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 ABSTRACT 

Amharic text-to-image generation model using a conditional generative adversarial network 

(CGAN) is a novel concept that can be made possible by advances in deep learning. The aim of 

this study is to develop a model for Amharic text-to-image generation using CGAN algorithm. This 

study employed Experimental research design as study method. For this research, 2575 images of 

clothes and shoes were acquired, and the corresponding Amharic texts were written manually. 

For Amharic text preprocessing, stop word removal, punctuation mark removal, tokenizing the 

text, and creating word embedding using Word2Vec have been done. For image data 

preprocessing, noise removal, image segmentation, image resizing, normalizing, and converting 

to numpy arrays have been done. 80% of the paired Amharic text with the corresponding images 

was used to train the generator and discriminator networks for 1000 epochs and 32 batch sizes of 

data. In training, the generator network achieved 100% accuracy, and the discriminator achieved 

40–50% accuracy, but the discriminator was unable to distinguish the generated images. Finally, 

the generator network trained on the training data has to be tested with the testing data to produce 

fake images to be compared with the tested real images. The generator achieved a Fréchet 

inception distance score of 4.99e+108 and an inception score of 417.2, which indicates the 

quantitative measure of the generated image quality. These numbers indicate that the generated 

images by the trained generator are not comparable with the real images. Training both the 

generator and discriminator at the updated values of parameters is much better than the default 

values of parameters as it is seen in the testing results. It is possible to develop a perfect model for 

Amharic text image generation with enough dataset, enough computational resources, and by 

using other variants of CGAN. 

Keywords: Deep learning, neural networks, Amharic text dataset, Natural language processing 

(NLP)  
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CHAPTER ONE 

Introduction 

1.1 Background of the study 

As many as 100 million people speak Amharic, and it is the official working language of Ethiopia 

[1]. Amharic language is written using an adapted derivation of the Ge'ez script called Fidel[2]. 

Amharic is readily written using Fidel, a Ge'ez script and alphabet in which each character 

represents a consonant vowel order since the consonant defines the form of a letter [3]. Amharic 

has 34 basic letters, each organized in seven orders, in the phonetic language and it is considered 

a highly inflected language, with grammatical markers denoting tense, person, and gender [4].  

Image data refers to the digital illustration of visual information[5]. This data can be stored, 

processed, and transmitted using various formats and technologies, enabling a wide range of 

applications from photography to medical imaging and computer vision. 

A vital part of contemporary digital life is image data, which includes everything from simple 

snapshots to intricate scientific visualizations[6]. To fully utilize picture data across a range of 

industries and technology, one must have a thorough understanding of its types, applications, and 

processing techniques. 

In 2014, Ian Good fellow and associates created a class of machine learning frameworks called 

Generative Adversarial Networks, or GANs[7]. GANs consist of two neural networks: the 

generator and the discriminator. These two networks are trained simultaneously with competing 

objectives: Discriminator determines whether the created data is authentic and can distinguish 

between actual and false instances, while Generator creates new, synthetic data instances that 

mimic the training data.  

By conditioning the generating process on additional input, Conditional Generative Adversarial 

Networks (CGANs) expand on the basic GAN structure[7]. Class labels, data from other 

modalities, or any other kind of auxiliary input could be this information. Generator Generates 

data conditioned on both a random noise vector and the additional information. Discriminator 

evaluates the authenticity of the generated data while considering the additional information. 
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The process of creating an image from a text description is known as text-to-image generation[8]. 

Text-to-image generation has a variety of applications, such as producing images from documents, 

providing visual assistance for visually impaired individuals, creating graphically pleasing editing 

options for web and graphic design projects, creating assisted learning materials, and enhancing 

marketing campaigns [9] . 

A paper published in 2016 [10] was the first original effort in text-to-image generation and one of 

the pioneering studies in text-to-image creation that created visuals from textual descriptions. This 

system includes a real-versus-generated image discriminator network and an image-synthesizing 

generator network. 

Developing a model for Amharic Text-to-Image Generation using a Conditional Generative 

Adversarial Network is a novel concept in computer vision that has been made possible by 

advances in deep learning[11]. 

One of the GAN versions that can produce accurate images from text descriptions is the conditional 

GAN, which enables the creation of intricate and visually appealing images using only a small 

number of descriptive words[12]  

Some researchers are conducted research on Amharic text-image recognition, which means the 

process of recognizing characters in an image that have been written in the Amharic language. For 

example, [13] presented a mixed Attention-Connectionist Temporal Classification (CTC) network 

design. The model consists of an encoder module, attention module, and transcription module in a 

unified framework. The attention mechanism allows for learning powerful representations by 

integrating information from different time steps. The model surpasses modern techniques and 

achieves 1.04% and 0.93% of the character error rate on ADOCR test datasets. 

The authors of the paper [14] proposed a method that can distinguish between handwritten and 

machine-printed text lines in an image of an Amharic document. Additionally, they show what 

happens when a binary support vector machine, which minimizes a margin-based loss rather than 

the cross-entropy loss, is used to replace the final completely linked layer. Based on the outcomes 

of the experiments, binary SVM provides a considerable improvement in discrimination 

performance over fully linked layers. 

The authors of the paper [15] tackled the difficulties with Amharic OCR in two key ways. In their 

first algorithmic contribution, they look at deep learning strategies that can meet the need for 

Amharic OCR. The second is a technical contribution that includes various efforts to develop the 
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OCR model; as a result, it introduced a new Amharic database made up of collections of photos 

with character- and text-level annotations. Additionally, a unique CNN-based framework was 

developed, which achieves an overall character recognition accuracy of 94.97%. Using the Fidel-

Gebeta character encoding, Text-line-level approaches are explored and developed based on 

sequence-to-sequence learning in addition to character-level methods. By doing away with the 

requirement to segment individual characters, these models bypass several of the pre-processing 

steps employed in earlier research. Before the Bi-LSTM layers in this approach, they employed a 

stack of CNNs and train the model from beginning to end. With the ADOCR test set, this model 

outperforms the LSTM-CTC based network with an average CER of 3.75%. They presented a 

unique attention-based methodology by fusing the attention mechanism into CTC objective 

function in response to the success of attention in tackling the issues of long sequences in Neural 

Machine Translation (NMT). With a CER of 1.04 % and 0.93 % on printed materials, this approach 

outperforms the current methods by a significant margin. 

The authors of the paper [16] attempted to create an OCR system for Amharic, one of these rare 

languages with a distinctive script. They enhanced the attention mechanism of the Amharic text-

image recognition system. The efficacy of the proposed attention-based model is evaluated using 

the test dataset from the ADOCR database, which includes printed and artificially created Amharic 

text-line images and achieved a promising results with a CER of 1.54% and 1.17% respectively. 

1.2 Motivation of the Study 

Text-to-image generation is an active area of research and innovation. Through the visual 

representation of traditional stories and practices, research on Amharic text-to-image generation 

using CGANs contributes to the preservation and promotion of Ethiopia's rich cultural heritage. 

By ensuring the inclusion of Amharic-speaking communities in the digital transition, this research 

promotes linguistic diversity in technology. This work advances computer vision and natural 

language processing, especially for underrepresented languages. The production of useful datasets 

and resources for Amharic as a result of this research can be applied to the advancement of AI and 

language technologies. By focusing on Amharic text, we can contribute to the advancement of the 

field and explore new techniques or adaptations that are specifically tailored to the characteristics 

of the Amharic language. Despite being a language with various applications and widely used in 

our country, there are no studies on Amharic text-to-image generation. Text-to-image generation 

models have the potential to bridge the gap between textual descriptions and visual representations. 
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By developing a model specifically for Amharic text, we can explore the unique challenges and 

opportunities associated with generating images from a language with its own linguistic and 

cultural nuances. It can enhance communication and understanding by providing visual 

interpretations of Amharic text. 

1.3 Problem Statement 

Digital content is currently growing exponentially both globally and in the context of Ethiopia 

because of technological advancements. A deep learning model that uses generative modeling 

technology to extract pertinent information in the form of images would be necessary given the 

exponential growth of locally accessible textual data[9]. Text comprehension is getting harder to 

read and visualize[17]. Although Amharic text-to-image generation has many applications, there 

is a shortage of research in this field. The following issues are brought on by the lack of studies on 

Amharic text to image generation.  

Making visual content in Amharic is difficult for those without experience in graphic design or 

image creation. Screen readers used by people with visual impairments cannot be used to view 

Amharic text if there are no associated visuals[18]. 

It is difficult to hold users' attention and effectively communicate a message without the use of 

visual aids. As a result, the absence of such a model leads to low user engagement or 

comprehension of Amharic content. Many cultures place a high value on visual art, and without a 

model for generating Amharic text into images, there is a loss of cultural expression through visual 

means[19]. 

There is a unique writing system in Amharic, including native characters for the language[13]. The 

performance and accuracy of text-to-image generating models are impacted by differences in 

syntax, vocabulary, and textual nuances because these variations should be taken into account [12]  

Several studies are conducted on text-to-image synthesis, particularly for the English language. 

For example, the quality of the generated images and the inception score on the MS COCO dataset 

are both greatly enhanced by the inclusion of a dialogue [20]. The study by [21] built a deep 

learning-based recurrent convolutional generative adversarial network that successfully bridges 

the advancements in text and picture modeling, converting visual notions from words to pixels. 

