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Abstract

We study image-to-image translation and synthetic image generation. There is still no devel-
oped model to create popular synthetic images based on the user’s opinion in the fashion
industry. This paper uses a combination of generative adversarial networks (GAN), deep
learning, and user’s opinions to create popular images. Our proposed model consists of two
modules; one is a popularity module that estimates the intrinsic popularity of images with-
out considering the effects of non-visual factors. The second one is a translation module that
converts unpopular images into popular ones. Our model also performs multi-dimensional
translation and multi-domain translation. We use the ResNet50 neural network as the default
deep neural network in which the last layer is replaced with a fully connected layer. We use
a new dataset collected from Instagram to train our network. We evaluate the performance
of the proposed method by FID, LPIPS scores, and popularity index in different scenar-
ios. The results show that our proposed method shows at least 60% and 25% improvement
in terms of FID and LPIPS in color-to-color image translation. These improvements con-
firm the proposed method’s generated images’ quality and diversity. The evaluations on
the popularity score also confirms that the content-based translation is more effective than
style-based translation in terms of popularity.

Keywords Image popularity - Generative adversarial network (GAN) -
Artificial intelligence - Deep learning - Image translation - Synthetic
1 Introduction

Artificial intelligence, computer vision, and deep learning methods have applications in var-
ious fields of daily life from automatic care of elders [2, 37] to chair design [34], language
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generation [31], IoT wearable devices [1, 3], voice conversion [21] and image synthesis
[35]. One of the interesting topics in computer vision is digital image generation [16]. The
image-to-image translation is a class of vision problems in which the goal is to learn the
mapping between an input image and an output image using a training set of aligned image
pairs. The image-to-image translation is used in various contexts and applications [6, 7, 13,
14, 23, 29, 38, 46]. Automatic image-to-image translation is the problem of translating one
possible representation of an image or scene into another, given sufficient training data [36].

Artificial intelligence, computer vision, and deep learning methods have applications
in various fields of daily life from automatic care of elders [2, 37] to chair design [34],
language generation [31], [oT wearable devices [1, 3], voice conversion [21] and image syn-
thesis [35]. One of the interesting topics in computer vision is digital image generation [16].
The image-to-image translation is a class of vision problems in which the goal is to learn the
mapping between an input image and an output image using a training set of aligned image
pairs. The image-to-image translation is used in various contexts and applications [6, 7, 13,
14, 23, 29, 38, 46]. Automatic image-to-image translation is the problem of translating one
possible representation of an image or scene into another, given sufficient training data [36].

New tools and models exist for automatic image-to-image translation, including the Gen-
erative Adversarial Networks (GAN) and conditional GAN [36]. Using GAN to generate
images is well studied in the literature [8, 11, 22-24, 28, 30, 32, 4042, 47, 49, 51]. image-
to-image translation aims at learning the relationship between samples from two image
domains. The relationship between two domain images can be one-to-one, one-to-many, or
many-to-many. In a one-to-many mapping image translation problem, an input sample from
one domain can correspond to multiple samples in the other domain. The existing models
for image-to-image translation, focus on learning a one-to-many mapping. These existing
models cannot generate images from both aspects of multi-dimensional translation at the
same time. These methods also do not consider the user’s taste; that is the main idea behind
our proposed model. We also propose popularity metrics on GAN-based generated images
for further evaluation.

The image-to-image technology can be used in industrial topics, including fashion and
clothing, while it is neglected in the literature. In this paper, we use image-to-image transla-
tion for the fashion industry. We collect and use a dataset of clothes along with the existing
metadata such as likes to extract the popularity metrics of clothes. Using the extracted meta-
data, we apply the user’s taste to create popular synthetic images. In summary, the novelties
and contributions of this paper are listed as follows:

—  We study and review different models for image translation and generation by using
GANS and their potential application in the fashion industry. We introduce the gap in
the literature and propose to add the user’s opinion as a key factor in synthetic image
generation and improve the synthetic image desires accordingly.

—  We create a dataset by collecting images from Instagram. Our dataset includes clothes
pictures along with the number of likes and existing metadata.

—  We use GAN and propose a model to generate popular images for the fashion industry.
Our proposed model consists of two modules; one is a popularity module that estimates
the intrinsic popularity of images without considering the effects of non-visual factors.
The second one is a translation module that converts unpopular images into popular
ones. Unlike existing methods that use different discriminators for different domains,
our proposed method, in its second module, adopts DMIT [48] and uses a unified
conditional discriminator for all domains. Our model also performs multi-dimensional
translation and multi-domain translation.
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—  We evaluate the performance of the proposed method by considering FID and LPIPS
scores to explore the quality and diversity of the generated images. We also extract the
popularity metrics and evaluate the performance of content and style-based image-to-
image generation on the popularity score. By applying the metrics of popular images,
we train our model to generate synthetic images with the specifications of popular
images. Our model considers the users’ opinions.

