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Abstract : Image caption generation is the art and science of automatically producing natural language descriptions for images in 

a way that closely reflects human interpretation. This technique has applications in various fields such as assistive technologies, 

content-based image retrieval, autonomous systems, and human-computer interaction. Image captioning combines computer 

vision and natural language processing to generate descriptive sentences based on the contents of an image. Common approaches 

include the use of Convolutional Neural Networks (CNNs) for feature extraction and Long Short- Term Memory (LSTM) 

networks for sequence generation. CNNs are responsible for identifying and encoding spatial features from images, while LSTMs 

decode these features into grammatically coherent and contextually relevant sentences. The primary objective of image captioning 

is to accurately capture the semantic content of an image and generate a human-like description. Secondary objectives include 

maintaining fluency, grammatical correctness, and contextual awareness in the generated captions. Image caption generators offer 

a powerful tool for automated image understanding and annotation. Advances in attention mechanisms, transformer models, and 

multimodal learning techniques continue to enhance the accuracy and descriptiveness of caption generation systems. However, 

ongoing research is essential to address challenges such as bias, hallucination in captions, and performance on complex or 

ambiguous visual scenes, ensuring the long- term utility and fairness of captioning models. 

 

IndexTerms - I m a g e  C a p t i o n i n g , C N N ,  L S T M , D e e p   L e a r n i n g ,   F e a t u r e   E x t r a c t i o n , S 

e q u e n c e G e n e r a t i o n . 

 

 

I. INTRODUCTION 

Image caption generation is a technique that automatically describes the contents of an image using natural language, enabling 

machines to interpret and communicate visual information effectively. One of the most widely used approaches in modern image 

captioning systems is the combination of Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM) 

networks. This architecture leverages CNNs for image feature extraction and LSTMs for generating coherent sentences that describe 

the image content. This technique has gained popularity due to its ability to closely mimic human-like descriptions while maintaining 

contextual relevance and grammatical structure. 

CNN-LSTM models are particularly powerful because they combine spatial understanding of image elements with temporal 

modeling of language. The CNN component processes the image and extracts meaningful features such as objects, scenes, and 

attributes, which are then fed into an LSTM network that decodes these features into sequential words forming a complete 

sentence. This method allows the system to generate captions that are not only accurate but also fluent, making it widely adopted in 

applications such as assistive technologies, social media tagging, and autonomous systems. 

 

What is Image Captioning? 

Image captioning is the process of generating a textual description for a given image by interpreting its visual content. It combines 

techniques from computer vision and natural language processing to understand image features and represent them in natural 

language. A common approach involves using a Convolutional Neural Network (CNN) to extract high-level visual features from 

the image, followed by a Long Short-Term Memory (LSTM) network that generates a sentence based on those features. This 

architecture enables the system to describe objects, actions, and scenes in the image in a fluent and meaningful way. By learning 

patterns from large datasets of image-caption pairs, image captioning systems can generalize to unseen images and produce human- 

like descriptions, making it a critical component in applications such as accessibility tools, content indexing, and automated image 

annotation. 
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In today's digital landscape, where vast amounts of visual data are generated every second, the ability to automatically interpret 

and describe images is increasingly important. Image captioning bridges the gap between vision and language, making 

information more accessible and enabling machines to understand the visual world in a human-like way. Among various 

techniques, the CNN-LSTM model stands out for its efficiency, interpretability, and strong performance across multiple 

benchmarks. 

 

This paper focuses on the CNN-LSTM architecture for image captioning, particularly exploring its effectiveness in generating 

accurate and fluent descriptions for images. By integrating visual and sequential data modeling, this method ensures that the 

generated captions are contextually aligned with the image content. When combined with pre-trained models and attention 

mechanisms, the approach becomes even more robust and descriptive. 

 

The motivation behind this research is to explore how deep learning techniques, specifically CNN and LSTM networks,can be 

optimized to generate high-quality image captions. We aim to evaluate the model’s performance in terms of accuracy, fluency, and 

relevance of the generated captions. This paper presents the core architecture of CNN-LSTM-based captioning, the methodology 

for training and evaluation, and an analysis of its effectiveness in real-world scenarios. 

 

By leveraging the synergy between visual understanding and natural language generation, this study contributes to the field of 

computer vision and artificial intelligence, offering insights into how deep learning models can bridge visual data with language for 

practical and impactful applications. 

 

II. RELATED RESEARCH 

 

A.    A.CNN-LSTM BASED IMAGE CAPTIONING 

The CNN-LSTM architecture is a widely used and effective deep learning approach for generating captions from images. The core 

idea behind this method is to combine the spatial understanding of Convolutional Neural Networks (CNNs) with the temporal 

sequence modeling capabilities of Long Short-Term Memory (LSTM) networks. CNNs are responsible for extracting high-level 

visual features from an image, capturing important patterns such as objects, textures, and scenes. These features are then encoded 

as vectors and passed to an LSTM network, which decodes the vector into a sequence of words to form a natural language 

description 

 

This combination forms the foundation of most modern image captioning systems, where CNNs such as VGGNet, ResNet, or 

Inception are typically used for image encoding, and LSTMs handle the task of generating coherent and contextually relevant 

sentences. The success of this architecture lies in its ability to bridge visual and linguistic domains, enabling the generation of 

accurate and fluent captions. 

 

Steps of the CNN-LSTM Captioning Model: 

 

Image Feature Extraction: A pre-trained CNN processes the image and outputs a feature vector representing its visual content. 

 

Embedding Layer Initialization: The feature vector is passed into an embedding layer or directly used as the initial input to the 

LSTM network. 

