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ABSTRACT 

More than thirty million Ethiopian people speak Amharic, and Amharic is a family of 

Semitic languages. This research aims to generate image captions using the Amharic 

language based on the deep learning approach. Generating captions in the Amharic is used 

for different application tasks, primarily to help people with visual impairments to 

understand the content image. Although experiments with captions in English and different 

languages have been carried out in the past years, generating captions using the Amharic 

has not been widely studied. Recently, image captions have moved by encoder-decoder deep 

learning approaches. Generally, this approach uses previously trained CNN models to take 

out visual features of the picture and represent a specific dimension through the encoder. 

And passes these features to a decoder (such as LSTM or GRU) to generate captions. To 

improve approaches that use encoder-decoder various experiments have been carried out 

over the past few years using different methods. The AM and bidirectional language decoder 

are one of these methods to play an key role in producing better captions. Bridging the 

modality gap between the visual and textual features is one of the significant challenges in 

these previous methods to enhance the semantically correct caption. In this case, the gap 

between these two features maximizes the models dose not predict proximity words to define 

the picture content.. To address this issue, this study proposed by hybridized attention-based 

DNN for generating Amharic cations. The proposed consists of an Inception-V3 CNN 

encoder to get the image features, Visual attention help to contrate essential areas of the 

image, and Bi-GRU with an AM as a decoder for language generation. Bi-GRU can learn 

long-term relationships between vision and textual features effectively compared to Bi-

LSTM. For the dataset for the proposed model, we translated the English version of the 

Flickr8k dataset into Amharic and performed experiments. As the result of the hybridized 

attention-based approach shows, we get better results on 1G-BLEU, 2G-BLEU, 3G-BLEU, 

and 4G-BLEU, which are 60.6, 50.1, 43.7, and 38.8, respectively. In addition, the proposed 

model achieved better results in experiments using BNATURE and Flickr8k (English) 

datasets. And the result demonstrated the significance of the proposed approach to compare 

with the baseline models. It is 0.21%  and 0.21%  higher than CNN-Bi-GRU and Bag-LSTM 

on the 4G-BLEU matrix. 

Keywords : Amharic Image Caption, Encoder-decoder, Bi-GRU, Attention Mechanism 
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CHAPTER ONE 

1. INTRODUCTION 

1.1. Background of the Study 

Artificial intelligence applications are now widely used, and one of their main contributions 

is to simplify human activities and also the ability to perform various complex tasks. 

Computer vision and NLP are one of the fields in the artificial intelligence, each of which is 

integrated into many areas of our life and so far, scientists have been conducting various 

research in these areas. Image captioning task is one of application in these fields that 

consisting generate concise descriptions for a given picture in the natural language that can 

capture the shown things (Masotti et al, 2018). And it is also the basic issue in artificial 

intelligence associated with CV and NLP (Vinyals et al., 2015). 

Recent research shows that, although there is a significant improvement in English language 

image captioning, the study of captioning using the Amharic language is very limited or no 

study has been done in this area. However, generating a caption from an image is a difficult 

task to understand. For this reason, it needs a cognition of both the picture and language 

(textual) domains, which have two distinct feature representations. 

As deep learning algorithms become more popular, the process of solving complex problems 

also increases. The most popular deep learning algorithms are RNNs, CNNs, LSTMs, GANs, 

Stacked Auto-Encoders, etc. In recently, (Herdade et al., 2019) (Mary et al., 2019) researches 

have shown that the image caption approach has shifted to encoder-decoder model. The 

encoder-decoder framework approach is initially prepared for MT (Bai et al., 2018). The 

researchers have formulated a model for caption tasks based on this MT idea. Overall, this 

framework works as an input picture encoded into intermediate denotation of the information 

included within the image and afterward decoded into a descriptive text ordering (Herdade 

et al., 2019). This approach uses pre-train CNN models through the encoder to obtain visual 

elements and turn them into a specified length vector. And the decoder LSTM or GRU NNs 

most utilized for language generation. The problem with this encoder-decoder method is 

incompetent to squeeze all the essential information of a source into a fixed length vector 

(Bahdanau et al., 2015). And again, the unidirectional LSTM  decoder problem is restricted 

to having only past information, thus yield poor outcome for long sequences (Agughalam et 
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al., 2020). As mentioned here (Zakir et al., 2018), unidirectional LSTM is unable to produce 

contextually well-formed descriptions. In general, most recent methods train visual and 

textual separately, this leads to a semantic correctness gap between the image and generated 

text. Those are the gap or problems that we need to address in this study. 

In this paper, we investigate to address those problems by using hybridized attention-based 

DNNs for generating Amharic captions. Our model consists of a pre-train CNN model, Bi-

GRU, and an AM for generating an Amharic description from images. Pre-train CNN that 

offer advantages in extracting the important features from entire the image and Bi-GRU 

networks allow for better predicting based on past and future data. The advantage of the Bi-

GRU with AM allows generating words by focusing only on the necessary information in 

the Bi-GRU. Now through the AM, we can include all essential information of Bi-GRU into 

a specified size vector as context. 

In this (Zhou et al., 2016) relation classification task, they showed successful work using Bi-

LSTM with AM. This concept we used for image caption in this research. We used the 

Flickr8K dataset to implement our model. By using Google translation, we translate the 

Flickr8K caption’s part into Amharic, and some translations edit manually to describe it more 

accurately. Finally, For the training again testing of the model, utilized this dataset. And also 

evaluate by using the most common evaluation metric for captions. 

1.2. Motivation of the Study 

Applications based on the local language are more accessible to that country than 

applications that use a foreign language. The official working language of Ethiopia is the 

Amharic language, which is spoken by nearly 30 million people and is the second-largest 

told Semitic language behind Arabic (Wondwossen et al., 2014), (Fikre  et al., 2020). The 

motivation to do this study is the current DNNs algorithms, such as pre-train CNNs, Bi-

LSTMs, Bi-GRUs, and AM, are recently successful in different sectors. We use these 

algorithms, and the AM methods applied to this widely spoken Amharic language can be 

trained to generate image captions. 

The machine trained in this language looks at the given image and then produces a 

description in Amharic text that accurately describes the image. But in this case, the difficulty 

is to understand the content of the images given to the machine and generating appropriate 

captions. Solving this problem and generate accurate image captions will remain a key area 
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of research for researchers. And various methods and experiments have been performed by 

different researchers to address this problem. 

1.3. Statement of the Problem  

Most existing attention-based image captions do not combine information from both visual 

and linguistic content. These AMs use models generate image captioning by using only one 

of them, either using the image or the text. Therefore, the problem with these models expands 

the gap between the visual and textual relevant features selection while generating caption 

(word prediction). This leads to inadequate semantic correctness of the result image caption. 

To address these challenges and generate a meaningful caption, in this study, a hybridized 

attention-based model is present. 

1.4. Research Questions 

This study attempt will be to answer the following research questions. 

RQ1. What are the effective DNNs for hybridized attention-based encoder-decoder model to 

generate captions? 

RQ2. What are the constraints that effectively improve the hybridized attention-based DNN 

image captions? 

RQ3. What will be the outcome of the attention-based Bi-GRU decoder regarding improving 

the qualities of the captions? 

1.5. Objectives of the Study 

1.5.1. General Objective  

The general objective of the study is to develop a model that can generating image caption 

in Amharic language using hybridized attention-based DNNs. 

1.5.2. Specific Objectives  

The specific objectives are mentioned in the following lines to address achieving the general 

objective of the study: 

• Acquisition and preparation of datasets for Amharic captions. 

• To design hybridized an attention-based encoder-decoder DNN. 

• To train hybridized an attention-based DNNs with the prepared dataset. 
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• The trained model is tested by a test set.  

• Evaluates the performance of the model. 

1.6. Significance of the Study 

Image captions are important tasks and practical applications for a variety of image and 

language-based applications. The image caption is primarily used for the visually impaired 

(blind people). Since blind people cannot view the image, it allows them to understand the 

image content using an application that convert caption into speech. On the other hand, for 

people working in photo and video editing applications, this task allows them to generate 

image captions efficiently. Finally, caption allows programmers working on search 

algorithms to search images from a database using only image content. These mentioned 

above significance of the study, specifically described as follows. 

• Assistance for visual impairment (vision loss) : - Visual impairment defines as loss 

of eyesight (vision), whether it can't see totally or partial eyesight loss (slightly 

invisible). So, the image captions help people with visual impairments to understand 

the image content by transforming text into speech applications. 

• A recommendation in editing software’s :- The captions task automatically 

accelerates the nearest descriptions method for digitalized editing application 

products. 

• Image searching : - It used to search images from the database by image context. Most 

image searching retrieve images using textual query primary depend on metadata of 

images. This type of search can't search just by looking at the given image. So, it is 

required to search images only if the images with metadata similar to the textual 

query. 

1.7. Delimitation Scope 

1.7.1. Scope of the Study  

The study concentrates on producing Amharic captions to the given image by using 

hybridized attention-based DNNs. This DNN is an encoder-decoder framework model and 

trained and tested with the translated into Amharic dataset. 
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1.7.2. Limitation of the Study 

One of the main challenges with generating image captions in Amharic is the lack of a well-

organized dataset in the Amharic language. We translated the English dataset into Amharic 

to train and test for this study. There were different obstacles during the translation process. 

For this reason, most English sentences represent foreign cultures, so some words become 

meaningless when translated into Amharic. Therefore, this challenge and grammatical errors 

also negatively affect the implementation of the proposed model. 

1.8. Organization of the Thesis 

 The rest section of this thesis is structured as follows: 

 

Chapter-Two : Describe an outline of DNNs literature and corresponding works concerning 

the previous and DNN approaches for an image caption and AM. This chapter also explains 

the Amharic language, the overview of ML, DL, and different deep learning models. 

Chapter-Three : Describe study methods such as dataset collected technique, dataset pre-

processing methods, tools for designing, and the evaluation approaches. 

Chapter-Four : Describe the architecture of the proposed model in detail. CNN image 

encoder, visual attention, Bi-GRU with AM and its mathematical and pseudocode for 

proposed model are discussed. 

Chapter-Five : Describe the proposed model implementation with the setting of a working 

configuration, implantation techniques for dataset processing, model implementation, 

described using snip code and visualization graph for the model summary. 

Chapter-Six : Present the expected proposed model key results, compare the new outcome 

with the latest baseline models, and describe the significance of the results. 

Chapter-Seven : The concluding part explains the recaps of the entire work, a summary of 

the result, and gives directions to the potential of work in the future. 
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CHAPTER TWO 

2. LITERATURE REVIEW AND RELATED WORKS 

2.1. Introduction 

In recent years, a massive amount of data that generated by both humans and machines. 

According to (Jayagopal et al., 2021), approximately eighty percent of data captured today 

is unstructured and gathered from a different source. To collect (selecting) or process (for 

analysis, sequence) this vast amount of data in human capacity is an impossible and complex 

task. In this case, AI is involved in addressing this complex issue. AIs are the capacity of a 

machine's system to mimic human behavior. The power of AI contributes significantly is far 

better than that of humans at logically and arithmetically correct collecting, processing 

massive amounts of data.  So, using this AI advantage, various AI-enabled systems or 

applications have been developed for different services over the years. 

MLs are a subset of AI that concentrates on getting machines to decisions by feeding them 

data. The different kinds of ML are as follows: 

Supervised learning-: the first ML is a learning in which we train that machine using well-

labelled data. Labelled data indicates that the output is already known. So the model requires 

mapping each input data to the output label. Most algorithm utilizes this principle for 

different tasks such as regression, random forest, classification (SVM, Naive-Bayes), others. 

Unsupervised learning-: is another type of ML that differs from supervised learning, where 

we do not need to supervise the model. The model learns from the data and discovers patterns 

and elements in the data, and returns the output. It employs unlabelled data to train the model, 

which means there is no set output variable. It performs more complex tasks compere to the 

supervised approach. K-means clustering algorithms utilize unsupervised learning. 

Semi-supervised learning-: It utilizes a fusion of supervised and unsupervised learning 

methods. Its use incorporates a short piece of labeled data with an enormous portion of 

unlabelled data to train models. 

Reinforcement learning-: the last classification of ML algorithm is that the agent 

collaborates with its present circumstances (environment) by trial and error and using 

feedback from its action and experience. These types of ML algorithms are important when 
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designing a system. However, ML makes it difficult to analyses or process large amounts of 

data. Thus, DL designs to address this issue. 

DL is a kind of ML that operates the concept of neural networks to solve complex problems. 

It executes with the use of a NN. DL algorithms have numerous hidden layers, and each one 

layer is an interconnected node. Each hidden layer can pull elements (features) and transfer 

them into the following layer. This extraction feature moves from the input layer to the output 

layer in NN, and this computational progress is known as forward propagation. The reverse 

process is called backpropagation.. Backpropagation is a process to optimize the weights 

(parameters) in NN, which NNs learn. DL performed by artificial DNN has accomplished 

great success lately in numerous essential areas (Fan et al., 2021). 

 

 

Neuron

Output
Input data

Output layer

Layer NLayer 1  

Hidden layer

 

Figure 2.1 A DNN architecture with N hidden (multiple hidden) layers 

 : ( Source) 

ANN is a group of collaborative nodes layer called artificial neural, which is created by the 

perception in a neural layer. In the DL algorithm, there are different types of NN to solve 

specific complex problems. The most common NNs are: 

https://towardsdatascience.com/a-laymans-guide-to-deep-neural-networks-ddcea24847fb
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CNN : used primarily in CV and picture categorization. It contained three layers of input, an 

output, and multiple hidden (Hussain et al., 2019). CNN can detect features and patterns 

within an image (such as object detection or recognition). 

