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ABSTRACT Text to face generation is a sub-domain of text to image synthesis. It has a huge impact on
new research areas along with the wide range of applications in the public safety domain. Due to the lack of
dataset, the research work focused on the text to face generation is very limited. Most of the work for text
to face generation until now is based on the partially trained generative adversarial networks, in which the
pre-trained text encoder has been used to extract the semantic features of the input sentence. Later, these
semantic features have been utilized to train the image decoder. In this research work, we propose a fully
trained generative adversarial network to generate realistic and natural images. The proposed work trained
the text encoder as well as the image decoder at the same time to generate more accurate and efficient results.
In addition to the proposed methodology, another contribution is to generate the dataset by the amalgamation
of LFW, CelebA and locally prepared dataset. The dataset has also been labeled according to our defined
classes. Through performing different kinds of experiments, it has been proved that our proposed fully trained
GAN outperformed by generating good quality images by the input sentence. Moreover, the visual results
have also strengthened our experiments by generating the face images according to the given query.

INDEX TERMS GAN, CNN, text to face, image generation, face synthesis, data augmentation, legal identity
for all.

I. INTRODUCTION
Generating images using the text description is one of most
challenging and important tasks in machine learning. This
task involves handling the language modalities problems
which include the control andmanagement of incomplete and
ambiguous information using the natural language processing
techniques and algorithms. After that, this information is
used to learn by computer vision approaches and algorithms
Currently, it is one of the latest research domains in computer
vision.

The associate editor coordinating the review of this manuscript and

approving it for publication was Pengcheng Liu .

Generating images from text is the opposite process of
image captioning and image classification, where text and
caption are generated from images. Just like the image cap-
tions, text to image generation helps to find context and rela-
tionship between the image and the text along with exploring
human visual semantics. Moreover, it has a large number of
applications in art, designs, image retrieval and searching.
Currently, most of the methods for generating images from
the text are based on the traditional method in which the
pre-trained text encoder has been utilized to get the semantic
vector from input descriptions. Based on the semantic vec-
tors, conditional GAN is trained to generate realistic face
images. Although this method generates high-quality face
images, they split the training method into two steps; train the
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text encoder and image decoder separately. Most of the
generative adversarial networks focus on the generation of
the synthesized images using the sentence level information.
Generating the images using the sentence level information
probably has chances of information loss at word level. As a
result, the accurate images cannot be generated [1], [2]. Most
of the work which was done for the problem of ‘‘ Text
to Image’’ generation is based on simple dataset problems
such as birds [3] and flowers [4]. However, the work that
mapped the objects along with scenes was very limited.
To overcome this problem, [2] utilized the AttnGAN, they
were failed to achieve good results as their output image
was semantically not meaningful. They tried to explore the
COCO dataset and mapped the object along with the scene
with the sentence-level information. However, the object and
word-level information was still missing.

FIGURE 1. Two images for text to image synthesis system that is
referenced with same input sentence.

Text to face image generation is the subdomain of the
text to image generation, where the ultimate goal is to gen-
erate the image using the user-specified description about
the face. So, there are two major tasks of generating face
images from text. Fig. 1 shows the input and output for a
text to image synthesis system. It can be observed that text
to face synthesis involves generating high-quality images
and generating the appropriate images related to the given
description. This task of generating the face images from the
text description is more relevant to the public safety tasks.
For example, we consider the scenario of the crime scene.
In most of the cases, the witness of the crime scene has
appeared before the law enforcement agencies to help in
drawing the portrait of the suspected criminal. The witness
tells the description of the criminal to the portrait maker, then
he/she draws the portrait of the criminal on the drawing board.
The proposed work will help to automate the whole task by
negating the role of the portrait maker. The manual work is
tedious and time-consuming and requires professional knowl-
edge and experience. Thus, this work will be helpful for
law-enforcement agencies.