The rest of this paper is organized as follows: in Section 2, we review the related works.
Section 3 presents our proposed method for improving and evaluating Image Generation
and image-to-image translation. Evaluation metrics and experimental results are presented
in Section 4, and Finally, Section 5 concludes the paper.

2 Related work
2.1 Generative adversarial network

GAN has achieved great success in the field of image generation since its presentation in
2014 [15]. GAN consists of two neural networks, named generator and discriminator, and
solves the MinMax problem. Based on the MinMax problem, the Generator network is
trained to deceive the discriminator, while the discriminator learns to distinguish the gener-
ator’s fake images from the real ones. Adversarial networks do not need Markov chains and
use Back-propagation to obtain gradients, which is advantageous.

GANSs can generate new images instantly based on the learned distribution, while the
recurrent neural networks work pixel-to-pixel. One of the most critical and specific advan-
tages of a GAN is that the performance of discriminator D is very similar to a trainable
loss and is compatible with different tasks and datasets. This adaptive loss enables GANS to
solve many challenging image generation and categorization problems.

Authors in [39] use GAN to capture the common and salient objects in a group of rele-
vant images, called co-saliency detection. To improve the quality of the generated images,
various GAN network models have been proposed, including the DCGAN [4] and PGAN
[25]. Authors in [10] propose an effective defense framework specified for remote sens-
ing image scene classification, named perturbation-seeking generative adversarial networks
(PSGANS). Their proposed framework is designed to train the classifier by introducing the
examples generated during the reconstruction process of images. These generated examples
can be random kinds of unknown attacks during training and thus are utilized to elimi-
nate the blind spots of a classifier. They model the distributions of the perturbations added
in adversarial examples. Although this method is also considered in GAN-based image
generation, it is a bit different by the common understanding of image-to-image translation.

2.2 Image-to-image translation

Various models of GAN-based image-to-image translation models have been proposed. The
first model proposed for image-to-image translation is Pix2Pix [23]. This framework uses
paired data to translate image to image by using a conditional GAN. The BicycleGAN [24]
trains by a multi-modal mapping of paired data for supervised image-to-image translation.
The main idea of BicycleGAN is based on objective consistency and a multi-modal that
combines both mappings between latent space and target space, and despite its complex
learning process, it can generate more diverse and realistic results compared with Pix2Pix
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presented in [23]. Although BicycleGAN can produce multi-modal results, the quality and
variety of images generated are still far from desirable.

In translating images, the critical challenge is to learn the joint distribution of images
in different domains. The UNIT [20] model is introduced to solve this problem [32]. This
model is based on the theory of shared latent space between domains of two images. Train-
ing of this network is unsupervised and, therefore, requires unpaired data. This model can
generate high-quality images; however, its training process is unstable and difficult. Besides,
this model is uni-modal due to the Gaussian latent space theory [28, 40].

The MUNIT [22] model was introduced for image-to-image translation without super-
vision. In this network, the latent space of images is decomposed into a content space,
which is a fixed domain, and a style space that includes specific features of the domain and
generates multi-dimensional outputs. In methods such as BicycleGAN and pix2pix, pairs
of images are needed to train the network in a supervised manner [23, 24]. However, the
MUNIT model training is unattended, and paired images are needed. One of the limitations
and problems of MUNIT is that this network is limited to only two domains at a time and
does not perform multi-domain styles. Besides, this network does not have an integrated
structure. As a result, the generated images by MUNIT do not seem real enough.

StarGan and StarGan v2 [11] perform the multi-domain translation and use noise vectors
to generate more diverse results by the generator. The StarGan model uses only an integrated
structure for learning two domains mapping. The generated images by StarGan do not look
real enough, and the model suffers from the mode collapse problem [42]. In StarGan v2, the
quality of the images generated has improved due to the use of noise distribution. However,
the results are still not very diverse. DRIT [30] and SingleGAN [49] generate real results,
although the images are not clear enough.

Previous studies in the image-to-image translation focus on learning a one-to-many map-
ping from both aspects of multi-dimensional translation. However, they cover only one of
the two modes at each time and cannot generate images from both elements at the same
time [11, 22-24, 28, 30, 32, 40, 42, 49].

The image-to-image translation can consider users’ tastes and interests, although it is not
addressed in the literature. In the next section, we propose a model that incorporates the
users’ preferences in generating and translating images in terms of content and style.

