlusion
regions.

Self-supervised/unsupervised multi-task learning of 3d
geometric understanding The inspiration for multi-task
learning [46] is that humans like to mix some related tasks to
learn. Multi-task learning usually shows higher performance
than single-task learning. Recently, many works attempt to
exploit the correlation of depth, VO, and optical flow using
multi-task learning, such as [20-22, 24, 25, 47].

Zhou [47] first proposes a joint self-supervised learning
of depth and ego motion from monocular videos. However,
depth pose learning is difficult to deal with dynamic objects.
To handle non-rigidity and occlusions, GeoNet [20] addition-
ally adds optical flow for joint learning, but its optical flow
network is not independent, and the estimated optical flow
can only be obtained after depth pose. Therefore, DF-Net
[21] proposes to use three sub-networks to achieve jointly
training of depth, camera pose estimation, and optical flow.
CC [22] further introduced motion segmentation, which can
separate the scene into moving objects and static background.
Unlike works [20-22, 47] that use monocular videos to train,
Wang et al. [24] and Liu et al. [25] use binocular data to
jointly train the sub-network.

Unlike previous works [20-22, 24, 25], our method not
only uses the two-view geometric relationship, but also uses
the three-view geometric relationship to improve the consis-
tency of cross-tasks.

3 Method
3.1 System overview

Our goal is to jointly train depth network, camera pose net-
work, and optical flow network using unlabeled monocular
videos. The overall framework of our method is shown in
Fig. 1.

For two-view relationships, given two consecutive frames
(It1,1y2) sampled from an unlabeled video, we first esti-
mate their depth maps (D;1,D;2) using the depth network
and forward-backward 6-DoF relative poses (731 12,Tt2—+1)
using the pose network. At the same time, we predict
forward-backward optical flow fields (Fy1—2,F2—¢1)
between them using the flow network. With the estimated
depth map (D;1) and 6-DoF relative pose (7;1—.;2), we can
produce the rigid flow (Ftrig_lii 12),» which is the optical flow
that is purely induced by the camera motion. Then, we can
obtain the rigid region weight (R;1_ ) from the optical
flow (F;1—¢2) and the rigid flow (Frig_liz) The non-occluded
region mask (O;1—2) is estimated using forward—backward
optical flow fields (F;1—s2,Fy2—¢1) as described in [44]. The
auto mask A;j_ s is proposed by [45]. In the next step, we
can synthesize reference images 7;2 and Zz by warping I;»
using Fe 1_)[2 and Fy1_ .

For three-view relationships, previous works [20, 22, 47]
consider input N-view (N > 3) image sequences during
training, but they only use the two-view geometric relation-
ships. As we all know, three-view geometric relationships
are more informative and robust than two-view geometric
relationships. To this end, we use the corresponding inci-
dence relations of trifocal tensor [3] on point—point—point to
propose a new cross-task consistency loss, three-view con-
sistency loss.

Finally, we use brightness constancy and cross-task con-
sistency for optimization. Similarly, we also use forward—
backward consistency loss and smoothness loss for opti-
mization. Our overall objective function can be formulated
as follows:

Liotal = )»ngldﬁngld + )\ﬂow ﬂow
+ )Lrlgld £r1[g1d + )Lm Etn
n )Ldepth E;lce;th )Lpose £pose n )L?g)w E?t?w
+ )\Septhﬁgepth + AgowEsﬂow’
ey

where AE; are the weights for each term. Our total loss func-
tion Lo consists of four parts, as follows:
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Fig. T Overview of our self-supervised joint learning framework. a
Two view: given two consecutive frames (/;1, I;2) sampled from an
unlabeled video, we first estimate their depth maps (D;1, D;2) using the
depth network and forward-backward 6-DoF relative poses (7;1—2,
T2 1) using the pose network. At the same time, We predict forward—
backward optical flow fields (F;;—;2, Fi2—¢1) between them using the
flow the camera motion. Then, we can obtain the rigid region weight

(R{1-¢2) from the optical flow (F;j—;2) and the rigid flow (Ftrlig_iiz).
The non-occluded region mask (O;;—,;2) is estimated using forward—

e Photometric loss, which includes rigid photometric loss
E{;Cgld and flow photometric loss Eggw, is the most critical
signal for self-supervised depth pose and flow learning.

e Cross-task consistency loss, which includes rigid con-
sistency loss E;ltgld and three-view consistency loss £,
provides mutual communication between the three tasks.

