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ABSTRACT 

Image caption generation is a fundamental problem in artificial intelligence that combines 

computer vision and natural language processing to generate textual descriptions for 

images. The task requires a model to identify objects, understand their relationships, and 

express this information in coherent natural language. This paper presents a detailed 

experimental study of image caption generation using CNN–LSTM architectures and 

Transformer-based models, including Vision Transformer with GPT-2 and BLIP-based 

captioning systems. The models are evaluated on real-world images using quantitative 

metrics such as BLEU score and extensive qualitative analysis. Experimental results 

demonstrate that Transformer-based models, particularly BLIP-Large, produce more 

descriptive and context-aware captions compared to traditional CNN–LSTM approaches. The 

study highlights the strengths, limitations, and practical trade-offs of each model. 

 

INDEX TERMS: Image Caption Generation, CNN–LSTM, Trans-former, Vision 

Transformer, BLIP, Deep Learning. 

 

INTRODUCTION 

The rapid growth of visual content on the internet has created a strong demand for automated 

systems capable of un-derstanding and describing images. Image caption generation aims to 

bridge the semantic gap between visual perception and natural language understanding by 

producing grammatically correct and semantically meaningful descriptions for images. This 

task has significant applications in assistive technologies for visually impaired individuals, 

image retrieval systems, content moderation, and human–computer interaction. 
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Traditional computer vision systems focused primarily on image classification and object 

detection. However, generating captions requires a deeper level of understanding, including 

object attributes, spatial relationships, and contextual informa-tion. Early image captioning 

approaches relied on template-based or retrieval-based methods, which lacked generalization 

and scalability. 

With the advent of deep learning, encoder–decoder archi-tectures became the dominant 

paradigm. In these systems, an encoder extracts visual features from an image, and a de-

coder generates a natural language description based on these features. More recently, 

Transformer-based architectures have achieved state-of-the-art performance by leveraging 

attention mechanisms to model long-range dependencies. This paper presents a 

comprehensive comparison of CNN–LSTM and Transformer-based image captioning 

models. 

 

RELATED WORK 

Early image captioning research focused on rule-based systems that generated captions using 

predefined sentence structures. While computationally efficient, these approaches failed to 

generalize to complex real-world images. Retrieval-based methods later emerged, selecting 

captions from visually similar images; however, their performance was limited by the 

diversity of available captions. 

The introduction of deep learning enabled end-to-end encoder–decoder frameworks. Vinyals 

et al. proposed the CNN–LSTM architecture, where convolutional neural net-works extract 

visual features and LSTMs generate captions sequentially. Xu et al. introduced attention 

mechanisms that allow the model to focus on relevant image regions during caption 

generation. 

Transformer architectures eliminated recurrence entirely and relied on self-attention 

mechanisms. Vision Transformer (ViT) encoders model global image context by dividing 

images into patches, while Transformer-based decoders generate captions in an 

autoregressive manner. Recent vision–language pretrain-ing models such as BLIP have further 

improved caption quality by learning joint visual and textual representations. 

 

PROBLEM FORMULATION 

Given an input image I, the goal of image caption genera-tion is to produce a sequence of 

words S = {w1, w2, . . . , wT } that maximizes the conditional probability: 

P (S|I) = 
Y 

P (wt|I, w1, . . . , wt−1) (1) t=1 
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In CNN–LSTM models, image features extracted by the CNN encoder initialize the hidden 

state of the LSTM decoder. In Transformer-based models, visual features are integrated using 

attention mechanisms, enabling the model to capture global dependencies between image 

regions and language tokens. 

 

SYSTEM ARCHITECTURE 

The overall architecture of the image caption generation system is shown in Fig. 1. The 

system follows an encoder–decoder framework supporting multiple captioning pipelines, 

including CNN–LSTM, ViT–GPT2, and BLIP-based models. 

 

 

Fig. 1. System architecture of image caption generation using CNN/Trans-former 

encoder and LSTM/Transformer decoder. 

 

DATASET DESCRIPTION 

Experiments were conducted using a collection of real-world images obtained from publicly 

available sources. The dataset includes images containing animals, humans, indoor scenes, 

outdoor scenes, and complex backgrounds. Images were resized and normalized before being 

passed to the encoder. Captions were manually verified for qualitative eval-uation. 

 

METHODOLOGY 

A. CNN–LSTM Model 

The CNN–LSTM model uses a convolutional neural net-work to extract visual features, 

which are then passed to an LSTM decoder. The decoder generates captions sequentially, 

predicting the next word based on the visual context and previously generated words. 

Although effective, this approach struggles with long-range dependencies. 

 

B. Transformer-Based Models 

Transformer-based models replace recurrent connections with self-attention mechanisms. 

Vision Transformer encoders divide images into patches and learn global representations, 

while decoders such as GPT-2 generate captions autoregres-sively. BLIP models further 
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improve performance through vision–language pretraining. 

 

EVALUATION METRICS 

Model performance was evaluated using BLEU score, which measures n-gram overlap 

between generated captions and reference captions. In addition to quantitative metrics, qual-

itative analysis was performed to assess descriptive richness, grammatical correctness, and 

contextual accuracy. 

 

RESULTS AND ANALYSIS 

A. Quantitative Results 

B. Qualitative Analysis 

Transformer-based models generate longer and more de-scriptive captions compared to 

CNN–LSTM models. BLIP-Large demonstrates improved understanding of object at-tributes 

and actions, while CNN–LSTM models often produce generic descriptions. 

 

TABLE I BLEU SCORE COMPARISON. 

Model BLEU Score 

CNN–LSTM 0.31 

ViT–GPT2 0.38 

BLIP–Base 0.40 

BLIP–Large 0.42 

 

LIMITATIONS 

Despite improved performance, the models occasionally misinterpret object counts or colors 

in visually ambiguous images. Computational complexity and memory requirements are 

higher for Transformer-based models. 

 

IMPLEMENTATION DETAILS 

The following code snippet demonstrates the implemen-tation of the BLIP-Large model used 

for image caption generation. The model is loaded using the Hugging Face Transformers 

library and generates captions for input images. 

 

CONCLUSION 

This paper presented a detailed comparative study of image caption generation using CNN–

LSTM and Transformer-based models. Experimental results show that Transformer-based 

architectures, particularly BLIP-Large, outperform traditional CNN–LSTM approaches in 

terms of caption quality and contextual understanding. Future work may explore domain-
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specific fine-tuning and multilingual caption generation. 
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