The text adaptive generative adversarial network was proposed in the study by [22] to produce 

semantically altered images while maintaining text-irrelevant contents. In order to provide high-

quality image generation, the study by [23] constructed ARTIST, a transformer-based Chinese 
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text-to-image synthesizer and Rich linguistic and relational knowledge facts are fed into the model 

to assure better model performance. 

Despite the growing advancements in text-to-image generation using Conditional Generative 

Adversarial Networks (CGANs), there is a notable research gap in applying these technologies to 

underrepresented languages such as Amharic. This gap includes the lack of language-specific 

models, scarcity of annotated datasets, and Amharic-speaking communities have limited access to 

advanced technologies, resulting in reduced educational tools and business support. Addressing 

this research gap not only promotes technological inclusivity but also contributes to the 

preservation and promotion of Ethiopian culture.  

Determining how to organize and preprocess the data into a suitable dataset for the Amharic text-

to-image generation model is essential due to the scarcity of annotated datasets.  

A methodological difficulty needs to be addressed when applying Conditional Generative 

Adversarial Networks (CGAN) to the task of Amharic text-to-image generation.  

Understanding the extent to which different configurations of CGAN parameters affect the 

accuracy and performance of Amharic text-to-image generation is crucial for optimizing the 

model. 

This study tackled the challenge of generating images from Amharic text descriptions, specifically 

for shoes and clothes. It highlighted the issue of limited annotated datasets available for this task. 

To address this, the researcher employed a deep learning method called Conditional Generative 

Adversarial Network (CGAN). CGAN involves two neural networks that work together, one 

generating images and the other evaluating them. The generator creates images based on the given 

Amharic text descriptions. The discriminator assesses the realism of these images. Through this 

adversarial process, both networks improve over time. Despite the constraints of the dataset, the 

goal of this technique was to improve the quality and relevancy of the generated images. 
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1.4. Research Questions 

 How to organize and preprocess the data into suitable dataset for Amharic text to image 

generation model? 

 How can CGAN be applied to Amharic text-to-image generation? 

 To what extent different configurations of CGAN parameters affect the accuracy and 

performance of Amharic text-to-image generation? 

1.5. Objective of the study 

1.5.1 General objective 

The main objective of this study is to develop Amharic text-to-image generation model using 

CGAN. 

1.5.2 Specific objective 

The following specific objectives are formulated to address the main objective of the study: 

 To organize and preprocess a data into a suitable dataset for Amharic text to image 

generation model. 

 To develop an image generation model for Amharic text to image generation by employing 

CGAN 

 To analyze the impact of different configurations of CGAN parameters on the accuracy 

and performance of Amharic text-to-image generation.  

 To evaluate the performance of the model for Amharic text-to-image generation.  

 To provide future lines of works for further improvements in the field of Amharic text to 

image generation. 

1.6 Scope and limitations of the study 

This study uses conditional generative adversarial neural networks to develop a model for Amharic 

text-to-image generation. This study attempted to show that given Amharic text describing images 

of shoes and clothes and the Conditional Generative Adversarial Network model can generate an 

image. Additionally, it focuses on the availability and significance of training data for the study as 

well as the creation of a model and efficient methods for assessing the produced images. The 
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Amharic text dataset for this study consists only of simple Amharic sentences and phrases to 

describe the visual contents of the image. The image dataset includes images of shoes and clothes. 

The model lacks the ability to generate real-looking images as the test result shows because of the 

limited amount of data. The model is not comparable with state-of-the-art models for converting 

text into images in other languages. 

1.7 Significance of the study 

This study is beneficial for Digital marketing and e-commerce. In order to better market to 

Amharic-speaking customers, businesses can be able to use this technology to automatically create 

images for their goods or services based on Amharic text descriptions. Additionally, it is useful 

resource for linguists and researchers who study the Amharic language and need to visualize 

particular theories or concepts.  

Because images are straightforward to understand, Amharic text-to-image generation makes the 

language simpler to learn. This study is significant because it investigates the possibility of 

generating images from Amharic text using a sophisticated machine-learning method called a 

conditional adversarial network. Applications for this technology can be found in natural language 

processing and computer vision. This study makes these technologies accessible to Amharic 

readers by adapting them for the language. This is crucial because millions of Ethiopians speak 

the Amharic language. 

 1.8 Definition of terms  

Amharic text: refers to written content in Amharic language and specifically denotes textual 

descriptions of fashion images. These textual descriptions include Amharic phrases and sentences 

describing the images. 

Image generation: The process of creating visual content based on textual descriptions in the 

Amharic language. 

CGAN: a type of generative model used for image generation conditioned on text in this case. 

Generator: A neural network responsible for creating images from random noise and Amharic 

text embedding. 

Discriminator: a neural network that evaluates whether an input image is real (from the actual 

image) or fake (generated by the Generator). 
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Generative Adversarial Network: is a type of AI algorithms that is applied to machine learning 

without supervision.  

Model development: refers to the process of creating and training the CGAN to generate images 

based on Amharic text descriptions. 

Text-to-image generation: the process of creating images based on textual inputs or based on 

Amharic texts 

1.9 Organization of the Thesis 

Five chapters make up this thesis. What was done for this thesis work is presented in the thesis' 

remaining section. The literature review and relevant works are covered in Chapter 2, the research 

Method is covered in Chapter 3, the results and discussion are covered in Chapter 4, and the 

conclusion and recommendations are covered in Chapter 5. 
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CHAPTER TWO 

Literature Review 

2.1 Introduction 

This chapter covers an overview of GAN, CGAN, text-to-image generation, the unique 

characteristics of Amharic language, an overview of deep learning, an overview of natural 

language processing (NLP), text embedding models, and a summary of related works in English 

and other languages. 

2.2. Overview of text-to-image generation 

Text-to-image generation, a promising branch of deep learning, aims to create precise images from 

textual descriptions [19]. This can be compared to image captioning, which generates natural 

language descriptions for photographs. The use of GANs for text-to-image generation was first 

proposed in a seminal paper called "Generative Adversarial Text-to-Image Synthesis"[10]. Figure 

1 shows the general architecture of GAN. 

 

 

Figure 2. 1 General architecture of GAN 

Image source[8] 
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The conditional type of GAN is called conditional generative Adversarial network [9]. Adding the 

additional auxiliary information (text or labels) turns the GAN into CGAN [9]. Generator of 

CGAN takes the extra auxiliary information c (text) and a latent vector z so to generates conditional 

real-looking data given by (G(z|c)), and discriminator of CGAN uses real data x and additional 

auxiliary information c to discriminate between real data x and generator generated samples and 

given by D(G(z|c)). CGAN can control the generation of data, which is impossible with the vanilla 

GAN. CGAN updated loss function is given as follows: 

 [9] 

Where c is the conditional variable 

 z is input noise variable 

x is real data 

D is Discriminator 

G is Generator and the discriminator's objective was trained on fake (pg (G)) and real data (Pdata 

(x)) to increase its cost value , that is, log (D(x|c) as well as the generator's random noise vector 

training (pz(z)) is to minimize its cost value, i.e., log (1−D (G(z|c))). Figure 2 shows the general 

Architecture of CGAN. 

 

Figure 2. 2 Genre architecture of CGAN  

 (source [9]) 
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2.3 Steps of text-to-image generation using CGAN 

The following are the basic steps for text-to-image generation using a conditional generative 

adversarial network (CGAN). 

2.3.1 Data Preparation 

An essential first step in text-to-image creation with a CGAN is data preparation [24]. It entails 

getting the dataset ready, which is made up of matching text descriptions and images. Ensuring 

that the images and text descriptions are properly positioned such that every text description has 

an image that correlates with it. 

Cleaning the text descriptions by removing any unwanted characters, punctuation, or special 

symbols. Depending on our preferences, We also need to handle any specific preprocessing steps 

required for our specific text data, such as tokenization and stop-word removal[25]. 

Preprocessing the image data to ensure that it is in a suitable format for training. This entails 

normalizing the pixel values to a common range, such as [0, 1], scaling the images to a consistent 

size, and converting to an image format to standardize [17]. 

Establishing a clear correspondence between the text descriptions and their corresponding images. 

This alignment is crucial for training the CGAN effectively [10]. Ensuring that the order of the 

text descriptions and images matches, so that each text description aligns with the correct image. 

It's common to use a naming convention or indexing system to link the text and image files 

together. 

Separating the dataset into sets for testing and training: The testing set is used to assess the trained 

model after it has been trained using the training set to train the CGAN. The typical split ratio is 

around 70–80% for training and 10–20% for testing, but this can vary depending on the size of the 

dataset and specific requirements [26] . 

2.3.2 Text embedding 

Text embedding is a natural language processing approach that turns words, sentences, or 

paragraphs of text into vectors of numbers that machine learning algorithms can quickly analyze 

[27]. According to its context and meaning, each word or phrase is given a numerical value, which 

is then used to assign similar or related words numerical values. In natural language processing 

applications like text-to-image creation, common word embedding models are Word2Vec, GloVe, 
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and FastText[28]. It's vital to keep in mind that these models could not already include embeddings 

that are tailored to the Amharic language because they are often trained on extensive English 

corpora. They can nevertheless be utilized as a starting point for learning distributed 

representations of Amharic words, which can then be incorporated into a CGAN-based text-to-

image creation system. Depending on the particular work at hand, it needs to be started from 

scratch. By capturing the semantic meaning of words and phrases rather than just considering them 

as discrete units, text embeddings enable machine learning models to produce better predictions. 

