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Abstract—Image to Image translation deals with converting images from one form of
representation to another automatically, while keeping the original structure or semantics. For
example, the conversion of images represented by semantic label maps to color images, or the
conversion of edge maps to full images. Most image transformation tasks require significant
human involvement and artistic skill. Colorization of black and white images, is currently done
by hand, a process that is both time consuming and expensive. However, due to the multitudes
of coloring schema that exist for a single black and white image, the automatic colorization of
images is not a trivial problem, as the mapping is notone-to-one.This paper deals with image to
image translation using Generative Adversarial Networks (GANs), a technique for image
synthesis and prediction which is time and cost effective. This work proposes a comparison
between the proposed model (GAN) and a CNN, both were made to run on one image
translation problem. The chosen problem was grayscale to color translation and the dataset was
a subset of the Imagenet dataset. It was observed that the GAN took around eight hours lesser
than the CNN model and the quality of images generated by the GAN were much superior than
the one generated by the CNN.

|. INTRODUCTION

In Computer Vision (CV) applications a single image can be represented in a multitude of ways, and there is a
need to be able to use the information inherent in one form to transform it to its corresponding image in another
format of representation. Image translation is technique to map an input image to an output image. For example,
given a semantically labelled image, it should be possible to obtain a corresponding realistic image of the same
by image translation.Most image transformation tasks require significant humaninvolvement and artistic skill.
Colorization of black and white images, is currently done by hand,a process that is both time consuming and
expensive. However, due to the multitudes of coloringschema that exist for a single black and white image; the
automatic colorization of images is nota trivial problem, as the mapping is not one-to-one.

The translation process is made complex due to the fact that the mapping between various image representations
is rarely one-to-one, given that most problems involve the generation of photo-realistic images from sparse input
representations such as semantic labels, edge maps etc. However, each translation problem is essentially the
same, the prediction of a set of pixel corresponding to a given set. The goal is to develop a single generic
architecture that can perform this function, regardless of the specific format of the input and output images.

The term image translation covers a wide array of problems under the domains of computer vision and computer
graphics. These are the problems that can be best described as the conversion of an image from one
representation to another corresponding representation, such as conversion of an image with semantic labels to
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realistic images.Previously implemented machine learning solutions to image translation have been problem
specific, involving a hand-engineered loss. No common framework exists that can solve any image translation
problem. Also, proposed solutions to image prediction problems largely use CNNs, which also involves human
effort to design effective losses. Thus, most frameworks, even if general enough to address all image classes,
require precise hand-tuning of loss functions in order to produce realistic output. A major impediment in using
deep learning method is, due to lack of dataset for solving real world practical application. GANs can find
solution to this problem, as it has the capacity to generate artificial data. The images generated are also of high
quality and are photo-realistic. In GAN dataset training process is carried on two networks namely generator and
discriminator. GANSs networks are able to learn which loss function to minimize and how to minimize it.

Il. LITERATURE

Without the use of a GAN, it is near impossible to address all image translation problems simultaneously.
However, many authors have investigated separately a solution to each individual image-image translation
problem as described in the following passages. The following section presents a detailed discussion of the
presentsituation as well as the recent developments in solving similar, but narrower,problems.

The Fully Convolutional Networks (FCNs)[1]architecture is trained pixel to pixel to perform semantic
segmentation. Pixel-wise predictions are used in order to assign each pixel to a class representing the enclosing
object or region. Global information is needed to resolve ‘what it is' while local information resolves the question
of where. The skip architecture is used for obtaining deep, coarse, fine, semanticand appearance information.
The issue of edge detection is addressed [2], using holistically-nested edge detection. The model performs
image-to-image prediction, resolves ambiguity in edge and boundary detection by learning rich hierarchical
representations, which allow the model to make decisions as human to resolve the same ambiguity. The problem
is approached as an image to image problem, and the output is not explicitly modeled.

The semantic style transfer [3] claims that neural style transfer techniques often lead to unpredictable results.
They find two major flaws in existing CNN architectures. When CNNs are applied for labeling, it can be reused
to extract features like strokes, textures and grainbut not designed or trained for acceptable synthesis. The GAN
architecture was first conceived by the authors of [4]. Until this point, discriminative models were very
successful in deep learning. These models typically map a high-dimensional input to a class label. However,
deep generative models were more difficult to work with as training them involved complex probabilistic
computations, for example those that would arise in maximum likelihood estimation applied to generative
networks. In a GAN, the generative model is trained against an opponent, the discriminator, which learns to
differentiate a sample as either model distribution or data distribution. Hence it approximates the probability that
a sample came from.

