

AUTOMATIC FORENSIC SKETCH TO IMAGE GENERATOR USING GAN

ABSTRACT

Image processing has been a crucial tool for refining the image or to boost the image. With the improvement of machine learning tools, the image processing task has been simplified to great range. Generating a semantic and photographic face image, from a sketch image or text description has always been an extremely important issue. Sketch images basically contain only simple profile information but not the detail of the face. Therefore, it is difficult to come up with facial characteristics accurately. In order to solve this problem, we propose an image translation network by exploiting attributes with the generated adversarial network (GAN). The generator network consists of a feature extracting network and down sampling–up sampling network. Both networks use skip-connection to reduce the number of layers without affecting network performance. The discriminator network is designed to inspect whether the generated faces contain the desired attributes or not.This way, the realistic photograph for any sketch can be obtained easily with exact detail and in less time.
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CHAPTER 1
1.1  INTRODUCTION
The photograph of a person is always superior to a sketch. Because photograph provides a detailed information of the facial attribute of a person including its skin tone, hair color and other characteristic that remains missing in a sketch. So sketch can be crucial element in law enforcement. The law enforcers has to deal with hundreds of criminal sketches on daily or weekly basis. In these cases, automatic face sketch-photo synthesis comes useful. The whole process of sketch to photo generation is automated so there is not much human effort needed while using the system. A Generator that takes sketch as its input and provides realistic photograph of the sketch as output. A discriminator that is used to train the generator or to simply put, to increase the accuracy of the photograph being generated by the generator. These two components in the system works together and against each other to generate the exact photograph of the forensic sketch fed into the system. The basic idea behind the adversarial network is to pit two classes of neural networks against each other. Generative adversarial networks (GANs) are based on a game theoretic structure in which the generator network must battle against an adversary and it directly makes samples. Its adversary, the discriminator network, attempts to differentiate between samples drawn from the training data and samples drawn from the generator thus making it discriminator (classifier) as its name suggests. The two models which are the generator and discriminator, are trained together. The generator generates a batch of photographs and these, along with real photographs from the domain, are provided to the discriminator and classified as real or fake. The discriminator is then modernize to get better at selective real and fake samples in the next round. The generator is modernize based on how well, or not, the generated samples fooled the discriminator. CGAN (Conditional Generative Adversarial Network) that our system employs is simply the extension to the GAN is in their use for conditionally generating an output. In our system, for generating photo from sketch, the discriminator is provided examples of real and generated photos of sketches and the generator is provided with a random vector from the latent space (or noise) as well as (conditioned on) sketches as input. The system works with image data so it uses Convolutional Neural Networks, or CNNs (neural nets specialized in image generation and classification), as the generator and discriminator. Thus, Conditional Generative Adversarial Network (CGAN) conditioned on facial attributes/sketches is the backbone of the project.
1.2 OBJECTIVE 

· Sketch images basically contain only simple profile information but not the detail of the face. Therefore, it is difficult to come up with facial characteristics accurately.
· In order to solve this problem, we propose an image translation network by exploiting attributes with the Generated Adversarial Network (GAN).
1.3 PROBLEM STATEMENT 
The sketch of a person is always inferior to a photograph that provides a detailed information of the facial attribute of a person including its skin tone, color of hair and other characteristic that remains missing in a sketch. There is hardly a case where the person can’t be recognized with a photograph but is recognized with his/her sketch. The fact is other way around. So sketch can be crucial element in law enforcement. The system existing in present takes the use of Photoshop that usually requires a Photoshop professional to fill in the sketch with textures and color. This is a cumbersome task and can take more than an hour to generate a decent photograph from the sketch. Time is critical and there is no single criminal such that the task will be completed after synthesizing one photograph. The law enforcers has to deal with hundreds of criminal sketches on daily or weekly basis. In law enforcement, in most cases, the photo of a suspect is not available in the police database and therefore, the forensic sketch, which is drawn by a police artist based on an eyewitness testimony, is the only clue to identify the suspect.  However, recognition of the suspect using a face sketch is much harder than a face photo because of the significant differences between the two modalities, such as the texture and geometric mismatching, which reduces the chance of identifying the suspect by person or from a mugshot database. In these cases, automatic face sketch-photo synthesis comes handy. The existing methods are still hazy and mostly suffers from major drawbacks. So here is where our system fills the void. Needless to say it is also cost effective without any compromise in the output.
1.4 BACKGROUND
Image processing has been a crucial tool for refining the image or we can say, to enhance the image. With the development of machine learning tools, the image processing task has been simplified to great extent. Automatic face sketch-photo generation /synthesis and identification has been always an important topic in computer vision, image processing and machine learning. As our project falls under the same domain, it takes help of classes of machine learning algorithm/system for the transformation of person’s sketch into the photograph which has the characteristic or feature associated with the sketch. This way, the realistic photograph for any forensic sketch can be obtained easily with precise detail and in less time. The entire process is automated so there is not much human effort while using the system. Narrowing down the details of sketch to photo generation into few lines, it includes following models:
· A Generator that takes forensic sketch as its input and provides realistic photograph of the sketch as output.
· A Discriminator that is used to train the generator or to simply put, to increase the accuracy of the photograph being generated by the generator.

These two components in the system works together and against each other to generate the precise photograph of the forensic sketch fed into the system. The core idea behind the adversarial network is to pit two classes of neural networks against each other. Generative adversarial networks (GANs) are based on a game theoretic scenario in which the generator network must compete against an adversary. The generator network directly produces samples. Its adversary, the discriminator network, attempts to distinguish between samples drawn from the training data and samples drawn from the generator thus making it discriminator(classifier) as its name suggests. We can consider the following analogy: We can think of the generator as being like a counterfeiter, trying to make fake money, and the discriminator as being like police, trying to allow legitimate money and catch counterfeit money. To succeed in this game, the counterfeiter must learn to make money that is indistinguishable from genuine money, and the generator network must learn to create samples that are drawn from the same distribution as the training data.  The two models, the generator and discriminator, are trained together. The generator generates a batch of samples (in our case photographs) and these, along with real examples (photographs) from the domain, are provided to the discriminator and classified as real or fake. The discriminator is then updated to get better at discriminating real and fake samples in the next round, and importantly, the generator is updated based on how well, or not, the generated samples fooled the discriminator. CGAN (Conditional Generative Adversarial Network) that our system employs is simply the extension to the GAN is in their use for conditionally generating an output. In our system, for generating photo from forensic sketch, the discriminator is provided examples of real and generated photos of forensic sketches and the generator is provided with a random vector from the latent space (or noise) as well as (conditioned on) forensic sketches as input.  The system works with image data so it uses Convolutional Neural Networks, or CNNs (neural nets specialized in image generation and classification), as the generator and discriminator models. Thus, Conditional Generative Adversarial Network (CGAN) conditioned on facial attributes/sketches is the backbone of the project or we can designate as a robot artist specialized in generating photo realistic images from the sketch. Forensic sketch to face transformation refers to processing the sketch of a person's face to generate a realistic image of it. This is an example of image-to-image transformation. This technique can be used for many applications in a number of domains, be it artistic or forensic. In the case of a forensic application, it can be utilized in order to better visualize the face of a missing person or criminal based on the sketches drawn by forensic artists. Transforming an image of one style to another style and texture is challenging when using the methods of Conventional Image Processing techniques. However, it can be achieved using Adversarial Style Transfer by learning the mappings between two high-level domains. GANs (Generative Adversarial Networks) can be used to generate images. CycleGAN is used for this application. It is a variant of Generative Adversarial Networks. It works without the requirement of paired examples of source and target images. Methods such as Pix2PixGAN depend on the availability of training examples where the same subject is represented in both domains. The nature of CycleGAN is advantageous as it can learn such inter-domain transformations without an injective mapping (which requires paired images having a one-to-one relation) between the training data in source and target domains. The requirement for paired images of the target is overcome with a two-step transformation process. First, the image from the source domain is transformed by mapping it to the target domain. Next, it is mapped back to the original domain, thereby trying to replicate the input by learning an inverse mapping. Mapping of images from source to target domain can be performed with a generator network, whereas, by pitching the generator network against an opposing discriminator network, there is a progressive improvement in the generated image quality.
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 Sketch to Face result of the application
There are a few systems existing which can transfer certain characteristics of one domain to another domain using CycleGAN. Some of the models are:  