Continual vector representations of words are created using the word embedding technique 

Word2Vec, which takes into account how frequently words occur together in a corpus [27]. The 

continuous bag-of-words (CBOW) variation and the skip-gram variant make up the model. While 

Skip-gram predicts context words based on the target word, CBOW predicts the target word based 

on its context words. To quantify word similarity and carry out tasks requiring analogical 

reasoning, one can use the learned word vectors, which capture semantic associations. 

Another well-liked word embedding model is GloVe (Global Vectors for Word Representation), 

which blends local context window-based approaches with global matrix factorization techniques 

[29]. The word vectors that the model learns to represent both local and global semantic links are 

based on word co-occurrence statistics. Glove embeddings are commonly employed in many NLP 

tasks, including language creation and comprehension. 

With its representation of words as collections of character n-grams, the FastText word embedding 

model expands on the concepts of Word2Vec [28]. FastText can better handle out-of-vocabulary 

words and capture morphological variants by taking into account sub-word information.  

2.3.3 Training Setup 

Defining the hyperparameters for training the CGAN, such as the learning rate, batch size, and 

number of epochs, is the fifth step in text-to-image generation [30]. Choosing an appropriate loss 

function, such as binary cross-entropy, for both the generator and discriminator is also included in 

this step. 
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2.3.4 Training Loop 

Training the CGAN by alternating between training the discriminator and the generator is the sixth 

step. In each iteration, randomly selecting a batch of real image-text pairs and a batch of random 

noise-text pairs is important, as is using these batches to update the discriminator and generator 

weights through backpropagation [26]. 

2.3.5 Evaluation and Fine-tuning 

Evaluate the trained CGAN by generating images for new text descriptions and assessing their 

quality and Fine-tune the CGAN if necessary by adjusting the hyperparameters or modifying the 

network architecture [29]. 

2.4 Overview of deep learning 

Deep learning uses artificial neural networks, which were developed to imitate how the human 

brain works, to help models learn from vast and complex data [26]. The system can identify 

intricate patterns and traits with the aid of these neural networks, which have numerous layers of 

interconnected nodes and can learn hierarchical representations of the data [31]. 

In more technical terms, deep learning algorithms adjust the model's parameters in reaction to 

incorrect predictions using backpropagation techniques. Deep learning systems learn hierarchical 

data representations by utilizing many layers of nonlinear processing units[31].Through this 

procedure, the model can automatically fine-tune the internal representations of the data that it 

uses to make predictions that get better and better over time in a variety of applications, including 

computer vision, natural language processing, speech recognition, and Amharic text-to-image 

generation, deep learning is utilized to produce state-of-the-art outcomes [32].  

2.5 Natural language processing (NLP) 

NLP is the study of how human language and computers interact and Computers can now 

comprehend, decipher, and produce human language because of NLP[12]. The goal of NLP is to 

make interactions between people and computers more effective, natural, and nuanced [33]. To 

evaluate text data and derive meaning from it, this field of study employs a variety of techniques, 

including machine learning, deep learning, and computational linguistics. The NLP branch of 

artificial intelligence is concerned with the use of natural language in both machine and human 
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communication. The technique of creating an image from a given textual description is referred to 

as text-to-image generation[19]. This can be accomplished by employing NLP techniques to 

convert the text into a visual representation.  

2.6 Over view of Amharic language 

Amharic is the official language of Ethiopia and an Afro-Asiatic Semitic language [34] . A Geez 

script variant, which dates back to ancient Ethiopia, is used to write it. It is written using a variation 

of the Ge'ez script, an ancient script from Ethiopia. It is known for its unique script and 

grammatical structure, which makes it distinct from other languages in the region. 

Amharic uses a syllabic writing system called the Fidel, which consists of 33 basic characters and 

various combinations of these characters to form complex words [15]. In contrast to other writing 

systems, the Fidel is written from left to right, and each letter denotes both a consonant and a vowel 

sound. Therefore, Amharic text is a combination of consonants and vowels arranged in a specific 

order to form words and sentences [34].Amharic texts can range from old religious manuscripts 

and poetry to modern literature and scientific documents [34]. 

Amharic has consonant-vowel pairings that are represented by a variety of symbols in its particular 

writing system.  

Amharic is an agglutinative language, which means that new words are formed by affixing 

prefixes, suffixes, and infixes to the root[35].  

Amharic verbs are conjugated based on the subject, object, tense, aspect, and mood. Amharic has 

a subject-object-verb (SOV) basic word order, but word order can be flexible because case marking 

is so common[2] . 

Amharic strictly follows the verb-subject-object (VSO) word order when constructing questions. 

Adjectives are often positioned following the noun they describe. Prepositions are used to indicate 

the connections between words in sentences. Relative clauses are widely used in Amharic to 

provide information about a noun [34]].  

2.7 Text to image generation in English and other languages  

Most text-to-image synthesis research is conducted in the English language, and a few is in the 

Chinese language.  
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The study by [36] proposed a controllable text-to-image generative adversarial network that is 

capable of both efficiently creating high-quality synthetic images and controlling specific aspects 

of image synthesis in accordance with descriptions in plain language.  

The study by [37] proposed GAN-INT-CLS (GAN with Integrated Classification) for the 

enhancement of text-to-image generation in the English language. The enhancements include text 

conditioning augmentation, feature matching, and distance loss functions. 

The paper by[23] proposed transformer-based TIS (DALL-E) to enhance text-to-image generation 

for Chinese. 

In order to produce high-quality, photo-realistic images, the research by [25] proposes stacked 

generative adversarial networks (StackGANs), a two-stage generative adversarial network design. 

Using a text description as input, Stage-I GAN creates low-resolution images that depict a scene's 

basic shape and colors. Stage-II GAN uses the text description and Stage-I results to create high-

resolution images with photo-realistic details. 

The study [38] suggested an Attentional Generative Adversarial Network that allows attention-

driven, multi-stage refinement for fine-grained text-to-image synthesis. Through a unique 

attentional generating network, the AttnGAN, which focuses on significant words in the natural 

language description, is able to generate detailed information in several sub-regions of the image.  

CogView, a 4-billion-parameter transformer with a VQ-VAE tokenizer, was proposed in the study 

[39] to improve text-to-image generation for the Chinese language. Additionally, the authors 

present the fine-tuning techniques for a number of downstream tasks, including fashion design, 

text-image ranking, super-resolution, and style learning. 

The study by [40] addressed the problem of semantic coherence between the text description and 

visual content by introducing a novel global-local attentive and semantic-preserving text-to-image-

to-text framework called MirrorGAN. MirrorGAN, which comprises of three modules, exploits 

the concept of learning text-to-image production by redescription. Semantic text alignment and 

regeneration, global-local collaborative attentive, and semantic text embedding are the three 

modules that are accessible for making cascading images.  

The study [41] investigated a unique photo-realistic text-to-image generation model that satisfies 

both low-level semantic diversity and high-level semantic consistency by implicitly disentangling 

semantics. 
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2.8 Related works 

The following table shows the summary of the recent studies that are conducted on text to image 

generation using. 

Table 2.1 Related works 

 

Ref.No 

 

Authors datasets Methods performance limitation/ 

drawback  

Language 

[25] Sharma et al. 

(2018) 

MS COCO  StackGAN 9.74 IS Lack of Fine-

Grained Control. 

English 

[23] Liu et al. 

(2022) 

COCO-CN& 

Flickr8k-CN  

transformer-

based 

TIS(DALL-E) 

66.66(FID)& 

14.71(IS) 

in COCO-CN, 

49.42(FID) 

&15.01(IS) in 

Flickr8k-CN 

 

dataset dependency Chinse 

[37] Tan et al. 

(2022) 

CUB-200-

2011,11788 

images  

GAN-INT-

CLS 

5.26 IS on 

CUB-200-2011 

dataset 

The image lacks 

some visual detail. 

English 

 

[36] Li et al. 

(2019) 

CUB-bird, 

11,788 datasets 

&MS 

COCO,123,287 

datasets 

Control GAN 4.58 IS on CUB 

data &, 24.06 

IS on MS- 

COCO 

lack of semantic 

consistency 

English 

 

[38] 

 

Xu et al. n.d.  

 

CUB dataset & 

COCO dataset 

 

Attention GAN 

 

14.14% IS on 

CUB & 

170.25% IS on 

MS-COCO data 

 

lacks more visual 

detail of the image 

English 

 

[39] Ding et al. 

(2021) 

blurred 

MS COCO 

dataset 

 

 

 DALE-E 

 

85.0 

(FID)score& 

17.9(IS) score 

 

Image blurriness  

Chinse 

 

[40] Qiao et al. 

(2019) 

CUB-bird 

dataset & MS 

COCO dataset 

 

 

 

MirrorGAN 

4.56 (IS) on 

CUB dataset, 

26.47 (IS) on 

MS- COCO 

dataset  

Lacks complete end-

to-end training due 

to limited 

computational 

resources. 

English 

 

 

[41] 
 

Yin et al. 

(2019) 

CUB-bird 

dataset & MS 

COCO dataset 

 

 SD-GAN 

 

4.67 IS on CUB 

dataset & 35.69 

on MS-COCO 

dataset 

 dependency on 

Semantics 

disentangling 

English 
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The above-mentioned works were conducted in English and Chinese by using the variants of GAN 

using three publically available datasets to train a model for text-to-image generation. This 

research is able to address the following notable gaps: 

The lack of publicly accessible datasets created specifically for text-to-image generation in the 

Amharic language. Amharic is a unique language with its own linguistic and cultural 

characteristics. Examining the specific challenges and nuances of translating Amharic text into 

visually coherent and meaningful images is interesting. Understanding how linguistic features, 

cultural context, and semiotic aspects of Amharic impact the generation process can provide 

insights into improving the quality and relevance of generated images, so this study aims to build 

a model for Amharic text-to-image generation using CGAN. 