There are different datasets available for text to image
syntheses, like CUB [5], Oxford102 [6], and COCO [7]. But
there is no standard dataset, which is available for text to
face generation. The work is done in the domain of text to

face generation is very limited. In this paper, a self-generated
dataset is also presented with the help of the google image
search and two publically available datasets for face to text
generation.

The main motivation behind this research work is to
generate the synthesized images of the face based on the
text description. The proposed algorithm in this paper has
ensured to generate high-quality images by preserving the
face identity. Moreover, it is also capable of generating the
exact images based on the given descriptions. This research
work has also been utilized in many industrial applications
like automatic sketch making of the suspected face in crime
investigation departments.

We have made the following contributions in our paper.

1. Generating the dataset related to the text to face images.
2. Proposed a Fully Trained Generative Adversarial Net-

work, which has a trainable text encoder as well as a
trainable image decoder.

3. Two discriminators are proposed to utilize the strength
of joint learning.

4. Generating the photo-realistic images of the faces from
the description by preserving details.

The rest of the paper is organized as follows; Literature
survey has been discussed in section II, proposed method-
ology and framework design have been briefly discussed in
section III. Whereas, dataset description and experimental
analysis described in IV and V, respectively. Paper has been
concluded in Section VI.

II. LITERATURE SURVEY
Two domains are related to the work. The first one is the text
to image synthesis and the second one is the text attributes to
face generation. Both domains are discussed one by one as
follow;

A. TEXT TO IMAGE GENERATION
There are a lot of frameworks available for the text to image
generation. These frameworks are based on the encoding
through the encoder and decoding through decoder also by
using the conditional GAN. The text is encoded through an
encoder that processes sequential information of text and
the image is decoded using the spatial decoder. The text
encoder encodes the input description into the semantic vec-
tors, whereas the image decoder uses these semantic vectors
to generate the natural and realistic images. There are two
basic purposes of the text to image synthesis, the first one is
to generate the natural and realistic images and the second one
is to make sure that generated images are related to the given
description. All basic algorithms and procedures for text to
image generation are based on this rule of thumb.

From the past few years, the work on the generative
network has been boasted up for image synthesis. Kingma
et.al [8] utilized the stochastic backpropagation to train the
auto-variational encoder for data generation purposes. Since
the birth of the generative adversarial network, which was
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proposed by Goodfellow et al. [1] researchers have studied
and researched it widely. The very first task which focused
the text to image generation has been done by Reed et. al. [9].
They have utilized the conditional GAN to build the two
end to end network for text to image generation. They have
obtained the semantic vectors from the text by using the pre-
trained Char-CNN-RNN and used these vectors to decode
the natural images using the decoder which is very similar
to DCGAN [10].

After that, researchers have started to make further
progress in this particular domain [11]. Zhang et al [12] pro-
posed the StackGAN, which is based on two stages and gen-
erates high-quality images with the improved inception score.
Till then, researchers were able to generate high-quality
images. The focus at that time shifted to improve the simi-
larity between the text and images. Reed et.al [13] proposed
a network that generates images based on the first generated
box. This produced more efficient and accurate results on
the output images. Sharma et.al. [14] introduced the mech-
anism of dialogue to enhance the understanding of the text.
They claimed that the method helped them to achieve good
results for the image synthesis relevant to the input text.
Dong et al. [11] proposed and introduced a new approach for
the image to image and text to image generation. Moreover,
they also introduced the training mechanism of image-text-
image. They first generated the text from the images, and then
this text was used to generate the images.

The attention-based mechanism has gained a lot of suc-
cess in the image and text-related tasks. Researchers have
also utilized the attention mechanism in generating text to
image task. Xu et al. [15] first utilized the attention mech-
anism to generate the images from the text. They have intro-
duced the AttnGAN to generate high-quality images from the
text by applying natural language processing techniques and
algorithms. Qiao et al. [16] proposed the approach, which
was based on the global-local collaborative attention model.
Zhang et.al [17] proposed an approach that was based on
visual semantic similarity. So, as a conclusion, we can say
that these researchers currently have focused to boost up the
consistency between the generated images and input text.