e Forward—backward consistency loss, which includes
depth forward—backward consistency loss E(fig’pth, pose
forward—backward consistency loss /.pr;)se, and flow
forward-backward consistency loss L?Q)W, provides self-
constraint for each task and can further improve the
performance of each network.

e Smoothness loss, which includes depth smoothness loss
Egep th and flow smoothness loss EEOW, encourages the

predicted depth and estimated optical flow to be smooth.
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backward optical flow fields (F;1—;2,F2—1) as described in [44]. The
auto mask A1, is proposed by [45]. In the next step, we can syn-
thesize reference images Zz and INtz by warping /2 using Ftr;‘cidtz and
Fi1- 2. b Three-view: given three adjacent frames (11, 112, 1;3), we can
estimate the relative poses (7;2-/1, T12—3) and optical flows (Fi2—1,
Fi2—13). Next, we can get the trifocal tensor from the relative poses
(Ty2—11, Tyo—3) and use the optical flows (Fy2—1, Fy2—3) to match
images. Finally, using the trifocal tensor incidence relation on point—
point—point, we propose the three-view consistency loss

. Bilinear _
In Project Iy Sampling Iy

Y231 P

Bia > KT s Dy (pn) K" H(pn)

It?

Big ~ Fuosa(pa) +pa

Fig.2 Bilinear interpolation used in image reconstructed
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3.2 Brightness constancy
3.2.1 Image reconstruction

The key idea of self-supervised methods is to utilize the pho-
tometric discrepancy between the reconstructed image I and
the original image /. The image reconstruction in this work
includes reconstruction based on predicted depth map (D)
and relative pose (T'), and reconstruction based on estimated
optical flow (F).

Let p;1 denote the pixel coordinate of a pixel in frame ;1.
We can obtain its projected coordinates p;» and p;; in frame
1> by

P2~ KT D (pr) K "Hipi), 2)
ﬁt2 A Ftl—>t2(ptl) + pris (3)

where K denotes the camera intrinsic matrix, H(p;1) denotes
the homogeneous coordinates of p;i. Finally, as shown in
Fig. 2, the reconstructed images 7;2 and I~,2 can be obtained
using bilinear interpolation.

3.2.2 Photometric loss

According to the reconstructed images 7;2 and IN,Z, we can
obtain the rigid photometric loss (Engld) and the flow pho-
tometric loss (ﬁﬂow) respectively. Their definitions are as
follows:

igid
Ly = |V 2P () T () ViR, 4)
Lo = W 751 2 PUn () Ta(p) V2 0nsra, 5)
Vi= VtrllitzAllﬁlz’ Vo= Vtﬂl(ivﬂ Or1-12, (6)

where 7;2 and 7;2 are both reconstructed images by warping
2. Vtrllidtz and V1%  are valid projection masks that are
successfully projected from /1 to ;2. A;1— 7 is the auto mask
that is proposed by [45]. [1] is an Iverson bracket. O;j— 2 is
the non-occluded region mask that is estimated using reverse
option flow Fjy_,;1 as described in [44]. R;1—+7 is the rigid

region weight, which is defined as follows

1 id
Risp=1- W”Ftl—nz trllg_lngﬂ @)
id
lr;{ilz(Pt) = D12 — Prl- (8)

where H is the height of F;j_.», and W is the width of
Fi-n.

3.3 Cross-task consistency

In this section, we connect three independent tasks by the
cross-task consistency loss, which includes the rigid consis-
tency loss and the three-view consistency loss.

3.3.1 Rigid consistency loss

We can obtain the rigid flow (F;j_,2) by combining the
estimate depth (D;;_.;) and the relative pose (771—2) in
Sect.3.2.1. At the same time, we can get the complete opti-
cal flow (F;1_,2) from the optical flow network. Obviously,
they should maintain consistency in the rigid region. We for-
mulate the rigid consistency loss as

rigid
LCt

igid
|0 1 2| ZIlesz ,ﬂ,zlllethOzHrz
t1—t

id
+ m Z”Ftl—nZ Sg( trfi;z)”lRtl—nz

(I = Os1=12).
9

where SG(-) stands for stop-gradient, because the rigid
flow is more accurate than the predicted optical flow in the
occluded area.

