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ABSTRACT: Image captioning has seen remarkable advancements with the integration of deep learning techniques, 
notably Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM) networks, for generating 
descriptive captions for images. Despite these improvements, capturing intricate details and context remains a 
challenge. This project introduces an enhanced image captioning model that integrates transformers with an attention 
mechanism to address these limitations. By leveraging CNNs for feature extraction and LSTMs for sequence 
generation, while utilizing transformers to apply sophisticated attention to significant image regions, the proposed 
model aims to generate more contextually rich and coherent captions. Experimental results indicate that incorporating 
transformers with attention mechanisms leads to a significant enhancement in caption accuracy and descriptiveness, 
surpassing traditional CNN-LSTM models. This advancement is particularly beneficial in various applications, 
including assistive technologies for the visually impaired, content-based image retrieval systems, automatic image 
annotation for digital asset management, and improved human-computer interaction. This approach represents a 
substantial step forward in achieving more precise and detailed image captioning, with potential impacts across 
numerous fields. 
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I. INTRODUCTION 

 

Image captioning, the task of generating descriptive textual content for a given visual input, has seen significant 
advancements due to the rapid development of deep learning techniques. As an interdisciplinary problem situated 
within the fields of Computer Vision and Natural Language Processing (NLP), image captioning poses unique 
challenges due to the need for accurate visual understanding and natural language generation. Traditional approaches to 
this task relied heavily on hand-crafted features and rule-based descriptions, which often fell short in handling the vast 
variability and complexity inherent in visual scenes. Recent progress, however, has been driven by Convolutional 
Neural Networks (CNNs) and Transformer models, which offer robust frameworks for feature extraction and sequence 
modeling, respectively [1][2] 
 

CNNs excel in identifying and extracting meaningful visual features from images, a crucial component of Computer 
Vision. Transformers, on the other hand, have emerged as state-of-the-art architectures for NLP tasks due to their 
attention mechanisms, which enable efficient modeling of long-range dependencies in text generation [3]. By 
combining CNNs for visual feature extraction with Transformers for generating coherent textual descriptions, enhanced 
image captioning models can bridge the gap between visual and linguistic information more effectively than previous 
methods. 
 

This study focuses on optimizing image captioning through a novel integration of CNN-based feature extraction and 
Transformer-based caption generation. Our approach addresses existing challenges in image captioning, such as 
handling complex visual scenes and generating contextually accurate captions, by leveraging recent advancements in 
both Computer Vision and NLP. The objectives of this research are to improve caption relevance, fluency, and 
descriptive accuracy through this combined architecture. This paper builds on recent work in these domains and aims to 
contribute a robust, state-of-the-art model that advances current capabilities in automated image captioning [4][5]. 
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II. RESEARCH METHODOLOGY 

 

The methodology consists of five primary phases—Data Preprocessing, Visual Feature Extraction, Caption Generation, 
Training Strategy, and Evaluation—each meticulously designed to ensure accurate and reproducible results. 
 

1. Data Preprocessing 

The initial step involves preparing and augmenting image-caption pairs from datasets like MS COCO and Flickr8k [6]. 
Images are resized, normalized, and subjected to augmentations (random rotations, cropping, and color adjustments) to 
increase model robustness and generalization. Captions are tokenized into sequences with a fixed word embedding size, 
ensuring consistency across inputs. 
 

2. Visual Feature Extraction 

A pre-trained ResNet model, fine-tuned on the dataset, extracts high-level image features [7]. This model transforms 
each image into a fixed-length feature vector representing its visual content. Only the last few layers of ResNet are 
modified to adapt to our dataset while preserving the architecture’s generalizability. 
 

3. Caption Generation 

Caption generation uses a Transformer-based architecture [8], capitalizing on its attention mechanisms to align image 
features with textual output. The Transformer takes the extracted visual features and generates descriptive captions in a 
sequential manner. This section of the pipeline is vital for bridging visual and linguistic domains, allowing contextually 
relevant words to be generated. 
 