. 
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CHAPTER THREE 

 METHODOLOGY  

3.1 Introduction 

This chapter covers the research design, data collection methods, procedures for preparing the 

Amharic text and the corresponding image dataset, the architecture of the model and its 

components, and the implementation tools that were employed in this study. 

        3.2 Research Design 

This study employed an experimental research design because it involves manipulating variables, 

establish a cause-and-effect relationship between the independent (input text in this case) and 

dependent (output images) variables[42]. The study aims to determine the effectiveness of the 

CGAN model in generating images from Amharic text inputs. This requires the collection of data, 

preprocessing data, pairing text with the corresponding images, training of CGAN, testing the 

trained model with testing Amharic text, and evaluating the quality of the images generated by the 

trained model. 

Generally, the study focusing on two main aspects. 

The development of an Amharic text to image generation model: can be achieved through data 

collection both text descriptions and corresponding images, data preprocessing and training the 

neural networks and updating the parameters based on training lose and training accuracy of neural 

networks. Finally, a CGAN model should be tested with testing Amharic texts and the generated 

images are evaluated by Inception score and Frechet inception score. The following figure shows 

flow chart of experimental research design. 
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a

 

Figure 3. 1 Flow chart of Experimental research design  

 

3.3 Data Collection 

Two types of datasets were collected: An image dataset and Amharic descriptive texts that describe 

the corresponding images.  

Since there is no publicly available dataset of Amharic descriptive texts and the corresponding 

image pairs, Using web scraping techniques to gather images of shoes and clothes from online 

marketplaces, fashion websites, and e-commerce platforms is considered as a method[43]. 

Capturing images consistently involves using the same angles, distances, and settings for each 

photo[44]. This uniformity helps maintain a standard appearance across the dataset, making it 

easier for the model to learn from the images[45]. Consistent settings also reduce variability caused 

by lighting or focus differences, leading to more reliable results. By standardizing the image 

capture process, we enhance the quality and effectiveness of the dataset for training the Amharic 

text-to-image generation model, so the following methods are used for collecting the dataset:  

Data collection
Data 

Preprocessing  
Algorithm 
selection 

Model 
architecture

Dataset splitting Model training 

Testing the 
model

Evaluating the 
generated 

images
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Collecting images: 1075 images were collected from social media sites. All the images have the 

same data format that is jpg file format which more suitable for model training. JPG is the most 

widely used one of the most common image formats and is well-supported[42]. 

Image Capturing: 1500 images of shoes and clothes are captured by smart phones, and the 

corresponding Amharic texts are written manually by describing the visual detail of each image.  

3.4 Data Preprocessing  

After the required amount of data is collected, data preparation is the next and most important step. 

There are two types of data preprocessing for this study. Amharic text preprocessing, which 

involves Amharic text preprocessing such as stop word removal, punctuation mark removal, 

Amharic text tokenization, and converting Amharic text to word embeddings. The second one is 

image data preprocessing, which involves noise removal, image segmentation, image resizing, and 

image normalizing, and converting the resized and normalized image to Numpy arrays. 

3.4.1 Amharic text preprocessing 

After images and Amharic texts were collected and properly arranged, preprocessing Amharic 

texts like removing Amharic stop words, removing Amharic punctuation marks, removing 

unwanted characters, text tokenization, and converting the cleaned Amharic texts into word 

embeddings were done. 

                            Stop word removal 

Stop word removal is a frequent preprocessing step in natural language processing activities, 

including text-to-image generation utilizing CGAN. Stop words are often used words that lack 

major semantic value[12]. They are frequently eliminated to cut down on background noise and 

draw attention to the text's more crucial terms. To remove stop words from Amharic text, we need 

to compile a list of Amharic stop words specific to the Amharic language. This list can be created 

by identifying frequently occurring words in a representative Amharic language.  

                       Punctuation marks removal 

Amharic has its own set of punctuation marks, like any other language. Punctuation mark removal 

is a standard preprocessing step in the process of creating a model for text-to-image generation 

using CGAN. In writing, punctuation marks are symbols that indicate pauses, emphasis, and other 
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linguistic elements[46]. To remove punctuation marks from Amharic text, it is important to 

compile a list of some Amharic punctuation marks specific to Amharic language. 

                  Amharic text Tokenization 

Tokenization is the process of dividing text into discrete pieces known as tokens [33]. In order to 

create a model for text to image generation using Conditional Generative Adversarial Networks, 

tokenization is a crucial step. Tokens are often words or sub word units in the context of natural 

language processing (NLP). Tokenization is crucial because it helps the model to successfully 

comprehend and handle the text data. Express the text in a structured fashion that is simple to feed 

into the Word2Vec model by dividing it up into tokens. Tokenization also aids in controlling the 

vocabulary size and lowering the model's processing needs[29]. Before training Word2Vec to 

create Amharic text embeddings, the cleaned Amharic text should be converted to a list of words 

called tokens. 

                       Amharic text embeddings 

Creating Amharic text embeddings using Word2Vec is crucial for Amharic text-to-image 

generation using CGAN. Word2Vec-based text embeddings capture the semantic meaning of 

words in a dense vector space[27] .Word2Vec embeddings encode important semantic information 

by modeling words as continuous vectors, which enables the CGAN model to comprehend and 

make use of the relationships between words in the Amharic language. This semantic 

representation helps the model generate visually coherent images that align with the corresponding 

Amharic text descriptions. 

Amharic word embeddings refer to vector representations of Amharic words in a continuous vector 

space. These word embeddings capture semantic relationships between words by placing them in 

a multi-dimensional space where similar words are positioned close to each other. These 

embeddings are converted by training Word2Vec after the preparation of Amharic texts. After the 

generator of CGAN receives conditioning input that guides the image generation process, the 

generator learns to create images based on the semantic content of the Amharic text descriptions 

by using Amharic text embeddings as the conditioning input. This makes sure that the generated 

visuals match the text's intended meaning and are contextually relevant. Amharic text exhibits 

variations due to factors like word order, synonyms, morphology, or different ways of expressing 

the same concept [3]. Word2Vec embeddings reduce these variations by translating various word 
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surface shapes to related vector representations. This makes it possible for text descriptions to 

express similar semantic content. 

Word2Vec generates a single vector for each word, making it easier to interpret and visualize[27]. 

This can be particularly useful in the initial stages of research where understanding the behavior 

of embeddings is crucial. It is generally faster and less resource-intensive to train compared to 

FastText, which needs to account for sub-word information, and GloVe, which requires computing 

and factorizing a large co-occurrence matrix[47]. FastText represents words as a sum of their 

character n-grams, leading to potentially more complex representations[47]. GloVe is based on a 

global word-word co-occurrence matrix, which can be less intuitive compared to the direct 

prediction-based approach of Word2Vec[47]. 

3.4.2 Image data preprocessing 

                        Image Segmentation 

Partitioning an image into numerous segments or areas to simplify or alter its representation, 

making it more meaningful and easier to analyze, is a critical approach in image processing and 

computer vision[6]. Image segmentation's primary objective is to identify objects and boundaries 

(such as lines, curves, etc.) inside images. More precisely, image segmentation gives each pixel in 

an image a label so that those pixels that have the same label have similar properties. Each pixel 

in a region is similar with respect to some characteristic or computed property, such as color, 

intensity, or texture. Segmenting an image helps in identifying and isolating different objects or 

regions within an image, leading to better quality and more detailed image generation. Segmenting 

the image can ensure that the generated images are more accurate and meaningful by focusing on 

the relevant parts of the image. 

                Noise removal  

Removing noise from photos is essential to improving the clarity and quality of images that are 

produced. By minimizing undesirable artifacts and flaws in photos, noise reduction techniques 

seek to enhance the overall visual quality of the image[48]. Noise can be introduced via a number 

of sources, such as sensor errors, transmission errors, or environmental conditions, and it can affect 

the quality and accuracy of image analysis. To assist the model in concentrating on picking up 

important aspects and characteristics, resulting in the creation of more accurate and realistic 
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images. Removing noise from images ensures that the training data is cleaner, leading to better 

learning outcomes and Noise can confuse the model and degrade its performance[49]. 

                  Image resizing 

The image data should be resized according to the architecture of the model and the number of 

layers making up the model. For training purposes in this study, the image is resized to 128x128 

pixels in size. The image data should also be normalized to standardize the range and converted to 

Numpy arrays for compatibility and efficiency. Resizing images to a standard scale that matches 

the computational capabilities and architecture of the model is very important to guarantee that all 

images have the same dimensions and aspect ratio[17]. 

              Image Normalizing 

Normalizing the pixel values of the images to a standardized range, typically between 0 and 1, 

helps stabilize the training process and improve convergence [41]]. Converting the resized and 

normalized images to NumPy arrays in the context of text-to-image generation offers 

standardization, efficiency, compatibility, integration with data processing pipelines, and 

flexibility in data manipulation, which are all advantageous for training and generating images 

with the CGAN model.  