3 Proposed method

Assume that we aim to design (generate) a T-Shirt with popular sufficient shape and pop-
ular texture variation while maintaining high resolution. We introduce the image-to-image
(I2I) translation module and the popularity module to solve the above-mentioned issues,
respectively. The pipeline of our proposed method is illustrated in Fig. 1.

At first, we use the popularity module on the dataset. The dataset used in this paper is col-
lected from Instagram and explained in Section 4.1. We consider intrinsic evaluation metric
[12] and divide the dataset images into two categories, popular and non-popular. Further,
these two categories become two inputs for the second module, image-to-image Translation
(Generation). We train the second module network with popular and non-popular categories.
The content and style network learn popular and non-popular images and can generate
images, accordingly. In the second module, different and separate loss functions are defined
for content and style, and the generator network learns to use these loss functions to gener-
ate images with popular content and style. Finally, the generated images by using the second
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Fig. 1 The pipeline of the proposed model includes two modules: Popularity and I2I Translation. The first
Popularity Module is trained on our collected dataset, and then 121 Translation Module is applied to the input

module are given to the first module for evaluating the popularity of the generated images
with the intrinsic evaluation metric.

3.1 Popularity module

This module estimates the intrinsic popularity of images without considering the effects of
non-visual factors on the popularity of the image. The results show that this model predicts
the intrinsic popularity of images more accurately compared with the previous methods [19,
26]. As illustrated in Fig. 2, to calculate the popularity of images, we first generate an image
database that includes data popularity discriminable image pairs (PDIPs) and then apply the
deep neural network (DNN) computational model to the dataset.

We use the ResNet50 neural network [18] as the default deep neural network by modify-
ing its architecture to evaluate the collected dataset. In the ResNet50 model, the last layer is
replaced with a fully connected layer. The input images’ size is set to 256x256, and we use
the Adam function [27] for optimization with a batch size of 64.

04 = f(A) (D
Ox = [*(X) @
Qas = f(A) — f(B) @)
Py = SXP(Q48) @

 1+exp(Qan)
The popularity score ranges from -2 to 3. The higher the value, the more popular the
image is.
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Fig. 2 Structure of the popularity module (Intrinsic). The computational model is based on a deep neural
network (DNN) for estimating the popularity score of two images

3.2 Image-to-image translation (generation) module

The image-to-image translation module is based on DMIT [48] and aims to learn the distri-
bution of clothing datasets collected from Instagram images and generate synthetic images
accordingly. DMIT [48] is developed based on the theory of shared latent space [33], which
is divided into two separate parts: modeling a multi-model distribution and obtaining a
cross-domain translation. In this model, images are separated into two latent space repre-
sentations, including a latent space C and a Style space S, and use an encoder and decoder
to learn disentangled representations. This module consists of the following parts:

1. The style encoder Eg Extracts the style from the input image.

2. Content encoder E¢ is a fully convolutional network that encodes the input image into
a C feature space representation and represents the input image to its content.

3. D module is defined as a set of domain labels and treats D as another disentangled
representation of the images.

We use the I2I module as an unsupervised integrated network that includes; a uni-
fied Generator and a unified conditional discriminator. The proposed module performs
one-to-many mapping in image-to-image translation from two aspects; multi-dimensional
translation and multi-domain translation. The conditional adversarial training forces the
model to generate realistic images with a wide variety. We also define a mapping function
between x and D called a domain label encoder with a dictionary structure that extracts the
input images’ domain labels. Using Generator G, we can perform simultaneous modeling
for multi-domain and multi-dimensional translations. As a result, with any desired style s
member of S and domain label d member of D, we can translate an input image x member
of X to the corresponding target x, member of X.

X; = G(Ec(X), S.d) &)
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Unlike previous methods that use different discriminators for different domains, this
module uses a unified conditional discriminator for different domains.

3.3 Training method
The learning process is divided into the translation path and the disentanglement path.

Disentanglement path This path is like an encoder-decoder architecture that uses condi-
tional adversarial training on the latent space. In this path, encoders encode the image into
disentanglement representations that can be returned to the conditional generator’s input
image. The disentanglement path uses CVAE [43] as the base structure to separate the latent
spaces of the images. To align style representations across visual domains and limit style
information, we bring all domains’ style distribution to an initial distribution, as close as
possible. The schematic of the disentanglement path is depicted in Fig. 3.

Levag = AkLEx~x [KL(Eg(x;) || g(s)]
Fhree Exox [1G(Ee(xi), Es (), (Ea(xi) — x:1l1] ©)

To enable random sampling at test time, we select the initial distribution ¢ (s) as the
standard Gaussian distribution N (0, 1). For content representation, we suggest performing
conditional adversarial training in the content space to address the issue of changing the dis-
tribution of content on domains. This process encourages deletion of domain d information
in content c.