· Generating realistic landscape images from paintings (in the style of Van Gogh, Monet, etc) and vice versa.  

· Season transfer - Using an image of a landscape during a particular season, that landscape could be viewed instantly from a different season perspective.  

· Photo enhancement - Converting low-resolution image into high-resolution image.
1.4.1 Generative Adversarial Networks 

Generative adversarial networks (GANs) are deep neural network architectures consisting of two neural networks, competing against each other. One neural network, called the generator, generates new data instances, while the other, the discriminator, evaluates their authenticity i.e., it decides whether each instance of data it reviews belongs to the actual training dataset or not. This training procedure corresponds to a min-max two-player game between generator G and discriminator D. A vector z is mapped using the function G and p(z) is used to sample the prior. This is formulated as: A combination of Rectifier linear activations and sigmoid activations are used for the generator network and maxout activations are used for the discriminator network. The “Dropout technique” is used to regularize the discriminator network. The discriminator is trained to distinguish between a real and generated sample and the generator is trained to fool the discriminator with the generated samples. 

1.4.2 CycleGAN 

The goal of image-to-image translation is to learn the mapping between an input image and an output image by using a training set consisting of aligned pairs of images. However, for many applications, paired data would not be available. Zhu at el. proposed CycleGAN which learns the mappings between two types of image groups with no paired examples. CycleGAN considers additional terms to generate outputs close to input images using class label space and image pixel space. The system must learn two mapping functions G: X->Y and F: X->Y. For this, the system is trained using two loss functions, an adversarial loss, and a cyclic consistency loss, CycleGAN’s full objective function is expressed as: CycleGAN learns by transforming an image from domain A to B and then re-transforming the generated image from domain B to A. So, each time it learns not only to transform the image to the other domain, but also with what efficacy it can reproduce the original image from the transformed image. The drawback of this model includes a lack of accountability on why it generates specific image properties. There also remains no objective metric to measure the accuracy of the transformation for unseen or test data, as this quality is entirely subjective.
1.4.3 GAN Architectures 

The term Generative Adversarial Network (GAN) was proposed in 2014 by Ian Godfellow for the architecture containing two neural networks Generator (G) and Discriminator (D), which are trained interchangeably. Generator produces synthetic data from random vectors and discriminator tries to distinguish these data from genuine data. The basic idea is that the generator improves with training while the discriminator’s performance gets worse. However, after the point where the discrimi-nator is unable to tell apart genuine and synthesized data, the generator cannot be improved further, making the training process rather unstable. When operating with images, D is represented by a convolutional neural network and G by a de-convolutional neural network. Progressive growing GAN (ProgressiveGAN) is an elegant solution to the convergence issue of the GAN training (Karras et al., 2017). Training begins with low-resolution images e.g. 4x4 pixels and the input images are re-scaled to this resolution. After the training process converges at the selected resolution, the resolution is increased and the training is repeated. This is done until the target resolution is reached. This is how the generator learns rough characteristics of training images first and then gradually fine characteristics. Technically, switching of resolution happens by gradual addition of intermediate layers into the network. Progressive-GAN was the first architecture that enabled gene-ration of high resolution naturally looking fake faces which can be hardly told apart from real ones. Based on ProgressiveGAN, an improved architecture called StyleGAN (Karras et al., 2018) was developed to take apart aggregated characteristics of images also referred to as styles and to move from one style to another. For face images the styles are e.g. a haircut or a skin color. Technically, the analysis and clustering of the latent space is done by introduction of adaptive instance normalization (AdaIN) layers and addition of noises to control the intensity of a particular style. However, StyleGAN often produces characteristic imperfection e.g. droplet or phase artifacts which are attributed to the network architecture. Droplet artifacts arise due to independent normalization of means and variations of different style feature maps in AdaIN layers and phase artifacts arise due to progressive growing. A variation of the StyleGAN architecture called StyleGAN2 (Karras et al., 2019) was proposed to avoid the aforementioned imperfections. Adaptive instance normalization is replaced by weight demodulation making normalization of means and variations of the different styles not independent anymore. The progressive growing issue is solved by generating images with only target resolution by adding up the weighted outcomes of all layers of the generator. It does not change the idea of progressive learning of image characteristics (from rough to fine), but helps to get rid of phase artifacts.

1.5 FULLY CONVOLUTIONAL GAN DISCRIMINATOR

The discriminator used in this model is another unique component to this design. The fully convolutional discriminator works by classifying individual (N x N) patches in the image as “real vs. fake”, opposed to classifying the entire image as “real vs. fake”. The structure looks a lot like the encoder section of the generator, but works a little differently. The output is a 30×30 image where each pixel value (0 to 1) represents how believable the corresponding section of the unknown image is. In our implementation, each pixel from this 30×30 image corresponds to the believability of an overlapping small patches of the input image. 
1.5.1 FACE HALLUCINATION RECONSTRUCTION 
Face hallucination is a special kind of single image super-resolution reconstruction. Traditional face hallucination and deep learning-based face hallucination are two main types of division. For traditional face hallucination, Wang et al. reconstructed HR by using a linear mapping between the input LR image and HR image. Liu et al. purposed a global face model learning by principal component analysis (PCA). Baker et al. reconstructed high-frequency details of aligned LR face images by searching the best mapping between LR and HR patches. For deep learning-based face hallucination, many methods are based on GAN by using the attributes of the face to achieve the task. 

