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Figure 1: Given a pair of images I1 and I2 , our algorithm synthesizes natural in-between images. Note the significant variation in lighting,
color, facial expression and background between the two input images.
Abstract
Estimating the correspondence between the images using optical flow is the key component for image fusion, however, computing
optical flow between a pair of facial images including backgrounds is challenging due to large differences in illumination,
texture, color and background in the images. To improve optical flow results for image fusion, we propose a novel flow estimation
method, wavelet flow, which can handle both the face and background in the input images. The key idea is that instead of
computing flow directly between the input image pair, we estimate the image flow by incorporating multi-scale image transfer
and optical flow guided wavelet fusion. Multi-scale image transfer helps to preserve the background and lighting detail of input,
while optical flow guided wavelet fusion produces a series of intermediate images for further fusion quality optimizing. Our
approach can significantly improve the performance of the optical flow algorithm and provide more natural fusion results for
both faces and backgrounds in the images. We evaluate our method on a variety of datasets to show its high outperformance.
CCS Concepts
• Computing methodologies → Computational photography;

1

Introduction

Facial images fusion and editing is an active research area in computer graphics and computer vision [MAL16]. Two input facial
images, for example, the photos selected from Internet, may have
different backgrounds, facial expressions and lighting conditions. Most methods of facial image editing are based on face mask,
which fail to combine the edited face with background smoothly [KSS12]. Furthermore, the state of the art GAN methods [LPSB17, BCW∗ 18] are unable to generate facial image with natural
background as there are no training datasets for the background of
particular facial images (as shown in Figure 6). Our method offerc 2019 The Author(s)
Computer Graphics Forum c 2019 The Eurographics Association and John
Wiley & Sons Ltd. Published by John Wiley & Sons Ltd.

s an intuitive way to directly transfer these valuable information.
To the best of our knowledge, there are few works on establishing
optical flow for fusing facial images including background regions.
There are several factors determining the fusion quality for images with both the faces and the backgrounds. First, if the faces
are extracted and edited, and when the fused faces are blended to
the background, the edited faces usually not fit at the boundaries
with the background. Second, as the backgrounds are usually complex, producing satisfactory background fusion results are difficult.
Third, if the faces and backgrounds are fused and edited independently, the overall illumination of the fused image will not be con-
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sistent. Finally, if the edited facial image is dependent on the facial
image dataset, such as the methods [KSS12, UGP∗ 17], the quality of the dataset will have great impact on the results of optical
flow. Thus, to produce satisfactory facial image fusion results, it is
necessary to build a globally consistent fusion method for the facial
images, which is essentially important for avoiding above problems.
In this paper, we propose a novel wavelet flow method to perform
facial image fusion. Our method is based on the following observations: Since optical flow is defined as the two dimensional motion
of brightness patterns between two images, if the background and
the lighting of the input facial image pair can be processed similarly, the difficulty of estimating optical flow for facial image pair will
be alleviated. By this means, we can obtain consistent optical flow
for both the face and background of the input facial image pair.

Figure 2: Overview of wavelet flow system. WF is wavelet fusion.
MTCI is multi-scale transfer of color and illumination from F to
I1 and I2 . MWF is optical flow guided monolateral wavelet fusion.
BWF is optical flow guided bilateral wavelet fusion. T1 and T2 are
the results of transferring the lighting and color from F to I1 and
I2 , respectively. W1 is the monolateral wavelet fusion result from
T1 and T2 , and W2 is the bilateral wavelet fusion result from T1 and
W2 .
Our method can handle image pair with large difference in
brightness, color and background, and can effectively avoid the
blurring and ghosting artifacts often occurring in image fusion. We
have evaluated the proposed wavelet flow approach on a large number of facial images downloaded from the Internet, or from the public data set, such as IMDB-WIKI dataset [RTG16]. Experimental
results demonstrate that our approach substantially improves the
results of existing optical flow estimation methods in both faces
and backgrounds.
The main contributions of this paper are threefold: (1) Propose
a multi-scale wavelet transform algorithm for multi-scale transfer
of low frequency map. Thus there is no need to extract faces from
facial images and blend them back redundantly. (2) Introduce optical flow guided wavelet fusion algorithms to produce high quality
image fusion results, and avoid the blurring and ghosting artifacts
occurred in the edited facial image. (3) Develop a wavelet flow algorithm to produce in-between facial images with gradual expression and texture changing.