LGy = Exox [log(De(Ec(xi). Eq(xi))]
+Ed~(D—{E4 () [l0g(1 = De(Ec(xi), d))] @)

The total loss of the disentanglement path is calculated as follows:
Lp—path = Levar + LE 4x (8

Without a D-path, the photos generated are blurry and unrealistic, and their diversity is
very low.

Translation path Path D persuades the model to learn C content and S style with an initial
distribution. The schematic of the Translation path is presented in Fig. 4. However, two
issues still remain;

1. Due to the limited amount of training data and the optimization of K L error, the Gen-
erator, G may only sample a subset of S and generate images with specific domain tags
during the training phase; that may result poorly in the generation when sampling S in
the initial N and D distributions do not match the test image [45].

2. The above training process lacks efficient motives to use styles, which leads to the low
diversity of generated images.

To solve the above-mentioned two problems and persuade the generator to obtain a full
distribution of the outputs, we first randomly sample the domain and style tags in the prior

@ Springer



Multimedia Tools and Applications (2023) 82:20873-20897

FXXXEX XN
o,

0“
K . PETION
R : .
K . .
o ecccccesd LN LN
4 ‘0 “
R 3 .,
K 5 3
o EN .
B ~-> ',
d *
.............. D .
D(d) > Yc 3
3
Y 4 %
-
K

< P
>
i > Ed > d > G xi,
|
T~
ES 2 I
> KL
N (s)

Fig. 3 The schematic of the Disentanglement Path. This path is like an encoder-decoder architecture that
uses conditional adversarial training. In this path, disentanglement representations can be returned to the

conditional generator’s input image

distribution to cover the entire sampling space during training. Then latent regression [9,
52] is used to force the generator to use the style vector. Regression can be performed on the

content of C to separate the style S from C. The latent regression is re-written as follows:

Lrg=E . _ ¢ [IE(G.s.d) —sll]
s~N
d~D

+E ¢ [IE(Ge,s.d) = clly] ©)
s~N
d~D
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Fig.4 The schematic of the Translation path. In this path, D persuades the model to learn C content and S
style with an initial distribution

To match the distribution of the generated images with real data between sampling
domain labels and styles, we use conditional adversarial training in pixel space:

LEan = Exi~x [log(Dy(xi, Ea(xi)))]

1
+Ed~(D—{Eq(x)}) |:§ log(1 — Dy (x;, d))]

+E;n Blog(l — Dy (G(Ec(xi), s, d), d)} 10)

To encourage the generator to generate images that fit the given domain label, we sepa-
rate the actual image from the unsuitable target domain. The final target of the translation is
as follows:

»CT—Path = )Vreg['reg + »CXGAN (11)
By combining both training paths, the final objective function of the model is as follows:

min = max Lp_parh + LT—parh (12)
G,E.,Es D¢, Dy

4 Experiment results
4.1 Dataset

To do this research, we needed a diverse collection of data that included high-quality images
alongside the number of likes. There exist some methods for explicit and implicit fuzzy like
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in social media that can be used to realize their like level and show relevant advertisements
[17]. After conducting various researches, we realized that we do not have the required
dataset with these specifications, and therefore, we collected the desired dataset from Insta-
gram. We reviewed the various pages of Instagram and to find images of clothes with a
white background that have no other object to make sure that the images are popular only
because of the clothes, not the other objects and nor scenery of the image. In translation,
we need single-object images containing only one garment that does not include humans or
other elements.

Reviewing many pages with a high number of followers and audiences and inspired by
the method introduced by Ding et.al in 2019 [12], we were able to find the first suitable
page called “Konglomerads”. We continued the data collection benefiting from Instagram’s
recommender system on similar pages. Finally, we selected twenty-one Instagram profiles
containing the images with required features. Statistics and specifications of these 21 pro-
files, along with the number of followers and the number of posts, are summarized in
Table 1.

Our dataset consists of images along with the number of likes, download time, post
address, user ID, content type, image post time, caption including the hashtag, and the num-
ber of comments for each photo. In this paper, the collected data are only the images of the
posts, and the collection of other data types such as video is omitted. In total, we collected
around 130,000 images.

The database needs to meet the following conditions:

1. The intrinsic popularity of image A in the database is greater than the intrinsic
popularity of image B, which sets a threshold level of T.

2. Each image has been published for at least one month because researches show that the
number of likes does not increase considerably after one month.

3. The image’s caption must have a maximum of 6 words, a hashtag, and without @sign.
This prevents false popularity because of images being tagged by different people in
the caption or comments.

