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Abstract— 

Image captioning is an important research area in artificial 

intelligence that integrates computer vision and natural language 

processing (NLP) to automatically generate descriptive textual 

interpretations of images. Conventional image captioning systems 

typically employ Convolutional Neural Networks (CNNs) for visual 

feature extraction and Long Short-Term Memory (LSTM) networks 

for generating sequential text descriptions. Although effective, CNN-

based approaches may have limitations in capturing global 

contextual relationships within images. 

This research introduces an improved image captioning framework 

that utilizes Vision Transformers (ViTs) as the feature extraction 

backbone instead of traditional CNN architectures. By leveraging 

self-attention mechanisms, Vision Transformers can effectively 

model long-range dependencies and capture comprehensive 

contextual information from visual data. The extracted image 

representations are subsequently provided to an LSTM network, 

which generates coherent and meaningful captions in a sequential 

manner. 

The proposed model is evaluated using widely accepted image 

captioning performance metrics, including BLEU and METEOR 

scores. Experimental findings indicate that the Vision Transformer-

based approach produces more accurate, descriptive, and context-

aware captions compared to conventional CNN-LSTM models. The enhanced caption generation capability of 

the proposed framework makes it suitable for various real-world applications, including assistive technologies 

for visually impaired individuals, automated image annotation, content management systems, and intelligent 

multimedia retrieval. 
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I. INTRODUCTION 

Image captioning is a prominent task in artificial 

intelligence that aims to automatically generate 

descriptive text for images by combining techniques 

from computer vision and natural language 

processing (NLP). This technology has numerous 

practical applications, including assistive systems 

for visually impaired users, automated content 

creation, image retrieval, and multimedia 

management. The objective is not only to recognize 

objects within an image but also to understand their 

relationships and generate meaningful textual 

descriptions. 

Conventional image captioning frameworks 

typically employ Convolutional Neural Networks 

(CNNs) to extract visual features from images and 

Long Short-Term Memory (LSTM) networks to 

generate captions sequentially. While these 

methods have achieved considerable success, CNN-

based feature extractors often face challenges in 

capturing global contextual information and long-

range dependencies within complex visual scenes. 

As a result, the generated captions may lack detailed 

contextual understanding and semantic richness. 

To address these limitations, this study proposes an 

image captioning framework that utilizes Vision 

Transformers (ViTs) for visual feature extraction. 

Unlike CNNs, Vision Transformers process images 

as sequences of image patches and leverage self-

attention mechanisms to model global relationships 

across the entire image. This capability enables the 

extraction of more informative and context-aware 

visual representations. The extracted features are 

subsequently provided to an LSTM network, which 

generates coherent and semantically meaningful 

captions. 

The proposed model is trained and evaluated using 

the Flickr30k dataset, which contains 30,000 

images accompanied by multiple human-generated 

captions. The availability of diverse image-caption 

pairs allows the model to learn a wide range of 

visual concepts and linguistic patterns. Performance 

evaluation is conducted using established image 

captioning metrics, including BLEU, METEOR, 

and CIDEr, which assess the quality, relevance, and 

fluency of the generated captions. 

Experimental results indicate that the Vision 

Transformer-based approach significantly improves 

caption generation performance compared to 

traditional CNN-LSTM architectures. By 

effectively capturing global contextual information 

and complex visual relationships, the proposed 

framework produces more accurate, descriptive, 

and contextually relevant captions, making it 

suitable for advanced image understanding and real-

world multimedia applications. 

II. LITERATURE REVIEW 

Existing image captioning research has largely been 

based on encoder–decoder architectures that 

combine Convolutional Neural Networks (CNNs) 

for visual feature extraction with Recurrent Neural 

Networks (RNNs) or Long Short-Term Memory 

(LSTM) networks for caption generation. Notable 

models have demonstrated considerable success in 

producing image descriptions by learning visual 

representations and incorporating attention 

mechanisms to focus on relevant image regions. 

These approaches have significantly advanced the 

field of automatic image captioning. 

Despite their effectiveness, CNN-based feature 

extraction methods exhibit certain limitations. Their 

localized receptive fields may restrict the ability to 

capture long-range relationships between objects 

and regions within an image. Additionally, the 

hierarchical nature of CNNs can result in the loss of 

important global contextual information, which is 

essential for accurately describing complex scenes. 

