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Abstract

In this paper, we propose a novel and specially designed
method for piecewise dense monocular depth estimation in
dynamic scenes. We utilize spatial relations between neigh-
boring superpixels to solve the inherent relative scale ambi-
guity (RSA) problem and smooth the depth map. However,
directly estimating spatial relations is an ill-posed prob-
lem. Our core idea is to predict spatial relations based
on the corresponding motion relations. Given two or more
consecutive frames, we first compute semi-dense (CPM)
or dense (optical flow) point matches between temporally
neighboring images. Then we develop our method in four
main stages: superpixel relations analysis, motion selec-
tion, reconstruction, and refinement. The final refinement
process helps to improve the quality of the reconstruction
at pixel level. Our method does not require per-object seg-
mentation, template priors or training sets, which ensures
flexibility in various applications. Extensive experiments
on both synthetic and real datasets demonstrate that our
method robustly handles different dynamic situations and
presents competitive results to the state-of-the-art methods
while running much faster than them.

1. Introduction

Dense monocular depth estimation in complex dynamic
scenes has been a popular but challenging topic in computer
vision for many years. It is widely adopted as an important
step in many practical applications such as robot navigation
[6], scene understanding [8], saliency detection [22], etc.
However, real-world scenes usually consist of complex mo-
tion models, including rigid background, moving vehicles,
non-rigid pedestrians and so on. Traditional structure-from-
motion (SFM) methods [9, 23] fail to reconstruct moving
objects due to the inherent RSA problem [16], as explained

Figure 1. Results of our method for two-frame reconstruction. (a)
is the input image pair. (b) is the ground truth depth map. (c)
demonstrates the predicted spatial relations between neighboring
superpixels. Green lines represent coplanar, blue lines represent
hinge, black lines represent crack. (d) demonstrates the motion
selection process. Reliable static superpixels (labelled blue) are
used to identify camera motion. Furthermore, their scales are fixed
and they are used as references to estimate the scales of remaining
superpixels. (e) demonstrates the result of MVG [9]. (f) is the final
result of our method.

in Figure 2. Therefore, efficient and effective frameworks
that can handle dynamic scenes are of great need.
Recently, two methods called DMDE [25] and S.Soup
[16] achieved state-of-the-art performance on depth estima-
tion on MPI Sintel [2] and KITTI datasets [6]. DMDE
first applies motion segmentation to the optical flow field
and then solves the RSA problem with an ordering con-
straint which captures the assumption that dynamic objects
occlude the static environment. However, accurately and
densely segmenting moving objects or parts is not easy
in many cases (e.g. traffic scenes in KITTI). And low-
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MVG | DT | DMDE | S.Soup | Ours
o1 | [15] [25] [16]

Input frames 2 1 2 2 >2
. OF - OF OF PM/OF
Requirements -
- Train Seg - -
Robust to outliers X — Vv V4 v
Dynamic scenes X N 4 v N
Speed 600s | 100s 60s 660s 5s

Table 1. Main features of our method compared to some baseline
methods. DT is a single-frame method, so we don’t evaluate its
robustness to outliers. Abbreviation of requirements: OF - optical
flow, Train - training set, Seg - motion segmentation, PM - semi-
dense point matches. Our method is fast, robust and flexible in
dynamic depth estimation.

quality motion segmentation directly leads to low-quality
reconstruction, which deteriorates the robustness of DMDE.
S.Soup [16] goes further by incorporating an ARAP (as
rigid as possible) term in its energy function under the as-
sumption that the transformation between two frames is lo-
cally piecewise-rigid and globally as rigid as possible. This
term avoids motion segmentation and helps to solve the
inherent RSA problem. However, the optimization of the
non-convex ARAP term is time-consuming, which limits
its practical applications.

Considering the drawbacks of DMDE and S.Soup, we
propose a new framework that is efficient and robust in
monocular depth estimation in dynamic scenes. By apply-
ing superpixel over-segmentation to the image, we model
each superpixel as a small plane (parameterized with a
plane parameter and a scale parameter) in 3D space. We
exploit two kinds of relations between neighboring super-
pixels: motion relations and spatial relations, each having
three subcategories {coplanar, hinge, crack}. Spatial re-
lations provide constraints on the spatial position of each
superpixel and thus can be used to solve the RSA prob-
lem. However, spatial relations cannot be estimated directly
since the plane parameter of each superpixel is also un-
known. We instead predict spatial relations between neigh-
boring superpixels based on their motion relations which
can be jointly estimated with homographies according to in-
put point matches. We observe that in most dynamic cases,
motion and spatial relations correspond one-to-one. Based
on this observation and the widely-used piecewise planar
assumption, we design a unified framework that consists
of four main stages: superpixel relations analysis, motion
selection, reconstruction, and refinement. We demonstrate
that our method achieves state-of-the-art performance on
several popular datasets [2, 5, 7]. The main features of our
method compared to the baseline methods [9, 15, 16, 25]
are summarized in Table 1, and the result of each stage is
demonstrated in Figure 1.

Our contributions are summarized as follows: 1) We
propose a unified framework for monocular piecewise re-

Motion relations Criterion

Coplanar > pesus, [HiP —H;P|~0
Hinge > peny, [HiP — H;P|~0
Crack Otherwise

Spatial relations Criterion

Coplanar >pesius, |0 — 0P| =0
Hinge > peny, 0iP —0;P| =0
Crack Otherwise

Table 2. Criteria of motion and spatial relations. P is the homoge-
neous form of pixel p. B;; denotes pixels on the shared boundary
of S; and S;. H; and 6; denote homography and plane parameter
of S; respectively.

construction in complex dynamic scenes, which achieves
state-of-the-art performance on various benchmarks. 2) We
demonstrate how to solve the RSA problem in dynamic
reconstruction based on the assumption that motion and
spatial relations between neighboring superpixels generally
correspond one-to-one. 3) We further introduce an approach
to improve the depth estimation quality by tracking su-
perpixel relations between temporally neighboring frames.
Experiments show that this approach successfully leverage
multiple frames to output more accurate results without a
noticeable reduction in speed.

2. Related works

Non-rigid structure from motion. Many methods have
been proposed to deal with non-rigid reconstruction. Our
approach is most related to piecewise reconstruction meth-
ods [29, 30, 32]. They typically formulate the reconstruc-
tion problem as a multiple model fitting problem where
point matches belong to an unknown number of models.
The point matches are divided into overlapping groups and
the matches covered by multiple groups are used to align
these groups. The assignment of point matches to multiple
local models and the fitting of models to points are esti-
mated simultaneously by minimizing an elaborate energy
function with geometric terms and other optional terms like
appearance term, minimum description length (MDL) term
and so on. Russell ef al. [30] go one step further by in-
troducing multi-level segmentation to improve the perfor-
mance. However, [29, 32] are not able to reconstruct the
entire scene and [30] performs poorly when applied to com-
plex scenes (e.g. on the MPI Sintel dataset [2]).

Optical flow-based methods. DMDE [25] and S.Soup
[16] are two typical methods of this kind. DMDE seg-
ments the optical flow field into a set of motion models and
then optimizes an energy function to reconstruct the scale-
ambiguous foreground together with the surrounding envi-
ronment. S.Soup goes further by incorporating an ARAP
(as rigid as possible) term to avoid object-level motion seg-
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