3.5 Conditional Generative Adversarial Networks (CGAN) 

Conditional Generative Adversarial Network (CGAN) is a deep learning approach that involves 

two deep neural networks competing against each other in a game-like setting, called the 

“Generative Adversarial Network," and uses supervised learning to generate new synthetic data, 

which can then be used to enhance existing data sets [50]. In text-to-image generation, a 

conditional generative adversarial network (CGAN) is used to generate images from natural 

language descriptions. A generator (G) in CGAN creates an image based on random noise and text 

embeddings, while a discriminator (D) in CGAN tries to determine if the generated image looks 

real or like it was generated by the generator [50]. The generator ‘wins’ if it produces an image 

that is good enough for the discriminator to not be able to tell the difference between generated 

images and real images. The discriminator ‘wins’ by correctly identifying the generated images as 

fake. By training both networks to compete against each other, each can make improvements 

towards its goal until both reach a point where neither can tell which images are fake or real.  
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By adding conditional inputs, CGAN expands the capabilities of conventional GANs and allows 

them to produce high-quality images that precisely represent specified conditions, such textual 

descriptions. This makes them especially well-suited for intricate tasks like text-to-image 

synthesis[51].  

2.5.1 Generator Network 

The generator network takes two inputs: a random noise vector (z) and conditional information 

(c).The generator generates images from text embeddings and noise vectors. Typically, the 

generator network is composed of layers like convolutional, upsampling, and dense layers. The 

goal of the generator is to learn to generate realistic images that match the given text descriptions 

[7]. It aims to generate synthetic images G(z, c) that resemble the real data distribution. This is 

given by equation 1, where G stands for Generator and D stands for Discriminator. 

G: z, c---------------->G(z, c) ----------------------->(1) 

G_L=-log (D(G(z, c), c)) ------------------------->(2) 

Equation 2 measures how well the generator is fooling the discriminator into classifying the 

generated image as real when conditioned on the given textual description. During training, the 

generator aims to minimize this loss, which encourages it to generate images that align with the 

provided textual information [7]. 

G(z, c): represents the output of the generator, where z is a random noise vector and c is the 

conditional information (textual description).  

D(G(z, c), c): symbolizes the discriminator's output given the image produced by the generator 

and the corresponding conditional information c (text).  

log(D(G(z, c), c)): This calculates the logarithm of the output of the discriminator. Taking the 

logarithm helps to rescale the discriminator's output probabilities. 

-log(D(G(z, c), c)): The negative sign is applied to the logarithm result. This is carried out in order 

to maximize the likelihood that the discriminator would identify the created image as real. By 

minimizing the negative logarithm, the generator is encouraged to produce images that have a high 

probability of being classified as real. 



        

25 | P a g e  
 

2.5.2 Discriminator Network 

The discriminator network accepts generated images generated by Generator, word embeddings, 

and the corresponding real image as input [7]. The goal of the discriminator network is to classify 

whether the image is real (matches the text description) or fake (generated by the generator). The 

discriminator network helps train the generator by providing feedback on the generated images. 

The discriminator receives as inputs conditional information (text) and the actual image (x). It aims 

to classify whether the input is real or generated and represented by equation 3. 

D: x, c-------->D(x, c) ----------------------------> (3)  

The discriminator aims to correctly classify real text-image pairs from generated ones. The 

discriminator loss penalizes the discriminator for misclassifying real and generated pairs. It can be 

formulated as a binary cross-entropy loss: 

D_L = -log(D(x, c)) – log(1-D(G(z, c), c)) ---------------------> (4) 

 Equation 4 measures how well the discriminator is distinguishing between real images and 

generated images when conditioned on the corresponding textual information. During training, the 

discriminator aims to minimize this loss, which encourages it to be more accurate in its 

classification [7]. 

D(x, c): represents the output of the discriminator when given a real image x and its corresponding 

conditional information c (text). The discriminator aims to classify whether this input pair is real. 

Log (D(x, c)): calculates the logarithm of the output of the discriminator for the real image. Taking 

the logarithm helps to rescale the discriminator's output probabilities. 

1 - D(G(z, c), c): denotes the output of the discriminator for the generated image G(z, c) and the 

corresponding conditional information c. It calculates the probability that the discriminator 

correctly classifies the generated image as fake. The likelihood that the discriminator will classify 

the generated image as real can be obtained by subtracting this number from 1.  

Log (1 - D(G(z, c), c)): This calculates the logarithm of the probability that the discriminator 

classifies the generated image as fake. 

-Log (D(x, c)) - log(1 - D(G(z, c), c)): The negative sign is applied to the sum of the logarithms. 

This is done because the goal of the discriminator is to maximize the probability of correctly 

classifying real and generated images. By minimizing the negative logarithm, the discriminator is 

encouraged to improve its classification accuracy. 
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 3.6 Model Architecture 
The architecture of Amharic text-to-image generation using CGAN has the following components: 

noise victor, Amharic text embedding the generator network having input layers for the text input 

and noise input, convolution layers with up-sampling layers and a final convolutional layer to 

generate the output image, the discriminator network having input layers for the text input and 

image input, convolution layers with down-sampling layers, a final fully connected layer to predict 

the probability, the loss function of the generator to deceive the discriminator and the discriminator 

to distinguish between a real and generated image, and evaluating the CGAN model by generating 

images from randomly selected noise vectors and text conditions. The following figure 4 shows 

the model architecture and where: 

Fake image = generated image by the Generator 

Real image = the preprocessed image 
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Figure 3. 2 Model Architecture 

3.6.1 Noise vector 

The noise vector is an important component that plays a crucial role in the image generation 

process[52]. The noise vector is a random vector of numbers sampled from a probability 

distribution, such as a uniform or Gaussian distribution [53]. It functions as an additional input to 

the generator in a CGAN and a source of randomness. The purpose of the noise vector is to 

introduce stochasticity and generate diverse images from the same Amharic text description. By 
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combining the Amharic text embedding with different noise vectors, the generator can produce 

multiple plausible interpretations of the same text description. This allows for the generation of 

diverse images that capture different aspects or styles associated with the given Amharic text. 

The noise vector can be manipulated to control specific characteristics of the generated images. 

By modifying the values in the noise vector, we can influence attributes such as image style, color, 

texture, or other visual features. Experimenting with different noise vectors enables the generation 

of images with desired visual characteristics while keeping the underlying text description 

constant. The noise vector provides the generator with the freedom to explore different variations, 

while the Amharic text embedding guides the generation process based on the semantic content of 

the text. Finding the right balance between noise and text information is crucial to ensure that the 

generated images are both diverse and relevant to the given text [30]. 

3.6.2 Amharic Word Embeddings  

Amharic word embeddings refer to vector representations of Amharic words in a continuous vector 

space[28]. These word embeddings capture semantic relationships between words by placing them 

in a multi-dimensional space where similar words are positioned close to each other. These 

embeddings are converted by training Word2Vec after the preparation of Amharic texts. The 

generator learns to create images based on the semantic content of the Amharic text descriptions 

by using Amharic text embeddings as the conditioning input. This makes sure that the generated 

visuals match the text's intended meaning and are contextually relevant.Word2Vec embeddings 

reduce these variations by translating various word surface shapes to related vector representations. 

 3.6.3 The generator network 

The generator network has two inputs. These inputs are the noise vector and Amharic word 

embeddings. Based on these inputs, the generator generates fake images (generated images) to be 

inputted to the discriminator for determination. In its architecture, the generator network has the 

following typical components:  

Two input layers, one for noise_input having the shape of the noise dimension and the other for 

text_input (text embedding), have the shape of the text embedding dimension. 

The generator frequently consists of multiple convolutional layers after the input layers. These 

layers are in charge of taking the input text's hierarchical representations and turning them into a 
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feature space that can be utilized to create images. Typically, the convolutional layers use filters 

to extract and learn different kinds of visual characteristics. Furthermore, the feature maps' spatial 

dimensions are progressively increased by the use of upsampling layers. By expanding the width 

and height of the feature maps, upsampling aids in the creation of images with a greater resolution. 

The output image is produced by the generator network's last convolutional layer. For upsampling 

the feature maps to the required image dimensions, it employs a transposed convolution or 

deconvolution procedure. The created image is represented by this layer's output, which is 

subsequently transferred to the discriminator for analysis. 

3.6.4 Discriminator network 

The discriminator network is responsible for classifying an image as real or fake in training after 

the generator generates a fake image, and this fake image is fed to the discriminator with the real 

image and the corresponding Amharic text embeddings. In the architecture, the discriminator 

network has the following typical components: 

The discriminator has two input layers, one for image input and the other for text input or text 

embedding. The shape of the image is similar to the shape of the image generated by the generator. 

Following the input layers, the discriminator consists of several convolutional layers. These layers 

are responsible for learning hierarchical representations from the input image and extracting 

discriminative features. The convolutional layers utilize filters to capture different visual patterns 

and features present in the images. Additionally, down-sampling layers such as stride convolutions 

are used to minimize the spatial dimensions of the feature maps. Down-sampling reduces 

processing complexity while assisting in the capture of high-level information and global context.  

The last layer of the discriminator is a fully connected layer. This layer determines whether the 

input image is created or real by processing the flattened feature maps from the preceding 

convolutional layers. The fully connected layer applies transformations and activations to the 

features and produces a single scalar output, indicating the discriminator's certainty that the input 

image is real or fake. Accurate image classification is taught to the discriminator network, which 

can differentiate between created images from the generator and actual images from the real 

images. By optimizing the discriminator's parameters, the network learns to identify the features 

and characteristics that distinguish real images from generated ones. 
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3.6.5 Generator lose 

The generator in a CGAN is responsible for generating fake images based on the input Amharic 

text descriptions and the noise vector. The goal of the generator is to produce images that are 

indistinguishable from real images. The generator loss quantifies the difference between the 

generated images and real images. The adverse loss function computed using binary cross-entropy 

loss is used to quantify the loss of the generator, and loss information is important to adjust the 

training parameters, such as the number of epochs, batch size, and an optimizer. 

