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Abstract—Optical flow estimation is a basic problem in
computer vision. FlowNet is the first convolutional neural
network based optical algorithm that estimates optical flow
by learning the relationship between image pair and the cor-
responding optical flow. In this paper, MaxFlow is proposed
to improve the accuracy of FlowNet. The architecture of
MaxFlow is similar to that of FlowNetSimple. MaxFlow uses
two kinds of new layers, which are designed specially for
estimating large displacements of small scale objects. The
new down sampling layer makes the network to predict
the maximum displacement in a region. Thus the large
movements will not be missed. The new up sampling layer up
samples the estimated optical flow fields without using any
parameter. It simplifies the network without decreasing the
accuracy of the network. Experiments on synthetic datasets
and real datasets illustrate that the two new layers are
effective and the accuracy of MaxFlow is higher than that
of FlowNet.
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I. INTRODUCTION

Convolutional neural networks (CNN) have been suc-
cessfully applied in many computer vision tasks. However,
there are relatively few CNN-based optical flow algorithm-
s. FlowNet [1] is the first algorithm that trains a CNN to
estimate optical flow in an end-to-end manner. FlowNet
2.0 [2] improves FlowNet by adopting a more complex
learning schedule and integrating multiple networks. In
this paper, we improve FlowNet by giving it different
supervision.

Estimating large displacements and small displacements
can be thought as two different subproblems [3], and large
displacement estimation has long be thought as the hard
one [4], especially the large displacements of small scale
structures [5]. This paper puts focus on estimating the
large displacements of small scale structure.

FlowNet contains a contracting part that aggregates
motion information and an expanding part that refines
the coarse optical flow prediction. Neurons in FlowNet
estimate optical flow by matching features. If the distance
between two features is larger than the size of the receptive
field of a neuron, the neuron cannot match them because
it only sees features located in its receptive field. As
a result, large displacements can only be outputted by
neurons in the upper layers that have larger receptive
fields. However, in FlowNet, the prediction target of each

978-1-5386-7445-1/18/$31.00 ©2018 IEEE
DOI 10.1109/DCABES.2018.00040

119

Lei Xie
Intelligent Transport Systems Research Center
Wuhan University of Technology
Wuhan, China
Email: xielei@whut.edu.cn

neuron in the upper layers is the weighted average of
ground truth optical flow values in a large region. Thus,
the fast motion of small scale structures will be lost if its
scale is much smaller than the region. In lower layers, the
region used for computing the prediction target of each
neuron is smaller, but the receptive field is also smaller.
FlowNet concatenates the coarse feature maps with the
fine feature maps to enlarge the receptive fields of neurons
in lower layers. These coarse feature maps can provide
information for estimating large displacements, but it is
hard for upper layers to learn features for predicting
optical flow average and large displacements of small scale
structures at the same time. In this paper, we simplify the
task of upper layers and only require them to predict large
displacements.

This paper proposes MaxFlow, a optical flow estima-
tion CNN whose network structure is similar to that
of FlowNet. In MaxFlow, the prediction target of each
neuron in upper layers is the maximal displacement of the
pixels in a region, not the average displacement. When
the region reduces to one pixel, the network outputs the
estimated optical flow field. MaxFlow can predict large
displacements of small scale objects, and the optical flow
field estimated by MaxFlow has more clear edge than that
of FlowNet.

In the remainder of this paper, Section II introduces
the related work. Section III introduces the new layers
in MaxFlow. Section IV reports the experimental analysis
and last, Section V gives the conclusion.

II. RELATED WORK

Optical flow algorithms estimate the displacement of
each pixel in two consecutive video frames. Since Horn
and Schunck published their seminal paper in 1981 [6],
variational methods have become the dominating methods
for optical flow estimation. These methods are effective
at estimating small displacements. Using coarse-to-fine
warping schemes, algorithms can estimate large displace-
ments of large scale structures by computing optical flow
at coarser resolution levels [4], but they may fail to
estimate the large displacements of small scale struc-
tures. Brox and Malik introduced descriptor matching to
variational methods to resolve the difficulties in large
displacement estimation [5]. The sparse matches computed



by descriptor matching provide the information of large
displacements for variational methods.

