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Abstract 
 

The recent expansion of the digital content market is increasing the technical demand for 

various facial image transformations within the virtual environment. The recent image 

translation technology enables changes between various domains. However, current image-to-

image translation techniques do not provide stable performance through unsupervised learning, 

especially for shape learning in the face transition field. This is because the face is a highly 

sensitive feature, and the quality of the resulting image is significantly affected, especially if 

the transitions in the eyes, nose, and mouth are not effectively performed. We herein propose 

a new unsupervised method that can transform an in-wild face image into another face style 

through radical transformation. Specifically, the proposed method applies two face-specific 

feature loss functions for a generative adversarial network. The proposed technique shows that 

stable domain conversion to other domains is possible while maintaining the image 

characteristics in the eyes, nose, and mouth. 
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1. Introduction 

Image-based deep learning has been developing at a rapid pace in recent years. In particular, 

research related to face field has proved its usefulness in the field of security and beauty, 

showing various practical success cases [1, 2]. As digital contents such as games, movies, VR, 

and interactive movies have gained great popularity, interest in stable facial transformation is 

increasing significantly. The algorithm that has received the most attention in this field is 

CycleGAN [3]. This algorithm has the advantage that a large number of images can be 

relatively easily used for deep learning network training using a translation method [4-6]. This 

translation technique has also been applied to the area of content creation and has been 

successfully utilized in cartoon creation [7] and image coloring [8]. However, the problem of 

translating in-wild face images to virtual characters has not been sufficiently addressed with 

conventional translation techniques. Numerous techniques have been suggested for dealing 

with style patterns in the target domain. However, style patterns could not be effectively 

learned during shape learning. As a result, there were several cases in which the CycleGAN 

based image-to-image translation resulted in distorted facial shapes. To overcome this problem, 

this study proposes a method of transforming real-world face images into different face areas, 

especially for game characters and cartoon domain, using radial shape transformation. We 

applied two face specific losses [9] to ensure that face shape learning works well in the 

generative adversarial network (GAN) framework. In addition, we attempted to increase the 

stability of learning by applying an attention map and adaptive layer-instance normalization 

(AdaLIN) to the network [10]. Our study demonstrated that the traditional GAN-based image-

to-image translation technique can be effectively applied to games and cartoons, which require 

rapid shape changes. 

2. Related Work   

Image-to-image translation studies are derived from existing neural style transfer studies. In 

style transfer, the translated image retains the shape of the original or content image, and only 

the style is changed to the one that is desired. Gatys et al. proposed a network for artistic style 

that separates and recombines the style and content of images [11]. Their research showed that 

the content and style of images can be separated by using a convolutional neural network 

(CNN). They demonstrated that users can easily change image properties by separating the 

content and style. Risser et al. added an error term that compensated for the instability that 

occurs when synthesizing textures using style transfer [12]. They used histogram losses to 

improve the stability of texture synthesis. Their results showed that it is feasible to apply 

integrated local losses to a multiscale framework. Luan et al. proposed Matting Laplacian to 

limit the input-to-output transformation to be locally similar in the color space to avoid 

distortion [13]. Chen et al. Introduced StyleBank, which consists of multiple convolutional 

filter banks, each of which represents a single characteristic style. To transfer the image to a 

specific style, the filter bank is convolved with intermediate feature embeddings generated by 

a single auto encoder [14]. 

Dumoulin et al. indicated that with the introduction of a simple modification of the style 

transfer network (conditional instance normalization), multiple styles can be learned [15]. 

They demonstrated that this approach is flexible, yet comparable to single-purpose style 

transport networks in terms of qualitative and convergent properties. Huang et al. proposed an 

adaptive instance normalization layer [16]. They used the variance and mean of the content 

features with those of the style features. Their methodology showed rapid speed improvement. 
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without restrictions on a predefined set of styles. Johnson et al. introduced a pretrained loss 

network for image classification to define a perceptual loss function that measures the 

perceptual difference in content and style between images [17]. Li et al. suggested using 

feature transformation to match the content feature statistics directly to the style image 

statistics in the deep feature space [18]. By combining the functional transformation with a 

pretrained network, the transmission process can be implemented as a feedforward operation. 

Lu et al. introduced a novel framework for fast semantic style transfer [19]. Their method 

divides the semantic style transfer problem into a feature reconstruction part and a feature 

decoder part. The reconstruction part tactfully solves the problem of optimizing the loss of 

content and loss of style in the feature space, especially through reconstructed features. Selim 

et al. presented a method to convey a painting texture [20] that uses the concept of gain maps 

to impose new space constraints during image transfer. The gain map applies to the VGG 

function and captures the local spatial color distribution of the example picture. This conveys 

the texture of the painting style in a highly effective manner while preserving the structure of 

the face.  