2

Related work

Background editing and facial Relighting: Global statistics from
one image to another can successfully mimic a visual look. For
example, the global color transfer methods [XSXM13, ZYZ∗ 19,
ZYL∗ 17, FG19] applied global transformation on the source regions to match color statistics of the target regions. whereas these
methods are mainly for scene lighting editing, not for facial images,
and their transfer effects are still similar to original images. Shih et
al. [SPBF14] introduced a local and multiscale technique to transfer the local statistics of an example portrait onto a new one, but the
transfer technique is local and mainly tailored for headshot portraits. Altering the illumination on a face is also a common operation
for face recognition and face relighting [PTMD00], as well as the
facial image style editing [FJS∗ 17], however, they can not process
the background of the images. As photographic images usually involve large illumination and background changes, different from
above methods, we focus on changing the image background and
relighting of the images by using optical flow guided wavelet transform, and aim at processing image fusion.
Wavelet transform: Wavelet transform has been widely used in
image editing, such as image denoising [ZY11] and image fusion
[WHZB16]. Image fusion techniques based on multi-scale wavelet
transform also have been proposed, which improve the fusion performance, for example, Li et al. [LLYZ16] proposed two multifocus
image fusion techniques based on multi-scale and multi-direction
neighbor distance. In above works, wavelet transform is used to extract various features of the images, then various methods are used
to deal with the high frequency wavelet coefficient of the images.
The information represented by the low frequency coefficient, such
as the color and illumination of the image, is ignored. Different
from the existing image fusion methods using wavelet transform,
our approach deals with not only the high frequency coefficient but
also the low part, and edits both faces and backgrounds of the facial images. Furthermore, our method can address the problem of
image blurring and ghosting produced in the fusion processing.
Flow estimation: Optical flow is defined as the two dimensional motion of brightness patterns between two images. The recent
success of convolutional neural networks has led to the attempt of
using high-level information for the optical flow problem. Dosovitskiy et al. [DFI∗ 15] presented FlowNet to learn optical flow
using CNN. An improved version of FlowNet, the FlowNet2, is
proposed by Ilg et al. [IMS∗ 17]. One problem in learning optical flow is the limited amount of training data, to receive higher
accuracy, larger training data is required. For the specific case of
facial images, there are many alignment literatures available. Zhu
et al. [ZVGH09] estimated non-rigid facial motion under moderate illumination changes, by introducing an outlier model and allowing for local bias-gain variations. Kemelmacher et al. [KSS12]
developed collection flow to compute optical flow between a pair
of faces, where the corresponding database was needed to establish
for each face. However, both methods do not provide optical flow
for both face and background in an image simultaneously, and need
to perform the tasks such as face extraction, image recombination,
benchmark dataset establishing. It makes the application scope of
these methods be limited.
In this paper, guided by optical flow based image warping, we
c 2019 The Author(s)
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focus on fusing the facial images including both foreground (faces)
and background.
3

Overview

Given a pair of images, to synthesize the in-between images (as
illustrated in Figure 1 ), our system consists of the following main
steps:
Initial feature alignment: Our inputs are a pair of facial images
which may have different postures, lighting styles, background and
color. In initial feature alignment, different from face alignment of
3D [ZX16], we detect the facial landmarks of the images using
the method [SLC10], then roughly align the eyes and mouth of the
inputs using an affine transform similar to [JMAK10].
Initial wavelet image fusion: We leverage wavelet multi-scale
algorithm to decompose the input facial images into low frequency images and high frequency images. The low frequency images
present the general characteristics of the input image, while the
high frequency images reflect the detail of the image. We perform wavelet image fusion for the image pair to produce the initial
fused image.
Color and illumination transferring: We apply multi-scale
wavelet coefficients for color and illumination transfer, and apply
wavelet coefficients transfer to make the color and illumination of
the input images similar to the initial fused image.
In-between image synthesis: With above preprocessed images,
we apply optical flow guided wavelet fusion to produce in-between
synthesized images of the input facial image pair. Flow guided
wavelet fusion includes monolateral wavelet fusion and bilateral
wavelet fusion, which play different roles.
To produce more compelling results, Step 2 to Step 4 can be
performed in the iterative way.
Figure 2 gives the system overview of the proposed method. Figure 3 is the overview of initial wavelet image fusion. Figure 4 and
Figure 5 show the multi-scale background transfer process. Figure
7 and Figure 8 give the algorithm overview for optical flow guided
monolateral wavelet fusion and bilateral wavelet fusion, respectively. More sophisticated system overview is presented in section 5.
4

Multi-scale transform of images

With the image pair I1 and I2 , as shown in Figure 3, we intend to
transfer the color and illumination of the I2 into I1 . The goal in this
section is to match the visual style of the I2 without changing the
identity of the I1 . This means we let the output to keep the same
person as the I1 while with the background (including lighting and
color) matching that of the I2 .
Wavelet transform can extract various features of images, subimages of low frequency presents the general characteristics of the
original image, while the high frequency sub-images reflects the
details of the original image.
With these advantages, we process the background and illumination using wavelet transformation. We perform multiple scales
of wavelet transform for the images to deal with the wide range of
c 2019 The Author(s)
Computer Graphics Forum c 2019 The Eurographics Association and John Wiley & Sons Ltd.

Figure 3: The overview of wavelet image fusion. WD is wavelet decomposition, WR is wavelet reconstruction, LF1 is the low frequency of I1 , LF2 is the low frequency of I2 , HF1 is the high frequency
of I1 and HF2 is the high frequency of I2 .

appearances that faces and backgrounds exhibit. Multiple scales of
wavelet transform allow us to better capture the general appearance
and details of these images for image editing.
Given an input image, multi-scale wavelet decomposition of the
image is defined as follows:
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where n is the row subscript, m is the column subscript, {hk }k∈Z
satisfies the wavelet scale equation, gk = (−1)k h−k+1 , h, g are
called standard filter, h is the conjugate h, c is low frequency coefficient, d is high frequency coefficient and k is the layer number
of wavelet transform.
The sub-images produced by wavelet decomposition with one
level have four parts:
!
1
ck;n,m dk;n,m
3
2
dk;n,m
dk;n,m
where each sub-image is a quarter of the size of original image.
The sub-image of low frequency for each level of transformation
is recursively decomposed. The reconstruction process is similar.
By using this means, the tower structure of the two-dimensional
wavelet transform is constructed. Hence, the number of sub-images
of the high frequency parts is 3×N times of that of the low frequency part, where N is the layer number of wavelet decomposition.

