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Abstract — Structure flow is a novel three-dimensional
motion representation that differs from scene flow in that it is
directly associated with image change. Due to its close
connection with both optical flow and divergence in images, it is
well suited to estimation from monocular vision. To acquire an
accurate measurement of structure flow, we design a method
that employs the spatial pyramid structure and the networkbased method. We investigate the current motion field datasets
and validate the performance of our method by comparing its
two-dimensional component of motion field with the previous
works. In general, we experimentally show two conclusions: 1.
Our motion estimator employs only RGB images and
outperforms the previous work that utilizes RGB-D images. 2.
The estimated structure flow map is a more effective
representation for demonstrating the motion field compared
with the widely-accepted scene flow via monocular vision.

I. INTRODUCTION
Motion estimation is a core computer vision problem.
Optical flow, predicting the 2D motion of each pixel across an
image sequence, has been extensively studied over many
years. It has many applications such as the autonomous
control in the fields of robotics and driving [1, 2]. Traditional
approaches adopt the approach of optimizing an energy
function such as Horn and Schunk [3] or Lukas and Kanade
[4]. However, recent work has shown effective performance
from the network-based methods [14, 15, 16, 17, 18].

A more recent topic is the estimation of 3D motion field,
where both the two objects move by different distances from
𝐴 and 𝐵 to 𝐴′ and 𝐵′ respectively. Their 3D motions (scene
flow) are denoted by 𝑉𝐴 and 𝑉𝐵 , while the projected 2D
motions in the image plane are denoted by 𝜙𝐴 and 𝜙𝐵 .
Notably, a disadvantage of scene flow is that 𝑉𝐴 and 𝑉𝐵 are
not directly coupled to the optical flow 𝜙𝐴 and 𝜙𝐵 in the
image plane.
Structure flow has been proposed as an alternative
representation of the three-dimensional motion field [7].
Following the convention that 𝑙 denotes the distance between
the camera centre {C} and the projected object, 𝜆 denotes the
distance between the projected object and the actual object,
structure flow can be expressed as
𝑙
(1)
𝑉
𝑙+𝜆
The motion in z-axis is correlated with looming changes
in continuous images, and its rate at which objects expand or
contract is proportional to structure flow. It is the same way
that optical flow encodes 2D motion field across images. Due
to its close dependence on actual image change, structure flow
can be estimated with less uncertainty than scene flow with a
monocular camera. In Fig.1, we can see that the length of the
structure flow of both objects 𝜔𝐴 and 𝜔𝐵 match the pattern on
the image plane, while scene flow does not.
𝜔=

Fig. 1: Given two moving objects 𝐴 and 𝐵, their structure flow 𝜔𝐴 and 𝜔𝐵 are proportional to the the projected
two-dimensional optical flow 𝜙𝐴 and 𝜙𝐵 , while their scene flow 𝑉𝐴 and 𝑉𝐵 are not.
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In this paper, we explore a deep convolutional neural
network (DCNN) approach to the estimation of structure flow.
We hope that this work can lead to methods that provide
robust and accurate estimation of structure flow, showing the
improvements that have been done with optical flow. We also
compare our novel structure flow technique with state-of-theart scene flow methods.
The contribution is threefold. By taking monocular images
as the input, we propose (1) the first deep convolutional neural
network approach for the structure flow estimation. (2) We
propose and investigate a suitable approach, and datasets for
learning structure flow estimation. (3) We then experimentally
show that our approach outperforms current scene flow
approaches on the standard benchmark dataset, and introduce
mesh plots as an intuitive visualization for three-dimensional
motion fields.

