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Abstract

Image registration is an important task in computer vision and image process-
ing and widely used in medical image and self-driving cars. In this paper, we
reviewed popular method in deep learning for image registration, both supervised
and unsupervised one.

1 Introduction

Image registration is an important task in computer vision and image processing and widely used in
medical image and self-driving cars. We take optical flow, stereo matching and multi-modal image
registration as an example in this paper.

Figure 1: Typical tasks in image registration.(a) Stereo (b) Multi-modal Image Registration (c)Optical
Flow.

• Stereo: stereo takes two image from left eye and right eye in to calculate the disparity
and then we can get the depth of the object in the image. An example is demonstrated in
Figure1(a).

• Multi-Modal Image: If we take images of an object by two modes(like CT and MRI).
It’s hard to keep the object at the same place of an image. An example is demonstrated in
Figure1(b).

• Optical Flow: optical flow takes two frame of a video in and we need to compute the
difference between two frame to demonstrate the object moving. An example is demonstrated
in Figure1(c). Here color demonstrated the direction of the flow and the color depth
demonstrated the size of the flow.
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1.1 Dataset

KITTI Dataset. KITTI is an object detection and object orientation estimation benchmark consists
of 7481 training images and 7518 test images, comprising a total of 80.256 labeled objects. All
images are color and saved as png. In their dataset they have demonstrate the optical flow and stereo
matching result of their data and you can utilize the data to evaluate your algorithms. The offical
website of KITTI is http://www.cvlibs.net/datasets/kitti/eval_object.php.

Flying Things. In order to denote deep learning method, the data in KITTI is far from enough. In
[5], they give a new dataset using a computer graphics technique to simple fake data and sampled
data is demonstrated in Figure2.

Figure 2: Two examples in flying things dataset.

1.2 Traditional Methods

In this section we will introduce the traditional methods to do image registration. All the problems is
aim to calculate a mapping f in order to minimize

||F (I1)− F (I2 ◦ f)||
Here F can be any mapping that extracting the feature. To be simple, let F be the identity mapping.
However the model here is hard, it may have a lot of solutions. Different regularization term is
needed.

• Horn-algorithm like algorithms. We summarize the algorithm in [1], which is a bench-
mark method before deep learning. The objective can be written as

||I1 − I2 ◦ f ||+R(f)

In order to calculate ||I1 − I2(f)|| we utilizing a Taylor expansion and take the time axis
into consider. I(x+ dx, y + dy, z + dz, t+ dt) = I + ∂I

∂xdx+ ∂I
∂ydy + ∂I

∂zdz + ∂I
∂t dt. If

we let the x,y axis of the vector field f is denoted as u, v and if we take I1 = I2 ◦ f as a
constraint, we get the optical flow constranit as

∂I

∂t
= f · (∇I)

and we rewrite the objective function as

||∂I
∂t
− (∇I) ||+R(f)

The regularization term R here can be any regularization term used in image processing like
TV, nonlinear TV, nonlocal TV and wavelets.
• Quasi-conformal Methods. We can consider the registration field as a solution of the

Beltrami Equation[2].

∂f

∂z
= g

∂f

∂z

Some popular regularization for f can be TV, nonlinear-TV and others. And if we control
the value of ||g||+ ||∇g||, the deformation’s angle variation can be controlled. The simplest
example is to let g = 0, the equation ∂f

∂z = 0 means the mapping f is a conformal mapping
which preserves the angle between two lines.
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• Optimal Transport Optimal transport is an method considering the image as a probability
distribution and minimizing

inf

∫
|x− T (x)|dx

s.t.T#I1 = I2

and the problem can be relaxed to the problem

inf

∫
|x− y|dπ(x, y)

s.t.projx#π(x, y) = I1
projy#π(x, y) = I2

In [3], calculating the relaxed optimal transport(which is a simple linear programming) and
we can get the registration result.
• Laplace Eignvalue [4] utilize the eignvalue of laplace operator ∆ = ∂xx+∂yy as an feature

extractor for 3d point clouds and then utlizing a registration methods. This is because the
Laplace Eignvalue is invariant under isometric transformation.

2 Supervised Learning Methods

In the supervised learning setting, a simple FCN like DeepLab[9] used in segmentation can be used
in optical flow, in [5] they call this method FlowNetSimple. However, it is possible to utilize the
structure of the problem of optical flow to design different structure for the registration methods.
The pipeline of the network design is demonstrated in Figure3. In short every stage is playing the
following usage

• Cost Volume: Calculate the correlation of different patches in an image.
• Aggregation: Aggregate the correlation to the registration method.
• Differential Warp: Calculate the loss ||I1 − I2 ◦ f ||

We will introduce every block in each section.