RNN : another type of NN that uses in NLP and computer speech recognition applications. 

It uses sequential data and time-series data. 

Image caption, which objective generates meaningful sentence descriptions for an image, is 

a challenging task that requires an understanding of both the AI sub-categories (CV and 

NPL). It not only needs to identify the entities and features from the provided picture but 

again requires verbalizing them with natural language in the correct order (Yuan et al., 2021). 

CV, as a subfield of AI that trains the computer to understand the visual world (image or 

video). CV has become increasingly popular in various areas of research in recent years. And 

also effective in solving complex problems in different fields. Another hand is the role of the 

NPL. NPL is a bough of AI that concerns the design and implementation of systems and 

algorithms able to interact via human language (Lauriola et al., 2021). Therefore, image 

captioning is a difficult task that involves two different AI subfields into a single task. 

2.2. Overview of Amharic Language  

Ethiopia is a nation found in the horn of Africa, in the east of the continent, with more than 

eighty nations and nationalities. Amharic language speaks by more than half of the residents 

and is the official working language of the FDRE (Bekele et al., 2020) (Fikre et al., 2020). 

Outside an Ethiopia, the Amharic language speaks in some other nations, especially Eritrea, 

Canada, the USA, and Sweden (Kesito et al., 2018). It is written using a writing system called 

Fidel or abugida, adapted from the one used for the now-extinct Ge’ez language (Bekele et 

al., 2020). Currently, the Amharic alphabet has thirty-three main core characters, each 

occurring in seven different forms or orders. We listed each one on this Figure 2.2.  

So, in general, The Amharic category includes a morphologically rich language but is less 

resourced (available resources for scientific research) within the Semitic language family 

(Seyoum et al., 2019). And also, it is one of the least researched and presents a challenge to 

the area of NLP. 
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Figure 2.2 Amharic core characters 

 (Source) 
 

2.3. Background: Deep Neural Networks 

DNNs are nowadays widely employed for multiple AI applications, including CV, speech 

recognition, and robotics (Sze et al., 2020). Recently, image caption models using DL 

algorithms in different techniques have performed successful state-of-the-art results. 

Following CNN's success, it dedicated the concentration of investigators from different 

occupations or areas. The fields of CV and NPL, CNN, and other DL models were due to a 

significant capacity for their outstanding outcomes in many challenging issues (Martínez et 

al., 2019). Researchers use different DL algorithms to solve complex problems. In our case, 

generate image descriptions problem. CNN, RNN, LSTM are the most common DNNs 

algorithms. 

2.3.1. Convolutional Neural Networks 

In the field of DL, CNNs have dominated the CV and other different areas in recent years. 

The CNNs have demonstrated excellent performance in many CV and ML problems 

(Hussain et al., 2019). The basic CNN comprises three layers: namely, input, output, and 

multiple hidden. The CNN hidden layers generally consist of convolutional, pooling, 

normalization, and fully connected (Hussain et al., 2019). 

https://omniglot.com/writing/amharic.htm
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Figure 2.3 Typical CNN architecture for image classification  

 (Source) 

In the first layer (input layer), it stores the input data after data is loaded. This input layer (or 

denoted by x) describes in three dimensions: width, height (𝑚), and depth (𝑚) or m × 𝑚 × 

𝑟, where 𝑟 is depth and equal to 3 in an RGB image (Alzubaidi et al. 2021).  

The next layer is the hidden layer which includes convolution layers, pooling layers, and 

activation functions. Convolution layers use to for extracting the features of the image. In the 

convolution networks, several kernels (filters) are available, denoted by 𝑘. The input layer 

convoluted with a similar dimension (𝑛 × 𝑛 × 𝑞), 𝑛 needs to be less than m, while 𝑞 is either 

equivalent to or less than 𝑟. Additionally, the kernel put group weight (𝑤𝑘), bias (𝑏𝑘) shared 

all over the input space, and for generating 𝑘 feature map 𝐻𝑘as output with a size of (𝑚 −

𝑛 + 1) × (𝑚 − 𝑛 + 1). The dot product between input and weight values forms the 

convolution layer calculation as Eq.2.1 (Alzubaidi et al. 2021) Finally, by applying the 

activation function to the output of the convolution layer. 

𝐻𝑘 = 𝑓(𝑤𝑘 ∗ 𝑥 + 𝑏𝑘) 2.1 

The next layer of the hidden layer directs as the pooling layer or 'max pooling'. It is used to 

decrease the dimensionality of the feature map but keeps essential information. This leads to 

reducing the computational complexity, controlling the overfitting issue. Max pooling takes 

the minimum elements from each sub-region of the feature map. For example, the max-

pooling operation for changing a 4x4 feature map output into a 2x2 output with stride 2 

describe in figure. 

https://journalofbigdata.springeropen.com/articles/10.1186/s40537-021-00444-8/figures/7
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Figure 2.4 Max pooling with filter 2 × 2 and stride size [26] 

After each convolution layer in CNN, apply the nonlinear activation function. The sigmoid 

function, SoftMax function, Tanh function and ReLU function are most typical activation 

function in DL models. ReLU activation function is the most used, and it involves any 

negative inputs within the kernelled image to zero. 

The last CNN architecture layer is called the classification layer (fully connected layer). The 

output from the final convolution or pooling layer is input for a fully connected layer, which 

is flattened (1-dimensional array). This layer computes predicted categories by recognizing 

the input picture, which integrates all the elements learned by earlier layers. (Jana et al., 

2020).  

Finally, the last outcome of the fully connected designates the last CNN output. The method 

to calculate the loss (predicted error) is called loss function. This error shows the difference 

between the actual output and the predicted one. The gradient descent algorithm utilizes to 

minimize the training error and repeatedly modifies the network parameters through every 

training epoch, (Alzubaidi et al., 2021). The mathematical expression of this process is shown 

in Eq.2.2 (Alzubaidi et al. 2021). 

𝑤𝑖𝑗𝑡 = 𝑤𝑖𝑗𝑡−1 − ∆𝑤𝑖𝑗𝑡 , ∆𝑤𝑖𝑗𝑡  =  𝜂 ∗  
𝜕𝐸

𝜕𝑤𝑖𝑗

 
2.2 

The last weight in the present training epoch is marked by 𝑤𝑖𝑗𝑡 , while the weight in the 

initial (𝑡 − 1) training epoch is represented 𝑤𝑖𝑗𝑡−1 . The learning rate is 𝜂 and the prediction 

error is 𝐸 (Alzubaidi et al., 2021).  
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2.3.2. Recurrent Neural Networks 

RNNs represent a specific form of the DL models, which are often used with sequential data 

(time-series data). It can train sequentially generate by processing actual orderings of 

information one phase at a time and predicting what reaches next (Graves et al., 2013). RNNs 

have 2 infusions: present and recent history. Both are essential when RNNs make a decision. 

It assumes the present intake and outcome that it has retained from the previous input for 

making the decision.  

During the activity of RNNs, the data follows a loop mechanism, which outcomes in 

enormous updates to NN weight. These huge changes make RNN fall in preserving the 

gradient called vanishing gradient decent. Generally, RNNs are typically challenging to train 

due to the well-known gradient vanishing and hard to learn long-term patterns (Li et al., 

2018). In Eq.2.3, we demonstrate the calculation for the hidden variables, while Eq.2.4 

demonstrates the outcome (output) variable. 

ht h1 h2 h3 hT

o1ot o2 o3 oT

xt x1 x2 x3 xT

Who, bo Who, boWho, bo

Whh, bh Whh, bh Whh, bh Whh, bh

Who, bo

Whx Whx Whx Whx

Who, bo

Whh, bh

Whx

 

Figure 2.5 A standard RNN architecture 

ℎ𝑡 = 𝜙ℎ(𝑋𝑡𝑊ℎ𝑥 + ℎ𝑡−1𝑊ℎℎ + 𝑏ℎ) 2.3 

𝑂𝑡 = 𝜙𝑜(ℎ𝑡𝑊𝑜ℎ + ℎ𝑡−1 + 𝑏𝑜) 2.4 

Where, 𝑋𝑡  ∈ ℝ𝑛 𝑥 𝑑 𝑎𝑛𝑑 ℎ𝑡  ∈ ℝ𝑛 𝑥 ℎ denote the input at time step 𝑡 and the hidden state, 

where 𝑛 is number of samples, 𝑑 is the number of inputs of individual example and ℎ is the 

number of hidden units (Schmidt et al., 2019). 𝑊ℎ𝑥 defines the weight matrix between hidden 

and hidden recurrent, hidden-state to hidden-state matrix 𝑊ℎℎ, 𝑏ℎ 𝑎𝑛𝑑 𝑏ℎ𝑜 a bias parameter, 

and 𝜙 represents activation. Since ℎ𝑡 recursively includes ℎ𝑡−1 and this procedure ensues for 
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every time step the RNN contains traces of all hidden states that preceded ℎ𝑡−1 as well as 

ℎ𝑡−1 itself (Schmidt et al., 2019). 

2.3.3. Long Short-Term Memory 

LSTMs are a sort category of RNNs that can understand long-term relationships. It was first 

presented by Sepp Hochreiter and Jurgen Schmidhuber in 1997 and is broad benefits until 

now (Yang et al., 2020). The major cause for the advent of LSTM is to address the problem 

of Long-term dependence and vanishing gradient in RNN by introducing new components, 

namely memory cells, and gate units. LSTMs have 3 separate entrances (gates) such as forget 

gate, output gate, and input gate that regulate information flow in LSTM cell. The forget and 

input entrances address the issue of gradient disappearance and gradient explosion so that 

long-term data can capture (Yang et al., 2020). The memory of LSTMs is similar to computer 

memory. Finally, LSTM compared with ordinary RNN, LSTM gives a more reasonable 

performance in long series input and better memorization of past state. 




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

s s tanh
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Figure 2.6 LSTM structure 

𝑤ℎ𝑒𝑟𝑒 𝑥𝑡 : input of outer at time step t.  

• ℎ𝑡−1, ℎ𝑡: state of hidden at times (𝑡 − 1) or 𝑡 

• 𝐶𝑡−1, 𝑐𝑡: state  of cell at time step 𝑡 − 1 or 𝑡. 
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• 𝑓𝑡: the result of the forget gate  

• 𝑖𝑡: the result of the input gate  

• 𝒄̃𝑡: gate of cell 

• 𝑜𝑡: gate of output, state. 

• 𝑊𝑥𝑖, 𝑊𝑥𝑓, 𝑊𝑥𝑜, 𝑊ℎ𝑖, 𝑊ℎ𝑓, 𝑊ℎ𝑜 as weight matrices while 𝑏𝑖, 𝑏𝑓, 𝑏𝑜 are their respective 

biases. 

The above notations show in (Aden, 2021) to demonstrate the work of the LSTM network. 

Every period the LSTMs take to input the 𝑋𝑡, the four gates ( 𝑓𝑡, 𝑖𝑡, 𝑐𝑡 ) and 𝑜𝑡 is updated 

as follows: The computations for these gates utilize the sigmoid activation operation σ to 

convert the outcome ∈ (0, 1) individually results in a vector with entries ∈ (0, 1) (Schmidt et 

al., 2019). 

𝑜𝑡 = 𝜎(𝑋𝑡𝑊𝑥𝑜 + ℎ𝑡−1𝑊ℎ𝑜 + 𝑏𝑜) 2.5 

𝑖𝑡 = 𝜎(𝑋𝑡𝑊𝑥𝑖 + ℎ𝑡−1𝑊ℎ𝑖 + 𝑏𝑖) 2.6 

𝑓𝑡 = 𝜎(𝑋𝑡𝑊𝑥𝑓 + ℎ𝑡−1𝑊ℎ𝑓 + 𝑏𝑓) 2.7 

The equations Eq.2.5,  Eq.2.6, and Eq.2.7 are presented to show the LSTM gate's work show 

in (Schmidt et al, 2019). 

Next, we need a candidate memory cell (𝒄̃𝑡) which has an identical computation as the earlier 

noted gates but instead uses a tanh activation function (Schmidt 2019). The respective 

computation is shown in Eq.2.8. The Eq.2.8 shows in (Schmidt et al., 2019). 

𝒄̃𝑡 = tanh(𝑋𝑡𝑊𝑥𝑐 + ℎ𝑡−1𝑊ℎ𝑐 + 𝑏𝑐) 2.8 

The old memory content 𝐶𝑡−1, which combines with the presented gates, handles how 

considerably the old memory content keeps to obtain the new memory content 𝐜𝑡. This is 

demonstrated in Eq.2.9 where ⊙ represents element-wise multiplication (Schmidt et al., 

2019). 