3.6 .6 Discriminator loss 

The discriminator is responsible for distinguishing between real and generated (fake) images. It 

learns to classify real images as real and generated images as fake. The discriminator loss 

quantifies the difference between the discriminator's predictions and the ground truth labels. 

Adversarial loss computed using binary cross-entropy loss measures the ability of the 

discriminator to correctly classify real and generated images. It quantifies the loss of the 

discriminator, whether it classifies correctly or not, by minimizing the loss. This loss information 

is also important to adjust the training parameters, such as the number of epochs, batch size, and 

an optimizer. 

3.7 Implementation tools 

For text and image processing, preprocessing, and model development, the following 

implementation tools have been used: 

Python: serves as the programming language for implementing the development of the model for 

Amharic text-to-image generation to handle data preprocessing, training the model, and evaluating 

the results 

Google Colab: Python programming environment with cloud computing resources. It allows us 

to write and execute Python code in a web browser, eliminating the need for local setup and 

providing access to hardware resources like disk space and GPUs. The following Python libraries 

were used in the development of the model: 

CSV (Comma-Separated Values): a Python library that provides functionality for reading and 

writing files. It is used to handle Amharic text descriptions and corresponding image filenames. 
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Pandas: a Python library for data manipulation and analysis and provides data structures to create 

data frames that allow us to efficiently manipulate, process, preprocess, and analyze Amharic text 

and image data before feeding it into the CGAN model. 

Os: a Python library that provides a way to interact with the operating system and allows us to 

perform various operations such as accessing directories, manipulating file paths, and checking 

file existence. 

Nltk (Natural Language Toolkit): a Python natural language processing package that offers 

preprocessing functions for Amharic text, such as stop word removal and tokenization.  

re (regular expression): a Python library that provides tools for text manipulation, allowing us to 

define patterns and search for specific text patterns within strings. It is used to perform text 

preprocessing tasks, such as removing special characters or cleaning up the Amharic text data. 

PIL (Python Imaging Library): a Python library that provides functionality for image processing 

and manipulation. It allows to open, resize, and save images. It is used to preprocess and transform 

image data before feeding it into the CGAN model. 

matplotlib: a Python library used for data visualization, providing a wide range of plotting 

functions and tools to create visualizations for images and to visualize the generated images or plot 

training and testing metrics during the model training process. 

Tensorflow: is a widely-used deep learning framework used for defining, building, training 

CGAN model and performing operations on tensors.  

Genism: a Python library for creating Amharic word vector representations by training Word2Vec 

on Amharic text data to capture semantic relationships between Amharic words, which can be 

helpful for generating meaningful image representations from text. 

Numpy: a Python library we used for data manipulation tasks, such as handling image data, 

reshaping tensors, and performing mathematical operations during the model training. 

cv2 (OpenCV (Open Source Computer Vision Library)): a Python library that provides 

functions to load and save image files in various formats and to perform image preprocessing such 

as resizing. 

Sklearn (scikit-learn): a Python library we used to perform tasks such as data splitting and 

evaluation of the CGAN model's performance. 



        

32 | P a g e  
 

3.8 Evaluating the Model 

In training and after training is completed, evaluating how well each network is performing during 

the training process and evaluating the trained model by generating images from new Amharic text 

descriptions and assessing their quality and coherence is important. Evaluation metrics like 

accuracy quantify the training process, and Inception Score (IS) and Fréchet Inception Distance 

(FID) are used to quantitatively measure the generated image quality. 

The training accuracy of the generator indicates how well it is learning to generate images that are 

convincing and resemble the desired output. Generator’s high training accuracy means that, given 

Amharic text input, the Generator is successful in producing images that match the target 

distribution. 

The training accuracy of the discriminator represents its ability to correctly classify real and 

generated/fake images. Discriminator's high training accuracy means that it is effectively learning 

to differentiate between real and generated images. 

The effectiveness and variety of images created are evaluated by the Inception Score. It assesses 

the degree to which the generated images are diverse and how well they adhere to the target 

distribution [30]. The KL (Kullback-Leibler) divergence between the conditional class distribution 

and the marginal class distribution provided by the Inception network is calculated as part of the 

IS metric. Better image quality and diversity are indicated by higher IS ratings. 

Using feature representations retrieved from an Inception network, the Fréchet Inception Distance 

evaluates the similarity between the generated images and the original images[54]. FID evaluates 

the distribution of generated and real images in feature space to assess both image quality and 

diversity. Better image quality and resemblance to real images are indicated by a lower FID score. 
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CHAPTER FOUR 

 Model Development and Discussion 

 

4.1 Introduction  

In this chapter, data acquired, data preprocessing, dataset description, model development, detailed 

implementation procedures, parameters for training, and experimental results are presented. 

4.2 Data acquired 

For this study, a total of 2575 images of shoes and clothes with the corresponding Amharic 

descriptive texts were acquired and Amharic texts are written manually by describing the visual 

detail of each image.  

 The Amharic text is prepared as an Excel file with three columns: “Text” containing the Amharic 

descriptive text, “Image” containing the images, the file path or image path, and “category” 

containing the category of the image, whether it is apparel or footwear. The corresponding image 

data are arranged according to their filenames or image paths put in the "Image" column of the 

Amharic text dataset. The text dataset is formatted as a.csv file after being loaded into Google 

Collab in order to be easily parsed by a deep learning algorithm. 

4.4 Data preprocessing  

Following the proper organization of the acquired data, data preparation is the next and most 

important step. There are two types of data preparation for this study. Amharic text preprocessing, 

which involves Amharic text preprocessing such as stop word removal, punctuation mark removal, 

Amharic text tokenization, and converting Amharic text to word embeddings. The second one is 

image data preprocessing, which involves noise removal, image segmentation, image resizing, and 

image normalizing, and converting the resized and normalized image to Numpy arrays. 

4.4.1. Amharic stop words removal 

Stop words are often used words that lack major semantic value [12]. They are frequently 

eliminated to cut down on background noise and draw attention to the text's more crucial terms. 
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To remove stop words from Amharic text, we need to compile a list of Amharic stop words specific 

to the Amharic language. This list can be created by identifying frequently occurring words in a 

representative Amharic language. Figure 4.1 shows a list of Amharic stop words that are probably 

found in the collected Amharic text for this study. 

 

 

  

 

 

 

 

 

 

 

 

 

Figure 4. 2 Snipped code to remove Amharic stop words 

 

4.4.2 Amharic punctuation marks removal  

In writing, punctuation marks are symbols that indicate pauses, emphasis, and other linguistic 

elements [33]. To remove punctuation marks from Amharic text, it is important to compile a list 

 

Figure 4. 1 Snipped code to declare Amharic stop words 



        

35 | P a g e  
 

of some Amharic punctuation marks specific to Amharic language. Figure 4.3 shows snipped code 

to list Amharic punctuation marks and remove them from the Amharic text dataset. 

 

Figure 4. 3 Snipped code to remove Amharic punctuation marks 

 

4.4.3 Amharic text Tokenization  

Tokenization is the process of dividing text into discrete pieces known as tokens [33]. In order to 

create a model for text-to-image generation using conditional generative adversarial networks, 

tokenization is a crucial step. Tokens are often words or sub-word units in the context of NLP and 

feed into the Word2Vec model by dividing it up into tokens. Tokenization also aids in controlling 

the vocabulary size and lowering the model's processing needs. Before training Word2Vec to 

create Amharic text embeddings, the cleaned Amharic text should be converted to a list of words 

called tokens. Figure 4.4 shows snipped code to convert cleaned text to tokens. 
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Figure 4. 4 Snipped code to tokenize Amharic text 

 

 

Figure 4. 5 Snipped sample of tokenized text with image file name  
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4.4.4 Amharic text embedding using Word2Vec 

There are parameters to train Word2Vec with Amharic text, and each parameter is assigned 

according to the dataset [27] . In the context of training word embeddings, training parameters 

refer to the configuration settings or hyperparameters that can be specified before beginning the 

training process [28]]. These parameters determine the characteristics of the word embeddings that 

will be learned during training. Each parameter serves a specific purpose in shaping the behavior 

of the training algorithm. Skip-gram is used to perform better with rare words because it predicts 

the context words given a target word[49]. This approach provides a more nuanced understanding 

of infrequent words. It focuses on predicting context words for a given target word, capturing a 

richer representation of the word’s context .Generally, it is  more effective with smaller datasets 

The following shows the parameter values for training Word2Vec with Amharic texts. 

Table 4. 2 Training parameters for Amharic word embedding using Word2Vec [28] 

Parameter  Value  

Vector Size (Embedding dimension)  100  

 Window Size  5  

 Min Count  1 

workers 4 

Skip-gram(sg) 1 

 

Vector Size: refers to the dimensionality of the word vectors. Each word in the vocabulary will be 

represented as a vector in a space of this dimension.  

Window Size: refers to the maximum distance between the current and predicted words within a 

sentence. 

Minimum Count: ignores all words with a total frequency lower than this and helps filter out rare 

words that cannot contribute much to the embeddings.  

Number of Workers (workers): The number of CPU cores to use for training. 