1.5.2 IMAGE TO IMAGE & TEXT TO IMAGE 

For paired data, CGAN proposed by Isola et al. can be used for multiple tasks in image-to-image translation, such as semantic label to image, map to aerial photo, edge to photo, and so on. But in reality, it is difficult to obtain pairs of images. Therefore, Zhu et al. proposed CycleGAN, DualGAN, and DiscoGAN in order to solve the problem of image to image translation without paired images. Johnson et al. also proposed style transfer. Reed et al. solved the text to image task by adding random noise of DCGAN and the text descriptions that you want to generate. Zhang et al. proposed StackGAN forsynthesizing photo-realistic images from text, which cangenerate corresponding high-resolution photo-level imagesfrom text in two stages. Di et al. implemented textsketch-face by using VAEs [34] and GANs.
1.6 Face photo-sketch synthesis 

Existing works can be categorized based on multiple factors. Wang et al.[34] categorize photo-sketch synthesis methods based on model construction techniques into three main classes: 1) subspace learning-based, 2) sparse representation-based, and 3) Bayesian inference-based approaches. Peng et al. perform the categorization based on representation strategies and come up with three broad approaches: 1) holistic image-based, 2) independent local patch-based, and 3) local patch with spatial constraintsbased methods. Subspace learning based methods involve the use of linear and non-linear subspace methods such as Principal Component Analysis (PCA) and Local Linear Embedding (LLE). Tang and Wang assume linear mapping between photo and sketch and synthesized the sketch by taking a linear combination of the Eigen vectors of sketch images. Finding that the assumption of linear mapping to be unreasonable, Liu et al. proposed a non-linear method based on LLE where they perform a patch-based sketch synthesis. The input photo image is divided into overlapping patches and transformed to corresponding sketch patches using the LLE method. The whole sketch image is then obtained by averaging the overlapping areas between neighboring sketch patches. However, it leads to blurring effect and ignores the neighboring relationships among the patches and thus is unable to take advantage of global structure. This work was extended by Wang et al., Gao et al.and Change et al. using sparse representation-based techniques. In a different approach, several methods were developed using Bayesian inference techniques. Gao et al.and Xiao et al.employed Hidden Markov Model (HMMs) to model non-linear relationship between sketches and photos. Wang and Tang proposed Markov Random Field (MRF) based technique to incorporate relationship among neighboring patches. Zhou et al. improved over by proposing Markov weight fields (MWF) model that is capable of synthesizing new target patches not existing in the training set. Wang et al. proposed a novel face sketch synthesis method based on transductive learning. More recently, Peng et al. proposed a multiple representations-based face sketch photo-synthesis method that adaptively combines multiple representations to represent an image patch by combining multiple features from face images processed using multiple filters. Additionally, they employ Markov networks to model the relationship between neighboring patches. Zhang et al.employed a sparse representation-based greedy search strategy to first estimate an initial sketch. Candidate image patches from the initial estimated sketch and the template sketch are then selected using multi-scale features. These candidate patches are refined and assembled to obtain the final sketch which is further enhanced using a cascaded regression strategy. Peng et al. proposed a super pixel based synthesis method involving two stage synthesis procedure. Wang et al.recently proposed the use of Bayesian framework consisting of neighbor selection model and weight computation model. They consider spatial neighboring constraint between adjacent image patches for both models in contrast to existing methods where the adjacency constraint is considered for only one of the models. CNN-based method such as were proposed recently showing promising results. There is also a recent work on face synthesis from facial attribute [3] applying sketch to photo synthesis as a second stage in their approach. 
1.6.1 Image-to-image translation 
In contrast to the traditional methods for photo-sketch synthesis, several researchers have exploited the success of CNNs for synthesis and cross-domain photo-sketch recognition. Face photo-sketch synthesis is considered as an image-to-image translation problem. Zhang et al.proposed an end-to-end fully convolutional network-based photo-sketch synthesis method. Several methods have been developed for related tasks such as general sketch synthesis, photo-caricature translation and creation of parameterized avatars. In this work, we explore generative modeling techniques which have been highly successful for several imageto-image translation tasks. GANs  and VAEs are two recently popular classes of generative techniques. GANs are used to synthesize realistic images by learning the distribution of training images. GANs, motivated by game theory, consist of two competing networks: generator G and discriminator D. The goal of GAN is to train G to produce samples from training distribution such that the synthesized samples are indistinguishable from actual distribution by discriminator D. In another variant called Conditional GAN , the generator is conditioned on additional variables such as discrete labels, text and images. Recently, several variants based on original GAN have been proposed for image-to-image translation tasks. Isola et al. proposed Conditional GANs for several tasks such as labels to street scenes, labels to facades, image colorization, etc. In an another variant, Zhu et al. proposed CycleGAN that learns image-to-image translation in an unsupervised fashion. Similar to the above approach, Yi et al. proposed an unsupervised method to perform translation tasks based on unpaired data.
1.6.2 CROSS-MODAL RECOGNITION AND RETRIEVAL 

Matching semantic similar instances across different modalities such as face sketches, near infrared images or language descriptions is a very challenging problem subject to large variations in appearance details and the intrinsic heterogeneity. Many efforts have been made to address this issue. Considering the powerful representative ability of deep neural networks, numerous algorithms have been proposed to solve the cross-modal matching problem. In, the authors train a deep hashing network in the self-supervised manner to perform image retrieval and the adversarial loss is used to eliminate the discrepancy across different modalities. Deep metric learning is exploited in [25] to bridge the gap between texts and images. More specifically, for a triplet input (i.e., the query text, the related positive and negative images), feature maps are extracted from a pretrained CNN network, and the parameters are finetuned with the triplet loss. Similarly, Li et al. [26] propose to jointly train a visual sub-network and a language sub-network for bridging the language-visual modality gap. To avoid the laborious labeling problem, in [27], the authors propose to learn local binary features from raw pixels in an unsupervised way. The above-mentioned algorithms are proposed to explore invariant features against the divergence across different modalities. However, they often have high computational complexities, moreover, learning in the low-dimension feature space may cause information loss especially for complex modalities. Since image-image recognition has been extensively studied, it will be beneficial if we can transform the cross-modal recognition problem into the traditional image-image recognition problem via image synthesis. Therefore, ‘‘recognition via generation’’ has become a promising direction for crossmodal human face recognition and retrieval. This kind of frameworks allow transforming the heterogeneous inputs into consistent modality, thus off-the-shelf face recognition methods can be directly utilized. To bridge the gap between imagesketch inputs, some works propose to obtain sketches from facial images. However, this task of transforming complex modality into simple modality will cause information loss, thus deteriorating the recognition performance. To address this issue, several algorithms recently exploit generative models such as GANs [9] or VAE  to synthesize photorealistic images from simple modalities (e.g., facial sketches or attributes). In specific, in, the authors directly map facial attributes to target face images with variational auto-encoder framework, in which attributes are used as latent representations to supervise the learning process. The work shares the similar idea but utilizes a Conditional CANs structure. In the work, a pixel-to-pixel image translation algorithm is designed to transform the sketches to cartoon human faces. Although promising performance has been witnessed with the above-mentioned methods, considering the information contained by only one modality but neglect other necessary detailed or global information often leads to sub-optimal image generation results. To solve this problem, in this paper, we propose to utilize both the global structure from sketches and the detailed information embedded in the attribute descriptions to generate photorealistic photos. Besides the evaluation of the qualitative image generation results, we also conduct recognition and retrieval experiments to demonstrate the effectiveness of the proposed image generation framework.
1.6.3 Facial attribute editing 