5

Wavelet Flow algorithm

In this section, we give the technical details for optical flow guided
wavelet fusion.
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5.1

Wavelet image fusion

Both Gaussian pyramid algorithm and wavelet analysis algorithm are widely used for images analysis. Gaussian pyramid produces
multiple sets of signals with different scales through Gaussian blurring and down sampling. Two-dimensional Gaussian blurring function is
1 −(x2 +y2 )/2σ2
G(x, y) =
e
.
(2)
2πσ2
where σ is the blurring radius, and x and y are the relative coordinates of the peripheral pixels to the center pixels. Gaussian pyramid
is a series of images based on sampling from the Gaussian blurring.

The operation + means the combination of coefficients. The coefficients of I1 and I2 can be presented as w1 and w2 , respectively:
w1 = c1 + d1 ,
w2 = c2 + d2 .

(6)

The result of multi-scale transfer of background information of I1
to I2 is T1 , which can be expressed as:
w12 = c1 + d2 .

(7)

However, the Gaussian pyramid algorithm is only for a single
frequency. The most familiar analogy to the wavelet analysis is the
digital microscope, as it combines multi-scale and multi-resolution
techniques. In contrast, using wavelet analysis, we can obtain more
sophisticated internal structure of images under different frequencies, which is preferred for image fusion. The overview of wavelet
fusion images is shown in Figure 3.
In Figure 3, I1 and I2 are decomposed into high and low frequency parts by using wavelet transformation, respectively. Their
coefficients can be expressed respectively as:
w1 = c1 + d1 ,
w2 = c2 + d2 .

(3)

Different from the multi-scale color and illumination transfer,
where the low frequency part of one image is composed with the
high frequency part of the other image, in wavelet image fusion,
the two images are composed with different weights. For example, both the low and high frequency coefficients of one image are
strengthened linearly and those of the other images are weakened
linear by µ before the fusion. The process can be expressed as:
WF = µ(c1 + d1 ) + (1 − µ)(c2 + d2 ).

(4)

where µ is the strength weight, 0 ≤ µ < 1. Then, the fused low
and high frequency parts are reconstructed by using inverse wavelet
transform to produce the output image F. The parameter µ is controlled by the iteration. The higher the µ is, the greater fusion
strength of I1 is, and the smaller that of I2 is. In our experiment,
if m in-between images are generated between I1 and I2 , µ is set as
1/(m + 1), 2/(m + 1), ..., i/(m + 1), ...m/(m + 1). Here m is the total number of iterations. In the ith iteration, µ is equal to i/(m + 1).
5.2

Figure 4: The overview of multi-scale wavelet color and illumination transfer. WD is wavelet decomposition, CE is coefficient exchanging of wavelet, WR is wavelet reconstruction. LFP1 is the low
frequency part1. LFP2 is the low frequency part2. HFP1 is the high
frequency part1 and HFP2 is the high frequency part2.
In Figure 4 we present the multi-scale color and illumination
transfer results. Two facial images I1 and I2 are inputs. First, these
two images are decomposed into high and low frequency parts by
N-scale wavelet transformation, respectively. Then, the high frequency part of I1 and the low frequency part of I2 are reconstructed
to produce output T1 . The T1 keeps the identity of I1 with the background and overall lighting of I2 . N controls the degree of multiscale transform.
I1

N=4

N=5

N=6

I2

N=7

N=8

N=9

Multi-scale transfer of color and illumination

In this section, we illustrate the principle of the color and illumination transfer between two facial images. The low frequency map
contains the appearance of illumination and color of the image, and
the high frequency map includes the detail of the image. We aim at
matching the appearance of the low frequency map of I1 to I2 . The
wavelet coefficients of an image can be represented as:

w = c + d.

(5)

where w is the wavelet coefficient of the image, c is the low frequency coefficient of w, d is the high frequency coefficient of w.

Figure 5: Color and illumination transfer. For images with
1000x1000 pixels, N is set from 4 to 9. When N = 8, the color
and lighting of I2 are transferred to I1 well.
Figure 5 shows the results of multi-scale transfer of lighting and
color from I2 to I1 , respectively, where scale N is set from 4 to 9. N
is usually set by experience. In our experiments, for facial images
with 1000x1000 pixels, when N = 8, it is good enough to extract the
color and illumination through the low frequency parts. If images
have larger size, we set a larger value for N.
c 2019 The Author(s)
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To illustrate the effectiveness of the multi-scale transfer of color
and illumination process, we compared our method with the deep
learning algorithm [LPSB17] and Reinhard algorithm [RAGS02]
in experiments in Figure 6.
I1

I2

Ours

DL

Reinhard

where wF1 is the coefficients of F1 , µ1 is the weight of T1 , 1 − µ1 is
the weight of I2 , 0 ≤ µ1 < 0.5.
Step 4: Optical flow guided image warping. We compute the optical flow between the image F1 to image T1 using [Liu09], then
based on the optical flow vector, we warp image F1 to image T1
and obtain image O1 .
Step 5: Iteration operation. I2 is set as O1 , step 2 to 4 are repeated, until O1 will not change or meet user’s requirements. (The
user is satisfied with the produced fused images on the background,
facial expressions and facial features, etc.)