II. RELATED WORKS
A. Representation of visual motion field
Visual motion fields were introduced to describe the
apparent motion in a visual environment [8]. Optical flow is
widely used in computer vision and has been exploited in
areas such as robot control and helped to develop autonomous
driving in recent years [1, 2]. Classical approaches such as
Horn and Schunk [1] or Lukas and Kanade [2] optimize
energy functions to estimate this motion representation.
B. Three-dimensional motion field
Similar to the two-dimensional optical flow, threedimensional scene flow was defined for each pixel in a
reference image, but consists of both the motion fields that are
parallel and perpendicular to the image plane [11].
Vedula et al. [6] formulated the solution of generating
scene flow without assuming rigidity of the observed scene.
They applied two-dimensional optical flow to estimate the
scene flow. Meanwhile, since three-dimensional motion
cannot be completely observed from the change in the image
plane, Patras et al. combined optical flow and the change of
disparity for motion estimation. Such an idea is followed by
Waxman et al. [10], who utilized multi-view images and a
global smoothness constraint for the motion estimation.
Subsequent work by Gong et al. estimated disparity flow with
stereoscopic images [13].
Structure flow explored another path for describing 3D
motion. It was practically formulated as scene flow scaled by
the inverse depth and was implemented with a filter-based
solution by Adarve et al. [7]. Meanwhile, the advantage of
structure flow over scene flow was not discussed.
C. Network-based motion estimation
Deep convolutional neural networks (DCNN) were firstly
applied for estimating the two-dimensional optical flow by
Dosovitskiy et al. [14]. They proposed FlowNet that
employed an hourglass-style architecture with encoder and
decoder modules. FlowNet has been extended with improved
modules and had more robust performance against occlusion
[15, 16, 17]. SpyNet developed from FlowNet with the idea
of the spatial pyramid [18]; it is a novel light-weighted
architecture for optical flow estimation. Some traditional
computer vision techniques, such as warping and cost volume,

were combined with the network-based method by Sun et al.,
the integrated approach achieved state-of-the-art
performance [19].
The estimation of the three-dimensional scene flow with
a network-based method was explored by Mayer et al. [21].
They predicted dense disparity maps with continuous stereo
frames. Subsequent work fused the independently estimated
depth maps and optical flow maps for generating dense threedimensional scene flow maps [20]. SF-Net estimated optical
flow from RGBD images [32].
D. Dataset for motion field
The Middlebury dataset contains RGB image pairs and
corresponding optical flow maps that are calculated with highresolution UV images. It is widely used as a benchmark for
evaluating the performance of optical flow estimation [21].
The Kitti dataset is a large dataset with optical flow and depth
annotations, focused on the application of automated driving
and was collected with autonomous driving platforms [9, 23,
24].
The development of the virtual motion field dataset started
from McCane’s work that applied synthetic sequences with
optical flow and provided a metric with angular error [25].
Since the early-stage synthetic datasets were not realistic,
MPI-Sintel was created to simulate spatial features that are
semantically similar with the real-life scene [26]. Mayer’s
work produced multiple datasets that have a larger amount of
annotated images compared with previous datasets [35]. In
addition, [35] contains equally accurate motion measurements
in all three axes.

III. METHODS
Theoretically, structure flow can be estimated directly
from a sequence of monocular images as it is insensitive to the
scale of looming motion, whereas this is ambiguous for scene
flow. Hence, the aim of this paper is to investigate whether
structure flow can show this advantage over scene flow.
Learnt from the mature techniques of scene flow estimation,
we introduce our network-based approach to fuse optical flow
and depth change for estimating the structure flow.
A. Recap of motion estimation
Correlation and Warping are two key operations to
quantitatively evaluate motion from continuing image frames.
[12] introduces the correlation operation for capturing the
pixel-wise motion between two feature maps. Denoting two
feature maps by 𝑓1 and 𝑓2 , the correlation operation
𝑐(𝑓1(𝑥1 , 𝑦1 ), 𝑓2(𝑥2 , 𝑦2 )) computes the inner product of
square patches that are centred in (𝑥1 , 𝑦1 ) on 𝑓1 and centred in
(𝑥2 , 𝑦2 ) on 𝑓2 :
𝑐(𝑥1 , 𝑥2 ) =

∑

⟨𝑓1 (𝑥1 + 𝑜x , 𝑦1 + 𝑜𝑦 ),

𝑜𝑥 ,𝑜𝑦 ∈[−𝑘,𝑘]2

𝑓2 (𝑥1 + 𝑜x , 𝑦1 + 𝑜𝑦 )⟩

(2)

where 𝑜𝑥 and 𝑜𝑦 represent the pixel-wise shift for x and y axes
and the dimension of the patch is (2𝑘 + 1)2 . In this case,
(2𝑘 + 1)2 correlation maps are generated to represent the
motion in all directions, which requires a high storage cost.
Further, correlation computation is time-consuming if the
distance between (𝑥1 , 𝑦1 ) and (𝑥2 , 𝑦2 ) is not restricted. We
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take 𝑑 to denote the maximal Euclidean distance between the
two patch centres on different feature maps, that is
√(𝑥2 − 𝑥1

)2

+ (𝑦2 − 𝑦1

)2

< 𝑑

(3)