The effect of conditioning the input of a GAN is examined in[5]. In a normal GAN, the user has very little
control over the actual output generated, or the modes of data generated. The model conditioning with additional
information guides the output towards the desiredform. The conditioning can be done on class labels or on some
part of data. The various architectural constraints on GANs were imposed [6]. These constraints were found to
make the GAN more stable during training. They called their class of architectures Deep Convolutional GANs
(DCGAN). However, even the DCGANSs are prone to some forms of model instability.

The discriminator is treated as an energy function [7]. Rather than the probabilistic estimates given by
conventional discriminators, the discriminator tries to minimize an energy function. The absence of
normalization in this energy- based form of GAN (an EBGAN) provides greater flexibility in the choice of
architecture of the discriminator and the training procedure. The realistic image manipulation is a challenge.
Many images when manipulated look unnatural. An attempt is made in [8] to make realistic manipulation of
images possible by attempting to keep the images on the manifold of natural images. A GAN learns this natural
manifold from the training data. It then attempts to keep images looking realistic by ensuring they do not ‘fall
off’ this natural image manifold.

A locally affine model in order to convert images between different times of day is proposed [9]. This was one of
the first data driven approaches to this problem. Previous models were generally based on physical, 3D structure
data. However, the problem is complicated by the presence of different materials in the scene and the fact that
many parts in theimage undergo different color changes as an effect of reflectance, nearby geometry, shadows,
etc. The authors of [10] elaborated on the need for a method to deal with the blurry results produced due to the
use of a Mean Squared Error (MSE) as a loss function. The proposed concept supports three feature learning
approaches: a multi-scale architecture, an adversarial training method, and an image gradient difference loss
function. All these methods were individually shown to be free of the blurring effect associated with the MSE
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loss function. The adversarial training method was inspired by the work in [4]. The aim of the paper is to
develop a generic architecture using GANs that will be independent of the specific image translation problem it
is meant to handle.

The multi-target semantic segmentationis applied on remote sensing images using a newer version of CNN
called SegNet and U-net. Using SegNet structure Encoder-Decoder CNN with pooling index is designed. U-net
is integrated with CNN to obtain the segmentation. The results of the two models are fed to an algorithm that can
combine the semantic segmentation results of these two diverse CNN modelssegNet and U-Net. The proposed
integrated algorithm exploits the advantages of these two models and improves the segmentation. The proposed
method provides improved resultsthat further validate our method [15].Artificial Neural Network (ANN) model
to restore image obtained by sensor exposure, saturation,and underexposure, is addressed [16]. This method has
improved images damaged by an amount of 3%. Architecture used in this project is convolution layers with
dilatation for context aggregation down and up scaling and uses a deterministic objective functions. The model
constraints are tuned using likeness measures among the output and the reference image. Limitation is in filling
large areas with severe saturation and intensification of block in JPEG compression, this is due to data
interpolation problem and high-frequency noise at the edges of each compression block

Robust Multi-classification of brain tumors at the early stage is detected using CNN models using grid search.
CNN model with different layers, activation functions link maxpooling, softmax are used to identify multi
classification labeling of the tumor with fully connected layers. In the first phase, model is used to detect
presence of tumor or not. In the second phase the model classifies brain tumor into normal, glioma, meningioma,
pituitary and metastatic. In the third phase,model labels glioma tumors into different classes with an accuracy of
98%. This helps in initial screening of brain tumor [17].Action recognition in video is performed using fully
connected CNN model designed with convolution layer and rectified linear unit. This learns discriminative
features efficiently and provides good recognition with reduced computational time and robust to action
variations[18].

I1l. SYSTEM ARCHITECTURE

The process of image translation involves manipulating images from one type to the corresponding image of the
second type. For example, converting gray scale image to a color image or converting a day scene into a night
scene. This can be achieved by applying machine learning models. The input to the model, therefore, will be
images of one type. The output of the model will be the corresponding images of the second type. The proposed
model used here is called a Generative Adversarial Network(GAN). GANs basically consist of two neural nets
called the Generator and the Discriminator. Generator imitate to create realistic images that attempts to
deceiveDiscriminator andin the other hand a Discriminator tries to label images as existent or fake and is
therefore trained not to be fooled by the Generator. In doing so, the Discriminator learns a loss function that
classifies an image as real or fake, while the Generator tries to minimize this loss. Since the learnt loss function
accustomed to data, the same GAN is capable forenormoustasks that would require diverse architectures. Since
the loss function is not customized, it also results in negligible blurring of images and produces output quite
indistinguishable from reality.
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Figure 1: System Architecture
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Another important feature of GAN is that it learns a structured loss. Most of the image conversion applications is
developed as per-pixel classification or regression problems. Which treat the output space as unstructured in the
sense that each pixel in the output is considered conditionally independent from all others given in the input
image. The models are different in that they learn a loss which penalizes any possible difference in the structure
of the output and the target. In this paper, a variation of the GAN called a conditional GANas it is conditioned on
data. This conditioning makes it possible to directgeneration of data process and helps to reduce the overall time
taken to complete the training. The complete system architecture is illustrated in Figurel.