EpicFlow [7] makes a further step to utilize the infor-
mation provided by descriptor matching. On the sparse
matches computed by DeepMatching [8], EpicFlow per-
forms edge-preserving interpolation to get a dense flow
field, which is a good initialization for the optimization
of variational models. In this way, the large displacement
information provided by sparse matching and the sub-pixel
accuracy provided by variational methods are combined
effectively. After the publication of EpicFlow, matching,
interpolation and variational refinement become three stan-
dard steps in a modern optical flow algorithm [9]. Many
algorithms put the focus on inventing effective descriptor
matching techniques suited for optical flow estimation
[10]-[13]. Some algorithms use CNNs to generate image
patch descriptors for matching [3], [11], [12], [14]-[16].
Besides sparse matching techniques, discrete optimiza-
tion can also be used to estimate large displacements.
DiscreteFlow [17] and FullFlow [18] perform discrete
inference to estimate large-displacement integral optical
flow. The obtained integral displacements are also refined
by EpicFlow.

However, even for the state-of-the-art optical flow al-
gorithms that use descriptor matching to estimate large
displacements, there is still much space to improve the ac-
curacy for large displacement estimation. Yang and Soatto
design a method [19] that runs Flow Fields algorithm [10]
multiple iterations. At each iteration, only the estimations
with high confidence are determined. They find that large
displacements of small scale structures are determined
lasted.

FlowNet [1] is the first algorithm that uses CNN to
estimate dense optical flow directly. It adopts a fully
convolutional structure [20], so the input images could
be of any size. The contracting part of FlowNet uses
convolutional layers to extract features, and the expanding
part uses upconvolutional layers to upsample the coarse
feature maps and coarse optical flow estimations. The
upsampled feature maps and estimations are concatenated
with fine feature maps to estimate fine optical flow fields.
The network training loss is the weighted sum of the
endpoint errors (EPE) of all optical flow estimations.
Compared with EpicFlow, FlowNet preserves more fast
motion details, but it makes some errors in small back-
ground movements. Variational methods can be used to
improve the estimations of FlowNet further. FlowNet 2.0
[2] approximates the variational refinement by stacking
multiple FlowNets, and uses a small network specially
trained for small optical flow to improve the estimation
accuracy. We find that though FlowNet preserves more
motion details, some large displacements of small scale
structures are missing in the optical flow fields. We try to
solve this problem by requiring the network to estimate
the maximum displacement of pixels in each region.
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III. THE NETWORK

The architecture of MaxFlow is similar to that of
FlowNetSimple [1]. The contracting part of MaxFlow
contains ten convolutional layers, each followed by a
ReLU nonlinearity layer. The expanding part of MaxFlow
contains six groups of layers for optical flow refinement.
In each refinement step, the up sampled coarse flow
estimation, the up sampled coarse feature maps, and the
corresponding fine features are concatenated. Then the fine
flow estimation is estimated by performing convolution on
this concatenation. The expanding part predicts seven op-
tical flow fields with different resolutions. Each prediction
is compared with a down sampled ground truth to get a
loss.

The main differences of FlowNet and MaxFlow lie in
the expanding part. In MaxFlow, the down sampling layers
used to down sample the optical flow ground truths and
the up sampling layers used to up sample the optical flow
predictions are different from those in FlowNet. These two
kinds of new layers put emphasis on large displacement
discovery.

A. The Down Sampling Layer

As FlowNet, MaxFlow computes optical flow estima-
tions of different resolutions. Each estimation is inputted
into a loss layer to compare with the ground truth.
The resolutions of these estimations are smaller than the
ground truth. FlowNet down samples the ground truth
by computing the weighted sum of the flow vectors in a
region. For each estimation, the size of the region equals
(2n+1) x (2n+1) if the resolution of the flow estimation
is n times smaller than that of the ground truth. This down
sampling is reasonable for regions in which the flows are
smooth. However, when there are different movements in
the region, the physical meaning of the weighted sum is
unclear. More seriously, the large displacements of small
or thin objects will be smoothed out.

The down sampling layer in MaxFlow does not compute
the weighted sum of the flow vectors, but chooses the
maximum absolute value for each dimension of the flow
as the ground truth for a region. This ground truth makes
the network to predict the maximum displacement in a
region. Thus, the large displacements will be predicted
even for small scale structures. When the region reduces
to one pixel, the network predicts the optical flow for each
pixel. We adopt n x n as the size of the region for down
sampling, so the region reduces to one pixel when the
resolution of the flow estimation equals that of the ground
truth.