 Algorithm sg (Skip-gram): if sg equals 1, the skip-gram model is used; if sg equals 0, the 

continuous bag of words (CBOW) is used. Figure 4.6 shows a snipped code to train Word2Vec 

using skip gram with Amharic text. 
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Figure 4. 6 Snipped code to convert Amharic text to word embeddings 

 

 

Figure 4. 7 Sample snipped of tokenized text with the corresponding word embeddings 
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4.5 Image data preprocessing  

The image data should be noise removed, segmented and resized according to the architecture of 

the model and the number of layers making up the model. For training purposes in this study, the 

image is resized to 128x128 pixels in size. The image data should also be normalized to standardize 

the range and converted to Numpy arrays for compatibility and efficiency. Resizing images to a 

standard scale that matches the computational capabilities and architecture of the model is very 

important to guarantee that all images have the same dimensions and aspect ratio [32] . 

Normalizing the pixel values of the images to a standardized range, typically between 0 and 1 

helps in stabilizing the training process and improves convergence[50]. 

 

 

Figure 4. 8 Snipped code to remove noise and image segmentation 
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Figure 4. 9 Snipped sample of denoised and segmented image 

 

Converting the resized and normalized images to NumPy arrays in the context of text-to-image 

generation offers standardization, efficiency, compatibility, integration, and flexibility in data 

manipulation, which are all advantageous for training and generating images with the CGAN 

model. Figure 4.10 shows snipped code to resize 2575 images as (128, 128, 3) indicating height, 

width, and RGB color arrangement, respectively, to normalize and convert to numpy arrays. 
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Figure 4. 10 Snipped code to resize and normalize image 

4.6 Model development 

In the development of the model, the following actions are taken: Dataset splitting as training and 

testing, defining both the generator and discriminator architecture, compiling the generator and 

discriminator, and training the generator and discriminator with the training data set 

4.6.1 Training and Testing data 

According to [45] , the choice of the train-test split ratio depends on various factors, such as the 

size of the dataset, the complexity of the model, and the specific requirements of the task. However, 

a common split ratio is 80-20 and 70-30, which means using 80% or 70% of the data for training 

and the remaining 20% or 30% for testing. For this study, the preprocessed dataset was spliced for 

70-30, 90-10, and 80-20 ratios, and each train-test ratio had its impact on training and testing the 

model. Finally, an 80-20 train-test ratio was used for this study because the model has better 
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performance than 70-30 and 90-10 train-test split ratios. In this case, 80% of the data was used for 

training, and 20% of the data was used for testing. 

4.6.2 Defining generator and discriminator 

The generator takes the noise vector having 100 dimensions and the text embeddings having 100 

dimensions as input to generate a fake image, which can be an input to the discriminator to 

determine whether it is a fake or real image. The generator has the following layers in its definition: 

Input Layers: Two input layers, one for noise input having the shape of noise dimension and the 

other for text input (text embedding) having the shape text_embedding_dim. 

Concatenate layer: This layer concatenates the noise and the text embedding. 

Dense Layer: The concatenated input is passed through a dense layer with ReLU activation to 

project it to a shape suitable for upsampling, and batch normalization is applied to normalize the 

activations here. 

Reshape Layer: It converts the combined input to a 4D tensor. 

Upsampling Blocks: The reshaped output in the reshape layer is then passed through a series of 

upsampling blocks, each having an UpSampling2D layer, followed by a 2D convolutional layer 

with ReLU activation and batch normalization. 

Output layer: The final layer is a 2D convolutional layer with a tanh activation function, 

generating the output image having the shape (128, 128, 3) as specified. 

The summary of the generator shows that there are 13,823,939 parameters in the model. Among 

these, 13,692,419 are trainable parameters that will be updated and optimized during the training 

process, and the remaining 131,520 are non-trainable parameters that remain constant during 

training and are not updated. Finally, the generator model takes both noise and text embedding as 

input and outputs a generated image. Figure 4.11 shows the summary of the generator model. 
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Figure 4. 11 Generator model summary  

The discriminator evaluates whether an input image is real or generated. The discriminator has the 

following layers, according to the definition: 

Input Layers: There are two input layers, one for the image input and the other for text input or 

text embedding. 

Downsampling layer: The image input goes through a series of convolutional layers with ReLU 

activation to down-sample the image spatially. 

Flatten Layer: flattens the features obtained from the convolutional layers. 

Concatenate layer: Concatenates the flattened features with the text embedding. 

Dense Layers (Fully connected layers): The concatenated features are passed through dense 

layers with ReLU activation for classification.  

Output layer: The final dense layer has a sigmoid activation to produce a single output 

representing the probability that the input is a real image or was generated. 



        

44 | P a g e  
 

The discriminator model takes both an image and a text embedding as input and outputs the 

probability of the input being a real image or generated. The discriminator has 33,977,473 

parameters, all of which are trainable. Figure 4.11 shows the discriminator summary. 

 

4.6.3 Compiling generator and discriminator 

 Compiling generators and discriminators involves configuring parameters such as the 

optimization process, defining the loss functions, and defining metrics. Table 4.3 shows the 

parameters for compiling the generator and the discriminator in training. 

Table 4.3 Parameters for Compiling Generator and Discriminator[55] 

parameter Description  default value  

optimizer Optimizer algorithm for both generator and 

discriminator. 

Adam Optimizer 

(learning_rate=0.0002, 

beta_1=1.0) 

 

loss Loss function for both generator and 

discriminator 

Binary Crossetropy 

metrics Evaluation metrics to be monitored during 

training. 

['accuracy'] 

Figure 4. 12 Discriminator model summary 
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4.6.4 Training generator and discriminator 

Here are two scenarios to train both the generator and the discriminator. Training with default 

values of parameters and updating the values of the parameters. 

Training both the generator and discriminator networks involves feeding the noise vector and the 

text embeddings to the generator and feeding the generated images, the real images, and the text 

embeddings to the discriminator according to the architecture and definition of the models. Here 

are the definition of training parameters.  

Epochs: The number of times the entire training dataset is passed forward and backward through 

the generator and discriminator. 

Batch Size: The number of training samples used in one iteration. 

Learning Rate: The step size at each iteration while moving toward a minimum of the loss 

function. 

 Loss Weight: The weight assigned to the generator loss and the discriminator loss in the combined 

loss function to balance the training process. 

 

Table 4.4 Training parameters with default values for Generator and Discriminator [10] 

Parameters values 

number of Epochs 100 

Batch Size 64 

Learning Rate 0.0002 

Loss Weight 1.0 

Table 4.5 Training parameters of Generator and Discriminator with updated values 

Parameters values 

number of Epochs 1000 

Batch Size 32 

Learning Rate 0.0005 

Loss Weight 0.5 
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4.7 Training result 

                    4.7.1 Generator and Discriminator losses 

The generator's loss is a measure of how well it has succeeded in fooling the discriminator. The 

discriminator loss is a measure of how well the discriminator is able to distinguish between real 

and generated images. Figure 4.13 shows the loss of the generator and the discriminator. The blue 

line shows the training loss of the discriminator throughout 1000 epochs, and the orange line shows 

the training loss of the generator throughout 1000 epochs. Generator loss shows a zero (0) value, 

meaning the generator is fooling the discriminator or the discriminator could not distinguish the 

generated images. 

 

 Figure 4. 13 Generator and Discriminator loss 
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4.7. 2 Generator and Discriminator accuracies 

Generator accuracy and discriminator Accuracy refers to the accuracy of the generator and 

discriminator networks during the training process. Generator accuracy indicates how well the 

generated images match the desired distribution or characteristics specified by the conditional 

information. Discriminator accuracy measures how well the discriminator can correctly classify 

samples as real or fake. Figure 4.14 shows generator and discriminator accuracies. The generator 

achieved100% accuracy, meaning that it is successful in generating samples that are 

indistinguishable by the discriminator, and the discriminator achieved 40–50% accuracy, meaning 

that it can distinguish between real and fake images only at 40–50 percent. 

 

 Figure 4. 14 Generator and Discrimination accuracy 
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4.8 Test results 
After training the generator and the discriminator with the training set of the dataset and the 

specified parameters above, the generator should be tested with the testing set. The Frechet 

Inception Distance (FID) and Inception Score (IS) are used to evaluate the quality of images 

generated by a generator model. FID measures the similarity between the distributions of real and 

generated images. The IS score evaluates the quality and diversity of generated images based on 

their predicted class labels. 

The FID score for the generator model is 4.99e+108, suggesting that there is a dissimilarity 

between the distributions of real and generated images since a lower FID score indicates better 

similarity between the distributions, with 0 being a perfect match. 

The IS score of the generator model is 417.2, which is relatively high and suggests that the 

generated images are diverse according to the Inception Score metric.

 

 Figure 4. 15 Fake image generated by generator vs real image 
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Figure 4.16 shows the comparison of generated (fake) images generated by Generator tested with 

the testing text set and the testing image data (the real testing images). As the figure shows, there 

is a difference between the fake images and the real testing images. 

4.9 Discussion  

For the development of a model for Amharic text-to-image generation using CGAN, Amharic texts 

and the corresponding images were collected specifically for this purpose. Some of the fashion 

images were collected from different sites, as indicated above, and some of them were captured 

by smartphones. These fashion images include a variety of styles of shoes and apparel. The 

Amharic descriptive texts were written manually, describing the visual detail of each image. The 

Amharic text was organized with three columns: “text” containing the Amharic text, the “Image” 

column containing the path or file name of each image, and the “category“ column containing the 

category of the image, whether it is apparel or footwear. The image was also arranged in the order 

of their filenames in the image column of the Amharic text dataset. Following the proper 

organization of both the text dataset and image dataset, text cleaning, text tokenization, and 

converting to word embeddings were important for the Amharic text dataset, and image resizing, 

normalization, and converting the resized and normalized image to a numpy array were done for 

the image dataset. 