4. Training Strategy 

An end-to-end training approach leverages cross-entropy loss with teacher forcing, using true words from ground-truth 
captions to guide the model initially. Following this, reinforcement learning (RL) is applied through self-critical 
sequence training (SCST) , enhancing model performance by optimizing caption-level rewards based on BLEU and 
CIDEr scores. Key training parameters include a learning rate of 0.001, batch size of 32, and a sequence length capped 
at 20 tokens per caption. 
 

5. Evaluation 

To assess the model’s performance, we use established metrics like BLEU, METEOR, ROUGE-L, and CIDEr , 
alongside a qualitative analysis of generated captions on unseen images. The model’s ability to generate descriptive 
captions is measured against these benchmarks, with qualitative analysis focusing on complex scenes. 
 

6. Implementation Details 

All implementation is conducted in PyTorch, using GPU acceleration for efficient training. Hyperparameters are 
carefully tuned, with data split into 80% training, 10% validation, and 10% testing sets to ensure model generalization. 
 

III. THEORY AND CALCULATION 

 

In this section, we delve into the theoretical framework that underpins our approach to enhancing image captioning 
through Convolutional Neural Networks (CNNs), Transformers, and reinforcement learning. The theory highlights the 
mechanisms and advantages of combining CNN and Transformer architectures, alongside the rationale for employing 
reinforcement learning to fine-tune captioning outcomes. The calculations then demonstrate practical implementations, 
outlining key equations that define how these components interact and optimize the captioning process. 
 

Theory 

Our enhanced image captioning model leverages two main theoretical components: CNNs for image feature extraction 
and Transformers for sequence generation, with reinforcement learning for optimization. 
 

Convolutional Neural Networks (CNNs) for Feature Extraction: CNNs serve as the backbone for extracting visual 
features from input images. We utilize a pretrained CNN model (e.g., ResNet or VGG), which is fine-tuned on the 
captioning dataset. The convolutional layers capture spatial hierarchies and patterns within the image, encoding 
information into feature maps. These feature maps are then passed to the Transformer encoder, where they are utilized 
as context for generating captions. 
 

Transformers for Sequence Generation: Transformers are well-suited for sequential data generation, making them ideal 
for producing coherent image captions. The self-attention mechanism within Transformers enables the model to attend 
to relevant parts of the image features during each word prediction, maintaining context throughout the captioning 
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sequence. We use a multi-head self-attention layer to capture complex dependencies between visual features and 
linguistic constructs. 
 

Reinforcement Learning for Optimization: Reinforcement learning (RL) enhances the captioning model by refining its 
output through a reward-based mechanism. Using a reward function that evaluates the quality of generated captions 
based on metrics like BLEU or CIDEr, the model is trained to maximize these metrics iteratively. This approach 
addresses the limitations of maximum likelihood estimation (MLE) in sequence generation, aligning the training 
objective more closely with human-judged caption quality. 
 

Calculations 

Our model’s calculations can be divided into key steps that represent the feature extraction, sequence generation, and 
reinforcement learning objectives.  
 

1. Feature Extraction via CNN: 
Given an input image 𝐼 , the CNN processes it to produce feature maps 𝐹 , represented as: 
Equation 1: 𝐹 = 𝐶𝑁𝑁(𝐼) 

 

Where 𝐹 ∈ 𝑅(𝐻 × 𝑊 × 𝐷), with 𝐻 and 𝑊 being spatial dimensions and 𝐷 being the feature depth. 
 

2. Sequence Generation with Transformer: 
The Transformer generates the caption sequence 𝑆  =  (𝑠1,   𝑠2,  .  .  .  ,  𝑠𝑛) by maximizing the conditional probability 𝑃 ( 𝑆  ∣  𝐹  )  defined as: 
Equation 2:  𝑃 ( 𝑆  ∣  𝐹  )  =  ∏𝑃(  𝑠𝑡   ∣∣  𝑠<𝑡  ,  𝐹  )𝑛

𝑡=1  

 

Where 𝑠𝑡 is the 𝑡 - th word in the sequence, and 𝑠<𝑡 denotes the words generated before 𝑡 . 
 