𝐜𝑡 = 𝑓𝑡 ⊙ 𝐶𝑡−1𝑖𝑡 ⊙ 𝒄̃𝑡 2.9 
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The final stage is the calculation for the states of hidden h𝑡 and it can be modified utilizing 

the outcomes from the output gate and the cell state at the current time step as follows: 

Eq.2.10 ( Aden, 2021) 

h𝑡 = 𝑜𝑡 ⊙ tanh(𝒄̃𝑡) 2.10 

Bi-LSTMs are an extension of LSTM that can better memorization of the future state. This 

NN contains LSTM units that perform in both directions to integrate past and future context 

data (Jang et al., 2020). Unlike the LSTM neural, the Bi-LSTM neural uses the two hidden 

states aggregated input information in two directions (forward and backward) to maintain 

(capture) information from both future and past. It uses text categorization. A structure of the 

Bi-LSTMs network shows in the Figure 2.7. Let 𝑋𝑡 as input at time 𝑡 and, the hidden state 

output by forward LSTM be ℎ⃗̃ 𝑡 and the output by backward LSTM be ℎ⃗⃖𝑡, ⊕ demote element-

wise sum, the hidden state output ℎ𝑡 calculation show in Eq.2.11 

ℎ𝑡 = [ℎ⃗̃ 𝑡 ⊕ ℎ⃗⃖𝑡] 
2.11 
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Figure 2.7 Bidirectional Long Short-Term Memory (Bi-LSTM) 

2.3.4. Gated Recurrent Unit 

GRUs are the particular variety of RNNs that aims to address the vanishing gradient issue of 

RNNs. To solve this problem, GRU uses two entrances; the update gate and the reset gate. 

GRU's update gate desires how much data from the earlier units must be forwarded (Humaira 

et al., 2021). The reset entrance (gate) operates by the model to decide how considerably data 
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from the last unit to omit. The computations for these gates are shown in Eq.2.12 and 

Eq.2.13. 

Current memory content is utilized to keep the appropriate information from the earlier units 

(Humaira et al., 2021). And the final step is the last memory (final memory) at the present 

(current) unit time phase. It is a vector utilized to hold the last data for the present unit and 

pass it to the following layer (Humaira et al., 2021). The current memory content and final 

memory at the current unit from the calculation shown in Eq.2.14 and Eq.2.15. 
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Figure 2.8 The architecture of GRU cell 

𝑤ℎ𝑒𝑟𝑒 𝑥𝑡: external input at time step t. 

• ℎ𝑡−1: Information from previous unit. 

• ℎ̃𝑡: Current memory content. 

• ℎ𝑡: A memory of the final at the current unit. 

• 𝑧𝑡: The output of the update gate at the current timestamp. 

• 𝑟𝑡: The output of the reset gate at the current timestamp 

• 𝑊, 𝑊𝑧 and 𝑊𝑟: is weight at current unit, weight matrix at update gate and weight 

matrix at reset gate. 

𝑧𝑡 =  𝜎(𝑊𝑧. [ℎ𝑡−1, 𝑥𝑡]) 2.12 
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𝑟𝑡 =  𝜎(𝑊𝑟. [ℎ𝑡−1, 𝑥𝑡]) 2.13 

ℎ̃𝑡 =  𝑡𝑎𝑛ℎ(𝑊. [𝑟𝑡 ∗ ℎ𝑡−1, 𝑥𝑡]) 2.14 

ℎ𝑡 = (1 − 𝑧𝑡) ∗ ℎ𝑡−1 + 𝑧𝑡ℎ̃𝑡 2.15 

The above equations demonstrate the work GRU's gates show in (Humaira et al. 2021). 

The traditional unidirectional GRU is unable to take the pass and the feature information at 

the same time. The reverse sequence or future information is an important task that uses 

sequence data. The Bi-GRU NN is a variant of the unidirectional GRU in that the input series 

passes via a forward and a backward NN, and then the results of the two are merged in the 

same output layer (Li et al., 2020). In Eq.2.16, 2.17 and 2.18 adopted from (Lv et al., 2020), 

we can see the computation for the state of hidden at the moment t ( ℎ𝑡 ) will be acquired by 

the combination of hidden states ℎ⃗ 𝑡 and  ℎ⃗⃖𝑡 generated by the forward and the backward GRU 

at the time t. let 𝑥𝑡 as external input at time step t, forward and backward GRU unit donated 

by 𝐺𝑅𝑈⃗⃗⃗⃗⃗⃗⃗⃗  ⃗ and 𝐺𝑅𝑈⃖⃗⃗⃗⃗⃗ ⃗⃗ ⃗⃗ , and ℎℎ−1 and ℎℎ+1 denoted as information from the previous and future 

unit. 
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Figure 2.9 The architecture of the Bidirectional GRU 
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ℎ⃗ 𝑡 = 𝐺𝑅𝑈⃗⃗⃗⃗⃗⃗⃗⃗  ⃗(ℎ𝑡−1, 𝑥𝑡) 2.16 

ℎ⃗⃖𝑡 = 𝐺𝑅𝑈⃖⃗⃗⃗⃗⃗ ⃗⃗ ⃗⃗ (ℎ𝑡+1, 𝑥𝑡) 2.17 

ℎ𝑡 = 𝑐𝑜𝑛𝑐𝑎𝑡𝑒𝑛𝑎𝑡𝑒(ℎ⃗ 𝑡 , ℎ⃗⃖𝑡) 2.18 

These equations and notations show in (Lv et al. 2020).  

2.4. Attention Mechanism 

The recent trend in DL models uses AMs. It is a significant concept in the DL sub-fields, 

such as NPL or CV. Attention is motivated by the biological procedures of humans that watch 

to concentrate on specific components when processing extensive amounts of information 

(Niu et al., 2021). The AM in DL is also an attempt to implement same as in human biological 

procedures by attending to a few relevant things when processing the data. AMs or their 

variants are widely used in various application domains. 

AM was presented by (Bahdanau et al., 2015), to enhance NMT by choosy concentrate on 

elements of the source sentence during translation (Niu et al., 2021). The previous approaches 

of the sequence-to-sequence models have drawbacks to understanding long input or complex 

sentences and selecting words more relevant when generating or translating sentences. AMs 

address those issues by helping memorize long input sentences and selecting all the relevant 

information in the input sentence in NMT. Based on this point, different variations of AMs 

have become an increasingly common ingredient of deep learning models. In the image 

captioning tasks, various types of AMs were applied. And those mechanisms are utilized to 

provide more concentration to the appropriate position in the image or textual data during 

generating captions to have better description quality. 

2.5. Previous Image Captioning Approaches 

This section reviews the major types of previous captions method. They are retrieval-based 

and template-based. 

2.5.1. Retrieval-based Approaches 

The retrieval strategy employs a searching method to encounter proper picture descriptions 

(Liu et al., 2019). In retrieval-based approaches, to generate an appropriate caption for the 
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given image. First, discover the visually identical pictures (similar image content) with their 

descriptions from the image-caption database and these descriptions are called candidate 

descriptions. Finally, the descriptions for the given pictures specified from these captions 

pool (a set of existing captions).  

(Kuznetsova et al., 2012) follows retrieval-based image captioning. This method begins 

retrieving relevant candidate descriptive phrases from the database. Then generate a coherent 

caption based on the text descriptions of the retrieved similar image sets. (Ordonez et al., 

2011) A proposed retrieve and transmit captions from a dataset to a query image using global 

picture representation. Later on, (Kuznetsova et al., 2013) presented an image caption 

generalization method to reduce the information gap between image and text compared to 

previously retrieval-based image caption approaches. In general, The retrieval-based 

approach needed extensive data to cover every likely query picture (Agughalam et al., 2020). 

2.5.2. Template-based Approaches 

Template-based methods have specified templates with some empty slots to caption 

generation (Zakir et al., 2018). In these approaches:  first, the object, attributes, action are 

detected by using detection algorithms, and then the blank space in the template are filled. A  

predefined fixed number of spaces in a template fill with acquired entity attributes and 

relations to captions. (Hutchison et al., 2010) proposed a triplet of scene components (object, 

action, scene) to load the template space for captions. These triplets provide a general idea 

of what the image is to generate a caption. (Yang et al., 2011) proposes a quadruplet template 

that includes (Nouns-Verbs-Scenes-Prepositions) for generating image caption. (Li et al., 

2011) used a picture identification method that extracted vision data (objects, attributes, and 

spatial relationships). Then, encodes it as a group of triplets ((adj1, obj1), prep, (adj2, obj2)). 

Template-based approaches can generate grammatically correct descriptions compared to 

retrieval-based methods. However, this approach is rigid and cannot generate variable length 

descriptions (Martínez et al., 2019)(Zakir et al., 2018). Therefore, the outcome captions lack 

naturality compared with human written sentences. 

 

 

 



21 

 

2.6. DNNs for Image Captioning  

The previous image caption techniques and CNN success in image classification tasks have 

fuelled the researchers that used DNN for image caption tasks. DNNs methods still influence 

previous image caption methods. (Kiros et al., 2014) uses a deep CNN as an encoder for 

extracting picture features, and these features project into the  LSTM hidden states. LSTM 

uses a multimodal space for leaking a joint image-text embedding. The authors introduce a 

new NN language model as a decoder called SC-NLM. It used the combination of content 

vector and structure to word generations. 

(Vinyals et al., 2015) propose encoder-decoder approaches are the same method as (Kiros et 

al., 2014). The authors use pre-trained CNN (Inception-V1) for image features, and these 

features and word embedding pass into the LSTM decoder for generating image captions. 

The LSTM decoder uses the initial state to include image information and then the next words 

predicted. This step continues until it obtains the end of the token of the sentence. (Kiros et 

al., 2014) and (Vinyals et al., 2015) use the encoder-decoder approach, these approaches 

performed better compared to Template-based and retrieval-based. Researchers have used 

various enhancement methods to improve the encoder-decoder NN framework and generate 

semantically richer sentence captions. Those are: adopting the spatial AM and utilizing 

semantic embeddings improve the semantic richness and bridge the gap between picture and 

textual information modalities of captions (Agughalam et al., 2020). 

(Zhang et al., 2020) uses a semantic embedding approach to bridge the modality gap between 

pictures and textual data. This approach contains two parts: the first part is the combination 

CNN-LSTM image caption model was utilized to predict the picture description for the 

global picture and all the object parts. The authors use R-CNN to detect the object regions. 

Then all descriptions transform into semantic words that contain detailed element 

information. In the second role, the authors introduce the EE-LSTM language model, which 

are embeds both visual and semantic element features to generate image captions. 

(Peng et al., 2019) uses extracted scene information from the image and textual data to 

generate more semantically precise descriptions. This approach is as follows: the first step is 

image representation. The authors used pre-train ResNet (Sangeetha et al., 2006) and 

Places365 CNN for global and scene feature extraction and trained by MLP to predict image 

scene. To extract scene information from the text corpus using LDA. Secondly, the next step 
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is scene factors which are the image scene and sentence scene vector fuse into double LSTM 

for generating captions. Double LSTM also helps describe the content picture with a better 

accurate and good semantic understanding of the image effectively (Peng et al., 2019). Their 

approach improves the semantic richness of caption with scene factor. 

Later on, (Wang et al., 2018) and (X. Xiao et al., 2019) utilized bidirectional LSTM methods 

to take benefit of both pass and future context data in the series during predicting words. In 

their methods, they use a pre-trained CNN model extracting image features and those features 

passed into the deep Bi-LSTM to use in both directions (forward and backward). Based on 

their proposed results, which means (multimodal Bi-LSTM and Bi-LSTM with incorporated 

into the DSEN), the Bi-LSTM architecture improves generating longer word sequences. And 

it's a high capacity for knowing long-term vision and text by taking both the past and future 

context. 

Over the years, various methods have been presented to handle (solve) the issue of captions. 

Xu et al., 2015 was the first to present the AM in the image captions tasks and also first 

initialized the hidden state of language LSTM with visual feature vector (Qin et al., 2019). 

For image captioning tasks, this AM weights CNN features on the salient regions or parts of 

the image based on a relevance score. Then these features are directly computed into an 

LSTM decoder with word embeddings. Those weighted features dynamically update at each 

time step during generating description. (Xiao et al., 2019) added the AM with two separate 

LSTM for generating image captions. The first LSTM with visual attention is utilized to 

capture appropriate information from the global picture features and context words, and the 

second LSTM uses for the language generation module. The authors employed visual 

attention as it utilized a visual sentinel. 

(Lu et al., 2017) also adopted an adaptive encoder-decoder framework that generates the next 

word by automatically deciding when to look(sentinel get (Lu et al., 2017)) and where to 

look (spatial attention (Lu et al., 2017)). The authors extend the LSTM decoder to store both 

long and short visual and textual information called visual sentinel. (Cao et al., 2019) utilized 

AM to high-level semantic (summary description of the pictures) to improve the image 

captioning.  In their approach, AM deploys on salient semantic element selection rather than 

focusing on the entire image vector while generating an image description. The authors use 

VggNet-16 to obtain global image features. And these features are fed into the semantic 

attention model with word embedding. lastly, to generate the captions of an image, those 
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text-related image features of attention enter into the bidirectional LSTM model. The 

semantic AM has significantly improved the relationship between image and text. Finally, 

their outcomes demonstrate that the implementation of attention further enhances image 

captioning. The significance of visual and textual attention for captions is to reduce the 

modality gap between the text and picture elements (Agughalam et al., 2021). 

2.7. Related Works 

In the previous section, the early image captioning approaches mean not using deep learning 

techniques (template-based and retrieval-based methods) and using DNN based approaches 

were discussed for generating image captioning. Now let's look at the corresponding work 

and drawbacks of the captions based on DNN. 

Image captions with semantic embedding have demonstrated remarkable outcomes to 

produce complex image captions. (Zhang et al., 2020) utilizes semantic representation of 

images to enhance image caption. The authors argue global image features representations 

are not adequate to describe all the important elements in the images. They used R-CNN to 

depict important elements in the image. R-CNN to detect object regions and predict image 

descriptions. So in the first part, the whole image descriptions predict by CNN-LSTM 

combined with regional captions, and then all captions are segmented into semantic words 

(semantic features). Finally, they introduce new element embedding LSTM models that use 

CNN features and semantic features to predict image descriptions. Their approaches 

produced detailed image captions that used semantic embedding. However, the semantic 

element information is statically represented without considering relevant image features. 