First, we pre-process the collected images. In this step, we remove all duplicates and
the images, including objects beside the clothes. We resized all the images to 256x256.
After pre-processing, our dataset includes 30,000 images. Out of 130,000 collected images,
30,000 met the conditions above. We label the images as popular and non-popular, according
to the defined parameters in [12].

We used 27,000 images for the training data and 3,000 for the test dataset. These images
are collected with appropriate quality and diversity.

To evaluate the proposed model accurately, we first convert the images into black-and-
white colors that contain only clothing design lines and edge images of the dataset. The size
of the converted edge images is set to 256x256. We also design all the clothes’ lines so that
the converted images are authentic and close to the original images.

4.2 Implementations

The overall architecture of the proposed method is shown in Fig. 1. For image translation,
we adopt DMIT [48] architecture that consists of generator G with several residual blocks,
followed by several de-convolutional layers. Each convolution layer in residual blocks is
equipped with CBIN [48] for information injection, discriminator, content encoder, and
style encoder. For popularity, we adopt the architecture of Intrinsic (CNN Model) [12] with
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Table 1 The details of the collected dataset from Instagram, including the 21 profiles along with the number
of followers and the number of posts

Index Profile Name Number of Followers Number of Posts
1 konglomerads 32,400 3,891
2 screamous_store 426,000 8,098
3 animous.store 4,980 215
4 efg.catalog 285,000 446
5 itsmailmo.catalog 38,000 265

6 blankwear_catalog 45,600 4,893
7 vearst_storage 88,700 44

8 evilarmyshop 148,000 411

9 thxnsmncatalog 653,000 260
10 maternaldisaster 592,000 4,957
11 coloreswear 1,800 603
12 dobujack.catalog 54,800 3,620
13 welldone_catalogue 14,100 447
14 gozealcatalog 109,000 207
15 microzide.catalog 11,000 207
16 insurgentstore 213,000 200
17 hammerstout.catalog 40,000 133
18 unkl347hq 180,000 342
19 lawless.store 136,000 1,146
20 popculinewords 65,400 309
21 shroudcatchlog 390 51

batch size 64. The learning rates for the pre-trained DNN layers and the last layer are set to
1073 and 10~*, respectively.

4.3 Training

We use one GTX1080 GPU to train the image translation module for 200 epochs, with
learning rate of 0.0001, and Adam optimization with (81, 82) = (0.5, 0.999). Two modules
are trained separately. We also fine-tune Intrinsic and DMIT based modules on the Insta-
gram dataset to improve the popularity performance. The code and dataset are available on
https://github.com/baharehmn/thesis.

4.4 Evaluation metrics

Evaluation of images quality is a complicated task, especially in practical aspects [5].
Authors in [5] propose a method that obtains the saliency map and its complementary region
in the original image. They consider two terms, namely penalty, and compensation, to make
the assessment more realistic. However, to perform a fair comparison with the base methods,
MUNIT [22], DRIT [30], and SignleGAN [49], we use FID and LPIPS as our evaluation
metrics [20, 50]. The lower the FID, the quality and diversity of the generated images are
better. Also, the higher the LPIPS score is desired and indicates that the generated images
are diverse.
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The inception distance Fréchet (FID) FID is introduced as a metric for evaluating the qual-
ity of images generated by GANs in 2017 [20]. An inception network [44] is first used to
extract the middle layer features to calculate the FID. According to the obtained features,
we model the data distribution using the multi-variate Gaussian distance distribution with
mean p and covariance X'. The FID between the actual X image and the generated G image
is calculated as follows:

FID(x,g):||;Lx—,ug||§+Tr<Z+Z—2(ZZ)§ (13)
X 8 X 14

Where Tr summarizes diagonal elements of the matrix. FID is sensitive to mode col-
lapse, and therefore, if the model generates only one image for each class, the FID score
increases. The lower the FID, the higher is the quality and diversity of the generated images.
The similarity between the generated and real samples is obtained by measuring the distance
between their distributions.

Learned perceptual image patch similarity (LPIPS) LPIPS was introduced in 2018 to
examine the diversity of generated images [S0]. LPIPS is calculated from the same inputs
using the weight distance between the random translation results in-depth features. The
higher the LPIPS score, the better, indicating that the generated images are diverse. The
lower the LIPIPS score for the model, the generated images are similar and have less
diversity.