Consequently, generated captions may sometimes 

lack semantic richness and fail to fully represent 

intricate visual details. 

To address these challenges, the proposed research 

adopts Vision Transformers (ViTs) as the image 

feature extraction component. Unlike CNNs, Vision 

Transformers divide an image into patches and 

utilize self-attention mechanisms to model 

interactions among all image regions 

simultaneously. This enables the network to capture 

both local and global contextual information more 

effectively, leading to a deeper understanding of 

visual content. 

The extracted visual features are subsequently 

processed by an LSTM-based decoder to generate 

natural language descriptions. By combining the 

powerful representation learning capability of 

Vision Transformers with the sequence modeling 

strength of LSTMs, the proposed framework aims 
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to produce captions that are more accurate, 

contextually relevant, and linguistically coherent. 

This hybrid approach is expected to overcome                

several limitations of conventional CNN-based 

image captioning systems and improve the overall 

quality and diversity of generated image 

descriptions. 

III. METHODOLOGY 

To enhance the accuracy and contextual 

understanding of image captioning, we propose a 

Vision Transformer (ViT) + LSTM-based model 

that overcomes the limitations of traditional CNN-

based approaches. Unlike CNNs, which extract 

local features through convolutional operations, 

ViT employs a self-attention mechanism to capture 

global dependencies across an image, leading to a 

more comprehensive representation of visual 

information. This enables the model to better 

understand complex scenes, object relationships, 

and fine-grained details, resulting in more 

descriptive and contextually rich captions. 

In our approach, ViT extracts high-level visual 

features from images, which are then fed into an 

LSTM network to generate meaningful captions in 

natural language. The sequential nature of LSTM 

maintains coherence and fluency in generated 

sentences. Additionally, we incorporate attention 

mechanisms to enhance the alignment between 

visual features and textual output, ensuring that 

captions focus on the most relevant aspects of an 

image. 

By combining the global feature extraction 

capabilities of ViT with the sequential text 

generation of LSTM, our model aims to achieve 

higher accuracy, fluency, and contextual relevance 

compared to traditional CNN-LSTM frameworks. 

3.1 Vision Transformer (ViT) 

Vision Transformer (ViT) is a deep learning model 

that applies transformer-based self-attention 

mechanisms to image analysis. Originally inspired 

by transformer architectures developed for natural 

language processing tasks, ViT adapts these 

concepts to effectively process visual information. 

Rather than analyzing an image as a continuous grid 

of pixels, the model divides the image into a 

sequence of smaller, fixed-size patches, such as 16 

× 16 pixels. 

Each image patch is transformed into a vector 

representation through a linear embedding process. 

Positional information is then incorporated into 

these embeddings to preserve the spatial 

arrangement of the patches within the image. The 

resulting sequence of embedded patches is passed 

through a transformer encoder composed of 

multiple self-attention and feedforward layers. 

Through the self-attention mechanism, the model 

learns relationships among different image regions 

and captures both local and global visual 

dependencies. This enables the network to 

simultaneously focus on multiple areas of an image 

and extract rich contextual information. The final 

encoded representation provides a comprehensive 

understanding of the visual content, making Vision 

Transformers particularly effective for tasks such as 

image captioning, where accurate interpretation of 

complex scenes is essential for generating 

meaningful textual descriptions. 

3.2 Long Short-Term Memory (LSTM) 

Long Short-Term Memory (LSTM) networks play 

a vital role in the caption generation stage by 

effectively modeling sequential text data. The 

process begins with the extraction of visual features 

using the Vision Transformer (ViT), which 

provides a rich representation of the image content. 

The corresponding image captions are then pre-

processed and converted into sequences of words or 

subword units through tokenization. 

These tokens are transformed into dense numerical 

embeddings that capture semantic and syntactic 

relationships between words. Using the extracted 

visual features as contextual input, the LSTM 

decoder generates captions one word at a time. The 

sequence generation process is initiated with a 

special <start> token, and at each step, the model 

predicts the most probable next word through a 

probability distribution generated by a SoftMax 

layer. 