3.3.2 Three-view consistency loss

As shown in Fig. 3, we can use the predicted transformation
matrix Ty>_.;1 and T;»_, 3 to obtain the trifocal tensor. At the
same time, we can use the estimated optical flow F},_,;1 and
Fi>_,+3 for image matching. Therefore, we use the trifocal

P

-
= " T s
Tiosif™

-~ -

Fig.3 Schematic illustration of the three-view geometric relationship.
‘We can use transformation matrix 7;»_,,; and T;»_,,3 to obtain the tri-
focal tensor, and at the same time we can use optical flow Fy,_,;1 and
Fy>_, 3 for image matching
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tensor incidence relation on point—point—point to introduce
a three-view consistency loss.

Let the camera matrices for the three views be C = [7]0],
C' = [Alag], and C" = [B|bs], where A and B are 3 x 3
matrices, and the vectors a; and b; are the i;;, columns of the
respective camera matrices fori = 1,...,4.the 3 x 3 x 3
trifocal tensor could be denoted as 7 = [7;, 7>, 73], where
T; = a;b} — asb]. (10)

Let the camara matrices of the 2 frame be C;, = K[I]0],
we can get

Cii =KTin = K[Rpp11lt 25111,

Ci3 = KTip—13 = K[Ri2— 13|t 12131, (o
where K denotes the camera intrinsic matrix, R . is the rota-
tion component of the predicted transformation matrix 7.,
where R € SO(3). ¢(, is the translation component of the
predicted transformation matrix 7.y, where ¢ € R3. And we
can obtain the coordinates p;; and p,3 that match p;; in the
t1 and ¢3 frames by the estimated optical flows Fi2_.;1(ps2)
and Fyp3(pr2) as

Pi1 = pr2+ Fosn(pr),

_ (12)
D3 = pr2 + Froi3(pr2).

Then, we normalize the homogeneous coordinates of the
matching points, that is,

=K "H(p),
P=K "H(pp),
Piz=K "H(pp3),

(13)

where H(p:1), H(ps2), H(p:3) are the homogeneous coor-
dinates of p;1, pr2, ps3. Using the trifocal tensor incidence
relation on point—point—point, we can get

033« [pr1lx (Z p;;z-) [Pi3]x.

i

(14)
T

P = <151127 ﬁrzza ﬁ?z)

where [-]x denoted the cross-product operator, which pro-

duces a skew-symmetric matrix from a 3 x 1 column. From
(10), (11), (14), we can get

03><3 N [i’;l]x (Rt2—>tll'712t;r2—>t3> [1'713]><
(15)
—[Pnlx (ttz%llp.tZRtg%ﬂ) [Pi3]x-
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Therefore, we formulate the three-view consistency loss
as

£8 = i YoNpbe (Rt o) sl

— [pilx (1 PR 3) P32 V5, (16)
fl fl
Vi = Rt2ﬁtl Rz2»t3 Van VIZ(XVZS’
R(.)Z[ 1Ry > €) N[1](Ds2 < 0.5Max(Dy2), (17)

where [1] is an Iverson bracket, and € is the threshold. R,
are rigid region weights. Max(D;;) denote the maximum
estimated depth value of the 2 frame.

3.4 Forward-backward consistency

For each network, we use forward and backward consis-
tency constraints to further improve each network’s per-
formance. Here, the forward-backward consistency loss
function includes the depth forward—backward consistency
loss, the pose forward—backward consistency loss, and the
flow forward—backward consistency loss.

The depth forward—backward consistency loss used to
constrain the depth discrepancy is formulated as follows:

depth
Lfb =
= id
MDpViEy) = - d
rlgld Z‘ t trllg_l)dt2 Di2—Dr Vtrllgi>t2+
Vzl—>t2 M(szvtl—nZ) 1
Z M(D12Vt1—>z2) sz—Dzz V1 )
~ tl—12>
VtﬂlO—V>V12| M(DIZqu(l’vtz) 1

(18)

where M(-) denote the mean function. Dy, is the reprojected
depth map calculated by D, and T;1-2,
I = KT nDa(pi) K" Hip).

[Pr2, D2 (pr1)] (19)

ﬁtz and 5,2 are reconstructed depth maps by warping Dy
using the synthesized rigid flow Ftr;g_)ldtz and the estimated
optical flow Fy1_, 2, respectively. Using the inverse relation-
ship of the transformation matrix 7312 and T2, 1, we can
get the pose forward—backward consistency loss, which is

formulate as
pose __
=3

where T,) € SE(3).