4.5 Results

In this section, we evaluate the quality of images generated by the proposed model with
FID [20] and LPIPS [50] evaluation metrics and compare the results with the output of
images generated by the MUNIT [22], DRIT [30] and SignleGAN [49]. We also discuss
the popularity of the images generated by the DMIT based 121 Translation Module using
the intrinsic evaluation metric. We train the 12I Translation Module with two modes using
two types of data (color images and edge images). Since we use MUNIT as the base model
[22], we consider the same two training modes (using two data) from the MUNIT model.
The compared methods are also trained according to these two modes. The evaluation starts
right after the training of models.
To evaluate the base models [22], we consider three scenarios as follows:

Scenario I, We use the input content image, the edge image A, and also the input style
and the color image B. Now the model converts the C image based on the style and
content of the input. In scenario I, the C image is the result of translation A — B from
the content Image A to the style and the color from image B. The sampling procedure is
shown in Fig. 5.

Scenario II;  For translation B — A, we set the input of the MUNIT as a color image
B, the content image, and the style of the MUNIT network as an edge image A. Now,
the MUNIT model generates the C image based on these two input images. The model
outputs (two samples) are shownin Figs. 6 and 7.

Scenario III; We give both style and content inputs of the MUNIT network from the
color images, and then translate A — B once and translate B — A again; the results are
shown in Fig. 8:
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Fig.5 MUNIT [22] Image Translation procedure - Scenario I
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Fig.6 MUNIT [22] Image Translation procedure - Scenario II - sample I
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Fig.7 MUNIT [22] Image Translation procedure - Scenario II - Sample II
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A A2B

B B2A

Fig.8 MUNIT Image Translation procedure - Scenario III

Now, we evaluate the proposed method. We consider two following cases;

First Case: we set the edge image A and the color image B as inputs of the network. The
model’s output is ten images, and the network itself performs four translations: A — B,
B — A, B — B, A — A.The results (two samples) are shown in Figs. 9 and 10,

The translation A — B, the output image encA — B of that includes the shape of
image A and the color of the image B.

The translation B — A, the output image encB — A that includes the shape or the
content from image B and the color or the style from image A, which is black and white.

Translation A — A consists of 4 images in which image A is generated in 4 different
random colors.

The translation B — B output consists of 4 images in which image B is generated in
4 different random colors.

The outputs of the translations A — A and B — B confirm the diversity of the
proposed model’s output.
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B B2A Bl B2 B3

Fig.9 Proposed image-to-image Translation procedure- First Case- sample I

Second Case; We use two-color images A and B as the model’s input. The model’s output
contains ten images that are the resultof A - B, B - A, B - B, A — A translations.
The results (four samples) are shown in Figs. 11, 12, 13 and 14

By reviewing the generated outputs in both cases, it is shown that the quality of the
images generated in the second case is better compared with the quality of the images
generated in the first case.

According to the results obtained by our proposed model, MUNIT [22], DRIT [30],
and SignleGAN [49], we evaluate the quality and diversity of images generated by both
models in terms of FID [20] and LPIPS [50] metrics. The results obtained by applying FID
and LPIPS evaluation metrics on the the proposed method, MUNIT [22], DRIT [30], and
SignleGAN [49], are summarized in Table 2.

For the comparison in Table 2, we consider both training modes in the first and second
cases. In the first case, we compare the images generated based on the translation of the edge

B B2A Bl B2 B3

Fig. 10 Proposed image-to-image Translation procedure- First Case- sample II
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TR

A A2B Al A2
B B2A B1 B2

Fig. 11 Proposed image-to-image Translation procedure- Second Case- Sample I

image to MUNIT [22], DRIT [30], SingleGAN [49], and the proposed method in terms of
quality and diversity. In the second case, we compare the quality and diversity of generated
images based on the translation of color images to color images by the MUNIT [22], DRIT
[30], SingleGAN [49], and proposed method. In other words, in the first case, we use input A
as an edge photo for both models and input B as a color image, and translation is performed

A ,/‘L&/,}}J A A

A A2B Al A2
PN o N
\
\] :,»
-
o [
B B2A Bl B2

Fig. 12 Proposed image-to-image Translation procedure- Second Case- Sample II
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B B2A

Fig. 13 Proposed image-to-image Translation procedure- Second Case- Sample III

for A2B and B2A. In the second case, we consider A and B as color image inputs for both
models, and we perform the translation for A2B and B2A.

Results show that the images generated by the proposed method in the second case have
a higher quality when both the input images are color, and the content and style are selected
from color images instead of edge images.

We use the FID score to evaluate the quality of the generated images. As shown in
Fig. 15, the FID score for the MUNIT model [22], DRIT [30], and SingleGAN [49] is higher
than the proposed method, indicating that the quality of images generated by our proposed
model is much better compared with the MUNIT [22], DRIT [30] and SingleGAN [49]. In
color-to-color translation (second case), the proposed model shows around 80% improve-
ment compared with the MUNIT [22] and around 60% improvement compared with DRIT
[30], and SingleGAN [49] in terms of FID score. In Edge-to-color translation (first case),
the improvement is around 50% compared with the MUNIT [22], 26% compared with the
DRIT [30] and around 30% compared with the SingleGAN [49] in terms of FID score. One
of the reasons is that, unlike the MUNIT [22], DRIT [30], and SingleGAN [49], the pro-
posed DMIT based model performs multi-dimension and multi-domain translation while
the compared methods performs the one-to-many mapping between the domains of two
images. Unlike the proposed method, the MUNIT model [22], DRIT [30], and SingleGAN
[49] do not use an integrated and unified generator to generate images.