The goal of facial attribute editing is to be able to change some of the facial attributes of the input facial image (e.g., change the hair color or skin color) without affecting other details of the facial image. Research on facial attribute editing based on deep CNN or GANs has achieved a lot of achievements. To solve the problem that the new image generated by the existing facial attribute generation models cannot maintain the input image facial details, Li et al. [44] propose an optimized network model based on deep convolutional neural network, called VGG-Face. The network model can generate a new image with the desired facial attributes by guiding the expected facial attributes or adjusting the facial attribute features of the input image. Patsorn et al. [18] introduce a deep adversarial synthesis architecture, which can generate realistic images from sketch with sparse color; besides, the method also can generate realistic images with controlled color (e.g., car color, face color). Therefore, AttGAN [35] introduces the face attribute classifier, which is used to guarantee the correct generation of the desired face attributes during the facial attribute classification. To map the input image into potential space and represent it, IcGAN [45] reverses the mapping in the cGANs by retraining the image encoder. This method allows us to re-edit or modify the facial attributes of the input image. However, in the context of facial attribute editing research, these methods lack a model which can implement the face sketch to image translation. We propose a conditional facial image translation model which can implement the face sketch to image translation with controllable facial attribute editing.
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Sketch to image translation without controllable facial attribute with our proposed method on CelebA dataset. The first and fourth columns are ground truth, the second and fifth columns are input sketch, and the third and sixth columns are reconstructed image
1.7 Baseline Model: Conditional GAN 

Objective 

The standard conditional GAN objective that the generator minimizes and the discriminator maximizes is LcGAN (G, D) = Ex,y[log D(x, y)]+ Ex,z[log(1 − D(x, G(x, z))]. (1) The term Ex,y[log D(x, y)] denotes the discriminator’s loss from predicting whether the real image is real or fake, while the second term denotes the discriminator’s loss from predicting whether a generated image G(x, z) is real or fake. Since the discriminator hopes to achieve as low loss as possible in classifying the real and fake images, the generator in turn maximizes this loss. Therefore, the optimal generator model can be formulated as the optimal solution to the minimax problem G∗ = arg minG maxD LcGAN (G, D). The conditional GAN also utilizes another loss that takes advantage of the paired dataset to boost the accuracy of the images generated. As noted by, L1 distance is favorable to L2 distance since it discourages blurring. The L1 distance loss for target y and generated image G(x, z) is LL1 (G) = Ex,y,z[||y − G(x, z)||1]. (2) The overall objective for the baseline pix2pix model with L1 loss weight λ (1 by default, which we use) is therefore Lbaseline = LcGAN (G, D) + λLL1 (G). (3) 

Architecture 

Our baseline method for this task is a finetuned pretrained model implementation from the paired image-toimage translation conditional GAN model, pix2pix by Isola et al. [5] and implemented by Zhu et al. on GitHub. The generator is a U-Net [9], a convolutional encoder-decoder model with skip connections between layers of identical feature map size, trained on 256×256×3 images. The discriminator is a PatchGAN 3-layer classifier introduced by [5]. The pretrained weights used were from the edges2shoes version of pix2pix, which was trained on sketch-photo pairs of colorful shoes. The pretrained model only included generator weights and not discriminator weights, so the model was trained for 110 epochs on top of the pretrained generator weights and discriminator weights using normal initialization until model results began to plateau. 

1.8 Conditional GANs with Iterative Refinement 

On this particular sketch-to-photo task, the pix2pix model suffers from deficiencies in global consistency across the image and lacks smooth and crisp boundary lines for separating colors from one another on the face. Intuitively, after the initial output image is produced by the model, an additional network that learns to modify the image to make it more realistic would be helpful. To do this, inspired by the concept of iterative refinement, we implement and test four modifications of the pix2pix baseline model. The iterative refinement (IR) architecture builds off of the conditional GAN framework and uses the same discriminator model as the baseline; however, it instead involves two generator segments that combine to form the generator network. We use U-Net 256 models for both generators. The output of the first generator is subject to a set of losses conditioned on the target image, and its output is fed to the second generator, which then also generates an image subject to another set of losses conditioned on the target image. The hope is for the network to learn to use the second generator to fine-tune the image obtained from the first. To train this model, we perform transfer learning on top of the baseline’s weights for 200 epochs. Specifically, we initialize both G1 and G2 to the baseline G weights, and the baseline D weights are used as the initial weights for D. Both generators of this network can be evaluated with L1 or cGAN losses (or both). We now describe the four variants of the IR architecture that explore these design options. 

1.8.1 IR Model with cGAN-Final Loss 

The baseline model’s objective uses two losses: the cGAN loss and the L1 loss. One important design choice for the IR model is which losses to impose on the two generators. We first try imposing both the cGAN loss and L1 loss on the second generator, but only an L1 loss on the first generator. Both L1 losses share the same λ parameter. We call this objective the ‘cGAN-Final’ loss. Thus, the objective for generators G1 and G2 and discriminator D is LcGANF inal = LcGAN (G2, D)+ λLL1 (G1) + λLL1 (G2). (4) This model architecture is illustrated in Figure 1. Conceptually, the idea is to let the model decide what to do with the first generator aside from generating images similar to the ground truth, while the final result needs to ‘pass the test’ of the discriminator. 

1.8.2 IR Model and cGAN-Initial Loss 

The cGAN-Initial Loss model has the same architecture and L1 loss as that of the cGAN-Final Loss model; however, the first generator receives the cGAN Loss rather than the second generator. Concretely, its objective is LcGANF inal = LcGAN (G1, D)+ λLL1 (G1) + λLL1 (G2). (5) 3.2.3 IR Model and cGAN-Both Loss The cGAN-Both Loss model places cGAN and L1 losses on both generators, yielding an objective of LcGANF inal = LcGAN (G1, D)+ LcGAN (G2, D)+ λLL1 (G1) + λLL1 (G2). (6) 

1.8.3 IR Model with cGAN-Final Loss and Grayscale 

The previous three IR models allow the network to decide what to learn in the first generator and what refinements to make in the second. However, it is also worth exploring explicitly designed tasks for each generator. Thus, we also create an IR network whose first generator’s target image, instead of being the same as that of the second generator, is the grayscale version of the color target. We thus force the first generator to map sketches to grayscale images, which might be an easier task for the network than translating to a color image. The second generator then colorizes and refines the grayscale output of the first generator. Only the cGAN-Final Loss was tried for this model in the interest of having one discriminator model that discriminates over color images only. The overall objective is the same as (4). 