Figure 6: Comparison with deep learning [LPSB17] and Reinhard
algorithm [RAGS02] on color and illumintaion transfer for facial
images. Column 1 and 2 are inputs, column 3, 4 and 5 are the results
of transferring the color and illumintaion from I2 to I1 using our
algorithm, deep learning and Reinhard algorithm, respectively.

5.3

Optical flow guided wavelet fusion

Without dense correspondence, wavelet fusion images may be
blurred, the following wavelet flow algorithm try to solve the above
problems to some extent. We develop the wavelet flow by combining wavelet fusion with optical flow based image warping. According to the different degrees of wavelet fusion, we define optical flow
guided monolateral wavelet fusion and optical flow guided bilateral wavelet fusion. In this paper, we use optical flow proposed by
Liu [Liu09].
5.3.1

Flow guided monolateral wavelet fusion

Figure 7: The procedure of optical flow guided monolateral wavelet
fusion. MTCI is multi-scale transfer of color and illumination.
MWF is monolateral wavelet fusion. OF is optical flow guided
warping.
In the process of the monolateral fusion for I2 and T1 , the weight
µ1 of T1 is much larger than that of I2 . The purpose of the fusion is
to generate F1 which is closer to the I2 than T1 on both background
and face. µ1 is used to control the degree that the foreground of
I2 is close to that of I1 . The higher µ1 the greater fusion strength
of I1 and the smaller that of I2 . We usually set µ1 =0.3 to produce
satisfying results.

Flow guided monolateral wavelet fusion generates warped image
which changes the expression and shape of the face while keeping the texture and color unchanged. The procedure of optical flow
guided monolateral wavelet fusion is shown in Figure 7, it contains
the following five main steps:

Using above optical flow guided monolateral wavelet fusion
method, the image I2 is warped to image I1 keeping its identity
and illumination unaltered, while its expression and face contour
changes, as shown in Figure 7.

Step 1: Initial feature alignment. We detect the facial landmarks
of the images and roughly align the eyes and mouth of the inputs
using an affine transform.

5.3.2

Step 2: Multi-scale color and illumination transfer. We decompose I1 and I2 into multi-scale sub-images. Then the low frequency
of I2 and the high frequency of I1 are combined to produce T1 , with
color and illumination matching those of I2 . The multi-scale background transfer to produce T1 can be expressed as:
wT 1 = c2 + d1 .

(8)

where wT 1 is the result of multi-scale transfer of background from
I2 to I1 , c2 is the low frequency coefficient of I2 , d1 is the high
frequency coefficient of I1 .
Step 3: Monolateral fusion. This step is to blend T1 and I2 to
generate F1 . Monolateral fusion for T1 and I2 can be expressed as:
wF1 = µ1 wT 1 + (1 − µ1 )w2 = µ1 (c2 + d1 ) + (1 − µ1 )(c2 + d2 ). (9)
c 2019 The Author(s)
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Flow guided bilateral wavelet fusion

Flow guided bilateral wavelet fusion generates warped image
which changes not only the expression and shape of the face but
also its texture and color. The procedure of optical flow guided bilateral wavelet fusion is shown in Figure 8, it contains the following
five main steps:
Step 1: Initial feature alignment. Similar to step 1 in the flow
guided monolateral wavelet fusion.
Step 2: Multi-scale color and illumination transfer. Similar to the
Step 2 in Flow guided monolateral wavelet fusion, we decompose
I1 and I2 into multi-scale sub-images. Then the sub-image of the
low frequency of I2 and those of the high frequency of I1 are reconstructed to produce T1 , with color and illumination matching those
of I2 .
Step 3: Bilateral fusion. One fusion is that the weight of T1 is
much less than that of I2 , in this way F1 is produced. The other
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fusion is the weight of I2 is much less than that of T1 , in this way
F2 is produced. Bilateral fusion for T1 and I2 can be expressed as:

fusion can generate images incorporating the texture detail information of both the input pair.

wF1 = µ1 wT 1 + (1 − µ1 )w2 = µ1 (c2 + d1 ) + (1 − µ1 )(c2 + d2 ).
(10)
where wF1 is the coefficients of F1 (the result of monolateral fusion), µ1 is the weight of T1 , 1 − µ1 is the weight of I2 , and
0 ≤ µ1 < 0.5.

In Figure 9, the background of I1 is first transferred to I2 to generate T1 , and then the optical flow of T1 and I2 is computed to generate B1 . We can observe in Figure 9 the difference between these
two types of wavelet flow. The results show that, compared with I2 ,
(B1 ) I2 ->I1 has changed the facial eyes and mouth, while (B2 ) I2 >I1 has changed not only the face expressions, but also the texture
detail of the face and background, such as the hair and moustache.

wF2 = (1 − µ2 )wT 1 + µ2 w2 = (1 − µ2 )(c2 + d1 ) + µ2 (c2 + d2 ).
(11)
where wF2 is the coefficients of F2 (the result of monolateral fusion), and 0 ≤ µ2 < 0.5. When µ2 = 0 , wF2 = w2 , F2 is I2 , wavelet
flow with bilateral fusion is equal to wavelet flow with monolateral
fusion.