Sendik et al. proposed a texture synthesis method based on CNN and used statistics of 

pretrained functions [21]. They presented structural energy based on the correlation between 

self-similarities that characterize textures and deep features that capture regularity. Zhu et al. 

suggested a method to capture the special characteristics of an image collection and determined 

a method to convert those characteristics into another in an unsupervised manner [3]. In a 

recent gaming domain, Shi et al. proposed a method to automatically generate a game 

customization character using a face photo [9]. They addressed the problem of optimization 

on a set of physically meaningful face parameters to formulate the generation under the face 

similarity measurement and parameter search paradigm. Cao et al. propose the GAN model 

for unpaired translation to caricature [22]. They attempted to solve the complex cross-domain 

transfer problem by dividing it into two easy problems, using the geometry-to-geometry 

transformation module and the style transfer module, separately. Lui et al. proposed an 

unsupervised image-to-image conversion algorithms that work on a previously unseen target 

class specified at test time only by referencing a few examples [23]. They combined 

adversarial training plans to achieve these few-shot generation abilities. AlBahar et al. 

proposed a bi-directional transformation method [24] to address the guided translation 

problem of converting an input image to another image while respecting the constraints 

provided by the user-supplied guide image. Park et al. suggested an image conversion method 

by considering the content of that patch in the input regardless of the domain [25]. Their 

method attempts to maximize information between the two areas using contrast learning. 

Royer et al. proposed a transition method to learn the mapping between corpus level styles in 

each collection and preserve semantic content shared across two domains [26]. They utilized 

two adversarial autoencoders to generate the shared representation of a common domain. Kim 

et al. suggested a new method for image transformation to integrate a new attention module 

and a normalization function in an unsupervised manner [10]. The attention module guides the 

network to focus on the more important areas that distinguish the source and target domains 

using the auxiliary classifier. The study presented in this paper was motivated by segmentation 

losses in Shi et al. [9] and attention map and AdaLIN in Kim et al. [10]. The ideas presented 

in these studies were applied in the integrated GAN framework in the present study with five 

losses for face-oriented image-to-image translation. 
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3. Method  

3.1 Generator 

In this study, we selected a generator and a discriminator to effectively distinguish between 

the facial features. In particular, the generator was selected such that the facial features could 

be effectively detected and then reflected on the face image of the target domain. For 

conversion between two different face domains, we used the UGATIT network as the basic 

network [10]. UGATIT network is composed of two generators and one discriminator. The 

generator consists of an encoder, a decoder, and an auxiliary classifier. The generator includes 

several activation maps, via which the features in the image can be more effectively detected. 

In addition, it was characterized by applying the AdaLIN normalization technique. The 

network to be proposed must be highly effective in converting real world images into virtual 

world ones. Even subtle differences in faces revealed big differences in cognitive aspects. 

Even in the case of the same pixel, there is a risk that the resulting image will be an extremely 

unstable if the pixel is incorrectly generated by the generator at the eye or nose position. Owing 

to this problem, the network to be applied for face image translation must be able to correctly 

recognize changes in the eyes, nose, mouth, and eyebrows, which are the key features of a face. 

To this end, we added a specialized loss to the two faces obtained from a network that was 

trained in advance. 

 
 

 
Fig. 1.  The proposed network structure  

  

Fig. 1 shows the proposed network architecture. The blue and red lines denote the information 

obtained from the source images and the flow of backpropagation from these images, respectively. Let 

xs∈Xs and xt∈Xt are samples from the source and target domains Xs, Xt.  The proposed model 

consists of six sub networks. G1(xs) and G2(xt) are two generators for cycle consistency. F1(xs, 
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xt) and F2(xs, xt) are two feature extractors, and the discriminators D1 and D2 determine whether 

the image created by the generator is a real or fake image. Here, F1 and F2 provide the two 

face-specific loss values, which enable stable shape transformation from the source to target 

domain. The G1 aims to generate a real image with the target style image, and G2 is used for 

the cycle loss. The final loss function Ltotal can be expressed as follows.  