1.8.4 Spectral Normalization and Self-Attention 

Our last model incorporates two additional techniques: spectral normalization and self-attention. Both require changes to the network that necessitate training the models from scratch, due to the way the pretrained edges2shoes model was constructed. We train this model for 110 epochs. As defined by Miyako et al., spectral normalization is the process of dividing weight matrices by their largest singular value, in order to make that largest singular value equal 1. This process is tied to what is known as the “Lipschitz constant” of the function, and fixing the constant at 1 bounds the gradients in the discriminator and the generator. We adapt code from this GitHub to add a spectral normalization layer after each convolution layer in our generator and discriminator. We also investigate the effect of adding a self-attention layer to each generator and discriminator in our IR cGAN, as Zhang et al.  do in SAGAN. Our self-attention layer applies affine transformations followed by a ReLU nonlinearity to the input to produce “query”, “key”, and “value” tensors. 
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Architecture of iterative refinement model with color images and first loss variant: cGAN-Final Loss. D learns to distinguish between generated and real images, while G1 and G2 jointly learn to generate realistic photos from input x.
We matrix-multiply the query and key tensors, apply a softmax to form an attention distribution over the input features, and matrix-multiply it by the “value” tensor to produce self-attention feature maps. We use a skip-connection to carry forward the original features, and we concatenate these features to the self-attention maps to form the output. In the “Spectral Normalization and Self-Attention” model, we incorporate self-attention layers after the third main convolution layer in the discriminator, and after the third level deep of recursion in the U-Net of each generator. We adapt Self-Attention code from the SAGAN GitHub for these layers, modifying it to work with the nn.Sequential framework with which the model was set up.
1.9 Sketchy COCO Dataset 

We initialize the construction by collecting instance freehand sketches covering 3 background classes and 14 foreground classes from the Sketchy dataset, Tuberlin dataset, and QuickDraw dataset (around 700 sketches for each foreground class). For each class, we split these sketches into two parts: 80% for the training set, and the remaining 20% for the test set. We collect 14081 natural images from COCO Stuff containing at least one of 17 categories and split them into two sets, 80% for training and the remaining 20% for test. Using the segmentation masks of these natural images, we place background instance sketches (clouds, grass, and tree sketches) at random positions within the corresponding background regions of these images. This step produces 27, 683(22, 171 + 5, 512) pairs of background sketch-image example. After that, for each foreground object in the natural image, we retrieve the most similar sketch with the same class label as the corresponding foreground object in the image. This step employs the sketch-image embedding method proposed in the Sketchy database. 
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Structure of the proposed EdgeGAN. It contains four sub-networks: two generators GI and GE, three discriminators DI , DE, and DJ , an edge encoder E and an image classifier C. EdgeGAN learns a joint embedding for an image and various-style edge maps depicting this image into a shared latent space where vectors can encode high-level attribute information from cross-modality data.
In addition, in order to obtain more data for training object generation model, we collect foreground objects from the full COCO Stuff dataset. With this step and the artificial selection, we obtain 20, 198(18, 869 + 1, 329) triplets examples of foreground sketches, images and edge maps. Since all the background objects and foreground objects of natural images from COCO Stuff have category and layout information, we therefore obtain the layout (e.g., bounding boxes of objects) and segmentation information for the synthesized scene sketches as well. After the construction of both background and foreground sketches, we naturally obtain five-tuple ground truth data. Note that in the above steps, scene sketches in training and test set can only be made up by instance sketches from the training and test sets, respectively.
1.9.1 Object-level Image Generation 

We compare Edge GAN with the general image to-image model pix2pix and two existing sketch-to image models, Contextual GAN and Sketchy GAN, on the collected 20,198 triplets {foreground sketch, foreground image, foreground edge maps} examples. Unlike Sketchy GAN and pix2pix which may use both edge maps and freehand sketches for training data, Edge GAN and Contextual GAN take as input only edge maps and do not use any freehand sketches for training. For fair and thorough evaluation, we set up several different training modes for Sketchy GAN, pix2pix, and ContextualGAN. We next introduce these modes for each model. 

· EdgeGAN: we train a single model using foreground images and only the extracted edge maps for all 14 foreground object categories. 

· ContextualGAN: we use foreground images and their edge maps to separately train a model for each foreground object category, since the original method cannot use a single model to learn the sketch-to-image correspondence for multiple categories.

· SketchyGAN: we train the original SketchyGAN in two modes. The first mode denoted as SketchyGAN-E uses foreground images and only their edge maps for training. Since SketchyGAN may use both edge maps and freehand sketches for training data in their experiments, we also train SketchyGAN in another mode: using foreground images and {their edge maps + sketches} for training. In this training mode called SketchyGAN-E&S, we follow the same training strategy as SketchyGAN did to feed edge maps to the model first and then fine-tune it with sketches.

· pix2pix: we train the original pix2pix architecture in four modes. The first two modes are denoted as pix2pix-E-SEP and pix2pix-S-SEP, in which we separately train 14 models by using only edge maps or sketches from the 14 foreground categories, respectively. The other two modes are denoted as pix2pixE-MIX and pix2pix-S-MIX, in which we train a single model respectively using only edge maps or sketches from all 14 categories.

1.9.2 Scene-level Image Generation 

There is no existing approach which is specifically designed for image generation from scene-level freehand sketches. SketchyGAN was originally proposed for object-level image generation from freehand sketches. Theoretically, it can also be used for the scene-level freehand sketches. pix2pix is a popular general image-to-image model which is supposed to be applied in all the image translation tasks. We therefore use SketchyGAN and pix2pix  as the baseline methods. Since we have 14081 pairs of {scene sketch, scene image} examples, it is intuitive to directly train the pix2pix and SketchyGAN models to learn the mapping from sketches to images. We therefore conducted the experiments on the entities with lower resolutions, e.g., 128×128. We found that the training of either pix2pix or SketchyGAN was prone to mode collapse, often after 60 epochs (80 epochs for SketchyGAN), even all the 14081 pairs of {scene sketch, scene image} examples from the SketchyCOCO dataset were used. The reason may be that the data variety is too huge to be modeled. Even the size of 14K pairs is still insufficient to complete a successful training. However, even with 80% the 14081 pairs of {foreground image & background sketch, scene image} examples, we can still use the same pix2pix model for background generation without any mode collapse. This may be because the pix2pix model in this case avoids the challenging mapping between the foreground sketches and the corresponding foreground image contents. More importantly, the training can converge fast because the foreground image provides sufficient prior information and constraints for background generation. 
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Scene-level comparison
Comparison with other systems. We also compare our approach with the advanced approaches which generate images using constraints from other modalities. 

