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Abstract. Objects are defined by their shape and visual style. Previous
work into image manipulation has generally altered the stylistic appear-
ance of a whole image, while maintaining the image content and object
shapes. In this paper we transfer both the shape and style of chosen ob-
jects between images, leaving the remaining areas unaltered. To tackle
this problem, we propose a two stage method, where each stage contains
a generative adversarial network, that will alter the shape and style of
objects in a subject image to reflect a donor image. We demonstrate the
effectiveness of our method by transferring clothing between images.
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(a) Abstract Style Transfer.

(b) Garment Transfer (Style and Shape).

Fig. 1: Generated examples using the proposed system for garment style transfer and
full garment transfer. The subject (left) and a donor (middle) are used to create an
image with chosen features of the donor image while keeping the subject the same. For
the full effect view in colour.
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1 Introduction

There are countless applications where altering the appearance of specific objects
in an image is needed and, due to the visual nature of image manipulation,
example images are often more useful than textual descriptions or tags. An
object is defined by both its shape and visual style, which includes its colour,
texture and pattern. Therefore to produce compelling object alterations from
image examples, we must reproduce the shape and style from the example in the
subject image. Several researchers have addressed simple image translation and
style transfer tasks [4,6,19,21]. The alterations are generally applied to the whole
image [4,6,19], or a simply masked area [21]. All of these methods have focused on
the style of an image, maintaining the shape and location of component objects.
However, to realistically transfer the appearance of an object between images,
both the shape and style must be transferred.

An ideal example of a selective object transfer task is swapping clothing be-
tween photos, as clothing is characterised by its distinctive shapes and styles. To
convincingly swap garments between images, one must generate realistic clothes
that reflect the donor garments, while still maintaining the pose, body shape and
appearance of the subject. Garment shape transfer has previously been addressed
using three dimensional methods, requiring anthropomorphic data [11,27]. We
make no assumptions about the three dimensional geometry, instead we only use
a single subject image to capture the appearance and pose of the person, and a
single donor image to define the style and type of the generated garment.

To transfer the visual appearance of garments in two dimensions using single
images, we propose a two-stage method. Each stage is comprised of an encoder
and a conditional generative adversarial network [10]. Our first stage alters the
shape of the chosen garments in a subject image to match a donor image. Our
second stage selectively transfers the style of chosen garments of a donor image
to the appropriate areas in the updated subject image.

The main contributions of this paper are: (i) we transfer style between certain
selected objects in images, agnostic to their original appearance, as discussed in
subsection 3.3; (ii) we manipulation the shape of objects based on their shape
in a second image while maintaining their pose, as discussed in subsection 3.4;
(iii) we create a complete method for compelling object transfer between images,
demonstrated in section 4.

2 Related work

We discuss previous work related to the broad area of image generation, the
use of images as an input to generative models, the previous methods that have
been applied to garment related generation and how our approach differs from
previous work.



Say Yes To The Dress 3

2.1 Image Generation.

Image generation is a classic problem in computer vision, with the goal of cre-
ating realistic, high resolution images that match a set of user constraints.

The most popular current approach to image generation is the Generative
Adversarial Network (GAN) [9]. GANs improve upon traditional convolution
neural networks by learning a representation of a dataset rather than using a
simple loss function. Promising research has been conducted into generating
images in stages by using multiple GANs [2,6,20,28]. These approaches first gen-
erate the coarse structure of an object in the form of surface normals [20] or a low
resolution image [28], then use this as the input to a GAN that generates a final,
detailed image. These coarse-to-fine schemes are generally more stable during
training, allowing for more detailed, complex, and higher resolution results [8].

2.2 Image Conditioning.

Conditional networks use a conditioning variable as the network’s input array
rather than a random set of values. Once trained, the user can control the gener-
ated result by manipulating this variable. The generated result should be reflec-
tive of the conditioning variable as well as representative of the training dataset.

Early conditioning methods used relatively simple labels [15,16,24], or basic
textual descriptions [17,28], but more recently entire images have been used as
the conditioning variable in image generation [4,6,12,18,30,29]. Image condition-
ing has mainly been used for simple photo editing [18], full image style transfer
[4], supervised domain transfer [6,30], and unsupervised domain transfer [12,29].