𝑎𝑟𝑔min
𝐺1,𝐺2

max
𝐷1,𝐷2

𝐿𝑡𝑜𝑡𝑎𝑙(𝐺1, 𝐺2, 𝐷1, 𝐷2, 𝐹1, 𝐹2)       (1) 

Ltotal consists of the following loss terms: Llsgan, Lcycle, Lidentity, Lcam, and Lface. Here, the 

adversarial loss Llsgan was adopted to make the distributions between the two image domains 

similar. The cycle loss Lcycle was used to maintain a cycle consistency between the two 

generators. The identity loss Lidentity was applied to match the color distributions. These three 

losses were calculated by G1, G2, D1, and D2 with the GAN framework.  Lcam was calculated 

by the auxiliary classifiers to ensure that the feature differences are more exact [27]. A more 

detailed explanation of these terms is described in Sections [3] and [10]. The Lface is the 

summation of the two losses: feature loss Lfeature and segmentation loss Lseg. The feature and 

segmentation parsing networks calculated these two losses for the face-oriented image 

translation.  

 
𝐿𝑡𝑜𝑡𝑎𝑙  =  𝐿𝑙𝑠𝑔𝑎𝑛(𝐺1, 𝐺2, 𝐷1, 𝐷2)  + 𝐿𝑐𝑦𝑐𝑙𝑒(𝐺1, 𝐺2, 𝐷1 , 𝐷2)  

+ 𝐿𝑖𝑑𝑒𝑛𝑡𝑖𝑡𝑦 (𝐺1, 𝐺2, 𝐷1, 𝐷2)   +  𝐿𝑐𝑎𝑚(𝐺1, 𝐺2, 𝐷1 , 𝐷2)  

+ 𝐿𝑓𝑎𝑐𝑒(𝐹1, 𝐹2, 𝐺1, 𝐺2)     (2) 

 

𝐿𝑓𝑎𝑐𝑒(𝐹1, 𝐹2)  =  𝛼 𝐿𝑠𝑒𝑔(𝐹1, 𝐺1, 𝐺2)  + 𝛽 𝐿𝑓𝑒𝑎𝑡𝑢𝑟𝑒(𝐹2, 𝐺1, 𝐺2)     (3) 

 

3.2 Segmentation Parsing Network 

Lface loss was used to achieve image-to-image transition, especially with respect to faces. The 

Lface loss value was applied to reduce the feature difference between the image generated by 

the generator and the target image. Lface was used for the backpropagation of G1,2. Siamese 

networks [28] were used for F1 and F2. Siamese networks comprise two CNNs that share 

weights. The CNNs convert the two images, i1 and i2, into vector representations, namely, F1 

(i1) and F2 (i2). The proposed Siamese network was trained to generate segmented images from 

in-word images. Notably, the position and shape of the nose, mouth, and eyes are the key 

features of a face image. Therefore, we believed that if the main parts of the face are segmented 

and the pixel losses between them are used, the positions of the eyes, nose, and mouth can be 

accurately created. For this, we added the following 𝐿𝑠𝑒𝑔 term. 

𝐿𝑠𝑒𝑔(𝑥𝑠, 𝑥𝑡)  =  𝛼𝑑𝑒𝑐𝑎𝑦  ‖𝐹1(𝐺1(𝑥𝑠)) −  𝐹2(𝐺2(𝑥𝑡)) ‖1 + 𝛽𝑑𝑒𝑐𝑎𝑦  ‖𝐹1(𝑥𝑠) −  𝐹2(𝑥𝑡) ‖1      (4) 

Instead of using an off-the-self model, we used the VGG [29] as the segmentation network, 

and for the dataset, we used CelebAMask-HQ [30]. The L1 loss between the generated 

segmented image and the ground truth image was used for training the network. These 

segmentation images could be normally generated by the generator at the beginning of learning. 

This is because the generator was not sufficiently trained to generate real images. To 

compensate for this, we used the difference in the pixel loss between the source image and the 

target image at the beginning of learning and used this difference between the generated image 

and the target image after learning to a certain extent. In the above-mentioned equation, the 

two terms reflect this situation. 
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3.3 Feature Parsing Network 

We aim to transform in-wild facial images into characters in the virtual world. Segmentation 

loss aids in the stable generation of eyes, nose, and mouth, which are essential for the creation 

of faces. However, it does not guarantee the modification of various accessories or additional 

features attached to the face. To address this problem, in addition to the segmentation loss, a 

separate methodology capable of recognizing features in pixel units is needed. We used an 

additional feature detection network for this reason. We additionally obtained 256-

dimensional feature vector values from the Light CNN-based facial feature network [31]. The 

difference was learned by calculating the cosine similarity. This additional loss was intended 

to compensate for the weakness of the segmentation loss. In the virtual world, in many cases, 

various types of additional decorations are attached to the face in order to reveal the character's 

personality. The feature loss makes the features of the virtual character stand out by expressing 

decorations as approximate as possible. The loss term Lfeature can be defined as follows. 