A. Generator Architecture

The architecture that has been used for the generator is called an encoder-decoder. The encoder is basically a
normal convolution network which involves convolutions, pooling and activations as shown in Figure 2. The
input to the generator is a 256 x 256 image with three color channels. As the image moves through the multiple
layers of the encoder, it gets progressively down sampled.

The encoder therefore, reduces input image to smaller representation to achieve higher level representation of
data.Batch normalization has been carried out which is used to shift the parameters and weights to zero mean and
unit variance.This helps in improving the speed of learning and also the overall accuracy. The batch
normalization layer has been added right after the convolution layer and before the non-linearities.

ENCODE DECODE

CONVOLUTION DECONVOLUTION
BATCHNORM

INPUT OuTPUT

OUTPUT INPUT

Figure 2: Operations of Encoder and Decoder Units

The activation that is used in the encoder is Leaky ReLU (Rectified Linear Unit) with 0.2 slope. Leaky ReLUs
are aneffort to fix the “dying ReLU” problem.

The decoder is a deconvolution network with activation function, as shown in Figure 2. The objective of the
decoder is to reverse the operations of the encoder. The input to the first layer of the decoder is the down
sampled input obtained at the last layer of encoder. The output of the last layer of the decoder and hence the
generator network is an image which is of the same dimensions as the original input image.Another addition to
this architecture is skip connections. Skip connections, as the name suggests, skips layers in the encoder and
directly feeds the input of one layer to the next as well as someother layer. The main purpose of these skip
connections is to provide the decoder layers information from the initial layers of the encoder so that the images
can be properly reconstructed during up-sampling. Encoder-decoder along with the skip connections is termed as
U-net. In our architecture, there is a skip connection between every i-th layer of encoder to the (n-i)-th layer of
the decoder. The complete architecture of the Generator is illustrated in Figure 3.
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Figure 3: Complete architecture of the Generator
B. Discriminator Architecture

The discriminator is a regular convolutional neural network whose objective is to classify the input image as
either real or fake. Real images are from the actual dataset and fake images are generated by the generator
module. Since we are using a conditional GAN, we feed the target image along with the input by concatenating
both to the discriminator. This is followed by a series of convolutions, batch normalization and activations as

280



shown in Figure 4 If the input image is from the real dataset, then the output of the classification should be “1”.
If the input image is an image synthesized by the generator, then the output of the classification should be “0”.
The discriminator is trained based on cross-entropy loss function.
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Figure 4 Discriminator architecture

C. Loss Function

The objective of the conditional GAN can be expressed as Eq(1). The Generator G tries to minimize this
objective against the adversarial network D, which tries to maximize this objective. According to previous
approaches to conditional GANSs, it has been found that combining the GAN objective with traditional losses like
L2 distance or L1 distance is more beneficial. This additional loss is used only for the Generator since it the
images generated by the Generator should be very close to the target image and this additional loss provides for
that. The Discriminator loss remains unchanged. The implemented GAN uses L1 distance rather than L2 since
L1 reduces blurring of images. The final objective function is represented in Eq(2).

Lgay (G, D) = (EY~Pdata(y))[|OgD(y)] + Ey_pdata(x) z~rz(z)[109(1 — D(G (x, y)1(1)

LL1 (G) = (Ex.y~Pdata(x,y),Z ~PZ(Z)) [“y - G(x' Z)lll](Z)
G * = argming maxp Legan (G, D)+ o< L1 (G) 3)

IV. EXPERIMENTAL ANALYSIS AND RESULTS

Experimental analysis determines how well the system performs. The various metrics used for evaluating the
performance of the implementation and the results have been discussed in this section.An analysis on
effectiveness of the working model isquantitatively measured using metric and datasets. Forperformance
evaluation of a GAN model it is important to consider the type of dataset to choose. Testing cannot be performed
on the same training dataset, as the output will be prejudiced. Since, while training, the model would have tuned
to the predicted results to the training dataset.