· GauGAN: The original GauGAN model takes the semantic maps as input. We found that the GauGAN model can also be used as a method to generate images from semantic sketches where the edges of the sketches have category labels as shown in the 7th column of Fig. 7. In our experiments, we test the public model pre-trained on the dataset COCO Stuff. In addition, we trained a model by taking as input the semantic sketches on our collected SketchyCOCO dataset. The results are shown in Fig. 7 columns 6 and 8. 

· Ashual et al.: the approach proposed by Ashual et al. can use either layouts or scene graphs as input. We therefore compared both of the two modes with their pre-trained model. To ensure fairness, we test only the categories included in the SketchyCOCO dataset and set the parameter of the minimal object number to 1. The results are shown in Fig. 7 columns 2 and 4.
1.9.3 The Fused GAN: Formulation 

In order to disentangle the generation of structure and style, our method comprises of two fused stages. The first stage performs an unconditional image generation, and produces a feature map which acts as a structure prior for the second stage. The second stage then generates the final conditional image (i.e., the image that match the style defined by the text description) using this structure prior and the condition as the inputs. It must be noted that there is no explicit hierarchy in stage one and stage two. Both stages can be trained simultaneously using alternating optimization. We use text-to-image synthesis as an example for providing the details of our approach which can be easily extended to other tasks such as attribute-to-face synthesis. 

1.9.3.1 Stage One: Learning a Structure Prior 

Our first stage is a GAN which generates bird images from a random noise vector, and also in the process produces a intermediate representation serving as a structure prior for the second stage. It contains a generator G1 and a discriminator Du, which are pitched against each other in a two player min-max game. In the min-max game, the generator tries to fool the discriminator by generating birds as close to real as possible, whereas the discriminator tries to differentiate between them. G1 and Du are both differentiable functions such as deep neural networks and the training is done by optimizing the min-max loss function min G1 max Du V (Du, G1) = Ex∼pdata [log Du(x)] + Ez∼pz [log(1 − Du(G1(z)))]. (1) Since we would like to first generate a structure prior, we split the generator G1 of stage one into two modules: Gs and Gu. Gs takes a noise vector z as the input. After a series of convolution and upsampling operations, it generates a structure prior Ms. Gu then takes the structure prior as input and again after a series of upsampling and convolutions, generates the final image. Accordingly, G1 in the min-max objective function as presented in 1, is further decomposed to Gs and Gu, i.e., Ms = Gs(z), G1(z) = Gu(Ms). (2) where Ms is an intermediate representation. It captures all the required high level information for creating a bird such as the posture and structure. Therefore, it acts as a structure prior that dictates the final shape of the bird. Since the posture and structure information is independent of the style, it could be reused in the second stage to synthesize a bird that matches the description. The advantage of this first stage is that it does not require any paired training data. It can be trained using large datasets containing just the images of the target concept, such as birds for example, which helps in learning an improved structure prior. 

1.9.3.2 Stage Two: Stylzing with the Structure Prior

In the second stage, we use a CGAN for generating birds that match the description. Different from the traditional CGAN pipelines, whose input include the condition (i.e., the text description) and the random noise vector, we feed the structure prior Ms from stage one and the text description as inputs to the conditional generator Gc. Similar to CGAN, the discriminator Dc of stage two takes an image and condition as inputs to ensure that Gc generates images that match the description. The Ms acts as a template and provides additional signal to the generator of stage two. This forces the generator to synthesize birds that not only match the description but also preserve the structure information contained in it. Therefore, instead of learning from scratch, Gc builds on top of Ms by adding styles to it using the text description. Note that the Ms could also have its own style information from stage one. However, because both the generator and discriminator in stage two takes the text description as inputs, the Gc ensures that the style of the generated image is that of the description and not Ms In this way, the tasks are divided among Gs, Gu and Gc, where Gs is responsible to learn the overall image structure, and Gu and Gc focus on taking the structure information and generating unconditional and conditional images, respectively.
1.9.4 The Fused GAN: Learning and Inference 

In this section, we provide the details of training our FusedGAN pipeline, as well as the inference procedures. We first present the notation used to describe the training algorithm and then details of the architecture and the inference steps. Learning. Let z ∈ IRd×1 be a noise vector sampled from a normal distribution, i.e., z ∼ N (0, I), where d is the dimensionality of the latent space; Gs(z, θs) be the generator that generates the structure prior Ms ∈ IRs×s×k ; Gu(Ms, θu) be the unconditional image generator that takes the structure prior Ms as input and generates a target image xuf ; and Du(x, θdu) be the unconditional image discriminator that takes a real image xr or a generated image xuf as inputs. For the conditional image generation pipeline, let E(θe, y) be the text encoder that takes a text embedding y ∈ IRp×1 as the input, and produces a tensor My ∈ IRs×s×q . To achieve this, inspired by the StackGAN [18], condition augmentation is performed to sample latent variables ˆc ∈ IRq×1 from an independent Gaussian distribution N(µ(y), Σ(y)) around the text embedding. The ˆc is then spatially repeated to match the spatial dimension of Ms to produce My. We denote Gc(My, Ms, θc) as the conditional generator that takes My and Ms as inputs to generate xcf , the conditional image. Similarly, Dc(x, y, θdc) is the conditional image discriminator which takes a real image xcr, or a conditional image xcf along with the condition y as inputs. Both real or generated images are of size IRN×N×3 . The standard alternating optimization method is used to train our model. We train the conditional and unconditional pipelines in alternating steps till the model converges. The model parameters are updated by optimizing the combined GAN and CGAN objectives, i.e., LGu = log Du(Gu(z)), LDu = log Du(x), LDc = log Dc(x, y), LGc = log Dc(Gc(My, Ms), y) + λDKL(N(µ(y), Σ(y))kN(0, I)) (4) Inference. During inference, for generating a conditional image, we first draw a noise sample z from N(0, I), which is passed through Gs to generate the structure prior Ms. Ms then takes two paths, one through the generator Gu to produce an unconditional image xuf . In the second path, we first send the text input through the encoder E, which draws a sample from the Gaussian around the text embedding. The output of E and Ms are concatenated, and passed through Gc to generate the conditional image xcf . Note in this process, we have two random noise vectors from 1) N(0, I) and 2) the distribution of the input text N(µ(y), Σ(y)), which are two control factors over the sampling procedure. In other words, in one inference step, we synthesize two images : xcf the conditional image and xuf the unconditional image, a byproduct of our model which helps to analyze and better understand our proposed model and the results. Further details about the architecture and algorithm are presented in the supplementary material.
1.10 Style Transfer with CNN 