The size of patch 𝑘 and the maximal distance 𝑑 are dataset
specific parameters that depend on motion and feature size. So
that correlation operation is a time-consuming operation as its
parameter have to be determined experimentally.
Due to these high costs, [27] applied image warping to
estimate two-dimensional motion flow maps. Denoting
𝑤𝑎𝑟𝑝(𝑓, 𝜙) as an operation for warping feature map 𝑓 with
optical flow 𝜙, the error of 𝜙 (denoted by 𝑒𝜙 ) can be reflected
by the Euclidean norm between the warped first feature map
and the second feature map.
𝑒𝜙 = ‖warp(𝑓1 , 𝜙) − 𝑓2 ‖2

(4)

In this case, the warping operation bridges the
corresponding spatial features in two features, so that
minimizing 𝑒𝜙 can be considered as an implicit method to
acquire an optimal 𝜙. Compared with correlation, warping
significantly saves computational cost, and so is used in our
technique.
B. Spatial pyramid structure
A spatial pyramid structure called hierarchical correlation
for the motion estimation in [27] and was reintroduced by [18].
It utilized a CNN to generate optical flow maps. Following
that, we aim to design a coarse-to-fine method for dealing with
multi-scale motion estimation.
Given an initial feature map 𝑓0 with size 𝑎 × 𝑏, the coarser
features can be generated iteratively by pooling and the size
𝑎
𝑏
of the generated features 𝑓𝑛 is ( 𝑛 × 𝑛 ). It leads to a set of
2
2
features 𝑓 = {𝑓0 , … , 𝑓𝑛 } whose elements have decreasing size.
For the inverse operation that generates feature maps with
a larger size, we applied the image interpolation from [36] to
up-sample features.

Algorithm 1: three-dimensional motion field estimation

Input: A set of image pairs 𝑰 = {(𝐼0 , 𝐼0′ ), … (𝐼𝑛 , 𝐼𝑛 ′)} in
decreasing sizes generated by spatial pyramid
Input: Initialized zero optical flow 𝜙𝑛
Input: maximal level of structure spatial pyramid 𝑛
Output: Estimated 3D motion field 𝜓0 in the original size
For 𝑖 in range from 𝑛 to 0:
Warped image 𝐼̃𝑖 ← 𝑤𝑎𝑟𝑝 (𝐼𝑖 ′, 𝜙𝑖 )
Feature map 𝐹 ← Concatenate {𝐼𝑖 , 𝐼̃𝑖 , 𝜙𝑖 } in the channel
dimension
Estimate 3D motion field 𝜓𝑖 ← 𝑃(𝐹)
Extracted 2D motion field 𝜙𝑖 from 𝜓𝑖
Up-sampled optical flow 𝜙𝑖 ← interpolation (𝜙𝑖 )
D. Network architecture of the motion estimator
We implement the motion flow estimators 𝑃() from the
previous section with a 6-layer CNN. Such a network takes
stacked features as input and outputs a three-dimensional
motion field.
Following section B, although the spatial pyramid
structure is able to handle multi-scale features, two problems
still exist. Firstly, the error of the estimated motion field in
different sizes is accumulated through backpropagation,
which leads to a huge numerical updating of the network
parameters. Such updating will cause overflow if the pyramid
structure has too many layers. Further, small objects cannot be
visible on the coarsest images. Since the coarsest image is the
reference for the motion estimation on finer images, it drives
the network to neglect these objects when estimating the finer
motion field. To avoid these problems, we empirically set the
levels of the spatial pyramid to be four (𝑛 = 4).
The network architecture is shown in Fig.2. The input
image pairs are down-sampled for 4 times from left to right
and transmitted to the red processor module.

C. Estimation of three-dimensional motion field
Given a pair of images (𝐼, 𝐼′) as input, we aim to estimate
a three-dimensional motion field 𝜓 that describes the pixelwise motion from 𝐼 and 𝐼′. In general, 𝜓 can be defined as
either scene flow or structure flow.
Based on section B, a set of image pairs 𝑰 =
{(𝐼0 , 𝐼0′ ), … (𝐼𝑛 , 𝐼𝑛 ′)} is generated and the estimation starts
from the coarsest image pair (𝐼𝑛 , 𝐼𝑛′ ). Following the idea of
[18], the corresponding two-dimensional optical flow 𝜙𝑛 is
initialized as a zero map to conduct the warping operation on
𝐼𝑛′ . In this case, the warped image is denoted by 𝐼̃𝑖 .
Assuming 𝑖 (in the range 0, …, n) denotes the sequence of
processing, we take the concatenated features 𝐹 = {𝐼𝑖 , 𝐼̃𝑖 , 𝜙𝑖 }
as input to estimate the motion field 𝜓𝑖 that has the same size
as 𝐼𝑖 . The estimation function is expressed by 𝑃() in the
following paragraph, therefore:
𝜓𝑖 = 𝑃({𝐼𝑖 , 𝐼̃𝑖 , 𝜙𝑖 })

(5)

Such a process is conducted iteratively until 𝜓0 is
generated. Generally, the algorithm of three-dimensional
optical flow estimation is expressed as below.