(Peng et al., 2019) attempted an image semantic understanding model by combining scene 

factors. The authors use two pre-trained CNN (ResNet and Places365) to extract the global 

features of the image and the features of the deep scene. LDA models use to train and extract 

scene information from large text volumes. Finally, both visual and textual extracted are 

fused into double LSTM to perform better in the semantic caption. This approach has some 

limitations: since the model trains in unidirectional LSTM always contain only pass 

information and do not include feature information. And also the feature repetition during 

word predicts (Agughalam et al., 2021). 

(Pedersoli et al., 2017) presents an area attention-based encoder-decoder model that 

associates parts of the picture (beads on CNN activation grids, object proposal, and spatial 



24 

 

transformers) with the words of a description. (Chen et al., 2017) presented a combination of 

the spatial and channel-wise AM over a 3D CNN features map for generating image caption. 

Unlikely (Pedersoli et al., 2017) the authors used features extracted from different channels 

and multiple layers instead of only uses from spatial locations. Channel-wise attention 

deploys as the strategy of picking semantic characteristics on the request in the context of a 

sentence. Their result is an improved image caption. And also a good understanding of what 

spatial and channel-wise attention looks like in a CNN network that involves captions 

generations. However, their approach focuses on selecting essential regions of the picture for 

the language model, but they largely ignore the relevant part of sentences while generating 

the descriptions. And again, the LSTM language model limited retain future inputs 

information during model training. (Cao et al., 2019) proposed generating image caption by 

using the Bi-LSTM with an AM. This AM employed as semantic guidance is infusion into 

each unit of the Bi-LSTM. 

The aforementioned studies and most of the image captions tasks are based on the English 

language. English, as morphologically poor language, usually follows a set word ordering 

(subject-verb-object) (Avramidis et al., 2008). The deep learning models made in the English 

language give better results but have a weaker outcome on morphology-rich languages 

(German, Bangla, Amharic, and others). 

(Jishan et al., 2020) tried image captioning in the Bangla language. The authors followed the 

hybrid encoder-decoder architecture to generate image captioning. This encoder-decoder 

framework has three components: the first is the CNN encoder for extracting image features, 

the second is LSTM and BRNN as language decoders to generating captions. Also, the 

authors contributed creation of a new dataset. This dataset is called BNLIT and contains 8700 

images with one annotation. And these images are collected representing the culture of 

Bangladesh, and the description is in the Bangla language. 

(Faruk et al., 2020) proposed an encoder-decoder model for caption in the Bangla language. 

The authors used Inception-V3 as a CNN encoder to extract the visual elements from images, 

and through the language decoder, they used Bi-GRU to generate image text. The authors 

argue GRU has more efficiency and better results compared to LSTM. Also, they proposed 

a new dataset called BNATURE. This dataset is configured based on flicker8k and contains 

8000 images with five Bengali captions. 
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In general, those methods (Faruk et al., 2020), (Jishan et al., 2020) gave good results with 

BLEU and METEOR scores. However, their method limitation is the image feature 

extraction directly passes into the language model without attending to some relevant features 

of the image. 

In these previous studies, different image caption approaches present. The recent studies 

show that the image caption approach using Bi-GRU, BI-LSTM and an AM has improved 

the accuracy of image captioning. For this study, we follow the studies that use Bi-LSTM, 

Bi-GRU and an AM. Bi-LSTM can outline long-range visual and text relations from 

forwarding and backward directions (Wang et al., 2016). AMs enable the model to attend to 

the essential elements of the visual-textual while generating image captioning. The main 

problem is that these Bi-GRU and AM presented studies used only textual or visual content 

to generate image descriptions. In this proposed work, words are generated depending on the 

content of the required information of the visual-textual. Therefore, to address this 

dependency problem, we have combined or concatenated the textual and visual attention 

features and  fed into a Bi-GRU with an AM to generate image caption words that know both 

their content. In the table below, we have summarized the gaps and methods used by the 

previous ones. 
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2.8.  Summary of Related Work 

The following tables show earlier works on image captions. 

Table 2.1 Related work summary 

Authors Title Methods Used Gap 

(Zhang et al., 2020) 
Image captioning via semantic 

element embedding 

Semantic embeddings 

approach 

− The semantic elements information is statically 

represented without considering relevant image 

features. 

(Peng et al., 2019) 
Image caption model of double 

LSTM with scene factors 

Double LSTM with scene 

information 

− Unidirectional LSTM is limited to capturing 

only the past information, not considering the 

future information. 

− Feature redundancy during words generated. 

(Pedersoli et al., 

2017) 

Areas of Attention for Image 

Captioning 

Attention-based CNN-GRU 

encoder-decoder approach 

− The AM does not consider textual features 

while generating captions. 

− Unidirectional GRU limited to retaining future 

information. 
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(Chen et al., 2017) 

SCA-CNN: Spatial and channel-

wise attention in convolutional 

networks for image captioning 

Attention-based CNN-LSTM 

encoder-decoder approach 

− The language model lacks textual attention 

while word generating. 

− And it is limited to retaining future contextual 

information. 

(Cao et al., 2019) 

Image Captioning with 

Bidirectional Semantic Attention-

Based Guiding of Long Short-

Term Memory 

CNN and Bi-LSTM with AM 

model 

− The visual element obtains from the dense 

layer for an AM. So, this attention is limited to 

looking at different regions of the picture. 

(Faruk et al., 2020) 

Image to Bengali caption 

generation using deep CNN and 

bidirectional gated recurrent unit 

CNN-Bi-GRU encoder-

decoder approach 

− Lack of visual AM and text related image 

feature during word generating. 



28 

 

CHAPTER THREE 

3. RESEARCH METHODOLOGY 

3.1. Chapter Overview 

This chapter describes the procedures from the dataset to evaluation measures used in the 

proposed work to address the study question. Let's look at the overall procedure of the 

Amharic image captions proposed model. 
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Figure 3.1 Shows the procedure of Amharic image captioning 

3.2. Dataset 

Dataset is the top most important part to implement both machine learning or deep learning 

area. For our study, we used well-known Flickr8k (containing 8,000 images) dataset to train 

this proposed architecture. The official split, it sets 6,000 (75%) pictures for train, 1,000 
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(12.5%) pictures for validation, and 1,000 (12.5%) pictures for test (Chen et al., 2017). Each 

image is by five English sentences described (annotated). These sentences were translated 

into Amharic language using Google translator with the help of manual labor (a person who 

can write and speak Amharic fluently) to produce semantically correct translated Amharic 

descriptions. It took up to three months to complete the translation process. The sample 

translated Flickr8k dataset of the images with corresponding descriptions viewed in 

Appendix A.  

Table 3.1 Show the translated Flickr8k dataset 

Image Text description 

 

− የባህር ዳርቻው ላይ በርከት ያሉ ሰዎች ቁልቁል ተቀምጠዋል ። 

A couple of several people sitting on a ledge overlooking the 

beach . 

− የተወሰኑ ሰዎች በባህር ዳርቻው ላይ ግድግዳ ላይ ተቀምጠዋል ። 

A group of people sit on a wall at the beach . 

− በአሥራዎቹ ዕድሜ ውስጥ የሚገኙ ወጣቶች አንድ የባህር ዳርቻ 

አጠገብ ግድግዳ ላይ ተቀምጠዋል ። 

A group of teens sit on a wall by a beach . 

− በባህር ዳርቻው ያሉ ብዙ ሰዎች ፡፡ 

Crowd of people at the beach . 

− ብዙ ወጣቶች በተጨናነቀ የባህር ዳርቻ ግድግዳ ላይ ተቀምጠዋል። 

Several young people sitting on a rail above a crowded 

beach . 

 

− ጥቁር እና ነጭ ውሻ በነጭ አጥር በተከበበ ሳር የተሸፈነ የአትክልት 

ስፍራ ውስጥ እየሮጠ ነው ፡፡ 

A black and white dog is running in a grassy garden 

surrounded by a white fence. 

− ጥቁርና ነጭ ውሻ በሣሩ ውስጥ እየሮጠ ነው ፡፡ 

A black and white dog is running through the grass. 

− በሣሩ ውስጥ አንድ የቦስተን ቴሪየር እየሮጠ ፡፡ 

A Boston terrier is running in the grass. 

− አንድ ቦስተን ቴሪየር በነጭ አጥር ፊት ለፊት ለምለም ሣር ላይ 

እየሮጠ ነው ፡፡ 

A Boston Terrier is running on lush green grass in front 

of a white fence. 

− ውሻ በእንጨት አጥር አጠገብ ባለው አረንጓዴ ሣር ላይ ይሮጣል ። 

A dog runs on the green grass near a wooden fence. 
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− አንድ ወንድና ሕፃን በውሃ ላይ በቢጫ ጀልባ ውስጥ ናቸው ። 

A man and a baby are in a yellow kayak on water . 

− ሰማያዊ ጃኬት የለበሰ አንድ ወንድና ትንሽ ልጅ በቢጫ ታንኳ 
እየነዱ ናቸው ። 

A man and a little boy in blue life jackets are rowing a 

yellow canoe . 

− ረጋ ባለ ውሃ ውስጥ አንድ ወንድ እና ልጅ በጀልባ ፡፡ 

A man and child kayak through gentle waters. 

− አንድ ወንድና ትንሽ ልጅ በቢጫ ጀልባ ተሳፈሩ ፡፡ 

A man and young boy ride in a yellow kayak . 

− ሰው እና ልጅ በቢጫ ካያክ ጀልባ ተሳፈሩ ። 

Man and child in yellow kayak . 

There are two reasons why we chose the flickr8k dataset to train and test the proposed 

model. The primary cause is the availability and speed of our GPU. The dataset can train 

with a low-power GPU and is easy to analyse contrasted to other datasets (like Flicker30k 

and MSCOCO). Secondly, the reason is the description collected by a human from an AMT 

worker. These descriptions were gathered on AMT with precise instructions to verbalize the 

main action shown in the picture (Bernardi et al., 2017). 

Table 3.2 Summary of the datasets used for this study 

No. Dataset’s name No. of 

images 

Training 

set 

Testing set No. of sentences 

1 Flickr8k (Amharic) 8,000 6,400 1,600 40,000 

 

 

 

 

 

 

Figure 3.2 Visualization of the top 30 occurring words 
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3.3. Data Pre-processing Technique 

Data pre-processing is a fundamental phase in ML and DL algorithms to prepare raw data 

into a suitable machine-reasonable format. The dataset in the Amharic image captioning 

process requires pre-processing techniques to make a suitable machine-reasonable format. 

Let's look at the image and text pre-processing strategies. 

3.3.1. Text Pre-processing 

The data in the text description dataset is a human-readable format. For the ML model to 

comprehend this data, it should convert it into digital format. For doing this, there are 

different pre-processing methods used to make it a more suitable format. 

In the text description dataset, remove each unnecessary word or character before directly 

using it for the proposed model. To do this, we execute some essential data cleaning, such 

as lower-casing all the words to avoid duplication of words, removing special characters or 

non-alphanumeric characters (like ‘+’ ‘%’ ‘$’ ‘#’ ‘@’, etc.), removing words that contain 

numbers (like ‘Hello123’, etc.). In addition, we have manually adjusted some of the 

inappropriate words and symbols that disturb the translated statement, see the  

Table 3.3 In general, this data cleaning (filtering) performs on caption datasets about 40,000 

(8000 * 5) sentences. 

After the data cleaning performs, we distinguish the beginning and the ending of each 

caption sequence (like word tokens ‘< start >’ and ‘< end >’). These indicate the start and 

stop prediction sequence for the model. We also apply basic tokenization and vectorization 

in this text description dataset. Tokenization splits the caption or sentences into smaller 

levels (units) such as word, character, or sentence levels. For this work, the captions were 

breakdown into word-level tokens. Vectorization is a method of transforming text data into 

numerical data. 

Table 3.3 Types of dataset errors that are manually modified 

Captions Correction captions Remarks 

በ3ቱ በሶስቱ Words that contain a number 

የApple or የ 

Motocross 
የአፕል or የሞተር ክሮስ 

Letters with other non-

transliterated words 
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በ ፈገግታ or ቲ ሸርት በፈገግታ or ቲሸርት Single space with letters and words 

ሁለት  ሠራተኞች ሁለት ሠራተኞች Double spaces between words 

ቀይ፣ or ነበር። ቀይ or ነበር Unnecessary symptoms 

3.3.2.  Image Processing 

We have about 8,000 images through our image dataset. To train the proposed model, we 

need to reduce the size of an image in the dataset by the same size. For this reason, to reduce 

the model parameter numbers. In this case, the python script resizes all pictures of the dataset 

and the size of pixels is prepared by (299 width, 299 hight, 3 colour channels) to accept the 

proposed model. And other image processing techniques, like a grayscale histogram and 

data augmentation, are applied before the image datasets feed into the model. 

3.4. Feature Extraction 

On the other hand, image features extraction is used for the encoder. We employ a pre-train 

CNN model to obtain visual features from given images instead of a training model from 

scratch. Training the entire convolutional networks from scratch needs a large dataset and 

high computing power. So, we use the pre-train Inception-V3 CNN model for this research. 