I1

I2

(B1 )I2 → I1

(B2 )I2 → I1

In the process of the bilateral fusion between I2 and T1 , the purpose is to generate F1 and F2 which are more similar to each other
in both background and face.
Step 4: Optical flow guided image warping. The optical flow between the facial images F1 and F2 is computed using [Liu09]. With
the optical flow vector, image F1 is warped to F2 to produce image
O2 .
Step 5: Iteration operation. I2 is set as O2 , step 2 to 4 are repeated, until O2 will not change or meets user’s requirements.

Figure 8: The procedure of optical flow guided bilateral wavelet fusion. MTCI is multi-scale transfer of color and illumination, BWF
is bilateral wavelet fusion, OF is optical flow guided warping.
Note that comparing with flow guided monolateral wavelet fusion, the main difference is the step 3. In this process, µ1 and µ2 are
used to control the similarity degree to I1 and I2 respectively. Then,
the optical flow of F1 to F2 is calculated to generate O2 . We usually
set µ1 = 0.3, µ2 = 0.7.

Figure 9: The comparison of the effect between flow guided monolateral wavelet fusion and bilateral wavelet fusion. In each row, I1
and I2 are the input image pair. (B1 ) I2 ->I1 is the wavelet flow results from I2 to I1 using monolateral wavelet fusion, and transfer
the background and color from I1 to I2 . (B2 ) I2 ->I1 is the wavelet
flow results from I2 to I1 using bilateral wavelet fusion, and transfer
the background and color from I1 to I2 . Two results have different
texture and expression transfer effects.
Wavelet flow can effectively alleviate some problems left by
wavelet fusion. For example, when wavelet inverse transformation
is used to generate the wavelet fusion image, the wavelet fusion
image may be slightly blurred. In addition, when the facial features
of the input images differ slightly, wavelet fusion may blur the facial features. Compared with wavelet fusion method, wavelet flow
algorithm can improve the results of wavelet fusion, such as fuzzy
quality, ghosting and other issues.
I1

I2

(B1 )I2 → I1

(B2 )I2 → I1

Using above optical flow guided bilateral wavelet fusion method,
the image I2 is warped to image I1 , and the expression and face
contour of I2 is also warped to those of I1 , while keeping its identity
and illumination unaltered. Furthermore, the warped I2 will have
the texture detail information of I1 , as illustrated in Figure 8.
5.3.3

Similarities and differences

The common point of optical flow guided monolateral wavelet fusion and bilateral wavelet fusion is that both methods produce intermediate images between the input facial image pair. The difference
between them is that monolateral wavelet fusion depends more on
the effect of optical flow based warping, while bilateral wavelet

Figure 10: Comparison results between wavelet fusion and wavelet
flow. In each row, the first and the second are input images, the
third is the wavelet fusion result of the input images, and the last is
wavelet flow result of the input images.

c 2019 The Author(s)
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I1

In Figure 10, we present some comparison results between
wavelet fusion and wavelet flow. We can observe that the image
of wavelet fusion has some ghosting artifacts because the wavelet
fusion is the superposition of the coefficients of the input image
pair. While the wavelet flow fusion works not as simple superposition of the wavelet coefficients, but incorporating both background
illumination transfer and optical flow guided warping. The results
of the wavelet flow significantly alleviate the ghosting artifacts.
5.3.4

Intermediate image synthesizing

By using optical flow guided monolateral wavelet fusion and bilateral wavelet fusion, we can synthesize intermediate images of
I1 and I2 with significant variation in lighting, color, facial expression and texture, as illustrated in Figure 1 and 12. Figure 2 gives the
system overview of the intermediate image synthesizing procedure.
The synthesizing procedure has the following main steps:
Step 1: Initial feature alignment. We align the corresponding
sense organs for I1 and I2 .
Step 2: Wavelet fusion. We blend I1 and I2 to produce F1 using
different fusion weights for I1 and I2 , and F1 has blended lighting
and color of I1 and I2 .
Step 3: Multi-scale color and lighting transfer. Transfer the lighting and color from F to I1 and I2 to produce T1 and T2 .
Step 4: Flow guided monolateral wavelet fusion. With the optical
flow estimated from T2 to T1 , we warp T2 to T1 and obtain W1 ,
which is close to T1 in expression, etc. To obtain more expressive
results, by setting T2 as W1 , this step can performed in an iterative
way.
Step 5: Flow guided bilateral wavelet fusion. With the optical
flow estimated from T1 to W1 , we warp T1 to W1 to produce W2 . W2
has different texture detail level by using different fusion weights
(see the red box marked in Figure 2).
The synthesized in-between results can be improved in progressive way: I1 is set as T1 , I2 is set as W2 , and step 2 to step 5 can be
performed in iterative way. In each iteration, an in-between image
is produced, which blends the lighting, color, facial expression and
texture of I1 and I2 in a weighted way.
Note that by using different fusion weights in Step 4 and Step
5, we can obtain different synthesized images. The wavelet fusion
can fuse two different kinds of background to realize the gradual
transition of background. More synthesized in-between images are
shown in Figure and Figure 12.
5.3.5