Domain transfer or image translation aims to alter the style of an image while
maintaining the shape or location of individual objects. Basic image translation
tasks include colourising greyscale images and converting a semantic map to a
textured image. Traditionally, image translations alter the domain or style of an
entire image indiscriminately, however work has recently been conducted into
guiding the transfer using semantic channels as masks [14]. Image translation
suffers from the same instability as GANs in unconditioned fields.

Wang et al. [19] combined methods of multi-stage GAN stabilisation [8,28]
with work on image translation to create a high resolution domain invariant ar-
chitecture. They also developed a method for varying the style of single instances
in an image, however their results were simple and had minimal user control,
limited to choosing from a discrete number of the most common styles found in
the dataset.

2.3 Fashion.

Clothing related computer vision has generally been focused on the discrimina-
tive tasks of classification and recognition [1,3,26] to generate textual descrip-
tions, labels, or tags from an image.

Generative tasks related to clothing have traditionally involved generating a
three dimensional representation of the subject and their clothing using body
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measurements [11,27]. The three dimensional clothing can then be mapped be-
tween subjects. Processing and generating three dimensional models is compu-
tationally intensive, and gathering the data for each instance is time consuming
and expensive. Yang et al. [25] generated three dimensional models from a single
photograph of a subject. However, this method still required the use of anthro-
pometric data and accurate three dimensional human body models.

Purely two dimensional fashion manipulation was recently addressed by Zhu
et al. [31], who created a framework to generate clothing for a subject, based
on a textual description. Zhu et al. [31] generated garment shape to match the
pose and body shape from a subject image, then applied the desired style. This
framework was able to implement generation of simple changes to garment shape
and could generate images with plain clothes. No complex or abstract pattern
results were shown. Xian et al. [23] recently developed TextureGAN, a method
for generating images from a sketch and a simple texture samples. The results
from TextureGAN are simple, repeating the same pattern, and are generally
independent of any image context or variation that may come with shape.

In this paper, in contrast to previous image translation work [6,12,29,30],
we recognise the importance of shape, as well as style, to the visual appearance
of an object. We aim to capture the shape and style of chosen garments from a
complex image, and transfer this representation onto a second image, leaving the
remaining areas untouched. We divide the generation into two sections, shape
and style. Our method treats the style and shape of each garment between images
independently, allowing for complete flexibility at generation time. In contrast to
previous work into texture generation, for example TextureGAN [23], our style
generation alters texture based on context and shape, creating accurate features
like creases in the correct garments and places. We deconstruct the object shapes
into the garment shapes and the wearers pose, we can then alter the garment
shapes while maintaining the appearance of the subject. We enable transfer of
styles between multiple sections independently by combining feature-wise style
encodings of the subject and donor images.

3 Training and Generation Methodology

In order to represent a complete garment we separate its visual appearance
into its shape, and its style, described by colour, pattern and texture. We use
a dataset of fashion images and their associated garment segmentations. The
segmentations divide the image into their component classes: background, hair,
face, upper-body clothes, lower-body clothes, legs, and arms. We use the seg-
mentation to define the shape of each garment.

We capture the representation of the shape and style independently and
generate them separately in two separate networks, as in Figure 2. We can utilise
the style generation stage alone to alter the style of garments in an image while
maintaining the shape for Garment Style Transfer or alter both the shape and
style of garments for Complete Garment Transfer. We condition the generators
on the shape and style separately to ensure their independence.
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In the following section, we train two encoder-generator pairs to generate
realistic clothing and realistic part segmentations. We then manipulate the en-
codings to alter the style of the garments and the shape of the segmentations to
reflect another image.

(a) Training Photograph Style Image Generation.

(b) Training Segmentation Manipulation

Fig. 2: Training models for the Image Generation stage and the Segmentation Ma-
nipulation Stage. The generated image and segmentation are both evaluated on the
likelihood they were from the input dataset and on their similarity to the original
input.

3.1 Style Training

Our method is a development of conditional GANs [10] which are themselves a
development of the GAN [9]. In a GAN, two adversarial networks, a generator
and discriminator, are trained simultaneously. The discriminator is trained to
distinguish ground truth images from generated results, while the generator at-
tempts to trick the discriminator by generating ever more realistic results. The
discriminator learns a more complex and nuanced set of rules about what de-
fines a realistic looking image, and what the conditioning variables represent,
than could be specified manually. This complex set of rules in turn encourages
the generator to learn to generate more realistic results.