Writing Amharic descriptive text for each fashion image is a time-consuming task and a 

challenging process of this study. Amharic text-to-image generation is a conditional task where 

the generated image is highly dependent on the input text. CGAN is well-suited for conditional 

tasks as it allows the incorporation of additional information (text) during the generation process. 

In the case of Amharic text, the conditional input (Amharic text) guides the model to produce 

images relevant to the provided text. The generator and discriminator architectures can be chosen 

with flexibility using CGAN. 

The proposed model is compared with other models developed for other languages to show the 

originality of this study as follows. 

The work by [23] used COCO-CN data and 8,000 Flickr8k-CN image data and proposed a 

transformer-based TIS (DALL-E) to enhance text-to-image generation for Chinese language and 

achieved an inception score of 14.71, a Frechet inception distance score of 66.66 in COCO-CN 
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data, and an inception score of 15.01, a Frechet inception distance score of 49.42 in Flickr8k-CN 

in this work the authors addressed the problem of language-specific text-to-image synthesizer 

benchmarks for Chinese, together with high-performing models with moderate sizes. 

In order to generate high-resolution, photo-realistic images, the other study by [25] proposed 

stacked generative adversarial networks (StackGANs) using MS COCO data and attained an 

inception score of 9.74. In this work, the problem of creating 256x256 photo-realistic images 

conditioned on text descriptions was addressed.  

Similarly, the study by [36] used 11,788 CUB-bird images and 123,287 MS COCO images and 

proposed a novel controllable text-to-image generative adversarial network (ControlGAN) and 

achieved an inception score of 4.58 on CUB-bird image data and an inception score of 24.06 on 

MS-COCO image data, which can effectively synthesize high-quality images and also control parts 

of the image generation according to natural language descriptions.  

The study by [37] used 11,788 images from 200 bird species and proposed GAN-INT-CLS 

(Generative Adversarial Network with Integrated Classification) for the enhancement of text-to-

image generation in the English language with an inception score of 5.26. The LI distance loss 

function, feature matching, and text conditioning augmentation are among the improvements. The 

model is encouraged to create more photo-realistic images and enhance the variations in image 

content by the feature matching. The text conditioning augmentation expands the text embedding 

feature space to improve the semantic consistency of the model. 

Another by [38] used the CUB-birds dataset and the MS-COCO dataset and proposed an 

Attentional Generative Adversarial Network (AttnGAN) that allows attention-driven, multi-stage 

refinement for fine-grained text-to-image generation and achieved an Inception score of 4.29 on 

the CUB-birds image data and 25.89 on the MS-COCO. The model can synthesize fine-grained 

details in different sub-regions of the image by paying attention to the relevant words in the natural 

language description. 

The study by [39] used MS COCO image data and proposed CogView, a 4-billion-parameter 

transformer with a VQ-VAE tokenizer, to advance text-to-image generation in Chinese and 

achieved an inception score of 17.9 and a Fréchet inception distance score of 85.0 and advance the 

problem of text-to-image generation in the general domain. 

The work by [40] also used CUB-bird and MS COCO to address the problem of semantic 

consistency between the text description and visual content by proposing a novel global-local 
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attentive and semantic-preserving text-to-image-to-text framework known as MirrorGAN and 

achieved inception scores of 4.56 on the CUB-bird image and 26.47 on the MS COCO image. 

The paper by [41] used CUB-bird image data and MS COCO image data and proposed a novel 

photo-realistic text-to-image generation model using SD-GAN (Semantics Disentangling GAN) 

that implicitly disentangles semantics to both achieve high-level semantic consistency and low-

level semantic diversity and achieved an Inception score of 4.67 on CU-birds and 35.69 on MS-

COCO images. 

The proposed model used 2575 fashion images for Amharic text-to-image generation using CGAN 

and achieved an inception score of 417.2 and a Frechet inception distance of 4.99e+108. These 

numbers show that there is a great difference between the images generated by the trained model 

and the real images as shown in figure 4.16 above. Table 4.6 shows summary of the discussions. 

Table 4.6 Summary of the Discussions 

Ref No dataset(s) Method performance 

[23] COCO-CN and 8,000 Flickr8k-

CN image 

TIS (DALL-

E) 

14.71 IS 66.66 FID in COCO-CN and 

15.01 IS and 49.42 in Flickr8k-CN. 

[25] MS COCO StackGANs 9.74 IS 

[36] 11,788CUB-bird images and 

123,287 MS COCO 

 

ControlGAN 

4.58 IS on CUB and 24.06 IS on MS 

COCO 

[37] 11,788 CUB-bird images GAN-INT-

CLS 

5.26 IS 

[38] MS COCO and CUB-bird images AttnGAN 4.29 on CUB-bird and 25.89 on MS 

COCO 

[39] MS COCO DALE-E 

 

17.9 IS and 85.0 FID 

[40] MS COCO and CUB-bird images MirrorGAN 4.56 IS on the CUB-bird and 26.47 on 

MS COCO  

[41] MS COCO and CUB-bird images SD-GAN  4.67 IS on CU-birds and 35.69 on MS-

COCO images. 

Proposed 

model 

2575 images of shoes and clothes  CGAN 417.2 IS and 4.99e+108 FID 
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In general, this study is critical to the area of NLP and some of the contributions were presented 

as follows: 

The study shows how to develop a model for Amharic text-to-image generation using CGAN 

learning algorithms by preparing a dataset of Amharic texts with the corresponding images. 

This research showed the possibility of image generation from Amharic text and that all 

researchers are busy studying Amharic text-image recognition. One of the major problems in 

machine learning, particularly in deep learning, is data, especially for Amharic language. Some 

datasets of Amharic texts with the corresponding fashion images were prepared to Amharic text-

to-image generation because creating a dataset that contains Amharic text paired with 

corresponding images is a valuable contribution to the research community. 
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 CHAPTER FIVE 

CONCLUSION, FUTURE WORK AND RECOMMENDATION 

 

5.1 Conclusion 

In this study, a model for Amharic text-to-image generation using CGAN was proposed. This 

algorithm was trained with a pair of 2575 Amharic descriptive texts with corresponding images. 

The algorithm has two parts: the generator trained on the Amharic text embedding, which has the 

shape of the vector size in which its value is specified or assigned during the training of word2vec 

to convert preprocessed Amharic texts to word embeddings, and the noise vector to generate fake 

images. The discriminator network trained on the Amharic text embeddings, with the real images 

having the same shape as the generated images, classifies them as real and fake. These two 

networks trained each other so that the discriminator gives feedback to the generator and the 

generator generates an image that is indistinguishable from the discriminator. During training, the 

loss of the generator is 0, which means the generator generates images that are indistinguishable 

by the discriminator. The accuracy of the generator is much better than the accuracy of the 

discriminator, as figures 16 show. To say it another way, the generator is generating images, which 

makes the discriminator unable to distinguish between the real and the generated ones. 

The training of the generator and the discriminator, as well as the testing of the generator with the 

testing data, have been done at all possible values of the parameters. The parameters for training 

Word2Vec (given in table 4. 2), the parameters for compiling the generator and the discriminator 

(given in table 4.3), and the parameters for training the generator and the discriminator (given in 

table 4.4 and 4.5) The loss and accuracy of both the generator and discriminator, the FID score 

and IS score of the generator, are relatively balanced at the given values of each parameter 

specified in each table stated above. In general, the training results and the testing results showed 

that the generator was better at training by achieving 0 loss and 100% accuracy to fool the 

discriminator and generate a fake image shown in figure 4.15 when tested with the testing text of 

the dataset against the real testing images of the dataset. Training both the generator and 

discriminator at the updated values of parameters is much better than the default values of 

parameters as it is seen in the testing results.  
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5.2 FUTURE WORK 

Other researchers can use other deep learning algorithms, such as StackGAN, because it has two 

stages to increase the resolution of the image but requires more computational resources and a 

larger dataset. 

Other researchers can use different types of word embeddings, such as Glove and FastText. Glove 

is basically used to construct word vectors that capture meaning in vector space and take advantage 

of global count statistics rather than just local information. Whereas FastText can better handle 

out-of-vocabulary words and capture morphological variants by taking into account sub-word 

information with large datasets 

Other researchers can prepare enough datasets for this purpose on different domains. Focused on 

specific domains or visual attributes relevant to Amharic culture and context can lead to more 

targeted research. 

5.3 Recommendation 

Many tasks had been done to design a model for Amharic text-to-image generation using CGAN. 

It is common to prepare corpus for every NLP task for research purposes, like the English language 

has many prepared corpus for text-to-image generation. However, there was no corpus prepared 

for Amharic text-to-image generation. It is possible to develop a perfect model for Amharic text 

image generation with enough dataset, enough computational resources, and by using other 

variants of CGAN. 
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Appendix 

 

Snipped python code to define, build the Generator and the Discriminator networks 
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       Sample of real images 
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Snipped python code to compile, train the Generator and the Discriminator networks 
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The following snipped is the output of the Generator loss, accuracy and the Discriminator 

loss, accuracy for 1000 epochs. 
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          Snipped code to calculate FID score 
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         Snipped code to calculate the IS score 

 

 

 

 

 

 

 

 