I2

Discussions

For input images I1 and I2 , if we first warp I1 to I2 using optical
flow method [Liu09], then we fuse the warped image with I2 using
wavelet fusion, ghosting artifacts will exhibit in the fused result,
as show in the third column in Figure 11. In fact, for facial images with different texture and background, warping face directly
can not obtain natural synthetic results. Consequently after wavelet
fusion, the result would become even worse. In contrast, we in advance moderately fuse the facial images after color and lighting
transferring, and produce initial fused images, which have similar
texture features and make image warping produce better results, as
illustrated in Figure 11.
c 2019 The Author(s)
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Figure 11: In each row, the first and the second are input images,
the third is the wavelet fusion result after direct image warping, and
the last column is the results of optical flow guided bilateral wavelet
fusion.
6

Results

In this section, we present the results of our algorithm on a variety
of photo collections. We also compare our method with the state
of the art methods. The computer configuration used in this paper
is as follows: Processor: Intelr CoreT M i7-5500 2.40 GHz CPU,
Memory: 16.0 GB.
Our wavelet flow algorithm is divided into three main parts:
the multi-scale color and illumination transfer, wavelet fusion and
optical flow guided warping. For an input facial image pair with
1000 ∗ 1000 pixels, in the process of multi-scale decomposition, the
scale of wavelet transform is set to 8. We use the optical flow algorithm [Liu09], which is the ‘Coarse2FineTwoFrames’ function of
MATLAB, to compute dense optical flow field in the image warping step. The arguments for optical flow includes: al pha is the regularization weight, ratio is the downsample ratio, minWidth is the
width of the coarsest level, n1 is the number of outer fixed point
iterations, n2 is the number of inner fixed point iterations, and n3 is
the number of SOR iterations. We set al pha = 0.12, ratio = 0.6, n1
= 7, n2 = 1, n3 = 30 and minWidth = 80 for most images.
Wavelet flow results: In Figure 12, we present two examples to
illustrate the performance of our method on in-between images production. In each example, there are notable variations in facial expression, lighting, color, background, and texture exhibits between
the two input images. For example, in first row, the input facial
image pair includes two women with different expression, background, color and lighting. The in-between images show the smiling woman changes to another woman remaining neutral expression, and the color of the background changes from green to black.
Second row shows a smiling boy changes to man, remaining neutral expression with beard, and the content of background changes
accordingly. Notable that, in all these examples, we generate consistent transition for the in-between images on both foreground and
background.
The differences between wavelet flow, traditional image warping
and image morphing are: the wavelet flow incorporates the advantages of the traditional image warping and morphing. It can not only
realize image warping, but also image fusion. It skillfully combines
warping and morphing to achieve better facial image editing effects.
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Figure 12: Wavelet flow for image morping. Column 1 and 7 are the input pair, column 2 to 6 are the fused in-between images.
Table 1: Discussion on the parameters of wavelet flow algorithm
Parameter
wavelet scale of
low
frequency
transfer
weight of wavelet
fusion
weights of unilateral fusion
weights of bilateral fusion
parameters of optical flow

Representation
Setting
N
For
images
of
1000x1000
pixels,
it is set to 8. For larger
images, N is larger.
µ
1/(m + 1), ..., m/(m +
1), m is the total of the
in-between images.
µ1
0.25-0.3
µ2

0.25-0.3

al pha, ratio,
n1 , n2 , n3 ,
minWidth

the default values are
0.12, 0.6, 7, 1, 30, 80

Figure 13(a) shows our comparison results with optical flow
method [Liu09], SIFT flow [LYT11] and optical flow method [SRB10]. The effectiveness of our wavelet flow algorithm is reflected in the natural background, the eyes, mouth, face shape, etc. The
mouth and eyes in the results, have changed compared with I1 or I2 .
Figure 13(b) shows the flow visualization results corresponding to
Figure 13(a). In Figure 13(b), the flow visualization is produced by
flow to color method [Mee04]. Different colors represent different
motion directions and the darkness represents the speed of motion.
The darker the flow color is, the greater the motion amplitude is.
The flow visualization results of our method exhibit obvious facial
feature change of the two input images. Color inconsistency is significantly weakened, as the background transformation process can
effectively narrow the gap between two input images to improve
the optical flow effect.
Table 2: Qabf evaluation of Figure 13(a)
Row

(B1 )I1
→ I2
0.32
0.28

(B2 )I1
→ I2
0.26
0.27

(LO)I1
→ I2
0.23
0.27

(LS)I1
→ I2
0.22
0.23

(SO)I1
→ I2
0.22
0.24

Parameters setting: The main parameters used in this paper are
summarized in Table 1. In the Table, the wavelet scale of low frequency transfer, N, controls the transfer of low frequency map, and
further affects the result. If N is too large or small, it can not produce complete transfer map. The weight of wavelet fusion, µ, influences the changing process of the low-frequency map of the final result. The weights of unilateral fusion, µ1 , decides the final
warped images. Increasing µ1 will remain more features of T1 in
results. The weights of bilateral fusion, µ2 , controls the final results
of warping and texture fusion directly. Large µ2 will reserve more
features of I2 accordingly. Other parameters about optical flow are
presented in [LYT11, Liu09].

We also use Qabf [PH03] to evaluate above fused images. Qabf
is an objective metric for evaluating image fusion quality, and it
concerns more about the feature quality. The higher the Qabf value is, the better fusion quality the image exhibits. In Table 2, we
present the Qabf values for the fused images in Figure 13(a). It can
be observed that the Qabf values of the wavelet flow fusion images
are larger than those of the optical flow and sift flow.