Similarly, we use the optical flow forward—backward con-
sistency check. We formulate the flow forward—backward
consistency loss as

1
Tt1—>t2’ Tio—11

(20)

]+ZT

-1
2—5t1° T 1
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ﬂ%w _ 1
fo Ty flow
|th—>t2|

ﬂow
E N
||Ftl—>t2 + Ft2—>t1||1 t1—12 (21)

where Fz2—>t1 is the reconstructed optical flow by warping
Fiost1 using Fyip.

3.5 Spatial smoothness priors

In the low texture, homogeneous, and occlusion area of

the scene, the photometric loss is insufficient. To address

this issue, we introduce edge-aware second smoothness loss

weighted by image gradients, which is also used in [24, 44].
We formulate the depth smoothness loss as

depth

Z > e NHDIYVED(p) |1, (22)
p dex,y
and the flow smoothness loss as
1
flow _ = —BIVal(p)l 2
£ =530 Y I PIVEEp)L, (23)

P dex,y

where B controls the weight of edges, and we set it to 10. N
is the total number of pixels. d indexes over partial derivative
on x and y directions.

4 Experiments

4.1 Implementation details

Network architecture We adopt similar network designs that
align with existing self-supervised learning methods [23, 48,
49]. For the depth network, we use the U-Net architecture.

Like the previous works [23, 48-50], the encoder is based on
ResNet18 or ResNet50, while the decoder relies on DispNet

ResNet18/50 I DispNet

Encoder Decoder

(a) Depth Network

D:CNN

J

T
s © o @ ]
S Features 9 § ﬁ & K_\
¢ Extraction: 2 P © ; %
2 0 el
M ResNet18/50 8 & S L
Iy T
) J uJ J

(b) Pose Network

Fig. 4 Network Architecture. a Depth Network: the encoder is based
on ResNet18 or ResNet50, while the decoder relies on DispNet. b Pose
Network: we use ResNet18/50, modified to accept a pair of color images
as input, for feature extraction

[51] For the pose network, we use ResNet18/50, modified to
accept a pair of color images as input, for feature extraction.
Figure 4 shows the schematic diagram of the depth network
architecture and the pose network architecture. For the flow
network, the structure is based on the PWC-Net [13] that
is lightweight and achieves excellent performance in super-
vised learning of optical flow tasks.

Dataset We use the KITTI dataset [26] in our exper-
iments, a real-world dataset collected from autonomous
driving scenes, as the training and evaluation dataset. For the
training of depth and flow tasks, we use Eigen et al. [6]’s split
of the KITTI raw dataset, which is consistent with related
works [20-23, 47, 48, 52]. We evaluate the results of depth
estimation using the Eigen et al.’s testing split, consisting of
697 test images. Furthermore, we evaluate the optical flow
estimation on the KITTI flow 2015 training set, which con-
tains 200 image pairs. For the odometry task, like Zhou et al.
[47], we use sequences 00-08 of the KITTI odometry dataset
as the training data and sequences 09, 10 as the testing data.

Training detail Our system is implemented on PyTorch
and two NVIDIA Tesla V100 GPUs. We train the net-
works with a batch size of 8 and an initial learning rate of
10~ using Adam optimization. Hyper-parameters are set to
P1 = 0.95 and B = 0.999. We decay the learning rate
with a cosine annealing for each epoch. The data are aug-
mented with random scaling, cropping and horizontal flips
during training, and the images are resized to 832 x 256.
The encoder part of the depth network and the pose net-
work is initialized with weights trained on ImageNet. The
whole training process in our method contains three stages.
In the first stage, we only train the optical flow network using
cllow pllow " £flow in an self-supervised manner. In the sec-
ond stage, we train the depth network and pose networks
using Engld, Lo th, L5 ES"P ™ inan self-supervised man-
ner. In the third stage, we use the three network joint training
with the total loss L;oq; in an self-supervised manner. In
all of the three stages, we train the network in 200 epochs
with 250 randomly sampled batches in one epoch. The hyper-
parameters )Lrlgld kggw’ krlgld )‘gtl, }\depth kpose kﬂow Adepth
ksﬂ"w are set to be 1.0, 10.0, 0.01, 0.0l, 0.5, 0.01, 0.01, 10,
100.