Figure 3: Demonstration of the structure of FlowNet and pipeline for image registration.

2.1 Correlation Layer

The correlation layer is like the fine scale registration stage used in [1], which used a HOG operator
to extract the feature and do the fine scale registration.First, I would like to introduce the paper first
utilizing a deep learning method for stereo matching problem, which gives a good example what the
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correlation layer whats to do. [7] utilize a trained neural network to do the registration instead of the
handcraft HOG operator. They cropped the images into different matches and then trained a neural
network to judge whether the image patches are from the same place. Formally the CNN we train
satisfies

CCNN (p, d) = fneg(< PLeft9×9 (p), PRight9×9 (p+ d) >)

Here PLeft9×9 (p) means to get a 9× 9 patch form the left image at position p and neural net is listed in
Figure4. The layer L1, L2, L3 is used for feature extraction and then using a MLP to judge whether
it is a negative example. The label that whether the patchs are good examples can be get from the
labeled disparity in the dataset.

Figure 4: [7]’s method for stereo matching.

In stead of calculating the correlation of the different patches in an image, [5] calculate it in an
end-to-end way. The "correlation" of two patches centered at x1 in the first map and x2 in the second
map is then defined as

c(x1, x2) =
∑

α∈[−k,k]×[−k,k]

〈f(x1 + α), f(x2 + α)〉

Here f is the feature extractor like a neural network and the computation of correlation doesn’t need
any parameters. The computation takes c · (2k + 1)2 multiplications.

2.2 Aggregation And Refinement

Aggregation is aimed to generate the optical flow by the fine scale registration. This can be done by a
simple FCN, for this step we need to aggregate the information in original image and interpolated
registration result(interpolated can be view as a deconvolution layer).In [5], they use a simple U-Net
like decoder and in [8] they applied a 3DCNN instead.

The output of DCNN is always only a fine-grained localization and [9] utilize a CRF to address the
localization challenge, producing accurate results and recovering the detail of the object boundaries.
The CRF is aimed minimize the energy function

E(x) =
∑
i

θi(xi) +
∑
i,j

θi,j(xi, xj)

Here θi(xi) is the probability assigned with the label outputed by our DCNN and pairwise potential
is aimed to preserve the edge information and can be formulated as

θi,j(xi, xj) = µ(xi, xj)[ω1exp(−
||pi − pj ||2

2σ2
α

)− ||Ii − Ij ||
2

2σ2
β

) + ω2exp(−
||pi − pj ||2

2σ2
γ

)]

Here µ(xi, xj) = 1 if xi 6= xj and zero otherwise and the benefit of the CRF module is demonstrate
in Figure5.

In stead of utilizing CRF, the two stage methods, we want to develop an end to end learning framework
to do the refinement. Recent years there are a lot of works going on this ways and I will introduce
some of them here.
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Figure 5: The score (1st row) and belief (2nd row) maps after each mean field iteration.

• Learned CRF: [10] utilized the unrolled CRF minimization as a layer of neural network and
this process can be autogradiented easily.

• Affinity Spatial Propagation Network: [11] denote a method that doing a linear propagation
on an image by learned coefficient from an image. The propagation is row by row(or column
by column) calculation as

hk,t = (1− pk,t) · xk,t + pk,t · hk,t−1

The pipeline is demonstrated in Figure6, the propagation weight is calculated by the guidance
network and then do the propagation by the formula above. In order to reduce the calculation,
the propagation only utilize a weight matrix of three diagonal matrix and then propagation
four times(four direction each time) to do the refinement. The refinement matrix can be used
in different tasks. [8]’s method is very similar, they learn a guide network and multiply the
guidance to the aggregated result and then follows a softmax to calculate the disparity.

Figure 6: Spatial Propagation Network.

• Spatial CNN: Spatial CNN which is proposed in [12], is a nonlinear version of SPN. The
benefit of SCNN is that there is no need to calculate a affinity matrix which may lead to
high computational cost, instead they add Relu non-linearity into the propagation so that
the refinement can be learned.(Non-linear propagation method is well known in image
processing society.)

• Segmentation Aware Convolution: [13] proposed a method to do segmentation aware
convolution to sharpen the result. First they utilize a metric learning methods to embed the
pixels into another space in order to have semantic information. The training is relied on a
semantic segmentation result. Then the convolution is done by an attention which can be
written as

yi =

∑
k xi−kmi,i−ktk∑

kmi,i−k

and mi,j = exp(−λ||ei − ej ||) is the weight associated with the embeded results.