Comparison with optical flow methods: We compare our
method with Liu’s optical flow [Liu09], SIFT flow [LYT11] and
Sun’s optical flow [SRB10]. Liu’s optical flow estimates a flow
vector for every pixel by matching intensities. SIFT Flow computes dense correspondence across scenes, and aligns an image to
its nearest neighbors in a large image corpus containing a variety
of scenes. The SIFT flow consists of matching densely sampled
and pixel-wise SIFT features between two images, while preserving spatial discontinuities. Sun’s optical flow develops a method
that ranks at the top of the Middlebury benchmark by modifying
information on flow and image boundaries.

In Figure 14 and Table 3, we compare our wavelet flow with
Liu’s optical flow, SIFT flow and Sun’s optical flow on another two examples. Our method effectively warps the source image to
the target image, while maintaining the illumination and tone of
the source image. For the mid-transition image, our results combine illumination and tone of the source and target images, and the
warped features are also natural. As shown in Figure 14, for results of optical flow and sift flow, there are obvious artifacts in face
or background (label with red box in the figure) regions. Qabf is
also used to evaluate the above fused images. In Table 3, the Qabf
values of the wavelet flow images are a little larger than those of op-

1
2
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I1

(B1 )I1 → I2

I2

(B2 )I1 → I2

(LO)I1 → I2

(LS)I1 → I2

(SO)I1 → I2

(a) Comparison results between wavelet flow, optical flow and sift flow.

(b) Flow visualization results corresponding to (a).
Figure 13: Results comparing with the flow methods [Liu09], [LYT11] and [SRB10]. (a) is comparison results between wavelet flow, Liu’s
optical flow, sift flow and Sun’s optical flow, (b) is the flow visualization results corresponding to (a). In each row of (a), I1 and I2 are input
image pair. (B1) I1 ->I2 is the wavelet flow results from I1 to I2 with monolateral fusion, and transfer the background and color from I1
to I2 . (B2) I1 ->I2 is the wavelet flow results from I1 to I2 with monolateral fusion, and transfer the background and color from I2 to I1 .
(LO)I1 ->I2 is the results from I1 to I2 using [Liu09]. (LS)I1 ->I2 is the results from I1 to I2 using [LYT11]. (SO)I1 ->I2 is the results from I1
to I2 using [SRB10].
tical flow and sift flow. The qualitative and quantitative evaluation
results show the advantage of our method.
Table 3: Qabf evaluation of Figure 14
Method

(L)I1
→ I2

(L)M

(L)I2
→ I1

(R)I1
→ I2

(R)M

(R)I2
→ I1

Ours

0.43

0.30

0.30

0.21

0.22

0.22

OF [Liu09]

0.34

0.29

0.30

0.18

0.20

0.20

SF [LYT11]

0.25

0.22

0.19

0.19

0.20

0.19

OF [SRB10]

0.25

0.22

0.19

0.17

0.18

0.19

point of the two images respectively, and intelligently blend them
later. The comparison result is shown in Figure 15. We can see that
the method of [MAL16] sometimes induce visual ghost artifacts
while our method can produce better results with clearer details.
Furthermore, landmark-based methods rely highly on the quality
of input images and the accuracy of characteristic detection. These
problems make the method [MAL16] work poorly for some facial
examples, such as the images used in Figure 16.
I1

I2

[MAL16]

Ours

Note: L and R mean the left and right example of Figure 14, respectively.
OF and SF denote optical flow and sift flow, respectively.

Comparison with landmark-based image warping techniques: We compare our method with landmark-based image warping method [MAL16], which uses dlib to detect 80 characteristic
c 2019 The Author(s)
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Figure 15: Comparison with landmark-based image warping
method [MAL16]. The yellow boxes show some details of the comparison.
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I1

I1

I1 → I2

M

I2 → I1

(a) Wavelet flow (ours)

I1

I1 → I2

I2 → I1

M

(a) Wavelet flow (ours)

I2

(b)Liu’s optical flow

(b)Liu’s optical flow

(c)Sift flow

(c)Sift flow

(d)Sun’s optical flow

(d)Sun’s optical flow

Figure 14: Results comparing with the flow methods [Liu09], [LYT11] and [SRB10] in image warping and mid-transition image generation.
I1 ->I2 is I1 warped to I2 . I2 ->I1 is I2 warped to I1 . M is the mid-transition image.

Comparison with previous state-of-the-art image meld methods: We compare the results of wavelet flow against those of
previous state-of-the-art methods, those include comparison results with deep feature interpolation for image content changes
(DFI) [UGP∗ 17], Poisson meld [BCCZ08], Darabi’s image meld
[DSB∗ 12], Barnes’ PatchMatch image editing, [BSFD09], Liu’s
optical flow [Liu09], Liu’s sift flow [LYT11] and Sun’s optical
flow [SRB10]. DFI is for image content changes relies on simple
linear interpolation of deep convolutional features from pretrained
convnets. Darabi’s image meld presents a new method for synthesizing a transition region between two source images. Bhat etal using a DCT-based screened Poisson solver to meld images. Darabi
present a image melding method for synthesizing that builds upon
a patch-based optimization foundation. Barnes presents interactive
image editing tools using a randomized algorithm for quickly finding approximate nearestneighbor matches between image patches.
Figure 16 and Table 4 shows the comparison results between our
method and the three methods. In Figure 16, we present additional
comparison results by adding glasses and opening mouth. In general, the results of DFI are more fuzzy than others. The results of
Poisson meld and Darabi’s image meld contain distorted pixels and
the illumination is not consistent. The faces from Barnes’ PatchMatch method have rare changes. Liu’s optical flow, Liu’s sift flow
and Sun’s optical flow produce many bad points, while our results
are more nature. Table 4 shows the Qabf comparison between the
wavelet flow and DFI.