The LPIPS score shows the diversity of the generated images. Higher values of the
LPIPS score shows more diversity on the output images. As can be seen in Fig. 16, the
MUNIT [22], DRIT [30], and SingleGAN [49] have lower LPIPS score compared to the
proposed DMIT based method. It means that the images generated by the proposed method
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B B2A

Fig. 14 Proposed image-to-image Translation procedure- Second Case- Sample IV

have more diversity compared with the MUNIT [22], DRIT [30], and SingleGAN [49]. The
LPIPS shows around 50% improvements on the color-to-color translation compared with
the MUNIT [22] and around 50% improvement on edge-to-color image translation com-
pared with MUNIT [22], DRIT [30], and SingleGAN [49]. The performance of the proposed
DMIT based method is almost similar in color-to-color translation compared with the DRIT

Table 2 Comparison of proposed method with MUNIT [22] and DRIT [30] and SingleGAN [49] in terms of
FID and LPIPS

Edge to Color Color to Color

LPIPS FID LPIPS FID
MUNIT [22] 0.33 109 0.29 261
DRIT [30] 0.23 69 0.45 128
SingleGAN [49] 0.28 72 0.57 132
Proposed Method (DMIT based) 0.62 51.04 0.58 52.05
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Fig. 15 Comparison of the quality of the generated images by proposed method with the MUNIT [22], DRIT
[30] and SingleGAN [49] in terms of FID score

Image Translation
0,7

0,6 0,58
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0,4
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Our Proposed Model MUNIT DRIT Single GAN

= Color-to-Color 0,58 0,62 0,45 0,57
Edge-to-Color 0,29 0,33 0,23 0,28

= Color-to-Color Edge-to-Color

Fig.16 Comparison of the quality of the generated images by proposed method with the MUNIT [22], DRIT
[30] and SingleGAN [49] in terms of LPIPS
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[30], and SingleGAN [49]. This is because, unlike the MUNIT [22], DRIT [30], and Sin-
gleGAN [49], the proposed DMIT based method performs multi-domain translation as well
as using a unified generator.

Next, we evaluate the popularity of images generated by the proposed method. To per-
form this evaluation, we use the intrinsic evaluation metric [12]. The intrinsic evaluation
metric is usually used to evaluate the intrinsic popularity of real images; however, we apply
this metric to synthetic images generated by the proposed DMIT based method. We show
that by applying the intrinsic network to our dataset, we could predict the popularity of the
generated images and the popularity of the real images.

To perform the popularity evaluation, we use the popularity module to classify our col-
lected dataset into popular and non-popular categories. These two categories are the inputs
for the image-to-image translation module. We train the image generation module (second
module) to learn the content and the style of popular and non-popular images and define
different loss functions for content and style. The generated images are given to the pop-
ularity module for evaluating the popularity of the generated images by using the intrinsic
evaluation metric. The results show that after training our model, the generated images with
the same content are popular as the input images, and their style is similar to the popu-
lar input images. In other words, we can feed less popular or unpopular images as input to
our model and then translate the style or the content of these images by using the style or
the content of the popular images and finally generate images with the popular style or the
popular content.

The score obtained through the intrinsic metric is proportional to the number of likes
received by images and can distinguish between popular and non-popular images. As shown
in Fig. 17, 40 test color images have been selected in categories A and B, and the intrinsic

Comparison Results

Popularity Score

-2
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
xContent 2,45 23 224 2,11 1,65 1,59 1,54 1,53 1,42 1,33 1,2 1,16 1,16 1,03 098 0,76 -09 -1,13 03 0,06
Style -0,21 -1,5 033 -1,05 -1,54 -031 -2 -0,11 -1,05 -0,75 -0,7 -1,06 -1,06 -043 -046 005 -035 -0,67 -0,74 -0,42
A -093 -121 -066 -0,77 -09 -0,57 -1,21 -083 -092 -0,82 -059 -099 ~-1,19 -0,75 -1,13 -0,99 -1,12 -1,13 -0,72 -0,77
#B 1,7 1,87 24 1,53 1,6 2,75 1,9 1,89 241 1,84 281 2,37 1,56 1,35 3,1 1,58 1,89 1,42 1,46 1,66

s Content = Style ~A #B

Fig. 17 The Popularity Score of the selected images by intrinsic evaluation metric [12] ranges from -2 to
3: the more the score, the more popular the image. The images in category A are unpopular, and images in
category B are popular. The image-to-image translation is performed on content or style (based on image B),
and the post-translation popularity of image A is presented in content and style rows
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popularity score is used to calculate their popularity. The image popularity score is in the
range of -2 to 3. In Fig. 17, content rows show the popularity score after translating unpopu-
lar image A by the content of the popular image B. The style rows also show the popularity
score after translating the unpopular image A based on the style of the popular image, B.