B. TEXT TO FACE GENERATION
Since the invention of the GAN, which was proposed by
Goodfellow [1] in 2014, image synthesis using deep learning
techniques become the hot topic of research [18]. There are
two large scale datasets which are publically available for
face synthesis task. These datasets are the CelebA [19] and
LFW [20]. Face synthesis is very popular among the research
community. Most of the state of the artwork has tested their
model capabilities and abilities for face synthesis using the
GAN and conditional GAN. DCGAN [21], CycleGAN [22],
Pro-GAN [6], BigGAN [16], StyleGAN [10], StarGAN [9]
are the examples of this problem. The quality of the generated
face images is improving day by day with the development in
the generative adversarial networks.

Some of the networks can generate good quality face
images with a size of 1024 × 1024. These face images are
much larger than the original images present in the face
dataset. These described models first learned through the
noise vector with the help of mapping and followed the
normal distribution to generate the natural images of the face.
However, they are not able to generate an accurate and precise
face based on the input description.

To overcome and tackle this problem, many researchers
have worked on different directions of face synthesis. These
directions include converting the face edges into the natural
face images [23], swapping the facial attributes of two dif-
ferent face images [24], generating the face with the help
of the side face [25], generating the face with the help of
the human eye’s region [26], draw sketches from the human
face [27], face make-up [28] and many more. But as per our
best knowledge, no one combined the different face-related
information in a single methodology to generate the natural
and realistic face images.

Some of the researchers have also worked on the face
generation through the attributes description. Li et. al [32]
proposed the work, in which they generated the face with
the help of the attribute description by making sure that
they preserve the identity of the face. The drawback of
their proposed methodology is that it is only applicable
to those faces which can be generated using the simple
attributes. Another work named TP-GAN [33] has been pro-
posed by the researchers. In this work, they have proposed
the generative adversarial network based on the two path-
ways. They synthesized the frontal face images using the
proposed network. Although they succeeded to generate the
good results but required a large amount of labeled data of
frontal faces. Some of the researchers have also explored
the disentangled representation learning for face synthesis
using the defined attributes of the face. DC-IGN [34] has
proposed the variational auto-encoder using the patterns and
techniques of disentangled representation learning. However,
the major drawback of this work is that it only tackles one
attribute in particularly one batch. It makes it computation-
ally weak as well as it also requires the large explicitly
annotated data for training. Luan et. al [35] proposed the
algorithm, which they named as the DR-GAN. It is used
for the learning purpose of generative and discriminative
representation of face synthesis. Their proposed work was
based on the poses of the face and did not focused on
specified face attributes. However, our proposed framework
makes sure to preserve the identity of the generated image
by incorporating all the attributes information related to
the face.

As per our best knowledge and based on the literature
survey, the work on the face generation through the attribute
description using the generative adversarial network is very
less. Most of the work on this problem is done on the limited
scope and failed to generate impressive results by not pre-
serving the face identity. Moreover, most of the relevant pro-
posed networks have trained the image decoder and used the
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pre-trained text encoder. So, in this work we have proposed
the fully trainable generative adversarial network.

Research gap matrix has also been shown in the Table 1.

TABLE 1. Research matrix of text to face.