The caption generation continues iteratively until a 

predefined <end> token is produced, indicating the 

completion of the sentence. This sequential 

prediction mechanism enables the model to 

generate grammatically coherent and semantically 

meaningful descriptions. By integrating the 

contextual feature extraction capability of Vision 
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Transformers with the sequence-learning strength 

of LSTM networks, the proposed framework 

effectively connects visual understanding with 

natural language generation, resulting in accurate, 

fluent, and contextually appropriate image captions. 

3.3 Image Captioning Model Using ViT + 

LSTM 

Proposed Algorithm: Image Caption Generation 

Using Vision Transformer (ViT) and LSTM 

Input: Image Dataset (I) with corresponding 

captions (C) 

Output: Generated image caption (G_C) 
 

Step 1: Import Required Libraries 

1. Import PyTorch and Torch vision libraries for 

image processing and Vision Transformer 

implementation. 

2. Import Hugging Face Transformers library for 

loading the pre-trained ViT model. 

3. Import Pillow (PIL) for image loading and 

preprocessing. 

4. Import NumPy for numerical computations. 

5. Import TensorFlow/Keras libraries for 

tokenization, sequence padding, and LSTM 

model development. 
 

Step 2: Image Feature Extraction Using Vision 

Transformer 

1. Load input image (I) using PIL. 

2. Convert the image into RGB format. 

3. Preprocess the image using the ViT Feature 

Extractor. 

4. Pass the preprocessed image to the pre-trained 

Vision Transformer model. 

5. Extract the hidden feature representations from 

the final transformer layer. 

6. Compute the average of the extracted feature 

vectors. 

7. Store the resulting fixed-length feature 

representation as (F_I). 
 

Step 3: Caption Preprocessing 

1. Collect all image captions from the dataset. 

2. Apply text cleaning and preprocessing 

operations. 

3. Initialize the Keras Tokenizer. 

4. Build the vocabulary from the caption corpus. 

5. Convert each caption into a sequence of integer 

tokens. 

6. Determine the maximum caption length. 

7. Apply sequence padding to ensure uniform 

sequence length. 
 

Step 4: Construct LSTM-Based Caption 

Generator 

1. Create a Sequential neural network model. 

2. Add an Embedding layer to transform word 

indices into dense vector representations. 

3. Add the first LSTM layer with sequence return 

enabled. 

4. Add a second LSTM layer to learn deeper 

contextual dependencies. 

5. Add a Dense layer with Softmax activation. 

6. Configure the output layer to predict the next 

word from the vocabulary. 

 

 

Step 5: Model Compilation 

1. Set the loss function as Categorical Cross-

Entropy. 

2. Select Adam as the optimization algorithm. 

3. Compile the model for training. 
 

Step 6: Model Training 

1. For each image-caption pair: 

o Extract image features (F_I) using the ViT 

model. 

o Convert captions into tokenized sequences. 

o Generate input-output training sequences. 

2. Train the LSTM network using: 

o Image feature vectors (F_I) 

o Corresponding caption sequences 

3. Update model parameters until convergence or 

the maximum number of epochs is reached. 
 

Step 7: Caption Generation (Inference Phase) 

1. Input a new image (I_{new}). 

2. Extract image features (F_{new}) using the 

trained ViT model. 

3. Initialize the caption sequence with the <start> 

token. 

4. Repeat: 

o Feed the current sequence and image features 

into the trained LSTM model. 

o Predict the next word using Softmax 

probabilities. 

o Append the predicted word to the sequence. 

5. Continue the process until: 

o The <end> token is generated, or 

o The maximum caption length is 

reached. 
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Step 8: Output 

1. Remove special tokens (<start>, <end>). 

2. Concatenate the generated words. 

3. Return the final caption (G_C). 
 

The proposed algorithm combines the powerful 

visual representation capability of Vision 

Transformers with the sequence-learning strength 

of LSTM networks to generate accurate, fluent, and 

context-aware image captions. 

IV. RESULTS AND DISCUSSION 

The effectiveness of an image captioning model is 

determined using evaluation metrics that measure 

the quality, accuracy, and linguistic coherence of 

the generated captions. Among the most widely 

adopted metrics are BLEU, METEOR, and CIDEr, 

each providing a distinct perspective on the model’s 

caption generation performance. These metrics 

compare the generated captions with reference 

captions and help assess how well the model 

captures the semantic meaning and contextual 

relevance of the image content. 