In our method we incorporate a style encoder to condition the generator on
the style of the input image, seen in Figure 2a. The style encoder generates a
style encoding, eimg

i , for each class, si, in the segmenation, S0, 1 ≤ i ≤ N , where
N is the number of classes in S0. To ensure coherence within each class, we take
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the mean value of eimg
i . The style encodings are then grouped into a feature-

wise encoding, Eimg, that represents the style of each garment. The encoder
is trained with the generator and discriminator to encourage meaningful and
specific encodings.

The image generator, Gimage, uses the shape and style from the original

image, represented by S0 and Eimg respectively, to create its estimate , I*, of
the ground truth image I0.

Eimg ← Eimage(I0,S0) (1)

I*← Gimage(S0,E
img) (2)

The image discriminator only appears in the training phase, shown in Figure 2a.
The discriminator evaluates how realistic and representative I* is of the original
dataset with a traditional unconditional GAN loss function. A perceptual loss
term [7] in the discriminator gives a broader evaluation of texture and the wider
context of the image by comparing activations at various layers in a pre-trained
image classifier conditioned on either the generated or ground truth image. Our
perceptual loss utilises a VGG-19 network, pretrained on the ImageNet dataset
A conditional loss function also evaluates how reflective I* is of Eimg. This form
of conditional discrimination has been shown to incentivise consistency between
conditions and generated results [17,31].

We use a network architecture inspired by Isola et al. [6], with two down-
sampling layers and nine ResNet blocks [22] in the generator, and use a three
value encoding for the style of each garment. The networks were trained for 50
epochs. These training conditions create a generator that can alter the style of
clothing while maintaining the shape of the garments, allowing generation of
realistic clothing with a given style.

3.2 Shape Training

As the style generation stage strictly maintains the shape of each garment, a
segmentation stage is needed to alter garment shapes while maintain pose of the
original subject. The generated segmentation can then be used as a conditioning
input for the style generation.

The segmentation generation stage is a simplified version of the image genera-
tion stage. Both stages are trained in similar ways, depicted in Figure 2. Whereas
in the style stage the input is an image of a person and a part segmentation, in
this stage we use the part segmentation and another ‘simplified segmentation’. In
our application, the ‘simplified segmentation’ contains four classes: background,
hair, face, and potential clothing. Where potential clothing refers to areas that
could be classified as garments in the generated segmentation, including garment
classes, arms, and legs from the original image.
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During training the segmentation encoder, Esegmentation, finds Eseg, a set
of segmentation feature encodings esegi , 1 ≤ i ≤ N−, where N− is the number
of classes in the simplified segmentation, S−. The segmentation generator then
hallucinates S*, its attempt to reconstruct S0, as shown in Figure 2b.

Eseg ← Esegmentation(S0,S
−) (3)

S*← Gsegmentation(S−,Eseg) (4)

The segmentation discriminator is identical to that in the image generation stage.
The discriminator incentivises the generator to replicate the pose of the original
image present in the simplified segmentation and shape of each garment given
by the complete segmentation encoding.

While more complex methods of discretisation could be used to insure class
constraints, for example mean fields or CRFs, we are able to generate quality
results by using a continuous spectrum while training and only later applying
the class constraints.

The segmentation stage has a simpler architecture than the style stage to
avoid modal collapse. The segmentation generator contains a single downsam-
pling layer and three ResNet blocks. The smaller model and less complex problem
meant the segmentation generation stage needed considerably less training than
the image generation stage, achieving consistently high-quality results after only
two epochs of training.

3.3 Style Transfer

Once trained, Gimage can be used to transfer the style of garments from a donor
image. During style transfer, a translated encoding is created as the combination
of the subject and donor encodings as

eimg
trans, i =

{
eimg
don, i if i ∈ T

eimg
sub, i elsewhere

(5)

where 1 ≤ i ≤ Ntrans, and Ntrans is the number of classes in the segmentation,
and T is the set of garments to transfer. These encodings are combined to create,
Eimg

trans, where each class reflects the style of the subject or donor image. Eimg
trans

and the original segmentation are then used as the conditioning variables for the
image generator, which generates a realistic representation of the subject with
garments that reflect the donor’s.