For this reason, it has a lower parameter number as compared to other pre-train CNN models 

(VGG-16, ResNet-50). is a CNN that trains on millions of pictures in the ImageNet database 

(Seshadri et al., 2020). This pre-train model originally trained for classification tasks, and it 

can classify 1000 different classes of images. This thesis uses the Inception-V3 not to 

classify tasks is to get bottleneck features or extract the information of the image. This 

feature extraction is performed by remove the last SoftMax layer at the end of the Inception-

V3 model and get 2048 features from each picture. And it accepts the image size of 299 * 

299 * 3. The below table shows the components of the Inception-V3 model. 
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Figure 3.3 Inception-V3 model architecture 

   (Source) 

3.5. Development Tools 

This section describes the various development tools utilized to execute the proposed model 

from design to implementation. 

3.5.1. Design Tools 

Design tools are essential for analysing design concepts, presenting, and developing. 

Microsoft Visio is software that allows users to draw a variety of diagrams. We used Visio 

version 16 for this study. 

3.5.2.  Hardware tools 

We use hardware tools to implement this study appropriately. Hardware tools needed for 

this study list in the table below. 

 

 

https://iq.opengenus.org/inception-v3-model-architecture/
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Table 3.4 Implementation tools of hardware employed for this study 

No. Name of Device Used in the study 

1 Hard Disk To store datasets. 

2 GPU 

The process of training large datasets on the CPU 

takes time, so we used GPU for this study to speed 

up the training and computation. 

3 RAM It is used for GPU to accelerate the train operation. 

3.5.3.  Software Development Framework Tools 

For executing the study work, distinct application packages and programming language 

uses. These are mentioned below with their description. 

TensorFlow: it is a mathematical computation library for training and building ML and DL 

algorithms models with the easy use of high-level APIs. It also can be run on desktop 

computers or cloud platform. 

Keras : is simply an interface that allows easy access and customizes the ML frameworks 

such as TensorFlow, CNTK, and Theano. These frameworks are called backends. It is more 

user-friendly and easier to build a model. It also can be run on CPU and GPU. 

Anaconda : is a free and open-source distribution of R and Python programming languages 

that focuses on providing everything for data science and ML applications with more than 

one hundred fifty packages included with Python's core languages. 

Python : is a widespread general-purpose programming language that can utilize for 

different applications. For this study, we used the latest version of Python (Python 3.7.). 

Mendeley Desktop : is a free web and desktop version used to reference managing 

applications that create and manage a research library. We used the Mendeley Desktop 

version 1.18.9 for this study. 

Microsoft office packages : It uses to write the study document in a proper format.  
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3.6. Baseline Works 

This proposed model compares various image caption models which use the same encoder-

decoder approach based on different benchmark datasets. Both CNN-Bi-GRU (Faruk et al., 

2020) and Bag-LSTM (Cao et al., 2019) take as the baseline for the experiment.  

CNN-Bi-GRU is an encoder-decoder based which generates captions in the Bangladeshi 

language. In this model, pre-train Inception-V3 is operated as an image encoder and Bi-

GRU as language decoder to generate captions. Using this model Bi-GRU decoder, they got 

better results with the newly introduced dataset. 

Bag-LSTM This model consists of three components. The first Pre-train Inception-V3 CNN 

to extract image feature. The second semantic attention model uses to produce picture 

features associated with visual data. The last and third are Bi-gLSTM, which process both 

forward and backward contexts. Bag-LSTM performed better by different evaluations using 

different benchmark datasets. 

These models choose to demonstrate the viability of the proposed model. Both are different 

model approaches, and CNN-Bi-GRU uses the BNATURE dataset (similar to the Flickr8k 

dataset) as a benchmark. Bag-LSTM used the Flickr8k dataset. The objective of these 

selected models uses to demonstrate how the proposed model enhanced image caption using 

those datasets in different language structures. 

3.7. Evaluation Method 

In this work, we employ the two most typical evaluation metrics used for measures in MT 

or image captions to evaluate the performance of our model. Those are BLEU and Human 

evaluations metrics. Let's see them in detail: 

3.7.1. BLEU Metric 

It is a precision-based metric which utilized to estimate the quality of machine-generated 

text. BLEU matric is scope lies from 0 to 100, denoting perfect mismatch and perfect match, 

respectively, and again has the benefit of comparing n-grams of the predicted outcome with 

the n-grams of the actual data (Phukan et al., 2020). If the BLEU score is toward 100, it 

implies that the model performed better. The computation is as follows: first, the B𝑃 factor 

calculated by this equation Eq.3.1 is to handle short sentences. Finally, the final BLEU score 

can be calculated by this equation Eq.3.2. 
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B𝑃 = {
                1, c > 𝑟

𝑒(1−
𝑟
c
), c ≤ r 

 3.1 

Where r is the length of the reference corpus, and candidate translation length is given by c 

(Wo et al., 2016) 

BLEU = B𝑃 . 𝑒𝑥𝑝 (∑ 𝑤𝑛 log𝑃𝑛

N

n=0

) 3.2 

The equations Eq.3.1 and Eq.3.2 (Wo et al., 2016). 

where 𝑤𝑛 are positive weights summing to one, and the n-gram precision 𝑝𝑛 is calculated 

using n-grams with a maximum length of N (Wo et al.,  2016). Also, we employ a greedy 

search method to calculate these n-gram BLEU scores. The greedy search for a word with 

the highest probability selects the flowing word in the sequence (Humaira et al., 2021). 

Hence, these evaluations indicate that the highest BLEU score was obtained, which means 

the generated captions are nearer to human judgment. 

3.7.2. Human Evaluation Study 

In this section, the Twenty-four volunteer who can write and speak Amharic fluently asks 

to evaluate whether the resulting image description accurately describes the content of the 

given image. These volunteers make a point: first, look at the image shown to them and then 

evaluate the picture description. Overall, this question has two components. Firstly, the 

sentence describes the image content correctly or is related to the provided picture. Second, 

the generated texts are grammatically accurate or are fluent. Considering the components of 

these evaluations, the volunteers fill out a form provided. And finally, the average score 

calculates. 
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CHAPTER FOUR 

4. PROPOSED HYBRIDIZED ATTENTION-BASED CAPTIONS 

IN AMHARIC LANGUAGE 

4.1. Chapter Overview 

This chapter describes the proposed solution to the problem of the caption. The fundamental 

solution of the proposed model is improving the narrow correlation gap between visual and 

textual feature representation to generate semantically correct captions. This section again 

explains the all-inclusive proposed key of architecture with necessary diagrammatic 

representation, mathematical expressions, and algorithms for a well-defined address to the 

problem. 

4.2. Proposed Model Architecture 

Attention-based Bi-GRU encoder-decoder framework is the proposed model for effectively 

generating image caption in the Amharic language by reducing the gap between image-text 

features representation. The proposed model also introduced Bi-GRU with AM (additive 

attention) language model decoder by extending (Faruk et al., 2020) work. And it is used to 

generate realistic captions by considering both visual and textual relevant features. 

Input images

Text 

descriptions

CNN Bi-GRU

Concatenation

Bi-GRU with 

attention 

mechanism

Generated captions

Language 

model

Eencoder-decoder framework

Visual-textual gap

Visual 

attention

 

Figure 4.1 Show the gap between the baseline and the proposed solution 
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The above figure shows the bold black line, bold green line, and bold red dots representing 

the pipeline of the baseline model, proposed model, and limitation or gap between the two 

models. This baseline encoder-decoder model has two separate gaps addressed by this 

proposed model. The first is the gap between the encoder-decoder framework. The encoder 

feature extraction goes directly to the Bi-GRU, preventing the decoder from capturing only 

the essential image information. Secondly, baseline model is limited to selecting the 

required visual-textual related features during the captions generation. This proposed model 

addresses this limitation by adding an additive mechanism to the language decoder 

framework during image captions generate that the decoder focus on the important visual-

textual related feature information. Let's look at the detailed proposed model architecture 

diagram. 
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Figure 4.2 Proposed model architecture 

4.3. Word Embedding (Feature Representation)   

In NLP, word embedding uses for representing the words or the whole document vocabulary 

in numerical form. Before implementing word embedding, we entirely cleaned some noise-

containing elements from the description sentences. At the end of the clearing process, each 

sentence transforms into a word-level piece. This process is called tokenization, and each 

token is a vocabulary with an assigned unique integer value or each token map to some 

number. The last pre-process is a padding that uses the input sentence to make a similar 

shape. Once the pre-processing is complete, the input sentence moves to the next word 

embedding layer. 
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In the input sentence consisting of  𝑇 words 𝑆 = {𝑥1, 𝑥2, … 𝑥𝑇} , every word in 𝑥𝑖 is 

converted into a feature vector 𝑒𝑖 inspired by matrix-vector product (Zhou et al., 2016). 

𝑒𝑖 = 𝑊𝑤𝑟𝑑𝑣𝑖 4.1 

The matrix 𝑊𝑤𝑟𝑑 is a parameter to be learned, and it is an element of ℝ𝑑𝑤
|𝑉|, where 𝑉 is a 

vocabulary size, and 𝑑𝑤 is word embedding of size (hyperparameter), 𝑣𝑖 is the size of a 

vector |𝑉|. Finally, the given sentence 𝑆 = {𝑥1, 𝑥2, … 𝑥𝑇} convert into real feature vector 

𝐸𝑚𝑏𝑠 = {𝑒1, 𝑒2, … 𝑒𝑇}. 

4.4. CNN Image Encoder 

The encoder is responsible for integrating image features into a language decoder, and these 

features are extracts using pre-train CNN. For the image encoder model, employ the 

Inception-V3 pre-train model to take out the local image features. By removing the last two 

layers, we obtain a global average pooling layer of 8 * 8 * 2048. Inception-V3 global 

average pooling layer 2048 feature vector takes an 8 * 8 feature map and by using a flatten 

layer to convert 8 * 8 metrics into a 64 * 2048 vector of features. The final extractor outcome 

produces an 𝐿 feature vector, each of which is a 𝐷 dimensional representation correlated 

with a portion of the picture. 

𝐴 = [𝑎1, 𝑎2, … 𝑎𝐿], 𝑎𝑖 ∈  ℝ𝐷 (2048) 
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Figure 4.3 Encoder feature extraction 

Represent the CNN visual feature 𝐴 at each of the 𝐿 grid locations. Finally, the extracted 

feature vector output passes into a dense layer with a ReLU activation function. This layer 

has an dimension unit 𝑑𝑖𝑚 (hyper-parameter) that uses to reduce the input dimension the 

same as the dimension of word embedding 𝐸𝑚𝑏𝑠. The new reduces feature vector, which 
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outcome of the CNN image encoder utilizes for the AM to decide which section of the 

picture is better relevant in producing the following word in captions generation. 

4.5. Visual Attention Mechanism 

This visual attention permits the image caption to concentrate only on certain essential parts 

of the picture rather than the overall image content. We follow (Xu et al., 2015) to implement 

the visual attention function. First, calculating attention score at each time 𝑡 and location 𝑖 

in the image based on the hidden state ℎ𝑡−1 and the output of encoder (set of 𝑎𝑖 visual 

feature) by passing it via a non-linear activation function (tanh). Then apply the SoftMax 

activation function to produce the attention distribution over the picture parts. For each part 

𝑖, the AM generates a positive weight 𝛼𝑖, which can interpret as an essential to provide to 

the place 𝑖 in combining the feature vector 𝑎𝑖.  

𝛼𝑡𝑖 = SoftMax (𝑊𝑎
𝑇𝑡𝑎𝑛ℎ(𝑊𝑎𝑎𝑖 + 𝑊ℎℎ𝑡−1)) 4.2 

Where 𝑊𝑎
𝑇  ∈  ℝ𝐿,  𝑊𝑎, 𝑊ℎ denotes the size of each vector, and those are learnable 

parameters. 𝛼 ∈ ℝ𝐿 is attention weight (attention distribution) over features in 𝐴. 

Finally, we can compute the context vector 𝐶𝑡 based on the attention distribution. It is 

necessary to combine visual representation specific to each word at a given time step 𝑡. 

𝐶𝑡 = ∑𝛼𝑡𝑖𝑎𝑖

𝐿

𝑖=0

 

4.3 

After visual attention, we combine the context vector output and the text feature 

representation output. It reduces the contact gap between the two. The result of a 

concatenation 𝐶𝑜𝑛𝑥 shows in the following equation. 

𝐶𝑜𝑛𝑥 = [𝐸𝑚𝑏𝑠 ⊕ 𝐶𝑡] 4.4 

Where, ⊕ represents the element-wise sum to integrate the context vector and word 

embedding output. 
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4.6. Bi-GRU with AM Language Decoder 

The language decoder aims to generate captions for the given pictures, the descriptive 

sentence that correctly describes what see in the picture. The initial step of this decoder 

accepts the outcome of concatenating layer as input and passes it to the Bi-GRU network 

layer. The Bi-GRU network computed the backward and forward hidden sequence 

represented as ℎ⃗  and ℎ⃗⃖. To demonstrate the computation, we take the forward part as a 

sample. Bidirectional GRU networks operate as follows: 

𝑧𝑡 = 𝜎(𝑊𝑧. [ℎ𝑡−1, 𝐶𝑜𝑛𝑥𝑡] + 𝑏𝑧) 4.5 

𝑟𝑟 = 𝜎(𝑊𝑟. [ℎ𝑡−1, 𝐶𝑜𝑛𝑥𝑡] + 𝑏𝑟) 4.6 

ℎ̃ = 𝜎(𝑊. [𝑟𝑡 ∗ ℎ𝑡−1, 𝐶𝑜𝑛𝑥𝑡] + 𝑏) 4.7 

ℎ𝑡 = (1 − 𝑧𝑡) ∗ ℎ𝑡−1 + 𝑧𝑡ℎ̃𝑡 4.8 

 

Figure 4.4 Bidirectional GRU with AM  

Where, 𝑧𝑡 and 𝑧𝑟𝑡 indicate the update and reset get output at current timestep 𝑡, respectively, 

ℎ𝑡−1, ℎ̃, and ℎ𝑡 are reparented information from the previous unit, current memory content, 

and final memory at the current unit. 𝐶𝑜𝑛𝑥𝑡 denotes the concatenation of visual attention 

context and text feature at timestep t. 𝜎 is the ReLU activation function. 𝑊,𝑊𝑧, and 𝑊𝑟 are 
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represented at the current unit, weigh matrix at update get and reset gate. 𝑏, 𝑏𝑧, and 𝑏𝑟 are 

bise terms corresponding with gates. 