Figure 7: Segmentation aware convolution.
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2.3 Differential Warp

In this section, we will show that the calculation of I ◦ f can be auto-gradiented. That is to say to get
the value of a point on image I that is not on the grid is available. This will utilize the interpolate
method. In general, the interpolation can be written as

V ci =

H∑
n

W∑
m

U cnmk(xsi −m)k(ysi −m)

As an example for the bilinear version, k(x) = max(0, 1 − |x|) and the gradient can be easily
calculated. [6] utilized the differential warp to stack the FlowNet together to calculate the large
disparity case in optical flow, the pipeline is demonstrated below.

Figure 8: FlowNet2.0:Stacking the FlowNet via differential Warp.

Also we can calculated the loss ||I1 − I2 ◦ f || which is called flow warp error and [14] throw the
flow warp error into a discriminator to train a GAN to calculate the optical flow. The discriminator
is updated by the labeled data and the generator is updated by both labeled and unlabeled data(also
known as semi-supervised learning), that is to say the objective function of GAN is written as

min
G

max
D

Ladv(G) + λadvLadv(G,D)

The full pipeline is demonstrated in Figure9.

Figure 9: Calculating Optical Flow Via GAN.

2.4 Dynamic Filtering

[20] dynamic filtering means to generate a filter by another input source, an example is demonstrated
in Figure10.(The filter is not enssential to be shared weight at every place, also it is possible to be
shared(like the original convolution).) [21] proposed a deformable convolution framework, which
means the n × n grid is no longer sampled on a regular grid but on the position that is learned by
another network, the demonstration is listed in Figure11. Formally, it can formulated as

y(p0) =
∑
pn∈R

w(pn) · x(p0 + pn + ∆pn)
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The ∆pn here is learned and x(p0 + pn + ∆pn) is calculated via the bilinear interpolate. Dynamic
Filter [20] is similar to deformable convolution, the dynamic filters are also need an input. But
dynamic filter only learns the weights, not the sampling locations like deformable convolution.

Figure 10: Using the stereo disparity to generate a filter and then filter the left eye image to generate
a right eye image.

Figure 11: Deformable Convolution. The second row demonstrated the 93 points of sampled points
for the third layer which shows that the deformable convolution learned the geometric information of
the image.

2.5 Action-like Flow

[19] points out that optical flow learning can be naturally concatenated with other task-specific
networks to formulate an end-to-end architecture. The authors unrolled the optimization algorithm of
the objective function

∑
x∈Ω

∑
x∈Ω(|∇u(x)(x)|+ |I1 − I2 ◦ f |) and formulated a TV-Net and they

utilize a convolution operator instead of the numerical scheme of TV. (For learning stability, they
utilize another version of TV that is in algorithm they use 1

|∇I|+ε instead of 1
|∇I| )

Then they concatenate another network to do another task like motion detection and trained the two
network end-to-end. In Figure12, it demonstrated that we learned anther flow that better demonstrate
the motion. The structure of TV-Net enforce the neural network generate a picture like optical flow
and end-to-end learning makes the flow suitable for the high-level tasks.

3 Un-Supervised Learning Methods

[14] is the first one utilize unsupervised deep learning method for optical flow for the unlabeled data
is abundant. The idea is simple, like a traditional method, we aim to minimize the OFC objective.

||∂I
∂t
− (∇I) ||+R(f)

And instead of solving the variational problem via optimization methods, the f here is generated via
a DCNN i.e.f = Net(I1, I2). Training the network in order to minimize the objective function and
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Figure 12: TV-Net concatenate another network in order to learn a flow for another task-specific flow.

our optical flow is done. [16] suggested that training on flying things dataset can lead to over-fitting
and unsupervised refining on KITTI can make progress. There is also method to utilize the result
by traditional methods to train the neural network, it seems that the neural network is learned to
aggregate the traditional methods.

In the optical flow setting, during reconstruction, there will be a fraction of pixels in the target image
that have no source pixels due to occlusion. If we haven’t taken this issue into consider, our estimation
accuracy will be limited since the loss function will take the occlusion as a bad thing. [17] develop a
method to solve the problem. They can calculate a occlusion map O simply via thresholding the loss
and the new loss can be written as∑

||O(x, y)(F (I1(x, y))− F (I2 ◦ f(x, y)))||/
∑

O(x, y)

and [18] proposed a bidirectional loss which inverse the time and calculate another optical flow and
calculating the loss. The pipeline is demonstrated below.
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