𝐿𝑓𝑒𝑎𝑡𝑢𝑟𝑒(𝑥𝑠 , 𝑥𝑡)  =  1 −  𝑐𝑜𝑠 (𝐹1(𝐺1(𝑥𝑠)), 𝐹2(𝐺2(𝑥𝑡)))                                       (5) 

3.4 Discriminator 

D1,2 had a similar structure to G1,2. However, since D did not require a video decoder module, 

we used only the encoder and auxiliary network excluding the remaining network of G. Instead 

of a decoder, we added a classifier to classify real/fake image. 

4. Experimental Results 

We used 20,000 images from CelebA dataset for the source image. For the target image, we 

used 20,000 images from the MMORPG Black Desert [32]. This is a game that supports the 

latest game character customization function and is advantageous for deep learning because 

face rendering results are diverse, and the rendering quality is high. In particular, the Black 

Desert characters include a variety of hair styles, tattoos, beards, and hair ornaments. For this 

reason, if the image-to-image network cannot learn these features, it will generate very 

unstable images. We created a separate crawler to collect the Black Desert dataset. Fig. 2 

shows an example of the dataset. Images were scaled to 112x112 size and then used for training. 

The total iteration number was set to 100,000, and the learning rate was 0.001. The learning 

decay rate was 20% every 1/5. The batch size was 8. The Training: Validation: Test ratio was 

set to 8:1:1. The NVIDIA RTX Titan GPU took roughly 2 days to train. Face alignment and 

cropping was performed using the dlib library [33] before being fed into the network. Fig. 3 

shows a graph of the discriminator and the loss of the generator. Generator losses steadily 

decrease over time. 
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Fig. 2.  Images from the Black Desert dataset 

 

 

Fig. 3.  Loss graph: (top) Discriminator loss   (bottom) Generator loss 

 

 

 



4842                                                                                         Kang: Facial Feature Based Image-to-Image Translation Method 
 

 

We first verified the result quality of the image generated by the methodology proposed in 

this study. We selected CycleGAN [3], UNIT [34], and UGATIT [10] for comparison. The 

comparison result is shown in Fig. 4. As can be seen in the figure, the nose, mouth, and eyes 

are more detailed, as compared to those in the images generated by other networks. Based on 

these results, it can be said that the proposed system enables the creation of the shapes of the 

nose, mouth, and eyes more specifically. CycleGAN and UNIT expressed similar facial shapes 

overall but could not express specific features. The UGATIT network responded to the angular 

change but could not accurately generate the resulting images. These results show that the 

proposed two feature loss enables the creation of a more detailed face as compared to the 

existing translation network. At the same time, it shows that it is possible to respond to changes 

at the angular level, to a certain extent, without a separate normalization process. 

Fig. 5 shows the multiple generation results. The results show that our network is robust in 

terms of face scaling and rotation. Failure to attach special accessories to the face indicates 

that elements such as eyes, nose and mouth are relatively stable. This shows that the two loss 

values suggested in this study can function normally. The shader in the target black desert 

renders the overall skin tone lighter; therefore, the skin color changes to a lighter hue overall. 

The proposed network could not effectively restore the image with accessories such as hats 

and glasses. This is because they are often not included in the accessory or game customization 

datasets commonly used in the real world. In the proposed network, gender is usually not 

displayed. This is because there is an increased tendency for the network learned through it to 

convert to males and females as 90% of the collected Black Desert game datasets consist of 

data of females. 

 

 
Fig. 4.  Comparison of resulting images: (a) source images; images generated by (b) CycleGAN,  

(c) UNIT, (d) UGATIT, (e) the proposed method 
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Fig. 5.  Generated images from the Black Desert dataset 

 

The performance of our network was also evaluated on another dataset (Anime-Face-

Dataset) [35]. This dataset requires more radical changes than the Black Desert dataset. It is 

also abstracted at a high level, which makes it highly difficult to segment. Fig. 6 shows the 

image generation results. The generated images show that the image-to-image translation was 

also performed normally. The Manga dataset shows the manner in which the facial expressions 

are reflected. In particular, the expression of the mouth and eyes was prominent. Compared to 

the Black Desert dataset results, the skin color was reflected normally, and the image was 

generated. This is because the Manga dataset has a relatively rich skin set. The rotation of the 

face was normally expressed, but the scale value was not accurately reflected. The manga 

dataset has a very small number of accessories attached to the face, which is why the 

accessories were not visible on the generated face. 