We feed these selected images presented in Fig. 17 to the proposed method by using A —
B and B — A translation. As can be seen, the unpopular image A has a higher popularity
score after translation by B — A and resembles the shape (content) of the popular image
B. Also, when unpopular image A is translated to the color version by A — B, it receives
the color of the popular image B, and its popularity score increases.

Comparing the popularity score of images generated from content translation versus the
popularity score of images generated from style translation shows that translating an unpop-
ular image into a popular image shape (content) has a more significant effect on increasing
the image’s popularity score. The generated images by this method will be more prevalent
in the real world from the users’ point of view. Figures 18, 19 and 20 show the popularity
score for some samples of generated images by our model. The results depicted in Figs. 18,
19, and 20 show that the images generated by our model are more popular (have a better
popularity score) compared with the original image due to changes we perform on the style
or the content of images.

By reviewing the images’ popularity score, we found out that the images generated using
a content translation have a higher popularity score compared with the images generated
by the style translation. Evaluation results show that 70% of images generated with content
translator have a score greater than 1. This indicates that the role of content in generat-
ing popular images is much more significant compared with the style-based popular image
generation.

A A2B A A2B

pop_score=-0.93 pop_score=-.021 pop_score=-1.21 pop_score=-1.5

B B2A B B2A

pop_score=1.7 pop_score=2.45 pop_score=1.87 pop_score=2.3

Fig. 18 Popularity Score of generated images by Proposed Model-sample I
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pop_score=1.6

A2B

pop_score=-1.54

B2A

pop_score=1.65

A

B

Fig. 19 Popularity Score of generated images by Proposed Model-sample II

A

pop_score=-0.77

B

pop_score=1.53

A2B

pop_score=-1.05

B2A

pop_score=2.11

A

pop_score=-0.66

pop_score=1.9

Fig. 20 Popularity Score of generated images by Proposed Model-sample II1
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5 Conclusions

In this paper, we studied image-to-image translation for industrial use. The existing research
works do not use popularity scores in image generation. Therefore, we proposed a new
method to generate synthetic images in the fashion industry (focusing on clothes) that
generate images according to users’ opinions. In our research, we used a combination of
generative adversarial networks (GAN), deep learning, and users’ opinions. We used the
ResNet50 neural network as the default deep neural network by modifying its architecture
to evaluate the collected dataset. In the ResNet50 model, the last layer is replaced with a
fully connected layer. The input images’ size is set to 256x256, and we used the Adam
function for optimization with a batch size of 64. The multi-dimensional translation and
multi-domain translation on our proposed model consists of two modules, one is a pop-
ularity module that calculates image popularity by data classification, and the other one
is the translation module (image-to-image generation) that converts unpopular images into
popular ones. Our proposed model decreases the design time and cost of while achieving
creativity and diversity. To calculate the images popularity, we first generated an image
database that includes data popularity-discriminable image pairs (PDIPs) and applied the
deep neural network computational model to the dataset. Unlike previous methods that
use different discriminators for different domains, this DMIT based module uses a unified
conditional discriminator for different domains. Our dataset consists of images along with
the number of likes, download time, post address, user ID, content type, image post time,
caption including the hashtag, and the number of comments for each photo. We collected
around 130,000 images from Instagram, including the needed metadata. In the experiments,
we evaluated the quality and diversity of the generated images in different scenarios and per-
formed a comparative analysis. In color-to-color and edge-to-color translation, the proposed
model showed at-least 60% and 25% improvement in terms of FID score, respectively.
In terms of the LPIPS score, the proposed method showed around 50% improvement and
showed that the images generated by the proposed method have more diversity. The evalua-
tion results showed that it is possible to turn the unpopular input image into popular images
by translating the content and style. Measuring the popularity score of images generated
from content translation versus the popularity score of images generated from style transla-
tion showed that translating an unpopular image into a popular image shape (content) had
significant effect on increasing the image’s popularity score. There is still much to do on
improving the accuracy and the performance of the proposed method and its evaluation on
different categories that remain as the future works of this research.
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