4.2 Experimental results

Optical flow estimation We evaluate the optical flow estima-
tion of our system on the KITTI2015 stereo/flow training set.
As shown in Table 1, we report the average end-point-error
(EPE) on non-occluded regions (Noc) and overall regions
(All), and Fl score (F1). The performance of our method is
significantly better than other state-of-the-art joint depth pose
learning methods. Compared with Wang et al. [24] and Liu
et al. [25] that use stereo data for training, our method is also
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Table 1 Optical flow estimation results on KITTI 2015 stereo/flow
training dataset

Methods Noc All Fl (%)
PWC-Net [13] - 10.35 -
FlowNet2 [12] 4.93 10.06 30.37
RAFT [53] - 5.04 17.40
UnFlow-CSS [17] - 8.10 23.27
Back2Future [19] - 7.04 24.21
EpipolarFlow [18] 2.98 6.02 -
Geonet [20] 8.05 10.81 -
DF-Net [21] - 8.98 26.01
EPC++ [54] - 5.84 -

CC [22] - 6.21 26.41
GLNet [23] 4.86 8.35 -
Wang et al. [24] (B) - 5.58 -

Liu et al. [25] (B) - 5.19 -
Hur et al. [55] - 7.51 23.49
Wang et al. [56] - 6.66 23.04
Ours (Flow-only) 4.99 8.71 33.09
Ours (Full) 3.02 4.90 16.92

Top: supervised methods which are trained on synthetic data only. Mid-
dle: unsupervised optical flow learning methods. Bottom: joint depth
pose learning methods. (B): denotes training with binocular/stereo input
pairs. The best performance in each block is highlighted in bold

better. We also report the performance of only training our
optical flow network, denoted as “Ours (Flow-only).” After
jointing depth pose geometric constraints, “Ours (Full)”
improves “Noc” from 4.99 to 3.02, “All” from 8.71 to 4.90
and “F1” from 33.09 to 16.92%.

The qualitative results of optical flow are shown in Fig. 5.
Compared to Liu et al. [25] and “Ours (Flow-only),” “Ours
(Full)” performs better on occluded boundary area and the

Ground truth

Original image

Liu et al. [25]

dynamic object area, which benefits from our stronger cross-
task constraints.

Monocular depth estimation We report results of depth
estimation using the Eigen [6] split of the raw KITTI
dataset. The maximum of depth estimation on KITTI split
is capped at 80 ms. The results are summarized in Table 2.
As shown in Table 2, despite the distance of our method
from supervised monocular depth estimation methods, it is
clear that our method achieves comparable performance to
other self-supervised/unsupervised monocular depth estima-
tion methods.

Camera pose estimation We also evaluate the performance
of our method on the KITTI Odometry dataset and compare
the results with self-supervised learning methods [22, 47,
48, 52, 58] and geometry-based methods including ORB-
SLAM?2 [28] (w/ and w/o loop closure). Since monocular
systems lack real world scale factor, we align all the poses
to the ground-truth with 6-DoF and scale. Except for ORB-
SLAM2 (w/ LC), other methods here do not use any loop
closure technology. The quantitative and qualitative results
of camera pose estimation are shown in Table 3 and Fig. 6.
In Table 3, we use the KITTI odometry [39] criteria eval-
uation that average translational Root-Mean-Square Error
(RMSE) drift, ferr (%), and average rotational RMSE drift,
Ferr (°/100 m), on length of 100-800 m. Although our method
is no better than the geometry-based method ORBSLAM?2
[28], we achieve performance improvement over other self-
supervised learning systems [22, 47, 48, 52, 58]. In Fig. 6,
the recovered trajectories of sequences 9 and 10 are shown.
In the XZ-plane, our accumulated drift error is even smaller
than ORBSLAM?2 (w/ LC), especially on sequence 10 with-
out loopback.

Ablation study The ablation study results of optical flow
estimation are shown in Table 4. We can see that joint depth

Ours (Flow-only) Ours (Full)

|

Fig.5 Qualitative results of optical flow estimation. In the occluded boundary area and the dynamic object area, our method obviously has better

performance
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Table2 Monocular depth