Texture synthesis has long been a challenging task. Traditional methods can only imitate repetitive patterns. Recently, Gatys et al. studied the use of CNN in style representation, and proposed a method for transferring the style of one image (referred to as the style image) to another (referred to as the content image). In their method, a target style is first computed based on features extracted from the style image using the VGG-Network. An output image is then generated by iteratively updating the content image and minimizing the difference between its style and the target style. Justin et al. further accelerated this process by learning a feed forward CNN in the training stage. These methods represent styles by a multi-scale Gram matrix of the feature maps. Since the Gram matrix only cares about global statistics, local structures may be destroyed when the style image is very different from the content image. Although this may not be a problem in transferring artistic styles to images, this will definitely produce noticeable artifacts in the face sketch as people are very sensitive to the distortions of the facial features. In, Chen and Schmidt proposed a different patch based style transfer method which is better at capturing local structures. However, it is still far from satisfactory to be employed in face sketch synthesis. Our style transfer approach is inspired by but different from the above work  in that our tar get style is computed from image patches of many different images rather than from just one single image. 

1.11 Style Representation 

Following the work of, we use Gram matrices of VGG-19 feature maps as our style representation. Denote the vectorized cth channel of the feature map in the lth layer of the final sketch. A Gram matrix of the feature map in the lth layer is then defined by the inner products between two channels of this feature map is the number of channels of the feature map in the lth layer. Since is an inner product between two channels of the feature map, a Gram matrix is actually a summary statistics of the feature map without any spatial information. Empirically, a Gram matrix of the feature map captures the density distribution of a sketch. For example, if a given style (sketch) image has much less hair than the test photo, the synthesized sketch X will become brighter than a natural sketch. Thus it is important to have a style (sketch) image which is (statistically) similar to the test photo. Note that, in face sketch synthesis, however, there usually does not exist a single photo-sketch pair in the training set that matches all properties of the test photo. How to compute a target style for the synthesized sketch X is therefore not trivial, and is the key to the success of this approach.

CHAPTER 2
LITERATURE SURVEY

1. AUTHOR NAME: Phillip Isola Jun-Yan Zhu Tinghui Zhou Alexei A. Efros, 
TITLE NAME: “Image-to-Image Translation with Conditional Adversarial Networks”
These networks not only learn the mapping from input image to output image, but also learn a loss function to train this mapping. This makes it possible to apply the same generic approach to problems that traditionally would require very different loss formulations. We demonstrate that this approach is effective at synthesizing photos from label maps, reconstructing objects from edge maps, and colorizing images, among other tasks. Indeed, since the release of the pix2pix software associated with this paper, a large number of internet users (many of them artists) have posted their own experiments with our system, further demonstrating its wide applicability and ease of adoption without the need for parameter tweaking. Many problems in image processing, computer graphics, and computer vision can be posed as “translating” an input image into a corresponding output image. Just as a concept may be expressed in either English or French, a scene may be rendered as an RGB image, a gradient field, an edge map, a semantic label map, etc. In analogy to automatic language translation, we define automatic image-to-image translation as the task of translating one possible representation of a scene into another, given sufficient training data. To our knowledge, this is the first demonstration of GANs successfully generating “labels”, which are nearly discrete, rather than “images”, with their continuousvalued variation2 . Although cGANs achieve some success, they are far from the best available method for solving this problem: simply using L1 regression gets better scores than using a Cgan.
2. AUTHOR NAME: Olaf Ronneberger, Philipp Fischer, and Thomas Brox, 
TITLE NAME: “U-Net: Convolutional Networks for Biomedical Image Segmentation”.

There is large consent that successful training of deep networks requires many thousand annotated training samples. In this paper, we present a network and training strategy that relies on the strong use of data augmentation to use the available annotated samples more efficiently. The architecture consists of a contracting path to capture context and a symmetric expanding path that enables precise localization. We show that such a network can be trained end-to-end from very few images and outperforms the prior best method (a sliding-window convolutional network) on the ISBI challenge for segmentation of neuronal structures in electron microscopic stacks. While convolutional networks have already existed for a long time , their success was limited due to the size of the available training sets and the size of the considered networks.The typical use of convolutional networks is on classification tasks, where the output to an image is a single class label. However, in many visual tasks, especially in biomedical image processing, the desired output should include localization, i.e., a class label is supposed to be assigned to each pixel. Moreover, thousands of training images are usually beyond reach in biomedical tasks.
3. AUTHOR NAME: X. Di and V. M. Patel.
TITLE NAME: “Face synthesis from visual attributes via sketch using conditional VAEs and GANs”.

Automatic synthesis of faces from visual attributes is an important problem in computer vision and has wide applications in law enforcement and entertainment. With the advent of deep generative convolutional neural networks (CNNs), attempts have been made to synthesize face images from attributes and text descriptions. In this paper, we take a different approach, where we formulate the original problem as a stage-wise learning problem. We first synthesize the facial sketch corresponding to the visual attributes and then we reconstruct the face image based on the synthesized sketch. Facial attributes are descriptions or labels that can be given to a face to describe its appearance. In the biometrics community, attributes are also referred to as soft-biometrics. Various methods have been developed in the literature for predicting facial attributes from images. While several methods have been proposed in the literature for inferring attributes from images, the inverse problem of synthesizing faces from their corresponding attributes is a relatively unexplored problem. Visual description-based face synthesis has many applications in law enforcement and entertainment. In contrast to the above mentioned methods, we propose a different approach to the problem of face image reconstruction from attributes. Rather than directly reconstructing a face from attributes, we first synthesize a sketch image corresponding to the attributes and then reconstruct the face image from the synthesized sketch. Our approach is motivated by the way forensic sketch artists render the composite sketches of an unknown subject using a number of individually described parts and attributes. In particular, the proposed framework consists of three stages. In the first stage, we adapt a CVAE-based framework to generate a sketch image from visual attributes. The generated sketch images from the first stage are often of poor quality.
4. AUTHOR NAME: Y. Lu et al., 

TITLE NAME: “Image generation from sketch constraint using contextual GAN”