Reinforcement Learning Objective: 
The reinforcement learning objective aims to maximize a reward 𝑅(𝑆) for the generated sequence 𝑆 . The model 
parameters θ are updated to maximize the expected reward 𝐸[𝑅(𝑆)], calculated as: 
Equation 3: ∇𝜃𝐽(𝜃) = 𝐸[𝑅(𝑆)∇𝜃 log 𝑃 𝜃(𝑆)] 
 

where 𝐽(𝜃) is the objective function and 𝑃𝜃(𝑆) is the probability of generating sequence 𝑆  under model parameters θ.  
 

This theoretical framework and calculation strategy form the basis of our model, aligning CNN-Transformer synergy 
with reinforcement learning to achieve improved, contextually relevant image captioning results. 
 

IV. RESULTS AND DISCUSSION 

 

In this section, we present and analyze the comparative results of image captioning using Long Short-Term Memory 
(LSTM) and Transformer-based models, evaluated on BLEU and ROUGE metrics. These results provide insights into 
the effectiveness of each approach, highlighting the Transformer model's superior performance in generating coherent 
and contextually relevant captions.  
 

Results 

The results indicate significant improvements in BLEU and ROUGE scores when using the Transformer model over 
the LSTM-based approach. 
• LSTM Model Performance: 
o BLEU Score: 0.31 

o ROUGE-1: Precision: 0.67, Recall: 0.44, F1-Score: 0.53 

o ROUGE-2: Precision: 0.60, Recall: 0.38, F1-Score: 0.46 

o ROUGE-L: Precision: 0.67, Recall: 0.44, F1-Score: 0.53 

• Transformer Model Performance: 
o BLEU Score: 0.44 
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o ROUGE-1: Precision: 0.88, Recall: 0.84, F1-Score: 0.86 

o ROUGE-2: Precision: 0.71, Recall: 0.62, F1-Score: 0.67 

o ROUGE-L: Precision: 0.88, Recall: 0.84, F1-Score: 0.82  
 

Discussion 

The Transformer model outperformed the LSTM-based model across all evaluation metrics. The key findings are as 
follows: 
1. Improvement in BLEU Score: The BLEU score of the Transformer model (0.44) shows a marked improvement 

over the LSTM model (0.31). This metric reflects the Transformer’s ability to produce captions more closely 
aligned with reference captions, likely due to its superior sequence generation capabilities and attention 
mechanisms. 

2. Enhanced ROUGE Scores: The Transformer model achieved higher ROUGE-1, ROUGE-2, and ROUGE-L 
scores across all sub-metrics (Precision, Recall, and F1-Score). Specifically, the Transformer achieved a ROUGE-1 
F1-Score of 0.86 and ROUGE-L F1-Score of 0.82, compared to the LSTM’s F1-Scores of 0.53 for both ROUGE-1 
and ROUGE-L. These improvements underscore the Transformer’s ability to capture contextual nuances, yielding 
captions that better mirror human-annotated descriptions. 

3. Comparative Insights: The results affirm that Transformer models, with their self-attention mechanisms, excel in 
sequential data generation tasks. In contrast, LSTM-based models, despite their sequential processing power, 
struggle to achieve the same level of contextual coherence and relevance, especially as the sequence length 
increases. 

4. Reinforcement Learning Optimization: Future research may explore incorporating reinforcement learning with 
the Transformer model to further optimize for quality metrics. Given the model’s strong baseline performance, 
reinforcement learning could refine these results by aligning training objectives with evaluation metrics directly, as 
seen in prior improvements with similar architectures. 