In order to obtain optical flow estimation whose resolu-
tion equals the resolution of the input, MaxFlow performs
two more steps of estimation refinement than FlowNet.
FlowNet does not refine the optical flow estimation to
the input resolution because compared to bilinear up sam-
pling, further refinement does not significantly improve
the results [1]. Thus, the improvements of MaxFlow do
not come from the added layers for refinement.
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Figure 1. The up sampling operation.

B. The Up Sampling Layer

Both FlowNet and MaxFlow refine a coarse flow esti-
mation by performing convolution on the concatenation of
up sampled coarse feature maps, fine features, and the up
sampled coarse flow estimation. FlowNet up samples both
the coarse feature maps and the coarse flow estimation
using an "upconvolutional’ layer ("Deconvolution’ layer in
Caffe [21]). This layer first enlarges the feature maps by
padding O, then applies convolution to the enlarged feature
maps.

When convolution is applied to a coarse flow estimation,
the flow estimation is changed. To transfer the information
of large displacements to later layers, we prefer to keep the
coarse flow estimation unchanged. Thus, we realize a new
up sampling layer that just copies the flow vectors from
the coarse estimation to the enlarged feature maps. This up
sampling operation on one feature map is illustrated in Fig.
1. As in the down sampling layer, one pixel in the coarse
estimation corresponds to a region in the fine feature maps.
The size of the region is n X n if the resolution of the
coarse flow estimation is n times smaller than the enlarged
feature maps. For every pixel in a region in the enlarged
feature maps, its flow value equals the flow value of the
pixel in the coarse flow estimation that corresponds to
this region. This new up sampling layer has no parameter,
which reduces the flexibility of the network. However, the
preserved information of large motion is beneficial to the
estimation for large displacements.

IV. EXPERIMENTS

We use the Flying Chairs dataset [1] to train our
MaxFlow network. The experimental analysis is per-
formed on Flying Chairs, KITTI, and Sintel datasets.
We compare the MaxFlow with FlowNet [1]. All of our
experiments are performed on an Intel Xeon ES at 2.4GHz
with a Nvidia GTX 1080.

A. Training Details

The network is trained by the synthetic Flying Chairs
dataset. This dataset contains 22,872 image pairs, among
which 22,232 image pairs are used to train the network,
and the remain 640 image pairs are used to test the
network.

We use the same training process as that used by
FlowNet [1]. The training loss of the network is the
average endpoint error, which is the average Euclidean
distance between the predicted optical flow vectors and
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Table 1
THE ACCURACY COMPARISON.

Models Flying Chairs Test | Sintel Clean (train) | KITTI 2012
FlowNetS 2.71 4.50 8.26
MaxFlow- 2.49 4.50 8.11
MaxFlow 2.51 4.43 8.10

the corresponding ground truths. The Adam optimization
algorithm is used, with a mini-batch size of 8. The learning
rate starts from 0.0001 and is divided by 2 every 100k
iterations after the first 300k. The network is trained
for 600k iterations. On our computer, the whole training
process takes about three days.

B. Accuracy Comparison

The accuracy of the networks are measured by the
average endpoint errors of the predicted flow values.
Table I gives the average endpoint errors of FlowNet
and MaxFlow on three different datasets. The errors of
MaxFlow are lower than that of FlowNetS. Figure 2 shows
the optical flow fields estimated by these two networks
on the Sintel Clean (train) dataset. Figure 3 shows the
estimated optical flow fields on the Flying Chairs dataset.
We can see that compared with FlowNetS, our MaxFlow
preserves more motion details and have more clear edges.

(a) (b) (©)

Figure 2. The accuracy comparison on the Sintel Clean (train) dataset.
(a) The ground truth. (b) The optical flow predicted by FlowNetS. (c)
The optical flow predicted by MaxFlow.

There are two kinds of new layers in MaxFlow. In order
to investigate the effects of the new layers, we also give the
average endpoint errors of MaxFlow-, in which only the
new down sampling is used, in Table I. From the data in
Table I, we can see that the down sampling layers improve
the accuracy of the network, and the up sampling layers
simplify the network without decreasing the accuracy of
the network.

V. CONCLUSION

This paper proposes MaxFlow, a new convolutional
network for optical flow estimation. The key contribution
is the two new layers designed specially for estimating
large displacements of small scale structures. Experiments
illustrate that MaxFlow can preserve more motion details
than FlowNet, and has lower average endpoint error on
multiple datasets.



Figure 3.
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The accuracy comparison on the Flying Chairs dataset. (a)

The ground truth. (b) The optical flow predicted by FlowNetS. (c) The
optical flow predicted by MaxFlow.
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