Table 4: Qabf evaluation of Figure 16
Method
DFI
[UGP∗ 17]
Poisson
[BCCZ08]
Darabi
[DSB∗ 12]
PatchM
[BSFD09]
Liu’s
[Liu09]
Liu’s
[LYT11]
Sun’s
[SRB10]
Ours

glasses
1
0.56

glasses
2
0.59

mouth 1

mouth 2

0.52

0.57

0.58

0.13

0.18

0.68

0.47

0.14

0.18

0.45

0.43

0.15

0.18

0.27

0.21

0.15

0.19

0.31

0.21

0.15

0.18

0.26

0.14

0.11

0.14

0.15

0.61

0.66

0.50

0.41

User Study We also design a user study to measure how users
choose between the results under different methods.
1. Methods: We compare our method to the seven previous
methods DFI [UGP∗ 17], Poisson meld [BCCZ08], Darabi’s image
meld [DSB∗ 12], Barnes’ PatchMatch image editing [BSFD09], Lic 2019 The Author(s)
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Inputs

eyeglasses

Mouth editing

Let Vi j denotes the total votes of Ri on jth question. To evaluate
each method on the individual question, we compute the percentage
of votes (PoV ) obtained by Ri on the jth question as follows:
PoV = (Vi j /200) ∗ 100%,

DFI

(12)

To provide an overall evaluation of different methods, we further
calculate the percentage of votes obtained by Ri in all by
Poisson

4

PoV = ( ∑ Vi j )/800 ∗ 100%.

(13)

j=1

Darabi

PatchM

3. Results: In Table 5, we give the percentage of votes obtained
by different methods in the survey, where Qu. x denotes the x-th
question. From Table 5, we can observe that most volunteers think
that our results are visually better than that of [UGP∗ 17], [BCCZ08], [DSB∗ 12], [BSFD09], [Liu09], [LYT11] and [SRB10].
Table 5: Vote results obtained by different methods.
Labels
R1
R2
R3
R4
R5
R6
R7
R8

Liu’sO

Liu’sS

Sun’sO

Ours
∗

Figure 16: Comparison results with DFI [UGP 17], Poisson meld
[BCCZ08], Darabi’s image meld [DSB∗ 12], Barnes’ PatchMatch
image editing, [BSFD09], Liu’s optical flow [Liu09], Liu’s sift
flow [LYT11] and Sun’s optical flow [SRB10]. The small image
embedded in the bottom right corner of the result is the other input
image.
u’s optical flow [Liu09], Liu’s sift flow [LYT11] and Sun’s optical
flow [SRB10]. Results of [UGP∗ 17], [BCCZ08], [DSB∗ 12], [BSFD09], [Liu09], [LYT11] and [SRB10] are labeled using R1 , R2 ,
R3 , R4 , R5 , R6 and R7 , respectively. Our results are labeled using
R8 .
2. Study details: There are 4 facial images editing results in
the user study, as shown in Figure 16: wearing glasses and opening mouth for two persons. We perform the user study (similar
to [ZNZX16]) with 50 random volunteers to validate the effectiveness of the proposed method in Figure 16. Each volunteer browses
the labeled images in Figure 16, a survey is conducted to collect
the feedbacks on following questions: (1) Which one do you think
exhibits the best overall visual appearance? (2) Which one do you
think looks best natural? (3) Which one do you think preserves the
clearest textures? (4) Which one do you think has the best harmonious background? For each question, the volunteer is asked to vote
for only one result.
c 2019 The Author(s)
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Qu.1
15%
3%
2%
0%
1%
0%
1%
78%

Qu.2
12%
16%
4%
2%
0%
0%
0%
66%

Qu.3
6%
18%
20%
1%
4%
3%
1%
47%

Qu.4
10%
21%
19%
1%
2%
4%
5%
31%

Overall
10.75%
14.50%
11.25%
1.00%
1.75%
1.75%
1.75%
55.50%

Limitations: If the background difference between input image
pair is too significant, the fused background using our method may
suffer from artifacts, as illustrated in Figure 17. In this example,
the clothes and collars of the input images have differences in color, shape and content, and it is notable that there are fusion artifacts
in these parts of the third image.
I1

Mid-transition images from I1 to I2

I2

Figure 17: Color inconsistency may happen in the presence of significant background variations.
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Conclusion and future work

In this paper, we have presented a wavelet flow method for facial
image fusion. Our key idea is to estimate the flow between images
by producing in-between images using multi-scale image transform
and optical flow guided wavelet fusion. We have shown that lighting and background variations can be easily managed by multiscale image transfer, and optical flow guided wavelet fusion can
effectively warp and fuse the corresponding features of the image
pair. In the future, we will extend our method to video situation,
and work on facial video fusion.
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