Fig. 2. The architecture of the network for estimating threedimensional motion.

The coarsest image pair (𝐼4 , 𝐼4 ′) and a zero optical flow
are taken for conducting the operation shown in Algorithm1.
The first image 𝐼4 is warped with the initialized zero map to
generated 𝐼̃4 (in 𝒘𝒂𝒓𝒑𝟏 block). The warped second image 𝐼̃4 ,
the second image 𝐼̃4 and the optical flow are concatenated to
be a feature map with six channels (in 𝒎𝒂𝒑𝟐 block). The
𝑪𝑵𝑵𝟑 module processes the feature map and generates a 3D
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motion field 𝜓4 as the output of the initial iteration. After four
iterations, the final output, 𝜓0 , has the same size as the
original images.
E. Loss function design for scene flow and structure flow
We generate structure flow based on the optical flow and
disparity as they are commonly provided in public motion
datasets.
Given continuous input images 𝐼 and 𝐼′, the optical flow
from 𝐼′ to 𝐼 is denoted by 𝜙 and the corresponding pixel-wise
disparity maps are denoted by 𝒟 and 𝒟′. Since our method is
designed to predict an arbitrary three-dimensional motion
field 𝜓, both the scene flow and the structure can be estimated.
We formulate the ground truth scene flow 𝑉𝑔𝑟𝑜𝑢𝑛𝑑 and
structure optical flow 𝜔𝑔𝑟𝑜𝑢𝑛𝑑 as:
(6)
𝑉𝑔𝑟𝑜𝑢𝑛𝑑 = {[𝜙𝑥 , 𝜙𝑦 , 𝒟 ′ − 𝑤𝑎𝑟𝑝(𝒟, 𝜙)]}
𝜔𝑔𝑟𝑜𝑢𝑛𝑑 = {[𝜙𝑥 , 𝜙𝑦 ,

𝒟 ′ − 𝑤𝑎𝑟𝑝(𝒟, 𝜙)
]}
𝒟

(a) x-axis

(7)

In practise, we ignore focal length, as it is a uniform scale.
Therefore, different from the definition in (1), we only scale
the motion in the z-axis by the inverse depth in (7). Also note
that the motion in the x- and y-axes are in pixel units, while
the motion in the z-axis is dimensionless.
Given the predicted motion field 𝑉𝑝𝑟𝑒𝑑 and 𝑤𝑝𝑟𝑒𝑑 , the loss
functions for both three-dimensional motion fields are defined
by the Euclidean norm:
𝑙𝑜𝑠𝑠𝑉 = |𝑉𝑝𝑟𝑒𝑑 − 𝑉𝑔𝑟𝑜𝑢𝑛𝑑 |

(8)
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𝑙𝑜𝑠𝑠𝜔 = |𝜔𝑝𝑟𝑒𝑑 − 𝜔𝑔𝑟𝑜𝑢𝑛𝑑 |

(9)
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F. Dataset selection
The mainstream datasets for learned motion field
estimation are summarized as below.
Table I: Statistics of the public datasets of motion field
Frames

Virtual

Precision

Proportion1

Monkaa [19]

8640

True

Good

60: 0.8: 1

Driving [19]

1098

True

Good

4.7: 1.1: 1

Sintel [24]

1041

True

Bad2

1.5: 1: 2.6e6

False

Bad2

/

True

Bad2

3.5: 4.2: 1

Kitti [21, 22]
Virtual Kitti
[32]

191136
8640

Fig. 3: A sample image and its ground truth of depth change in the
Virtual Kitti. The tree trunks and poles have abnormally large or
small values due to their depth being missing in the annotation map.

(b) y-axis

(c) z-axis

Fig. 4: Structure flow ground truth of a sample image in the Sintel
dataset. The annotation in the z-axis (c) has a worse precision. It leads
to a unsmooth pattern that is inconsistent with (a) and (b).