III. PROPOSED METHODOLOGY AND
FRAMEWORK DESIGN
In this methodology section, we will describe our proposed
work in detail. Our proposed work is presented in two sec-
tions. In the first section, we discussed, how to encode the
text into the semantic vectors, whereas in the second section
we describe the mechanism of decoding the semantic features
of text into the realistic natural images. A comprehensive
overview of the whole network architecture is also described
in detail. The framework design of our proposed architecture
is based on two streams. In the first portion, the text is
encoded, whereas in the second part image is decoded using
the encoded text embeddings. A text encoder converts the tex-
tual data into a semantic vector. After that, the image decoder
generates realistic images using the semantic features of the
text, which is encoded by the text encoder. Currently, most
of the text to image generation techniques of the generative
adversarial network is based on the training of the separate
modules. They trained the text encoder and image decoder
separately. They have utilized the pre-trained text encoder or
fully trained the text encoder for the training purpose of the
image encoder. Whereas, in our proposed work, the entire
framework is trained with text encoder and image encoder
at the same time. The design of our fully trained generative
adversarial network has been shown in Fig. 2. The training
mechanism has also been incorporated on the text encoder to
generate natural and realistic images. As shown in Fig. 2, our
proposed architecture based on the auto-encoder and decoder
framework. The encoder firstly encodes the sequences of
input sentences to the semantic vector and using these vec-
tors, natural images are generated. Both of these tasks have
equal weights and importance in the text to image synthesis.
The reason behind not utilizing the pre-trained text encoder
because it has a direct link with the upper limits of image
decoder and it affects the accuracy to generate the quality
images. Themain task of text to image synthesis is to generate
high-quality images which is relevant and according to the
input sentence. Utilizing the pre-trained text-encoder can

FIGURE 2. Design of our fully trained generative adversarial network.

generate realistic images to some extent. However, we cannot
confirm that generated images are according to the input text
without human evaluation or realistic. Because the images are
generated based on the semantic vectors, which have been
extracted using the pre-trained text encoder. So, to generate
good results, training of both text decoder and image encoder
is performed concurrently.
The Architecture of Our Proposed Fully Trained Gener-

ative Adversarial Network: In this section, we describe the
details of our proposed fully trained generative adversarial
network. Fig. 2 depicts the pictorial representation of our
network architecture. From Fig. 4 and Fig. 5, it clearly states
that our proposed architecture of conditional GAN is based on
one generator and two discriminators. The generator contains
the trainable encoder and decoder, and it is the backbone of
our proposed architecture for text to image task. It has been
divided into two parts; first one is the text encoder and the
second one is the image decoder. The details of these sections
are as follows;

A. TEXT ENCODER
In our proposed work, text encodings have been extracted
using the bidirectional LSTM as shown in Fig. 3. By using the
bidirectional LSTM, we have extracted the semantic features
from the given input text sentence.

In the proposed bidirectional LSTM, each word present in
the sentence is connected with the two hidden states. Each
hidden state corresponds to the one direction. The outputs of
these two hidden states have been concatenated to get the
semantic meaning against each word of the sentence. The
input sentence is encoded in the form of the matrix using
equation 1.

e ∈ RDxT (1)

Here in equation 1, T represents the total number of words
along with the D dimensions. Whereas, e represents the fea-
ture vector for the ith word present in the sentence. Firstly,
each word embedding has been extracted to get the semantic
features, which later become the input of the image genera-
tion process. The input to the image decoder for the image
generation process is not in the form of a single word embed-
ding of the sentence. So, to feed the image decoder network,
the outputs of the last hidden states of the bidirectional LSTM
have been concatenated and passed to the image decoder
network.
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FIGURE 3. Text encoder.

FIGURE 4. Image decoder.

The states of Bidirectional LSTM have been concatenated
on the global sentence vector using the following equation 2.

C ∈ RD (2)

Here in equation 2, C represents the semantic vector, which
is concatenated with some noise having some dimensions D
to generate the new vector. These generated vectors are fed
as input to the image decoder network.