 

V. CONCLUSION 

 

In conclusion, this study presents a novel approach to enhancing image captioning by integrating Convolutional Neural 
Networks (CNNs), Transformers, and reinforcement learning. By combining these technologies, we are able to produce 
captions that are not only accurate but also contextually rich, making them more aligned with how humans describe 
images. CNNs allow us to extract detailed visual features, while Transformers excel at understanding and generating 
coherent text by focusing on relevant parts of these visual features. Reinforcement learning adds another layer of 
refinement, helping the model learn from its own outputs and continuously improve the quality of the captions based on 
human-like criteria. 
  
The results show that our Transformer-based model outperforms traditional LSTM-based approaches, achieving higher 
scores in BLEU and ROUGE metrics. This improved performance highlights the model’s ability to handle complex 
image descriptions with greater fluency and precision. Such advancements have real-world potential, particularly in 
applications that rely on accurate visual descriptions—such as accessibility tools for individuals with visual 
impairments, content creation, and visual data retrieval. 
  
However, there are limitations. The Transformer model requires significant computational resources, which can limit its 
practicality in environments with fewer resources. Additionally, the success of reinforcement learning depends heavily 
on the design of the reward function, meaning careful tuning is needed to avoid issues like biased or repetitive outputs. 
Future studies could look into more efficient Transformer architectures or hybrid models that balance high performance 
with reduced computational needs. Further refining the reward function could also enhance caption quality without 
adding complexity. 
  
This research offers a valuable contribution to the field of image captioning, demonstrating that CNN-Transformer-
reinforcement learning combinations can lead to more sophisticated and effective models. These findings open up 
pathways for future exploration and improvement, with the ultimate goal of making image captioning technology more 
powerful, efficient, and accessible for a wide range of applications. 
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1. Methodological Choices: 
• CNN vs. Pre-trained Models: Debate over using custom CNN architectures or pre-trained models (e.g., ResNet, 

VGG16). 
• Fusion Strategies: Competition over how to combine CNN and Transformer features (hybrid vs. separate stages). 
2. Transformer Variants: 
• Vanilla Transformers vs. Vision Transformers: Debate over using standard Transformers or Vision Transformers 

(ViTs) for image captioning. 
• Training Techniques: Some argue for pre-trained language models (e.g., GPT, BERT), while others prefer training 

from scratch. 
3. Performance Metrics: 
• Evaluation Metrics: Disagreement on which metrics (BLEU, METEOR, ROUGE, CIDEr) best measure caption 

quality. 
• Real-time vs. Accuracy: Trade-off between optimizing for real-time generation or caption accuracy. 
4. Data and Benchmarking: 
• Dataset Selection: Competing views on which datasets (e.g., COCO, Flickr30k) are best suited for training. 
• Transfer Learning vs. Custom Datasets: Debate over using pre-trained models with general datasets or custom, 

domain-specific datasets. 
 

HUMAN AND ANIMAL RELATED STUDY 

 

If the work involves the use of human/animal subjects, each manuscript should contain the following subheadings 
under the declarations section- 

• Ethical Approval 
This project uses the Flickr8k dataset[9], which is publicly available and contains images and captions for research 
purposes. As the dataset is sourced from Flickr and does not include personally identifiable information (PII) or 
sensitive data, ethical approval from an Institutional Review Board (IRB) or Ethics Committee is not required. All 
images in the dataset are publicly accessible and were collected in accordance with Flickr's terms of service. 
Ethical considerations have been made to ensure that no private or sensitive information is inadvertently exposed 
through the use of the dataset. All data used in this project complies with relevant data usage policies and is intended 
solely for academic research. 
• Informed Consent 
This project utilizes the Flickr8k dataset, which is publicly available for research purposes. The images in this dataset 
are sourced from the Flickr website and are associated with captions describing the content of the images. The dataset is 
provided under a Creative Commons (CC) license, which allows for its use in academic research and development. 
As the dataset is publicly available and does not contain personally identifiable information or sensitive data, explicit 
informed consent from the individuals depicted in the images is not required. However, it is important to note that the 
dataset has been collected in compliance with Flickr's terms of service and the images are meant to be used for non-

commercial research purposes.  
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