 

 
Fig. 6.  Generated images from the Manga dataset 
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We also evaluated the influence of the two loss effects. Fig. 7 shows the results of applying 

each loss to the Black Desert dataset using the Class Activation Map (CAM) [36]. The leftmost 

rows are the results of applying the proposed basic three losses (Llsgan + Lcycle + Lidentity). 

Although approximate face shapes could be created, the facial details are not well expressed. 

The middle column presents the results of applying feature loss to the dataset. As can be seen, 

the details of the face are expressed with a great amount of detail. The rightmost column 

illustrates the result of applying segmentation loss to the dataset. As can be seen, the 

expressions of the nose, mouth and eyes are accurately generated in the images, and detailed 

expressions are achieved. 

Fig. 8 shows the resulting image when the ratio of the two loss values was exchanged with 

that of the Manga dataset. As can be observed, the greater the amount of segmentation loss 

that was reflected, the more effectively the nose and mouth were learned; this led to an increase 

in the feature loss value that was reflected, and as a result, the overall face area was learned 

more effectively. However, the eyes, which form the core of the manga face, could not be 

learned when only the segmentation loss was applied. Through this, the two loss values had 

complementary properties. The more realistic the image was, the more useful was the 

segmentation loss, and the more abstract was the image, the more effective was the feature 

loss in understanding facial features. 

 

 
Fig. 7.  Comparison of losses: (a) three basic losses (Llsgan + Lcycle + Lidentity)  (b) basic losses with the 

feature loss Lfeature, (c) basic losses with the feature loss Lfeature and segmentation loss Lseg 
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Fig. 8.  Comparison of losses: (a) high segmentation loss weight (b) high feature loss weight 

 

We calculated the Frechet inception distance (FID) [37] to quantitatively evaluate the 

quality of images generated by the GAN network. The average FID score calculated from the 

data of the Black Desert test set was 44.14, and the average FID score of the Manga Data Test 

set was 44.07. For each test image, we chose the image as a reference from the generator 

training set and the average FID calculated over the entire test set. The images created using 

our proposed method were 11.3% lower than the average FID of the UGATIT network. These 

results show that our network can create images that are more diverse and similar to the ground 

truth images. 

Therefore, the effects of feature loss and segmentation loss on the proposed model were 

analyzed. A user survey was conducted to verify the visual quality of the translated images. A 

total of 50 participants were recruited from the Hongik University. They were requested to 

observe 100 images created using each model and then select the most realistic images. The 

survey results are presented in Table 1 of the survey participants, 75.18% and 71.72% rated 

the images from the proposed method as the most realistic. The result for the Black Desert 

dataset was better than that for the Manga dataset. This is because segmentation loss had a 

positive effect when applied to the Black Desert dataset, thereby resulting in more realistic 

images. 

 
Table 1. Subjective evaluation results of the various models 

Models Selection Ratio (Black Desert) Selection Ratio (Manga) 

CycleGAN 1.24% 2.44% 

UNIT 3.74% 4.42% 

UGATIT 19.84% 21.42% 

Proposed 75.18% 71.72% 

5. Discussion 

This study proposed the use of two face-specialized losses—segmentation loss Lseg and feature 

loss Lfeature—for training. Through this approach, image translation was attempted to minimize 

the two corresponding losses. Because the aforementioned face-specialized losses use two pre-

trained networks trained using realistic face images, the quality of transition was better as the 
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target image was closer to the realistic image. If the shape of the target domain was very 

abstract, the two additional loss values were not calculated normally. To address this issue, a 

pre-trained network was developed to acquire segmentation maps and feature vectors by 

performing data labeling for target domain data separately. 

6. Conclusions 

In this paper, we introduced an image-to-image translation method for faces in games and 

Manga content. We proposed two feature losses specialized in facial transformation and 

confirmed their effectiveness. As a result, we demonstrated that stable translation from the 

source image to the target image is possible even with a comparative study method. This 

method is advantageous because it does not require data augmentation. The proposed image-

to-image translation method can improve the quality of the result in proportion to the amount 

of image data; however, if additional attribute labeling is added, a more detailed translation 

becomes possible. In future research, more precise face translation will be attempted by the 

application of an automatically labelable network. 
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