Another reason is the imbalanced motion in different
axes. Proportion in Table I records the summed motion in
each axis, and it is defined as:
Σ𝜙𝑥 Σ𝜙𝑦 Σ𝜙𝑧
(10)
𝑟𝑥 : 𝑟𝑦 : 𝑟𝑧 =
:
:
𝝓
𝝓 𝝓
where 𝝓 = Σ𝜙𝑥 + Σ𝜙𝑦 + Σ𝜙𝑧 . We compute the motion
proportion of each dataset in Table I except Kitti as that has
too many frames. This result shows the imbalance of
different motion components among three axes commonly
occurs in public datasets.
The influence of the imbalance is not vital for the method
that estimates the optical flow and disparity independently.
However, since our model estimates the motion in all three
dimensions, large errors in the motion in one or two axes
will dominate the loss.
G. Motion visualization
The current method of motion visualization displays
different directions of motion with the colour cycle in HSV
space. Since HSV space can only fit a two-dimensional vector
space, the optical flow and the depth change are generally
presented separately.

1The

proportion of motion is in the sequence of x, y and z, while
the positive values indicate leftward, upward and looming (i.e.,
moving towards the camera) direction respectively.
2Sintel

has different precision of optical flow and depth
measurement, while the annotation maps in Kitti and Virtual Kitti
are sparse.

Most of datasets in Table I are not suitable for estimating
three-dimensional structure flow for two reasons. The lowaccuracy of the measurement of the motion field is the first
reason (e.g., Kitti, Virtual Kitti, and Sintel). Such lowaccuracy measurement causes missing objects and erroneous
depth annotations (as shown in Fig. 3 and Fig. 4).

Fig. 5: The correlation between the optical flow and the colour in
HSV space

Although such visualization displays the motion field, we
cannot intuitively compare the magnitude of optical flow and
depth change. In this case, we suggest a three-dimensional
visualization of motion with a mesh plot that combines optical
flow and depth change. Since generating a mesh plot is timeconsuming, the three-dimensional motion map is downsampled to a sparse manner for visualization.
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corresponding three-dimensional motion estimations. Without
fine-tuning, Table II indicates that the training on only
Monkaa is inadequate. Further, it also exhibits consistency of
errors between the three-dimensional and two-dimensional
motion estimation.
Fig. 6: Separate visualization (left: optical flow, mid: depth change)
verse the rightmost down-sampled combined visualization

Table III: Comparison of the average end-point-error with
previous works on Monkaa benchmark

Two-dimensional
optical flow

Three-dimensional
Scene flow

PD-flow[28]*

43.62

-

SRSF[1]*

21.81

-

Sun et al.[29]*

19.54

-

SF-Net [30]*

4.91

-

Ours

4.32

5.33

IV. EXPERIMENTS
A. Network training
Based on the discussion in section F of the Method. Our
structure optical flow estimation technique is applied to the
Monkaa and Driving datasets as these two datasets have
precise motion measurements in all three axes [21]. The
estimation of the scene flow is produced for comparing with
structure flow. We also compare the scene flow estimation of
our method with previous works.
As shown in section C of Method, our method includes the
estimation of the motion field at four different scales and we
assume the input RGB image has size 448 × 334. The
network-based estimator model is implemented with Pytorch
[28].
Based on Pytorch framework, our network is trained with
learning rate 𝑎1 = 0.001 and SGD optimization in the first
100 epochs, the learning rate is then updated to 𝑎2 = 0.0001
for converging. The entire process requires 180 epochs in 41
hours on a device with i7-6700k CPU and GTX1080 GPU.

*Take RGB-D images as the input
Comparison with previous works is based on twodimensional optical flow since there is no current public
benchmark for both scene flow and structure flow (Table. III).
Different from previous works that use the images as well as
their corresponding depth maps as input, our method focuses
on monocular image and only employs RGB images as input.
Table III shows the superiority of our method on motion
estimation, where our method outperforms the previous works
with no depth information involved.

C. Comparison between scene flow and structure flow
The separation of training sets and testing sets is based on
Although numerically error is slightly improved for scene
the scenes in datasets. For each scene, we randomly select 10%
flow, we demonstrate the advantage of the structure flow over
image pairs for testing, while the rest images pairs are treated
the scene flow with the visual estimation result.
as the training set.
Structure flow is theoretically less sensitive to depth
For image augmentation, we conduct image rotation and
change as its magnitude is proportional to pixel-wise motion
random cropping for enhancing the robustness of our model.
in the image plane. One of the representative examples is
We follow [18] and set rotation range within [−5°, 5°],
shown below.
followed by random cropping, then and resizing to original
dimension. These processed images are then normalized using
a calculated mean and standard deviation from ImageNet [29].
B. Benchmark result demonstration
We train our model for estimating structure flow and scene
flow independently and the evaluation is based on average
end-point-error between the estimated motion and ground
truth in three dimensions. The experimental results of Monkaa
and Driving are shown in Table II.