3.4 Complete Garment Transfer

We can combine the two stages to create the complete garment transfer method
shown in Figure 3. To transfer garments between images, we first generate the
translated segmentation, Strans, from the simplified subject segmentation, S−

sub,
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as well as the donor segmentation encoding, Eseg
don. As above, we combine the

image style encodings to create Eimg
trans. Finally we generate the translated image,

Itrans, using Strans and Eimg
trans.

Eseg
don ← Esegmentation(Sdon,S

−
don) (6)

Eimg
sub ← Eimage(Isub,Ssub) and Eimg

don ← Eimage(Idon,Sdon) (7)

Strans ← Gsegmentation(S−
sub,E

seg
don) (8)

Eimg
trans ← Combine(Strans,E

img
sub ,E

img
don ) (9)

Itrans ← Gimage(Strans,E
img
trans) (10)

Fig. 3: Complete Garment Transfer schematic.

4 Evaluation and Results

After training the two stages independently on replication tasks, they were then
both applied to transfer tasks. In this section we evaluate the style and shape
transfer stages alone, before then evaluating the performance of the stages to-
gether. The first characterisation of performance is to replicate ground truth
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images by using the same image as both the subject and the donor. This was
done with both stages independently, and later together. After this, we evaluate
the method’s ability to transfer style and shape as intended by replacing the
garments in the subject image with those captured from the donor image.

It should be noted that a better representation of the subject would be
achieved if the background, face and hair pixels were replaced with their original
values. However, all the data presented is from the generator to demonstrate the
ability to reproduce these features.

4.1 Dataset

While our method could be applied to any image domain we chose to generate
clothing due to its complexity and diversity. We used the DeepFashion dataset
[13], a large dataset of low resolution (128x128pixels) fashion images and their
associated segmentations from Zhu et al. [31]. We used the same 70,000 training
images as Zhu et al. [31].

4.2 Garment Style Transfer

As the two stages are independent it is possible to evaluate the quality of the
style transfer stage alone. We evaluate the style transfer stage in two ways: we
attempt to replicate a ground truth image by using the same image as both
subject and donor, as in Figure 4, we also attempt to transfer styles of various
sections of a single donor image onto the associated sections on a subject image,
as demonstrated by Figure 5.

Our method is able to generate realistic and representative results, as can
be seen by the results from replicating of ground truth images in Figure 4. The
model is also able to transfer styles from both example images of garments and
abstract style samples to create consistent and realistic images, as in Figure 5.
The abstract style transfer pipeline is identical to that used for garment transfer,
the only difference being that an entire abstract image is encoded instead of a
selected area from a garment segmentation. Abstract style transfer would allow
users to design and alter clothing without requiring an exact subject image
matching their requirements.

With only three encoder values defining the style of each garment, the style
encoding can produce complex patterns, as can be seen in the bottom row of Fig-
ure 5. These patterns and textures are significantly more complex than demon-
strated in previous two dimensional garment generation work [31].

Complex garment features, such as creases, are convincingly generated in
the correct garments and locations. The accurate location of creases in appro-
priate clothing shows that folds in clothing are correctly taken to be a function
of garment shape and are ignored by the style encoder, this also explains the
presence of realistic creases in loose garments generated using an abstract style
as in Figure 5.

We have compared our method to the neural style transfer method of Gatys et
al. [5] both qualitatively as shown in Figure 6 and quantitatively as is discussed
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further below. The traditional style transfer method is only able to extract a
single style from the whole donor image, meaning we could only compare the
results for abstract style transfer. Gatys et al. [5] also focused on transfer of
image texture, so could not transfer a single, flat colour. Their method is also
unable to selectively apply this style to a subject image, so in order to evaluate
their method for clothing, we masked the results and only perform numerical
evaluation on the pixels in the areas of interest in the final image.

The traditional approach is unable to separate garment shape and pattern, so
some of the original garment pattern is present in the final image. Our method,
on the other hand is agnostic to the original garment style and presents no
artifacts of the original pattern. Since the traditional style transfer method has
not been trained to specifically generate realistic clothing it is unable to generate
any realistic creases or similar features.