In this paper, we follow the Bi-GRU or Bi-LSTM model that can explore information both 

from the past and future. The model consists of right and left layers ordering context, which 

pass separately. The following equation Eq.4.9 demonstrates the output of the 𝑗𝑡ℎ word: 

where, ⊕ denoted concatenate (element wise sum to merge the forward ℎ𝑖
⃗⃗  ⃗ and backward ℎ𝑖

⃖⃗⃗⃗  

pass result). 

ℎ𝑗 = [ℎ𝑖
⃗⃗  ⃗  ⊕ ℎ𝑖

⃖⃗⃗⃗ ] 4.9 

In this manner, the hidden state annotation consists of  𝑇𝑥 words ℎ𝑗 = {ℎ1, ℎ2, … ℎ𝑇𝑥 }. It 

contains the summary of information from the two forward and backward directions. 

4.6.1. Addictive Attention 

In the Bi-GRU with attention decoder, we use addictive attention which is the same as visual 

attention called Bahdanau-style attention. This mechanism the first introduced in this MT 

work. Now a day, its variants are widely used in various application domains. In the 

proposed attention-based language decoder, addictive attention calculates using two steps. 

First, an operation yields a matching score (alignment scores) 𝑒𝑡𝑗 between the current hidden 

ℎ𝑡 state (information from the current time step) and previous hidden state ℎ𝑗  (information 

from previous time step) by using additive projection (Yin et al., 2018). Unlike other 

methods (Yucong et al. 2021), attention operates over the Bi-GRU unit in both directions 

hidden state with output of Bi-GRU rather than encoder features output. 

𝑒𝑡𝑗 = 𝑉𝑎
𝑇𝑡𝑎𝑛ℎ(𝑊𝑎. ℎ𝑡 + 𝑈𝑎. ℎ𝑗) 4.10 

Where, 𝑉𝑎, 𝑊𝑎, and 𝑈𝑎 ∈ ℝ𝑑 learned attention parameter, 𝑑 is the dimensionality of the 

hidden state. Secondly, calculate the attention context vector (final score) 𝐶𝑗 for hidden state 

ℎ𝑗  based on the output of alignment scores. To calculate the final score: 

𝐶𝑗 = ∑𝑒𝑡𝑗ℎ𝑗

𝑇𝑥

𝑗=1

 

4.11 
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Finally, the addictive attention multidimensional output is converted to 1-D dimensional 

using flatten layer. This layer performs as a transition for the final two dense layer output. 

The first dense layer uses the length parameter, and the second one or final output dense 

layer uses a probability of vocabulary or size of lexicon to produce output descriptions. 
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Figure 4.5 Bi-GRU with AM language decoder model 

The decoder model captions generate using probability distribution 𝑝(𝑝𝑖│𝑡𝑖, 𝐼) for the 

image. Where 𝑝𝑖 ∈  ℝ𝐿×𝐷 is the caption generated by the model, 𝑡𝑖 ∈  ℝ𝐿×𝐷 is the 𝐿 length 

actual captions embedding matrix. 𝐼 denoted by image feature. We use the supervised 

learning method for the model learning approach inspired by (Vaswani et al., 2017). Given 

the training set (target ground-truth sequence), the model would be trained by minimizing 

the SCE as the loss function, which is the same as CE for the multi-classification model. 

But the only difference between the two is how truth labels (ground-truth sequences) are 

defined. In SCE, truth labels are integer encoded rather than a one-hot vector. The SoftMax 

activation function applies to the probabilities before the SCE Loss computation. The 

objective is to make the probability distribution model output as close as possible to the 

desired result (integer encoded ground-truth output value). Finally, through probabilistic 

SoftMax operation outputs the following word in the sequence. The SoftMax greedily 
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chooses the word with the highest chance. The greedy search is employed to produce the 

image captions and compute evaluation scores. 

4.7. Training Pseudocode  

In this section we have shown the overall algorithms for generating image caption for 

Amharic language using hybridized attention-based deep neural networks. The section 

proposed model is highlighted. 

Algorithm 1: Hybridized attention-based encoder-decoder framework.  

Input: 𝐼 a collection of pictures and 𝐶 relating collection of captions during the training 

process. 

Output: caption 𝐶′ for test pictures 𝐼′ during generate captions for the test pictures. 

1.  Each of the captions 𝑐𝑖 in 𝐼 image does the text pre-processing. 

2. And choose 5,000 repetitive words from 𝐶. 

3. The most frequently selected words are sent to the tokenization 𝑇 and generate a 𝑇𝑖  set 

of tokens, where 𝑖 = 1,2, … 𝑛. 

4. Each token 𝑇𝑖  pass to the word embedding 𝐸𝑚𝑏𝑠. 

5. The word embedding 𝐸𝑚𝑏𝑠 coverts token 𝑇𝑖 into numerical vector indices where 𝑉𝑖 = 

1,2, … 𝑛. 

6. Extract features 𝑓𝑖 where 𝑖 = 1,2, … 𝑛 from image 𝐼𝑖 utilizing Inception-V3 network. 

7. The extract image features 𝑓𝑖 pass via the encoder 𝐸. 

8. Combined the encoder output features 𝑒𝑖 and hidden state ℎ𝑖 through the single layer 

NN and the result scores S. 

9. The SoftMax function is applied on scores S to yield the attention weights 𝐴𝑡𝑡. 

10. Give attention weights to the different pixels in the picture called context vector 𝐶𝑜𝑛𝑣. 

11. Combine context vector  𝐶𝑜𝑛𝑣 and word embedding vector 𝐸𝑚𝑏𝑠 through the 

concatenation 𝑐𝑜𝑛𝑥.  

12. Learn the weighs of Bi-GRU network by feeding the concatenate vector 𝒄𝒐𝒏𝒙. 
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13. Merge the output of forward 𝒉𝒇 and backward hidden state 𝒉𝒃 via the concatenation 

𝒄𝒐𝒏𝒙_𝟏 

14. Apply AM 𝑨𝒕𝒕_𝟐 on final merge output vector 𝒄𝒐𝒏𝒙_𝟏 𝒂𝒏𝒅 𝑩𝒊 − 𝑮𝑹𝑼 output result. 

15. Combine the attention output 𝑨𝒕𝒕_𝟐 with the output of Bi-GRU layer to generate final 

probability model output 𝑶. 
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CHAPTER FIVE 

5. IMPLEMENTATION OF THE PROPOSED SOLUTION 

5.1. Chapter Overview 

This section discussed the proposed model architecture implementation. We also discussed 

the configuration of the working environment and hybridized attention-based deep neural 

networks implantation.  

5.2. Working Environment 

We describe the tools we have utilized to develop and implement the proposed model. 

Laptop: A laptop is used to do model design work. 

Hardware and Software configuration 

• Processor : Intel® Core™i5 

• RAM and hard disk: 8GB and 1TB 

• Graphics : Intel ® Graphics 3000 

• System type : x64-based processor 

• Operating system : Windows 10 

• Programming language : python, kears and TensorFlow 

Desktop and Google Collaboratory are used for developing or training a proposed model. 

Hardware and software configuration 

• Operating system : Windows 10  

• Processor : Intel® Core™ i5 

• Graphics : Intel ® HD Graphics 4600  

• GPU : GeForce RTX 2070 Super 6 GB RAM  

• RAM and hard disk : 8GB and 500GB 

• System Type : x64-based processor 

• Programming language : python, Keras and TensorFlow 
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Google Collaboratory (colab) is a free Jupyter notebook environment for a maximum of 12 

hours from the Google cloud server. The hardware specification of the colab: 

• GPU : Nvidia k80 /T4 

• RAM : 12GB 

5.3. Environment setup 

Application software 

Anaconda : is a free and open-source distribution of R and Python programming languages 

that focuses on providing everything for data science and ML applications with more than 

one hundred fifty packages included with Python's core languages. The proposed model 

anaconda application version 2.1. 1 with 64-bit support utilized. 

Jupyter Notebook : is a web-based application that contributes a front-end to many different 

languages and interactive shells such as IPython. The Jupyter notebook with a 6.4.5 version 

uses to execute the proposed model. 

Colab : is a cloud service based on Jupiter notebook, which can improve the computing 

period by operating the GPU and RAM. We can train our model for 12 hours using colab 

GPUs. 

5.4. Dataset Processing  

In this area, we use the Flick8k dataset translated from English to Amharic to train and test 

our models. Again, we used different language structures of the dataset, like the Flick8k 

English version dataset and the BNATURE (Bangladesh language) dataset. The next figure 

shows the code snip of importing the dataset and reading the images into a separate variable. 

 
 

Snippet code 5.1 Snipes code loading the dataset 
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5.5. Captions Pre-processing and Tokenization  

In this phase, the captions or text data pre-processes to clean unwanted characters or non-

alphanumeric characters. Also, we set the top word count equal to 5000 and “<unk>” for 

handling out-of-vocabulary. At the end of the cleaning process, each sentence converts into 

small chanks (tokens) words, and by using text_to_sequence, we convert each token of the 

sentence corpus into a sequence of integers. 

 

 

Snippet code 5.2 Snipped code of caption pre-processes 

5.5.1. Image Processing 

In image processing, we first read the image data from non-volatile storage. Then covert the 

compressed format (JPEG) to a 3D uint8 tensor (3D matrix) by using the tf.io.decoder_jpg() 

function available in the TensorFlow library and resize images into the shape (299, 299) as 

required by the network model. Finally, by using inception_v3.preprocess_input() function 

prepares the images for the Inception-V3 CNN model. This function allows normalized 

(scale) input pixels between -1 and 1. Load the pre-trained Inception-V3, and the pre-

processing of the images snipped code provided to the proposed model is as follows: 

 

 

Snippet code 5.3 Loading pre-train Inception-V3 model 

We extract the image features by removing the last layer (I_model_V3.layers[-

1].output) of the Inception-V3 model. 
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Snippet code 5.4 Define image processing 

5.6. Train and Test Data 

To train and test the proposed model, we use an 80:20 split ratio for the training and testing 

sets of subgroups. The following figure shows a code sniping for creating the train-test split 

based on an 80:20 ratio and a random state equal to 42. 

 

Snippet code 5.5 Train and test dataset split 

After the dataset splits by a given ratio, next, merge both images and captions to create a 

train and test dataset using tf.data.Dataset.from_tensor_slices(). The snippet code is below 

batch size = 32 and buffer size = 1000. 

 

 

Snippet code 5.6 Creating dataset 
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The shape of each image and caption in the created dataset should be (32, 64, 2048) and 

(32, 33). 

5.7. Model Building  

5.7.1. CNN Image Encoder 

We utilize the Keras model subclassing API to construct the Encoder-decoder framework 

for the proposed model. Model subclassing API tends to be more flexible and fully 

customizable than functional or sequential API. 

CNN image encoder is a single fully connected layer followed by a ReLU activation 

function. The extracted image features by Inception-V3 are input to the fully connected layer 

to get the output vector. This output vector is the last hidden state of the CNN encoder that 

connects to the decoder model. The code snip of the CNN encoder shows below Snippet 

code 5.7. Embedding dimension = 256, and dropout = 0.2. 

 

 

Snippet code 5.7 Define the CNN encoder 

5.7.2. Bi-GRU with AM Decoder  

In the decoder, we first calculated the visual AM. Visual attention application is based on 

encoder output (feature) the shape (32, 64, 256) and expands hidden state shape (32, 1, 256). 

The final AM result is to yield a context vector shape (64, 256), which assign weights to the 

different pixel in the image. The next step is to merge the context vector and word 

embedding layer. Once combined, the enc_emb shape (64, 1, 512) and passed to the Bi-

GRU layer. 
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Snippet code 5.8 Implementation of visual AM. 

Bi-GRU networks are a sort of RNNs capable of learning sequence data in both directions 

(The written information is well explained in Chapter 2 and 4). The Bi-GRU forward and 

backward layers are merged and sent to the AM with the final Bi-GRU output. Finally, the 

AM result is again fused to the Bi-GRU output and sent to the final dense layers. The overall 

implementation of the decoder code snippet shows in detail in Appendix C. Now, let’s look 

at the Bi-GRU and AM code snippet separately below. 

 

 

Snippet code 5.9 Define Bi-GRU network layer 
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Snippet code 5.10 Implementation of Bi-GRU with an AM 
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Snippet code 5.11 Visualization graph of proposed model  

 Where, ? denote the batch size. 
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CHAPTER SIX 

6. RESULTS AND DISCUSSIONS  

6.1. Overview  

In the chapter, we discuss the result and discussion proposed model. We also discuss 

experimental findings in this study. This thesis generally trie applies the AM in two separate 

CNN encoders and a Bi-GRU decoder to generate a more relevant image caption in the 

Amharic language. Also, we demonstrate the results of the two experiment steps we have 

taken to achieve this. And finally, we show the result by comparing the proposed model 

with the baseline model we chose to compare. 