(a) The first input image

(b) 2D motion in structure flow

(c) 2D motion in scene flow

(d) 2D flow colour map

(e) 3D motion in structure flow

(f) 3D motion in scene flow

Table II: Comparison of the average end-point-error of results on
Monkaa benchmark

Structure flow

Scene flow

3D

2D

3D

2D

Monkaa

3.41(7.14)

(5.62)

2.74(5.33)

(4.32)

Driving

1.74(2.94)

(2.23)

1.63(2.81)

(2.22)

Training loss (testing loss)

Table II shows training and testing loss (in brackets). Our
model is trained by minimalizing estimation error in three
dimensions. The two-dimensional estimations have only
testing loss as the predictions are extracted from the

Fig. 7: The demonstration of the estimated result, structure flow
captures the precious boundary of objects while scene flow does not.

With camera motion rotating around the mountain, the
objects (mountains and a flower) are almost static compared
with the moving clouds (Fig. 7). In this case, scene flow fails
to identify the boundary of the front objects in the motion field,
as the subtle motion of front objects and the large motion of
the background are mixed. On the contrary, the structure flow
shows recognizable front object motion as their motion fields
are scaled by their magnitude of looming motion.
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Further, the blue sky is usually moving in the Monkaa,
which shows the consistency between the motion and the
colour. With the recorded proportion of motion (-60:0.8:1) in
Table2, we can find the rightward motion is the most frequent,
which explains why the estimated structure flow shows the
static background moving rightward.
(a) The first input image

(b) 2D motion in structure flow

(c) 2D motion in scene flow

(d) 2D flow colour map

(e) 3D motion in structure flow

(f) 3D motion in scene flow

Fig. 8: The demonstration of the estimated result, scene flow map is
orderless against the background with uniform textures.

Fig. 8 shows small rotating motion of camera with respect
to front objects, which is correctly observed in the structure
flow map. Meanwhile, the pixel-wise motion in the scene flow
map lacks order. This is caused by the uniform texture of the
background. Without depth scaling, the pixel-wise motion of
the background between two images is not separated, leading
to a cluttered estimated map.
In general, as an alternative representation of threedimensional motion, structure flow demonstrates advantages
over scene flow in foreground motion cases whereas
otherwise distant motion will dominate.
D. Discussion of color influence and bias
We observed consistency between the colour and object
semantics. For an instance of the Monkaa dataset, the sky is
the only object that indicates blue in all the scenes. In this case,
we further validate the performance of the model in a pure
background scene.
We extracted the colour of the sky in the Monkaa as the
background for the experiment shown in Fig. 9. By moving
the snipped pink flower leftward for five pixels, we observe
the difference between structure flow and scene flow
estimations.

V. CONCLUSIONS
In this paper, we introduced a network-based model for
estimating structure flow. We investigated existing image
motion datasets and discussed the feasibility of fitting a
structure flow model based on the existing datasets. Our
quantitative experiments show that our method has superior
performance compared to previous works without employing
RGB-D images. Based on the effective motion estimation, we
show the robustness of structure flow against a background
with ambiguous looming motion via monocular vision .
From another perspective, our experiment shows the
unexpected correlation between the color and the direction of
motion in the Monkaa dataset, which unveils over-fitting
problem. Applying proper regularization for solving this
problem is one of our future areas of investigation. Besides, as
shown in Table I, the current motion field datasets do not
consider balancing the motion components in different axes.
The unbalanced magnitude of motion in different axes as well
as the imbalanced colours result in biased estimation of the
motion field. In this case, it is worth creating a larger and more
balanced dataset for avoiding these biases.
Although structure flow and scene flow have a similar
definition, we find that their estimated maps reflect different
behaviours with the same input image (Fig. 9). This
observation leads us to a hypothesis that a model may be able
to estimate a better three-dimensional motion field if it has
learned both structure flow and scene flow. This hypothesis
suggests a multi-task learning task like [31] as future work.
In conclusion, the structure flow brings a novel view of
three-dimensional motion and our work shows the advantage
of the structure flow compared with traditional scene flow. We
believe the idea of structure flow should benefit the
development of motion estimation in the future.
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