1. BLEU (Bilingual Evaluation Understudy): 

BLEU measures the n-gram overlap between 

generated and reference captions.  

              BLEU=BP×exp(n=1∑NwnlogPn) 

2. METEOR (Metric for Evaluation of 

Translation with Explicit Ordering):  METEOR 

considers synonyms, stemming, and word order, 

making it more aligned with human judgment. 

               METEOR=Fmean×(1−Penalty) 

 3. CIDEr (Consensus-based Image Description 

Evaluation): CIDEr emphasizes consensus by 

comparing generated captions with multiple 

human-annotated references. 

           CIDEr=N1n=1∑Nwn×TF-IDF Score   

For the sample caption, “A man is riding a horse on 

the beach,” the evaluation metrics provide a 

comprehensive assessment of the quality and 

relevance of the generated description. The BLEU 

score falls within the range of 30–35, indicating a 

reasonable degree of similarity between the 

generated caption and the reference captions based 

on n-gram matching. This suggests that the model 

successfully captures key elements of the image 

description. 

The METEOR score of 0.44 (44%) reflects a 

stronger alignment with human-generated captions 

by considering factors such as synonym matching, 

stemming, and word ordering. As a result, 

METEOR offers a more nuanced evaluation of 

semantic similarity and linguistic quality than 

BLEU alone. 

Additionally, the CIDEr score of 0.90 (90%) 

indicates a high level of agreement between the 

generated caption and human annotations. By 

incorporating TF-IDF weighting, CIDEr 

emphasizes the importance of informative and 

distinctive words, thereby providing a robust 

measure of descriptive accuracy. 

Collectively, these evaluation results demonstrate 

the capability of the proposed ViT-LSTM 

framework to generate captions that are both 

contextually meaningful and linguistically 

coherent, closely resembling descriptions produced 

by human annotators. 

   
Figure -1 Sample Caption 

 

Figure -2 Sample Caption 
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Overall, the experimental findings indicate that the 

proposed ViT-LSTM framework achieves superior 

performance compared to conventional CNN-based 

image captioning models across various evaluation 

scenarios. The enhanced feature extraction 

capability of Vision Transformers contributes to the 

generation of more accurate and contextually 

meaningful captions. Nevertheless, there remains 

potential for further improvement. Future research 

may focus on incorporating advanced attention 

mechanisms and performing domain-specific fine-

tuning to enhance the model’s understanding of 

visual content and improve caption quality, 

accuracy, and semantic relevance. 

 

Figure – 3 Output six children with their hands on 

their chins 

 

Figure – 4 Output a skater leaps in the air on a city 

 

Figure – 4 An image of a cat 

V. CONCLUSION 

This study demonstrates the effectiveness of 

combining Vision Transformers (ViT) with Long 

Short-Term Memory (LSTM) networks for 

automated image caption generation. The use of 

ViT enables strong global attention-based visual 

feature extraction, while the LSTM component 

supports sequential language modeling for 

generating coherent textual descriptions. This 

integrated framework shows improved performance 

over traditional CNN-based approaches in terms of 

contextual understanding, caption accuracy, and 

linguistic fluency. 

The model’s evaluation using standard metrics such 

as BLEU, METEOR, and CIDEr confirms its ability 

to produce detailed and semantically relevant image 

captions. These results highlight the advantage of 

leveraging transformer-based visual encoders along 

with recurrent language models for improved 

image-to-text generation. 

For future enhancements, several directions can be 

considered. Incorporating large pre-trained 

language models such as GPT or BERT may further 

improve the fluency and grammatical quality of 

generated captions. In addition, developing fully 

transformer-based hybrid architectures that 

combine Vision Transformers with advanced 

language models could enhance overall system 

performance. Further improvements may also be 

achieved by training on larger and more diverse 

datasets or by applying reinforcement learning 

techniques to refine caption quality. Finally, 

optimizing the model for real-time deployment 

using edge computing techniques could extend its 

applicability to practical domains such as assistive 

technologies, automated image annotation, and 

intelligent content generation. 
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