B. IMAGE DECODER
Our proposed convolution neural network is based on the
three blocks as depicted in Fig. 4. Each block contains
the 3 deconvolution layers. So, we have total 3 blocks and
9 deconvolution layers, which upsample feature map twice to
its original size. The layers present into the blocks take the
input from the encoded features of text as semantic vectors
and generates realistic images. In the first stage, the semantic
vectors are extracted from the text along with the noise con-
catenation and are passed as an input, and then these input
vector is reduced to the 4 × 4 feature map. In all blocks,
deconvolution has been performed on the feature maps. The
up-sampling on the feature map increases the size twice the
feature maps in all three layers of each block. So, the size of
the feature map is up-sampled to 8× 8, 16× 16 and 32× 32.
After performing all the operations, feature maps are passed
to the fully connected layers. In the second and third block,
a similar task of up-sampling has been performed. There is
a fine-tune block between the first, second and third blocks.
Fine-tuning block contains the 3×3 kernel. The up-sampling
block helped in fine-tuning the training parameters. The input
to the second block is the feature map with a size of 64× 64.

The second block contains the same deconvolution layers the
same as the first block and outputs the 128×128 feature map.
Whereas, in the 3rd block, we get the 256×256 featuremap

using the same layer architecture which was previously used
in the first two blocks. After the three blocks of up-sampling
layers, we have generated the 256 × 256 image, which later
is used to calculate the generator loss.

TABLE 2. Generator architecture.

Table 2 shows the architectural detail of our proposed
generator network. It specifies the details of input features,
deconvolution layers, filter size, the output from deconvolu-
tion layers as well as the output features from the defined
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FIGURE 5. Discriminator networks.

three blocks of the architecture. This output is further passed
to the discriminator network, to find the effectiveness of the
generated face features.

C. DISCRIMINATOR
We propose a discriminator that measures the realness of
human face region as well as the face features. A gener-
ated image along with its sentence encoding is passed to
the CNN network that extracts the low-level region features
using attention mechanism to be compared with ground truth
image. The attention layer is added that allows convolution
layers of discriminator to attend the region based features of
eyes, nose, lips as well as entire facial features. Two stream
discriminator network is designed as shown in Fig. 5.

The red box explains the attention-based discriminator
D0 network and the yellow box explains another discrimi-
nator network D1. In discriminator D0, an attention vector
is initialized to focus on eye regions, lips region and nose
region. Semantic vector representation from original sentence
corresponding to these features is concatenated to attention
features and then passed to succeeding convolutional layers.

Finally, the unconditional probabilities are computed to
determine the correctness of local facial features. There are
three convolutional layers combined with batch normaliza-
tion layer and max-pooling layer. These layers minimize the
feature representation of facial image with size 64× 64× 3.
Each convolution layer applies a convolution of filter size
4 × 4. Also, the max-pooling layer applies 2 × 2 sized filter
to pool the strong weights. The semantic sentence vector is
passed to second convolutional layer set. Since the vector rep-
resentation of entire face features is also computed tomeasure
the consonance of local features. Three sets of convolutional
layers are adopted here with a convolution filter of size 4× 4
and max pool filter of size 2 × 2. Discriminator D1 has the
same architecture as the D0 without the attention layer. Final
loss can be computed as a sum of two losses that are measured
in an adversarial manner.

losstotal = lossD0 + lossD1 (3)

where in equation 3, lossD0 is the cross-entropy loss for D0
and lossD1 is for D1. These losses are computed based on the

unconditional probabilities pt0 and p
t
1 at the output neuron of

D0 and D1, respectively.

pti (źi) =
eźi∑N
n=1 e

źi
(4)

Eq. 4 shows the computation of probability score where z∧i
depicts the output of last dense layer and N is number of out-
put classes. Training is performed in adversarial manner using
both of these losses hence generator loss can be described as
follows.

lossGAN (z, x̂)y =
N∑
n=1

− log
(
D0
(
G
(
z, x̂

)))
+

N∑
n=1

− log
(
D1
(
G
(
z, x̂

)))
(5)

In this Eq. 5, z denotes the input noise vector, x̂ denotes sen-
tence encoding and N is number of data samples. Where D0
andD1 are the two discriminators, one with the attention layer
and the other one is without the attention layer, respectively.