6.2. Hybridized Attention-based Model 

This hybridized attention-based image captioning model requires producing appropriate 

statements for the given picture. For this study, we conducted two separate experiments. 

The first experiment performs on a CNN-Bi-GRU encoder-decoder model. The second one 

we proposed was a hybridized attention-based CNN-Bi-GRU model. This model differs 

from the first experiment in that it generates an image caption by extending the AM on both 

the encoder and the decoder. These experiments perform using the new Flick8k dataset 

translated into the Amharic language, and it contains 8,000 images with five corresponding 

descriptions. Again, these experiments evaluate by the BLEU scores with the same training 

epoch and model hyperparameters setting. 

6.2.1. EXPER 1: CNN Encoder and Bi-GRU Decoder Model (Basic Model) 

This experiment performs outside of the AM, and it uses to compare how much this 

mechanism affects the model performance. In the basic CNN-Bi-GRU encoder-decoder 

model experiment: the first step is to extract image features using the pre-train Inception-

V3 model. In the next step, these features pass into the CNN encoder. Second, the CNN 

encoder output and word embedding layer are combined and sent to the Bi-GRU layer. The 

final model output probability is based on this Bi-GRU. The hyperparameter set we use for 

the EXPER is listed in the Table 6.1 below:  
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Table 6.1 hyperparameters setup 

Hyperparameter Values 

Batch size 32 

Embedding dimension 256 

Dense layer 256 

Hidden layer (unit) 512 

Dropout for encoder and decoder 
0.2 (for dense layer) and 0.2 (for GRU cell), 

0.3 (for dense layer) 

Recurrent dropout 0.2 

Recurrent activation ReLU 

Kernel regularize and Recurrent 

regularize 
L2 (0.001) and L2 (0.1) 

Batch normalization - 

Optimizer Adam 

Epoch 35 

By using these hyperparameters, train the model and evaluates using the Flickr8k dataset in 

1,000 test image predictions. And, also we apply the 1G-BLEU, 2G-BLEU, 3G-BLEU, and 

4G-BLEU scores for our evaluation result based on the greedy search method. We present 

the results in the Table 6.2 below: 

Table 6.2 Basic model BLEU score translated Amharic Flickr8k dataset. 

Dataset Model 1G-BLEU 2G-BLEU 3G-BLEU 4G-BLEU 

Translated 

Flickr8k 

CNN-Bi-

GRU 
46.4 38.2 33.0 28.5 

We have shown the loss and the accuracy plot in the diagram below. 
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Figure 6.1 Model performance on train 

and test loss Vs epoch 

 

Figure 6.2 Model performance on train 

and test accuracy Vs epoch

The diagram above shows that the CNN encoder and Bi-GRU decoder model trains up to 

35 epochs, the loss of the train has decreased from 1.365 to 0.398, and test loss lowered 

from 1.140 to 0.390. Also, the training accuracy has improved from 0.726 to 0.861 and the 

testing accuracy enhanced from 0.765 to 0.864. To raise the performance of the CNN 

bidirectional GRU model is the aim. In the following experiment sections, the AM added is 

present. 

6.2.2. EXPER 2: Hybridized Attention-based CNN-Bi-GRU Model 

In this experiment, the AM performs both a CNN encoder and a Bi-GRU decoder. The first 

AM (visual attention) locates between the CNN and the Bi-GRU, which contributes to the 

Bi-GRU by focusing only on the feature of the images and selecting the relevant image 

features. Extend the AM on the existing Bi-GRU decoder minimizes the vision and textual 

gap while generating the nearest to actual descriptions. And, Combining the AM result with 

the Bi-GRU output to produce a better and more reliable image caption. This experiment is 

similar to the first test with epochs and hyperparameters. From the outcomes indicated in 

Table 6.3, the performance of this attention-based hybridized model show higher BLEU 

scores compared to the previous experiment result, thus having an overall better 

performance. 
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Table 6.3 Hybridized model BLEU score translated Amharic Flickr8k dataset. 

Dataset  Model  1G-BLEU 2G-BLEU 3G-BLEU 4G-BLEU 

Translated 

Flickr8k 

Hybridized 

model 

61.6 50.1 43.7 38.8 

 

 

Figure 6.3 Performance of the model 

on the train and test loss against epoch 

 

Figure 6.4 Performance of the model 

on the train and test accuracy against 

epoch

As the diagram above shows, we have plotted the training loss versus test loss and train 

accuracy versus test accuracy separately. As the outcome of experiment 2 shows, the 

accuracy got 0.87 for the train and 0.88 for the test set. And we observed approximately 

0.319 loss in the training set, and the test loss is 0.318. 

6.3. Experiment Result   

In this thesis, two experiments conduct. The first one CNN-Bi-GRU uses as a basic model. 

This basic model comes from the baseline model that we chose to compare our model. The 

second hybridized model (hybridized attention-based CNN-Bi-GRU model), this proposed 

model significantly improved each BLUE score and human evaluation by introducing an 

AM with the Bi-GRU decoder.  

6.3.1. BLEU Score 

From the experiment, the result demonstrated in Figure 6.3 and Figure 6.4 The capacity of 

the hybridized model improved in comparison with the basic model. For example, when 

comparing both 4G-BLEU scores, the hybridized model increased by 13%. It indicates more 
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descriptive image captions produce. Thus, visual attention and Bi-GRU with AM have made 

a significant contribution to image caption by attending to the appropriate part of the picture 

and selecting words that are relevant to the image caption. When generating the next word, 

the Bi-GRU with an attention decoder can use to produce words that are more suitable to 

the image.  

  
Figure 6.5 Experiment results comparisons 

To contrast the results of the two models, let's look at some of the results of image captions 

as follows: 

Table 6.4 Examples of models generated captions results with BLEU 

Images Captions 4G-BLUE 

Example 1: 

 

Reference: ውሻ በአፉ ኳስ ይዞ 

ወደ ካሜራ ይሮጣል 

 

CNN-Bi-GRU: ሰማያዊ ኳስ 

ይዞ የሚሮጥ ውሻ 

8.9 

Hybridized model: ሰማያዊ 

ኳስ ይዞ ነጭ ውሻ በሣር የተሸፈነ 

ሜዳ ላይ እየሮጠ ነው 

5.7 
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Example 2: 

 

Reference: ወንድና ሴት ፈገግ 

እያሉ ነው 

 

CNN-Bi-GRU: ሁለት ሰዎች 

ይስቃሉ 

0 

Hybridized model: አንድ 

ወንድና ሴት ይስቃሉ 

 

13.1 

Example 3: 

 

Reference: መጎናጸፍ ያለበት 

ቡናማ ውሻ ቀይ ኳስ እያሳደደ 

ነው 

 

CNN-Bi-GRU: ቀይ ኳስ 

እያሳደደ ነው 

36.8 

Hybridized model: ቡናማ 

ውሻ ቀይ ኳስ በሳር ላይ እያሳደደ 

ነው 

71.6 

Example 4: 

 

Reference: ሰማያዊ የዋና ልብስ 

የለበሰች አንዲት ሴት 

 

CNN-Bi-GRU: አንዲት ሴት 

አረንጓዴ ውኃ ውስጥ ይራመዳል 

22.1 

Hybridized model: ሰማያዊ 

የዋና ልብስ የለበሰች አንዲት ሴት 

በውሃ ውስጥ እየዋኘች ነው 

51.7 

Example 5: 

 

Reference: አንድ ልጅ በቴኒስ 

ውድድር የቴኒስ ኳስ መታ 

 

CNN-Bi-GRU: አንድ ልጅ 

በአደባባይ የቴኒስ ኳስ መታ 

32.4 

Hybridized model: አንድ ልጅ 

በቴኒስ ውድድር የቴኒስ ኳስ 

ይመታዋል 

80.9 
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Overall, From the newly translated Amharic dataset, both models made good word 

predictions. However, the hybridized model can produce a more descriptive caption. BLEU 

score evaluation to indicate the similarity between the generated model captions (candidate 

texts) and the actual captions (texts in reference). Accordingly, in Table 6.4, the hybridized 

model scored better in BLEU scores. Sometimes the candidate text has high BLEU scores, 

but this score does not mean that the image is well described in semantic correctness. To 

illustrate this, we present some examples below: 

Table 6.5 Examples from translated Flickr8k dataset  

Images Captions 4G-BLUE 

Example 1: 

 

Reference: አንድ ቡናማ ውሻ ወደ 

ውቅያኖሱ እየሮጠ ነው 

 

CNN-Bi-GRU: ቡናማ ውሻ ወደ 

ውሃ ውስጥ ዘለለ 

28.5 

Hybridized mode: ቡናማና ነጭ 

ውሻ ወደ ውቅያኖስ ይሮጣል 

18.7 

Example 2: 

 

Reference: ሁለት ሰዎች በአንድ 

ውድድር ላይ ካራቴ እያከናወኑ ነው 

 

CNN-Bi-GRU: ሁለት ወንዶች 

ልጆች መድረክ ላይ ካራቴ 

እያከናወኑ ነው 

36.5 

Hybridized mode: ሁለት ሴቶች 

እርስ በርሳቸው ይጋጫሉ 

10.9 

6.3.2. Human Evaluation Study Results 

We have compared the basic and hybridized models by employing human evaluation 

metrics to evaluate the generate Amharic captions or descriptions of the provided image that 

accurately describe the given image content. This review presents the user with six images 

and two corresponding descriptions. Users evaluate these descriptions and then give points 

to the sentences that accurately describe the image content. Finally, the average score 

calculates to determine the best model based on the results. The complete questionnaire for 

this shows at ANC. As an example, let's look at the questionnaire form as follows: 
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Figure 6.6 Demonstrate the sample questionnaire for HES 

In this questionnaire, volunteers mark the radio button that produces the best image 

description from C1 and C2. The first C1 refers to the basic model, while the second one or 

C2 is the result of a hybridized model. Twenty-four volunteers participated in this 

questionnaire, and six different pictures were presented with their model caption results. 

The first C1 caption selected a 38% average of all users, and the second C2 chose an average 

of 62%. The results of all six questions show in the following graph. 
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Figure 6.7 Each query results in precent 

The two models' average results show in percent in the following figure: 

 

Figure 6.8 Shows the percentage of model results 

The results of Figure 6.8 demonstrate that conform to the human evaluation matrix: the 

hybridized model averagely boosts by 24 % compared to the basic model. This hybridized 

model (proposed model) can produce more acceptable descriptions with semantically 

correct captions by comparison with the basic model. 
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The comparative experiment results on the BNATURE and Flickr8k English dataset 

presents as follows: 

Table 6.6 BNATURE and  Flickr8k datasets performance on the proposed model 

Dataset  Model  1G-BLEU 2G-BLEU 3G-BLEU 4G-BLEU 

BNATURE 
CNN-Bi-

GRU 
42.6 27.9 23.6 16.4 

 
Hybridized 

model 
63.1 53.3 47.4 42.7 

Flickr8k 

English 
Bag-LSTM 59.7 41.4 28.1 18.2 

 
Hybridized 

model 
65.6 53.2 45.3 39.4 

The results of Table 6.6 show that we have experimented with datasets with two different 

language structures. And we compared these two papers CNN-Bi-GRU (Faruk et al., 2020) 

and Bag-LSTM (Cao et al., 2019) as a baseline to find out how much space we have or the 

potential of our model. Our proposed model performed better on all BLEU scores on both 

dataset varieties. As the BNATURE dataset shows in this diagram: Our training accuracy 

got 0.925 and for testing reached 0.928. We observed approximately 0.186 loss in the train, 

and for the testing got 0.181. The results of the English Flickr8k dataset show from this 

diagram our training accuracy reached 0.882 and for testing got 0.885. We attended about 

the training loss of 0.303, and test loss reached about 0.295. 
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Figure 6.9 Performance of the model 

on the train and test loss against epoch 

for the BNATURE dataset 

 

Figure 6.10 Performance of the model 

on the train and test accuracy against 

epoch for the BNATURE dataset

 

Figure 6.11 Model performance on 

train and test loss Vs epoch for 

Flickr8K English 

 

Figure 6.12 Model performance on 

train and test loss Vs epoch for 

Flickr8K English

Let's take observe the output captions using English Flickr8k dataset produced by the 

proposed model: 
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Table 6.7 Examples of captions generated by English Flickr8k dataset 

Images Captions 4G-BLUE 

Example 1: 

 

Reference: two dogs fight on 

the grass 

 

Hybridized model: two dogs 

are fighting on the grass 

59.7 

  

Example 2: 

 

Reference: a very small boy 

carries a bicycle tire on his 

shoulder 

 

Hybridized model: a boy 

carries a bicycle tire on his 

shoulder 

71.2 

  

Developing a likely image caption in Bengali was made possible using the Flickr8k 

arrangement in the Bangladeshi language dataset (BNATURE). Also, achievable English 

language image descriptions using the Flickr8k datasets, which are used in the second 

baseline model and most commonly used for image captioning and other tasks. In general, 

datasets similar to the Flickr8k dataset negatively affect the capacity of models.  