We compare the two methods quantitatively by translating the style of an
image twice, first to an abstract style, then back to the original images style to
generate an approximation of the original, ground truth image. We find both the
average pixel difference between the original and ground truth images and the
percentage of pixels within certain absolute pixel difference tolerances. These
results are shown in Table 1.

Due to the nature of GANs and our goal, to create novel images of people in
different outfits while maintaining their pose, complex analysis and evaluation is
difficult, since we are creating an image that has not existed before. Comparison
to other work is also difficult as we are unaware of any similar work on semantic
style transfer. While the comparison above is not perfect, as it does not measure
global perceptual appearance, we believe it sufficient to objectively show our
method is superior to a standard approach. We also believe that because this
evaluation only values pixel similarity it puts our more nuanced results at a
disadvantage to a more similar pattern generation tool, as, for example, a crease
may be generated in a different place which would be perceived as realistic but
evaluated as a large error.

The poor quality of the DeepFashion dataset creates simple errors in our style
transfer results. The dataset’s segmentations contains a significant number of
misclassification errors. The effect of which can be seen in the hands in Figure 4.
The dataset also has very limited classes, excluding less common clothing items
such as jewellery, hats and belts so this information has to be captured in the
style encoding.

Table 1: Quantiative evaluation of our method and traditional style transfer [5]. Values
refer to absolute pixel value differences

Mean difference % within 15 % within 25 % within 50

Ours 24.5 45.93 64.59 86.548
Masked NST 92.64 10.75 17.92 33.84
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Fig. 4: Style Replication Results. The same input image (top) is used as the subject
and donor for style transfer. The ideal result would be for the generated image to be
identical to the input image.

Fig. 5: Style Transfer Results. The style of a donor image (left) is transferred to chosen
sections of subject images. The style of the dresses are transferred in all cases, the hair
colour is also transferred in the case of the top row. Notice how the creases look natural
and realistic in the first two rows. For full effect view in colour.
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Fig. 6: Comparison between our method and Neural Style Transfer Gatys et al. [5].

4.3 Segmentation Transfer

Despite the poor quality and errors in the dataset, our segmentation generation
model generates well defined, acceptable results. The garment shape is altered
while the subject pose and body shape are maintained. This is clearly demon-
strated in Figure 7a, where the sleeve length of a dress is dramatically changed.

This challenging shape alteration is achieved even when the original segmen-
tation is in an obstructive pose, here the person with arms against their sides is
wearing long sleeves.

4.4 Complete Garment Transfer

We combine the two stages to create a single garment generation method, which
we evaluate similarly to the the style transfer stage, first by replicating ground
truth images, as seen in the leading diagonal of Figure 7b, then by evaluating
true garment transfers between images as demonstrated by the remainder of
Figure 7b and Figure 8.

We found the generated results were realistic and reflected the shape and style
of donor garments well. The bottom row of Figure 8 further demonstrates the
encoder’s ability to capture, as well as replicate, the main colours and repetitive
nature of a complex pattern with only three values in the style encoding.
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(a) Garment Shape Transfer (b) Full Garment Transfer

Fig. 7: Full Garment Swap. The replicated ground truth images (leading diagonal) are
accurate, even with somewhat flawed segmentations.

Fig. 8: Garment Transfer Results. The dress from a donor image (left) is transferred
to various subject images.
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5 Conclusion and Discussion

We present a method which enables the transfer of object shape and style be-
tween images. Our method includes two separate GANs to alter the shape and
style of an object independently. The shape alteration stage can maintain the
original subject pose while being invariant to the original shape. The style of the
generated object is only dependent on the style extracted from the donor image.
The remainder of the image is unaffected by the object transfer. This method
could be applied to a variety of two dimensional object transfer tasks. We apply
this method to complex garment transfer tasks and achieve impressive, realistic
clothing transfer.

Our current work has been limited by the lack of variation in the dataset we
used. It would be valuable to explore a more diverse dataset containing more
poses and body shapes. Here we used three values to define each garments shape.
While this encoding has demonstrated the quality of the method experimentally,
a more diverse dataset would likely require the use of a wider shape encoding
to capture the full variation of the available data. It is likely too that the loss
function in shape stage could be optimised to encourage low frequency results.
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