IV. DATASET
In each deep learning-based technique, dataset is meant to be
the backbone. If there is no standard and meaningful data,
then we cannot generate accurate and precise results. For text
to face synthesis, currently there is no standard dataset avail-
able. In this paper, we have also contributed to the generation
of dataset. Multiple publically available datasets are explored
that contain face images like Celeb [19], LFW [20] etc.
Moreover, we have also generated and gathered the images
of Asian people to enhance the dataset. We have defined the
categories in our proposed research work based on gender,
age, hair, eyes, ethnicity attributes. Dataset has following
categories in gender;

1) Male
2) Female

Whereas for the age information, dataset has included follow-
ing information;

1) Young
2) Adult
3) Old
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TABLE 3. Statistics of self-generated and collected dataset.

FIGURE 6. Samples frames from dataset.

For hair and eyes, following colors are considered;
1) Black
2) Brown

Dataset has been annotated on to the following emotions;
1) Happy
2) Sad

In the last for ethnicity, following attributes are selected;
1) Black
2) White
3) Brown

Dataset has been prepared by manually extracting the images
from the LFW [20] and Celeb [19] dataset and then carefully
annotating them using above predefined categories. A team
was established for data generation purpose. This team
included the five interns and two full time-domain experts.
This process took approximately five weeks. We have gath-
ered and annotated 11,000 images against defined classes.
Images are pre-processed before feeding them to the pro-
posed network.

Pre-processing involves the removal of bad quality images,
resizing each image to (256,256) and image enhancement.
Table 3 represents the statistics of the self-generated dataset
corresponding to each class with gender classes taken as
reference. Some frames from our dataset have been shown
in the Fig. 6. We will soon make this dataset available for the
research community.

FIGURE 7. Three generated images are shown in correspondence with
same input text.

TABLE 4. Comparison with other face generation model using FSD and
FID Criterion.

V. EXPERIMENTAL ANALYSIS
This section discusses the extensive experimental analysis
that has been carried out to evaluate the performance of
proposed GAN network. We have illustrated the compari-
son of our proposed GAN with state of the art text to face
generation models and proved the efficiency of our proposed
model. Later, qualitative assessment has been performed on
synthesized images by human resources. The proposed net-
work has been trained on a single Nvidia 1080Ti GPU with
11 GB memory. The model was trained for 500 epochs with
initial learning rate of 0.0001. Adam optimizer is used for
generator and both discriminators to optimize the weights.
In the Fig.7, it is shown that our proposed model can generate
photo-realistic facial images that are very near to the quality
of ground truth images. Based on text, facial features of the
ground truth and synthesized images are compared. Other few
criterions are followed to evaluate the text to face generation.
As the ultimate goal of text to face synthesis is to synthesize
facial images that are correlated to ground truth images. The
comparison is made by calculating the distance between the
features of both images. This distance of facial features is
called face semantic distance (FSD).

This distance is computed by using pre-trained FaceNet
[29] FNET model. FSD can be described as follows

FSD =
1
N

∑N

i=1
|FNET (yi)− FNET

(
ŷi
)
| (6)
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TABLE 5. Five generated images of text-to-face generation model along with the ground truth images. Left column represents the input sentences.

In equation 6, yi is the generated output at each input
i = 1, 2..N (N is the total number of samples) and ŷi is
the ground-truth image. Along with face semantic distance,

we have also compared the Frechet Inception Distance (FID)
[30] of synthesized images to the ground truth images. The
purpose of Frechet Inception Distance is not to anticipate the
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similarity of synthetic images as compared to real images.
The purpose of FID score is to assess the generated images
based on the statistics of group of generated images in com-
parison to the statistics of group of real images. FID is
measured by first computing 2048 inception features from
pre-trained inception v3 [36] for real and synthetic images.
FID is described as

d t
((
mg,Cg

)
, (mt ,Ct)