In this study, one of the primary problems we encountered with the dataset was its small 

size. Because of the small amount of this translated Flickr8k dataset was a big problem 

(challenging) to train our DNN model. This small size dataset has made the model suffer 

from an overfitting problem. Due to this, we applied two effective techniques such as 

dropout, and regularization to address the overfitting problem. Also, we monitored the 

training and testing loss function values. Both train and test values must decrease during the 

process of training. Otherwise, if the testing set increases, the training process will halt and 

re-train by a new hyperparameters configuration.  
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The second problem we faced was the preparation problem associated with the new 

translated Amharic dataset. The dataset prepares if there are sentences that do not follow the 

grammatical rules (sentence structure) or if the words are not evenly distributed for the 

training and testing set. It leads to reducing the performance of the model. Due to this, we 

tried to manually revise the translated sentences in the dataset to prevent grammatical errors.  

However, despite these problems, the proposed model still performs competitive 

performance on those datasets. We first compared the sematic attention-based Bi-LSTM 

(Bag-LSTM model) using English Flickr8k dataset, and our hybridized model achieved 

better results at BLEU scores. It is 6%, 12%, 17%, and 21% higher than Bag-LSTM model 

on 1G-BLEU, 2G-BLEU, 3G-BLEU, and 4G-BLEU. Again, the Bengali language 

bidirectional GRU-based captions model compares to the hybridized model using the 

BNATURE dataset. Therefore, our hybridized model is 1G-BLEU, 2G-BLEU, 3G-BLEU, 

and 4G-BLEU increased by 20%, 25%, 24%, and 21%. 

6.4. Results Discussion on Hybridized Model  

Our experiment conducted outcome shows using the translated Amharic dataset, the 

hybridized model obtained better results in qualitative and quantitative.  

The first experiment had a CNN-Bi-GRU encoder-decoder approach. The pre-train 

Inception-V3 CNN designates image features, and Bi-GRU is an employed language 

decoder for representing words for the generate captions.. This model introduces the Bi-

GRU model. It is a sequence processing model consisting of two GRU layers used to process 

information in forwarding and backward directions with efficient performance. As an initial 

point, this model is effective in the translated Amharic language dataset. However, the 

outcomes of the predictions shown in Table 6.4 when evaluating the qualitative results did 

not yield acceptable results. This model is based on the overall image information when 

generating an image caption. It leads to the fact that the resulting caption does not contain 

all the essential details of the image. 

The second experiment differs from the first it added an AM. Visual attention is between 

the encoder-decoder, which focuses on the essential areas of the image features and provides 

those features to the language decoder. Next up is Bi-GRU follows an AM that obtains 

visual attention integrated with word embedding inputs. Based on this, the final result 

determines by combining the Bi-GRU output with the extended AM output. This hybrid 
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effect played an essential role in generating the most relevant image captions for the given 

image. The results of the hybridized model caption in Table 6.4 show the quality of the 

predicted words that accurately describe the image content compared to the first CNN-Bi-

GRU. Quantitative results indicate: that it improves by 10%, which is higher than the CNN-

Bi-GRU model on 4G-BLEU. It demonstrates that caption by the hybridized model is more 

equivalent to the actual captions. 

Another thing we have noticed is that our hybridized model has brought significant 

improvements compared to other bidirectional and attention-based models. It enhances by 

21%, which is higher than the CNN-Bi-GRU model on 4G-BLEU. Also, it improves by 

21%, which is higher than the Bag-LSTM model on 4G-BLEU. 

 

Figure 6.13 The proposed model comparison across different datasets 

 

 

 

0

10

20

30

40

50

60

70

1G-BLEU 2G-BLEU 3G-BLEU 4G-BLEU

V
al

u
es

Model comparison 

BNATURE CNN-Bi-GRU Model BNATURE Hybridized Model

Flickr8k English Bag-LSTM Model Flickr8k English Hybridized Model



68 

 

6.4.1. Research Question Discussion  

The research question raises in the first chapter. According to their order in this section, 

those questions answer as follows: 

Answer for question 1 : Inception-v3 and Bi-GRU DNNs are successfully identified for the 

proposed model encoder-decoder framework. 

Inception-v3 is the third version of inception CNN developed by Google. This network has 

already trained over one million images from the ImageNet. Also, it is more efficient 

compared to similar pre-train CNN models such as AlexNet, VGGNet, or ResNet. The 

principal reason for this is that the Inception-v3 parameter reduces by almost half of the 

other DNN models. 

Bi-GRU is another type of Bi-LSTM. Bi-GRU networks have a simple configuration and 

better speed compared to Bi-LSTM. The cause for this, it only uses two gates, the update 

and reset, so the calculation speed is maximum. Image descriptions generate employing the 

above-mentioned usable DNNs. Via the encoder, Inception-v3 was used to obtain visual 

features. And the decoder part or Bi-GRU is used to train sequence information (textual 

data) to predict words. 

Answer for question 2 : To improve the encoder-decoder image caption framework: the 

visual attention and Bi-GRU configured with an AM identifies better for the constraints. 

Visual attention provides better image representation by capturing only the essential features 

of the image. Another Bi-GRU collaboration with the AM reduces the gap between the two 

visual and textual features. Also, it generates a caption that captures the semantics of the 

sentence for the image. 

Answer for question 3 : Experimental results show that attention-based Bi-GRU or 

hybridized model achieved better image captioning. Bi-GRU learns only the essential 

features of the image with the corresponding text features. Next, the AM focuses on Bi-

GRU output and hidden state. Finally, combining the AM result and the Bi-GRU outcome 

is used to predict relevant words that describe more suitable image content. To show the 

efficiency of the attention-based Bi-GRU decoder, we conduct separate experiments with 

the AM and without involving the AM. If we take the 4G-BLEU score for comparison, the 

attention-based Bi-GRU decoder increased the 4G-BLEU score from 28.5 to 38.8, which 

0.10% increased performance. 
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CHAPTER SEVEN 

7. CONCLUSION AND FUTURE WORK 

7.1. Conclusion 

Amharic image caption provides significant benefits for a variety of Amharic language-

based applications. In the case of captioning, the important thing is to understand the two 

distinct domains of image and text to generate suitable grammatical and meaningful captions 

that accurately describe the content of a given image. Merging these two domains with 

different features is a difficult task in generating an image caption. Despite this challenge, 

various methods have been used to yield a better image caption in recent years. One of these 

methods is the encoder-decoder approach adopted from MT, and it made a significant 

contribution to the image captioning tasks. The encoder-decoder image descriptions have 

achieved remarkable results by applying various enhancement techniques. However, these 

approaches primarily establish either the image or the text elements. So that there is a 

widening of the modality gap between visual and textual features, which becomes the 

generate captions will be some content distortion in the grammatical and semantic 

correctness.  

The CNN-Bi-GRU approach uses the encoder through Inception-V3 CNN, to obtain picture 

features, and the Bi-GRU decoder utilizes for generating captions. In this methodology, the 

captions generate based on the overall visual elements or the whole picture information, 

which leads to some details of the image not describes, and the grammatically correct 

descriptions will not generate. Another approach is the semantic attention model utilized. 

Semantic attention aims to provide a semantic guide for the LSTM decoder by producing 

visual features closely related to textual information. Semantic and visual attention-based 

encoder-decoder models generate a caption that is either dependent on the parts of the image 

or text, so they are limited to producing words that are better related to the visual content. 

This study proposed to address these issues by hybridized attention-based NNs. 

In this work, we proposed hybridized attention-based CNN-Bi-GRU model for Amharic 

image captioning. The model approach is an encoder-decoder framework that consists of 

three main parts to produce a well-defined and accurate description of a visual correlation 

that clearly describes the image. The first is the image encoder, which uses to learn the 
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extracting image features. We used the pre-train Inception-V3 CNN model to extract image 

features by pulling out the SoftMax layer, which is the last layer of Inception-V3. The 

second part is visual attention, and it applies to these extracted features. Visual attention 

uses to concentrate only on the essential areas of images. The last third is the language 

decoder or Bi-GRU with an AM. Bi-GRU is another type of LSTM that learns two-way 

(bidirectional) long-term dependency between sequential information efficiency. The Bi-

GRU input is a mixture of context vector (AM output) and textual features from word 

embedding. It helps to reduce the gap between visual and textual attributes. We have 

extended attention to Bi-GRU to produce more grammatical and semantical image captions. 

This strategy allows the model to select words that nicely describe the image by focusing 

on Bi-GRU output and hidden state. Finally, incorporating the Bi-GRU and the extended 

AM outputs, which uses to generate the final image captions. Thus, the experiment showed 

that Bi-GRU with attention language decoder helps the proposed model enhance the image 

captions in Amharic using the translated Flickr8k dataset. 

Compare the proposed model with baseline models on different benchmarks dataset across 

the BLUE score evaluation matrix. Compared with the bassline work CNN-Bi-GRU, and 

Bag-LSTM. The experiment result shows the effectiveness of the proposed model. Using 

the BNATURE dataset, the proposed model improves the baseline work CNN-Bi-GRU. Its 

1G-BLEU, 2G-BLEU, 3G-BLEU, and 4G-BLEU increased by 20%, 25%, 24%, and 21%. 

Also, the proposed model got a better BLEU score using the English Flickr8k dataset. It is 

6%, 12%, 17%, and 21% higher than the Bag-LSTM model on 1G-BLEU, 2G-BLEU, 3G-

BLEU, and 4G-BLEU. This work concludes that extended visual attention and Bi-GRU 

integrated with AM decoder are constraints to generating image caption does improve the 

semantics of the generated descriptions. 

7.2. Future Work 

This work is an initial point for producing a better image description in Amharic. The 

Flickr8k dataset (English) translated into Amharic is the main contributor to this proposed 

model. There were various challenges during the translation of the caption into Amharic, 

and the images represent a foreign culture. Some of these were words that did not have 

Amharic meaning, Grammatical errors, and the lack of suitable words to describe the image. 

These negatively impact the potential of the proposed model. 
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In future work, we plan to make our dataset like the Flickr8k English dataset by collecting 

images that represent different cultures of our country from various sources and preparing 

five Amharic annotation sentences for each image. Additionally, we intend to apply the 

proposed model in the Amharic language for another task, such as video activity 

recognition. 
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APPENDIXES 

Appendix A:  Translated Dataset  

The translated captions sample we used for Amharic captioning is available here: https://drive.google.com/file/

 

Figure 0.1 Sample translated caption dataset 

https://drive.google.com/file/d/1vOvrRCgQ491dI3vSxzTO5t7lLQRcGd1B/view?usp=sharing
https://drive.google.com/file/d/1vOvrRCgQ491dI3vSxzTO5t7lLQRcGd1B/view?usp=sharing
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Appendix B: Samples of Visual Attention Plot for Generated Words 

 

Actual Caption: ነጭ ውሻ በበረዶው ውስጥ አንድ ነገር በአፉ ይይዛል 

Prediction Caption: አንድ ውሻ በአፉ ውስጥ እንጨት የሚመስል ነገር ይዞ በበረዶው ውስጥ እየሮጠ 

ነው 

 

Figure 0.2 Visual attention plot 1 
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Actual Caption: አንድ ሰው በዐለት ወይም በተራራ አናት ላይ ቆሞ ፀሐይ ስትጠልቅ እየተመለከተ ነው 

Prediction Caption: አንድ ሰው በተራራ አናት ላይ ቆሞ ፀሐይ ስትጠልቅ እየተመለከተ ነው 

 

 Figure 0.3 visual attention plot 2 
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Actual Caption: a medium sized child jumps off of a dusty bank over a creek 

Prediction Caption: a boy jumps off of a dusty bank over a creek 

 

Figure 0.4 Visual attention plot 3 
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Appendix C:  Questioner Form for Human Evaluation Study 

Human Evaluation Study 

Instructions 

In this task, you need to evaluate the description quality for the provided pictures.  

Please read the picture and the descriptions precisely and give the point for each description 

by considering the sentence describes the image content correctly and grammatically 

accurately each sentence. Question : Which image description best describes the image?  

Answer by indicating to A or B.  

No. Pictures Candidate Descriptions/Captions   Point  

1 

 

C1: አንድ ሰው ፀሐይ ስትጠልቅ በባንዲራ 

አጠገብ በጀልባ ላይ ተቀምጧል 
A

 

C2: አንድ ሰው ፀሐይ ስትጠልቅ በመርከብ 

ላይ ተቀምጧል 
B

 

2 

 

C1: ሁለት ሰዎች ይስቃሉ A
 

C2: አንድ ወንድና ሴት ይስቃሉ B
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3 

 

C1: ሁለት ወንዶች ልጆች መድረክ ላይ ካራቴ 

እያከናወኑ ነው 
A

 

C2: ሁለት ሴቶች እርስ በርሳቸው ይጋጫሉ B
 

4 

 

C1: አንድ ወንድና አንዲት ሴት ልጆች በመንገድ ላይ 

ይሄዳሉ 
A

 

C2: አንድ ወንድና አንዲት ሴት በባህር ዳር ባዶ በሆነ 

የባሕር ዳርቻ ላይ ይራመዳሉ 
B

 

5 

 

C1: ሁለት ሴቶች መንገድ ተሻግረው ይሄዳሉ A
 

C2: ቀሚስ የለበሱ ሁለት ሴቶች መንገድ ላይ 

ይራመዳሉ 
B

 

6 

 

C1: ቡናማ ውሻ ወደ ውሃ ውስጥ ዘለለ A
 

C2: ቡናማና ነጭ ውሻ ወደ ውቅያኖስ 

ይሮጣል 
B
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Appendix D:  Define Bi-GRU with AM decoder 
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