estimation results on test split of Methods Error J Accuracy
KITTI raw dataset AbsRel  SqRel RMS  RMSlog <125 <125% <125
Eigen et al. [6] 0.203 1.548 6307 0282 0.702 0.890 0.958
Liu et al. [7] 0.202 1.614 6523 0275 0.678 0.895 0.965
DepthFormer [36] 0.052 0.158 2143 0.079 0.975 0.997 0.999
BinsFormer [37] 0.052 0.151  2.098 0.079 0.974 0.997 0.999
Zhou et al. [47] 0.208 1768  6.856  0.283 0.678 0.885 0.957
Geonet-Resnet [20] 0.155 1296 5857 0233 0.793 0.931 0.973
DF-Net [21] 0.150 1.124 5507 0223 0.806 0.933 0.973
CC [22] 0.140 1.070 5326 0217 0.826 0.941 0.975
EPC++ [54] 0.141 1.029 5350 0216 0.816 0.941 0.976
SC-SfM-Learner [52] 0.137 1.089 5439 0217 0.830 0.942 0.975
SC-SfM-Learner (R18) [52] ~ 0.119 0.858 4949  0.197 0.873 0.957 0.981
GLNet (-ref.) [23] 0.135 1.070 5230 0210 0.841 0.948 0.980
Struct2depth (-ref.) [57] 0.141 1.026 5291 0215 0.816 0.945 0.979
Gordon et al. [49] 0.128 0959 5230 0212 0.845 0.947 0.976
Hur et al. [55] 0.125 0978  4.877 0.208 0.851 0.950 0.978
Wang et al. [56] 0.140 1.068 5255 0.217 0.827 0.943 0.977
Monodepth2 [48] 0.115 0.882 4701  0.190 0.879 0.961 0.982
SC-Depth (R18) [50] 0.119 0.857 4950 0.197 0.863 0.957 0.981
SC-Depth (R50) [50] 0.114 0813 4706 0.191 0.873 0.960 0.982
Ours (R18) 0.118 0.903  4.809  0.190 0.870 0.959 0.982
Ours (R50) 0.112 0871  4.683 0.187 0.881 0.963 0.983

Top: supervised methods. Middle: self-supervised/unsupervised methods. Bottom: our self-supervised meth-
ods. “(R18)” denotes that U-Net extracts features using the ResNet18 encoder and “(R50)” denotes that U-Net
extracts features using the ResNet50 encoder. The best performance in each block is highlighted in bold

Table3 Camera pose

estimation results on KITTI Methods Seq. 09 Seq. 10

odometry dataset ferr (%) rerr (°/100m) err (%) Terr (°/100 m)
ORB-SLAM2(w/o LC) [28] 9.51 0.24 2.61 0.28
ORB-SLAM2(w/ LC) [28] 2.73 0.23 3.64 0.26
Zhou et al. [47] 17.84 6.78 37.91 17.78
Depth-VO-Feat [58] 11.93 391 12.45 3.46
CC [22] 7.71 2.32 9.87 4.47
SC-StM-Learner [52] 11.2 3.35 10.1 4.96
SC-StM-Learner (R18) [52] 7.31 3.05 7.79 4.90
Monodepth?2 [48] 8.61 1.75 9.44 3.14
Ours (R18) 3.97 1.39 512 3.04

The best performance in each block is highlighted in bold

pose and flow learning, adding the rigid weight/mask, and 5 Conclusions

the three-view consistency loss function can all improve the

performance of the overall system. Compared with the situa-  In this paper, we propose a jointly self-supervised learn-
tion without the three-view consistency loss, the introduction ~ ing method of monocular depth estimation, camera pose
of the three-view consistency loss has better performance in ~ estimation, and optical flow estimation for 3D geometry
“Noc” (3.40 vs. 3.02), “All” (5.28 vs 4.90), and “F1” (18.91%

vs. 16.92%).
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Fig.6 Qualitative results of pose estimation

Table 4 Ablation study on optical flow estimation

Depth Net Pose Net Flow Net Rigid Weight £/ Noc All FI (%)

ct

- - J - - 499 871 33.09
J J J - — 393 621 20.00
J J J J ~ 340 528 1891
J J J J v 3.02 490 1692

The best performance in each block is highlighted in bold

understanding with two- and three-view geometric con-
straints. As we all know, three-view geometric relationships
are more informative and robust than two-view geometric
relationships. Therefore, in addition to the epipolar geometric
constraints used in previous methods, this paper introduces
the three-view geometric relations and proposes the three-
view consistency loss function, which further improves the
consistency of cross-tasks. Experiments show that the three-
view consistency loss effectively improves the performance
of the system, and our method has better performance in the
dynamic object area and the occluded boundary area. Finally,
our method has achieved impressive performance in all three
subtasks.

Like most other previous methods, our method performs
well on the KITTI dataset, but does not work well on realistic
data, i.e., it does not have enough generalization capability.
Additionally, it does not perform very well in real time.

@ Springer

In future work, we will introduce this system into the cur-
rent geometry-based SLAM to further improve the overall
robustness and practicality of each task. Moreover, we will
also extend the proposed self-supervised learning method to
engineering applications [59-61].
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