)
=
∥∥mg − mt∥∥22
+Tr

(
Cg + Ct−

(
CgCt

) 1
2

)
(7)

where in equation 7, mg and Cg are the mean and covariance
from the features of generated distribution of GAN and mt
and Ct are the mean and covariance of 2048 features of
ground truth sample distribution. Tr represents the trace of
square matrix. Table 4 shows the comparison of proposed
methodology with other GAN models. From the table 4,
we interpret that the proposed model has FSD value lesser
than FTGAN [31] and AttnGAN [15]. This tells us that
the faces generated by our model are more similar to the
ground truth face images than any of other two techniques.
Moreover, the less FID score for proposed methodology tells
us that mean and covariance of synthetic images by proposed
model has little variation from the mean and covariance
of ground truth real images. Moreover, two-staged Stack-
GAN [4] method was also opted to show the effectiveness
of proposed end-to-end trainable method. We trained Stack-
GAN on our dataset and evaluated it based on FSD and
FID measures. Other than achieving relatively higher FSD
and FID values, two-staged StackGAN took longer time to
converge than the proposed network. Additionally, using two
discriminators proved the effect of joint adversarial learning.
Facial features and entire face aesthetics are compared with
real images to produce photo-realistic synthetic faces.

The synthesized images are also relevant to the textual
description that is given as input. It is clear from Table 5 that
images are accurately related to the description of hair, skin
and eye color. To prove the efficiency of the proposed model,
Table 5 is provided. The results show that the faces gener-
ated by our model are aesthetically appealing and correct
regarding input sentences. Also proposed model generates
images that are of higher resolution i.e. 256 × 256. There
were other generated images from similar text descriptions.
These samples are shown in Fig. 7.

However, Table 5 shows only those generated images that
are similar to ground truth. The top results are shown in the
table 5. For female face, model fuses the makeup specifica-
tions such as lip color and accessories in ground truth image
that cannot be preserved. Tomeasure the realistic high quality
synthetization of proposedmodel, we have alsomonitored the

Peak Noise to Signal Ratio (PNSR). Fig. 8 shows the
increase in the value of PNSR. This ratio gives the quantifi-
cation of the quality of the generated image with comparison
to the ground truth images. Fig. 8 shows the increase in the
quality of generated images such that lower PSNR value on
increasing epochs.

FIGURE 8. Peak signal to noise ratio over 700 epochs of the generator
training.

TABLE 6. Average rating Score of Human Assessment between 1 to 5.

A total of 100 synthetic facial images were shown to
five human volunteers with and without textual description.
Following table 6 shows the average score of the ratings they
did on 100 videos. They were asked to mark the score on the
scale of 1-5 based on the quality of the generated image and
provided a description. It is depicted from the table 6 that
the proposed architecture achieved good results based on the
human assessment.

VI. CONCLUSION
In this paper, we have proposed the fully trained generative
adversarial network for text to face image synthesis. Thework
presents a network, that trained both text encoder and image
decoder for generating good quality images relative to the
input sentences. By performing extensive experiments on the
publicly available dataset, the superiority of our proposed
methodology is proved. Moreover, in this novel task, we have
also contributed towards the text to face generation dataset.
Different publically available dataset along with the locally
generated images have been combined. After that manual
labeling of each image with defined categories has been
performed. The proposed work also presents the details of the
similarity between the generated faces and the ground-truth
input description sentences. Experiments have shown that our
proposed generative adversarial network generates natural
images with good quality along with a similar face compared
to the ground truth labels and faces. We compared proposed
method with state of the art methods using FID and FSD
scores. Proposed model achieved FSD score of 1.118 and
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FID score of 42.62 that is comparatively less than other
benchmark algorithms. Additionally, human ratings for our
generated images are also plausible.

In future, to further improve the quality of images and to
increase to similarity between the description and the gener-
ated faces, we will focus on denser and precise information
related to face for the proposed architecture. This proposed
work has a huge impact on security related domains like
forensic analysis and public safety domain etc.
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