To estimate the generalization error, the model is required to test onnew dataset. The main metrics used for
testing performance of the implementation are the L1 loss of the Generator, Discriminator loss and the aesthetic
quality of the generated images. The L1 loss determines how much near the generated image is with the target
image for a particular dataset. The Discriminator loss determines how well the network can classify the
generated images and realimages.A multitude of datasets were used to find out how the GAN performs on
different classes of image translation problems. The datasets on which the GAN was trained and tested are
Cityscapes dataset (Semantic labels to photo), CMP facades dataset (Architectural labels tophoto) and ImageNet
(Black and white tocolor).

Two directions were used in the implementation namely, AtoB direction converts an image of a building to a
labeled image and BtoA direction converts a labeled image to an image of a building. Figure 5 shows the format
of dataset used for the Facades dataset. The same format has been used for Cityscapes as well as ImageNet
datasets.

Figure 5 Dataset Format

The GAN was trained on Facades dataset with 400 images in both directions (AtoB and BtoA). The results
obtained after 100 and 200 epochs for BtoA and after 200 iterations for AtoB direction are shown in Figure 6
and Figure 7.
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Input | Output | Target Input | Output | Target
Facades Dataset: training in direction BtoA (100 | Facades Dataset: training in direction BtoA (200 Epochs)
Epochs

Figure 6 Facades Dataset: 100 epochs and 200 epochs of training in direction BtoA

Training in direction AtoB (200 Epochs)

AL P LY
NN LBy

Figure 7 200 epochs of training in direction AtoB

The GAN was also trained on the Cityscapes dataset which had 2975 images in the direction AtoB. The results
for 50 and 100 epochs are shown in Figure 8. The results indicate that the model is able to segment the images
much more accurately at 100 epochs than 50 epochs.

Input | Output | Target Input | Output | Target
Training in direction AtoB(50 Epochs) Training in direction AtoB(100 Epochs)

.+ .+

Figure 8 Cityscapes Dataset: (a) 50 epochs and (b) 100 epochs of training in direction AtoB
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The GAN was finally trained and tested on a subset of the ImageNet dataset consisting of 3064 images for
converting black and white images to color images. The results after 40 epochs and 160 epochs are shown in
Figure 9.

Input | Output | Target Input | Output | Target
40 Epochs ) 160 Epoch

Figure 9a) Training on ImageNet dataset: Results after 40b) ImageNet dataset: 160 epochs training epochs

The performance of the GAN and CNN model depends on the loss metric as shown in Figure 10. The x axis of
the graph specifies the total iterations of the training phase and the y axis specifies the measure of loss. L1 loss
of the GAN slowly decreases from an initial value of 0.1(epoch 1) to 0.06(epoch 160) while the CNN loss does
not show any trend assuch as shown in Figure 10b).
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Figure10 a) Generator L1 loss Figure10 b)CNN loss Figure10 c) Discriminator loss

The Discriminator loss graph is shown in Figure 10c). This graph indicates that as the amount of training
iterations improves , the discriminator is able to label the images better as either real or fake.

Original | GAN [ cNN | Target

Figure 11 Imagenet Dataset: (a) 5 epochs and (b) 160 epochs

In order to assess the GAN model with the available CNN models, both were trained on a subset of ImageNet
dataset which had 3064 images. This dataset was used to convert the gray scale image to a color image. The
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output image obtained at various epochs of the training were compared. Figure 11 shows the result at 5 epochs
and the result obtained at 160 epochs of both the GAN andCNN models.

V. CONCLUSION

The results obtained indicate that as the number of epochs increases, the Generator L1 loss decreases and the
output images obtained are closer to the desired target image. This is observed for all the three datasets -
Cityscapes dataset, CMP facades dataset and ImageNet on which the GAN was trained. The comparison between
the GAN and CNN on the Imagenet dataset yielded that GAN produced better results in terms of the output
image and the time taken. While the GAN took 26 hours to train on the Imagenet dataset for 200 epochs, the
CNN took 34 hours for the same. The images obtained from the GAN are much closer to the expected target
image than the ones generated by the CNN model. This shows that the CNN model requires a much larger
dataset than the one used and the time it takes to complete the training phase is also more. In order to assess the
GAN model with the available CNN models, both were trained on a subset of ImageNet dataset which had 3064
images. This dataset was used to convert the gray scale image to a color image. The output image obtained at
various epochs of the training were compared. Figure 11 shows the result at 5 epochs and the result obtained at
160 epochs of both the GAN andCNN models.
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