In this paper we investigate image generation guided by hand sketch. When the input sketch is badly drawn, the output of common image-to-image translation follows the input edges due to the hard condition imposed by the translation process. Instead, we propose to use sketch as weak constraint, where the output edges do not necessarily follow the input edges. We address this problem using a novel joint image completion approach, where the sketch provides the image context for completing, or generating the output image. We train a generated adversarial network, i.e, contextual GAN to learn the joint distribution of sketch and the corresponding image by using joint images. Image translation generates impressive photographic results in a variety of applications demonstrated in [9]. Common approaches of conditional generated adversarial networks (cGAN) incorporate hard condition like pixel-wise correspondence [9] alongside the translation process, which makes the output strictly align with the input edges. This can be highly problematic in sketch-to-image generation when the input is a free-hand sketch. Our goal of sketch-to-image generation is to automatically generate a photographic image of the hand-sketched object. Even a poorly drawn sketch allows non-artists to easily specify an object’s attributes in many situations which may be clumsy to specify in verbose text description. On the other hand, the translation should respect the sparse input content, but might need some deviation in shape to generate a realistic image. In order to tackle these challenges, we propose a novel contextual generative adversarial network for sketch-to-image generation. We pose the image generation problem as an image completion problem, with sketch providing a weak contextual constraint.
5. AUTHOR NAME: C. Chen, X. Tax, and K. Wong
TITLE NAME : “Face sketch synthesis with style transfer using pyramid column feature”

In this paper, we propose a novel framework based on deep neural networks for face sketch synthesis from a photo. Imitating the process of how artists draw sketches, our framework synthesizes face sketches in a cascaded manner. A content image is first generated that outlines the shape of the face and the key facial features. Textures and shadings are then added to enrich the details of the sketch. We utilize a fully convolutional neural network (FCNN) to create the content image, and propose a style transfer approach to introduce textures and shadings based on a newly proposed pyramid column feature. We demonstrate that our style transfer approach based on the pyramid column feature can not only preserve more sketch details than the common style transfer method, but also surpasses traditional patch based methods. Face sketch synthesis has drawn great attention from the community in recent years because of its wide range of applications. For instance, it can be exploited in law enforcement for identifying suspects from a mug shot database consisting of both photos and sketches. Besides, face sketches have also been widely used for entertainment purpose. For example, filmmakers could employ face sketch synthesis technique to ease the cartoon production process. Textures and shadings are then added to regions such as hair, lips, and bridge of the nose to give the sketch a specific style. Based on the above observation, and inspired by neural style transfer [5], we propose a new framework for face sketch synthesis from a photo that overcomes the aforementioned limitations. In our method, a content image that outlines the face is generated by a feed-forward neural network, and textures and shadings are then added using a style transfer approach. Specifically, we design a new architecture of fully convolutional neural network (FCNN) composed of inception layers [12] and convolution layers with batch normalization [6] to generate the content image.
2.1 EXISTING SYSTEM

· This would give a distribution matching error that could be used to update the network via back propagation. This direct method is practically very complex to implement.
· A GAN has three primary components: a generator model for generating new data, a discriminator model for classifying whether generated data are real faces, or fake, and the adversarial network that pits them against each other.
· The generative part is responsible for taking N-dimensional uniform random variables (noise) as input and generating fake faces. The generator captures the probability P(X), where X is the input.
· The discriminative part is a simple classifier that evaluates and distinguished the generated faces from true celebrity faces. The discriminator captures the conditional probability P(Y|X), where X is the input and Y is the label.
2.1.1 Disadvantages of existing system
· Human-made sketches may be ambiguous and unclear.  

· The primitive sketches of a target may be black and( white or monochrome. 

· Features which are colour dependent will not be significant.  

· Some features can be changed by culprit/target. E.g.( hair colour, hairstyle, etc.  

· Face recognition by humans takes more time if the( target face has to find a match without a database.
2.2 PROPOSED SYSTEM
· Similar to face hallucination reconstruction, we propose anew network based on GAN. 

· In the feature extraction stage,we extract profile information and high-level semantic information from sketch images and attribute vectors. 

· A combination of GAN and Skip connection layers are used in all the generator. 

· Each output of the convolution layer is passed to the back convolution layer and simultaneously concatenated to the next concatenation layer.
2.2.1 Advantages of proposed system
· Easy recognition  

· Accommodates ambiguous input faces 

· Efficient with increased use

· Fast and accurate results

· Scope for broader applications
2.3 FEASIBILITY STUDY
The feasibility of the project is analyzed in this phase and business proposal is put forth with a very general plan for the project and some cost estimates. During system analysis the feasibility study of the proposed system is to be carried out. This is to ensure that the proposed system is not a burden to the company.  For feasibility analysis, some understanding of the major requirements for the system is essential.

Three key considerations involved in the feasibility analysis are:

· Economical feasibility

· Technical feasibility

· Operational feasibility

2.3.1 Economical Feasibility
This study is carried out to check the economic impact that the system will have on the organization.  The  amount  of  fund  that  the  company  can  pour  into  the  research  and development of the system is limited. The expenditures must be justified. Thus the developed system as well within the budget and this was achieved because most of the technologies used are freely available. Only the customized products had to be purchased.

The economic feasibility based on the terms of:

· Time

· Cost

· Man power

2.3.2 Technical Feasibility
This study is carried out to check the technical feasibility, that is, the technical requirements of the system. Any system developed must not have a high demand on the available technical resources. This will lead to high demands on the available technical resources. This will lead to high demands being placed on the client. The developed system must have a modest requirement, as only minimal or null changes are required for implementing this system.

2.3.3 Operational Feasibility
The aspect of study is to check the level of acceptance of the system by the user. This includes the process of training the user to use the system efficiently. The user must not feel threatened by the system, instead must accept it as a necessity. The level of acceptance by the users solely depends on the methods that are employed to educate the user about the system and to make him familiar with it. His level of confidence must be raised so that he is also able to make some constructive criticism, which is welcomed, as he is the final user of the system.

CHAPTER 3
SYSTEM SPCIFICATION
3.1 HARDWARE REQUIREMENTS:
· Keyboard
· Mouse
· Hard disk 500GB
· Ram 4 Gb 
3.2  SOFTWARE REQUIREMENTS:
· Google Colobaratory 
· Python
· Keras

CHAPTER 4
SYSTEM DESIGN AND DEVELOPEMENT

DATA FLOW DIAGRAM
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CHAPTER 5
TESTING AND IMPLEMENTATION

5.1 TESTING

 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 5.1.1Unit Testing


Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

5.1.2 Block Box Testing

Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.

5.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 

CHAPTER 6

CONCLUSION
CONCLUSION
In image to image and text to image, there are already many excellent algorithms and networks, and they all can generate clear images. However, in the field of face generation, it is difficult to generate a satisfactory face due to the specialty of the face which need more texture details and color information. Regarding the sketch to face problem as face hallucination super-resolution reconstruction, we propose a more suitable network according to the change of tasks. We adds attribute information into feature extracting, and makes better use of these advanced semantic information. Meanwhile our network applies skip-connection skills. These all make the generated face image more realistic and closer to the photographic. And the effect of the proposed method is excellent, especially in the generation of local features.

FUTURE SCOPE 
· Obtaining a photo realistic image from a sketch image

· Generate real images of a person from a input of sketch without spending much money and time

· This model will be very useful for law enforcers
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