 

Sequence Generation (LSTM): The LSTM network receives the image features and begins generating a caption word-by- word, 

using previously generated words as additional input 

 

Caption Completion: The generation continues until a predefined stopping condition is met (e.g., end-of-sentence token or max 

length). 

 

.Output Caption: The final result is a grammatically and semantically correct sentence that describes the image. 

 

 

B. CNN-LSTM IN IMAGE CAPTIONING 

 

The main advantage of the CNN-LSTM model in image captioning is its ability to accurately interpret image content and 

translate it into natural language, making it highly suitable for real-world applications. Since CNNs excel at recognizing spatial 

hierarchies in image data and LSTMs are adept at maintaining temporal relationships in sequences, their integration provides a 

powerful framework for visual storytelling. 

 

 

http://www.jetir.org/


© 2025 JETIR May 2025, Volume 12, Issue 5                                                               www.jetir.org (ISSN-2349-5162)  

   

JETIR2505709 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org g96 
 

 

 

      

Fig:     flow chart diagram 

          

 

Contextual Accuracy: The LSTM component ensures that the generated words follow a logical and grammatical sequence, 

improving the fluency and coherence of captions. 
 

Visual Understanding: CNNs extract rich semantic features from images, capturing complex scenes, multiple objects, and 

contextual clues necessary for descriptive output. 

 

Simplicity and Efficiency: The architecture is modular, allowing pre-trained CNNs and LSTMs to be used together efficiently 

with minimal training from scratch, making the model scalable and suitable for real-time applications. 

 

In summary, the CNN-LSTM method plays a central role in advancing the field of image captioning by offering a structured yet 

flexible way to convert visual input into descriptive language. Its combination of accuracy, adaptability, and performance has 

made it the standard approach in research and industry applications involving image description. 

 

 

III. METHODOLOGY 

The methodology for implementing an image caption generator using Long Short-Term Memory (LSTM) and ResNet involves 

several key steps, including data preparation, image feature extraction, caption generation, and evaluation. Initially, a dataset of 

images paired with descriptive captions is collected and preprocessed. The images are resized and normalized to ensure 

consistency, while the captions are tokenized and converted into numerical format to facilitate processing. 

 

For feature extraction, a ResNet model, typically a pre-trained version like ResNet-50 or ResNet-101, is used to extract high- level 

visual features from the images. ResNet, with its deep residual networks, is capable of capturing intricate details and hierarchical 

features of images. The model processes the image and outputs a feature vector that encapsulates the visual information necessary 

for understanding the image's content. 

 

Once the image features are extracted using ResNet, the LSTM network is employed for caption generation. The LSTM, a type of 

recurrent neural network (RNN), excels at generating sequences of words, such as descriptive captions. The LSTM takes the 

feature vector produced by ResNet as input and generates a sequence of words, forming a coherent and contextually accurate 

caption. The LSTM is trained to predict the next word in the caption based on the previously generated words, while leveraging 

the visual features from ResNet to guide its predictions. 

 

Training the combined ResNet-LSTM model involves using backpropagation and gradient descent to optimize the weights for both 

the feature extraction process and the caption generation process. During the evaluation phase, the captions generated by the model 

are compared to ground truth captions using various metrics like BLEU, METEOR, and CIDEr, to assess the quality and relevance 

of the generated captions. Additionally, qualitative analysis is performed to ensure that the generated captions are contextually 

relevant, accurate, and coherent with the visual content of the image. The effectiveness of the model is evaluated based on its 

ability to generate descriptive captions and its performance on benchmark datasets 

.
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IV. ARCHITECTURE 

 

A typical image caption generator system using Long Short- Term Memory (LSTM) and Convolutional Neural Networks (CNN) 

consists of two main components: the feature extractor and the caption generator. The feature extractor utilizes a pre- trained CNN 

model, such as ResNet, to extract high-level visual features from the input image. These features serve as the foundation for 

generating descriptive captions. The caption generator, powered by an LSTM network, processes the extracted visual features 

and generates a sequence of words that forms a coherent and contextually accurate caption. The architecture is designed to 

ensure the system generates captions that accurately describe the content of the image while maintaining relevance and 

coherence. 

 

The system features a user-friendly interface that allows users to upload images and obtain descriptive captions. It also enables the 

option to customize parameters for the LSTM network, such as the length of the generated caption and the beam search width 

used in the caption generation process. The caption generator operates by taking the visual features provided by the CNN and 

transforming them into a sequence of words that form a descriptive sentence about the image. This process ensures the generated 

caption is contextually accurate and provides a clear representation of the image's content. 

 

 

To enhance caption generation, the system incorporates optional components like attention mechanisms that allow the model to 

focus on specific regions of the image, making the generated captions more descriptive and contextually relevant. Additionally, 

the system supports the use of multiple pre-trained CNN models (e.g., ResNet, Inception) to extract features, providing flexibility 

in terms of model choice based on specific requirements or available computational resources. 

 

 

                                                                       Fig:     Arichitecture  

 

CNN: 

The Convolutional Neural Network (CNN) used in this system plays a crucial role in feature extraction from images. The CNN 

processes the image through multiple convolutional layers, pooling layers, and fully connected layers to extract high-level features 

that represent various aspects of the image. In particular, ResNet, with its residual learning framework, is employed to capture 

deep features while avoiding issues such as vanishing gradients in very deep networks. The output of the CNN is a feature vector 

that encapsulates the key visual information, such as objects, textures, and patterns, within the image. 

 

LSTM: 

The LSTM network is responsible for generating captions based on the features extracted by the CNN. LSTM, being a type of 

recurrent neural network (RNN), is well-suited for sequence generation tasks, such as natural language processing. The LSTM 

processes the CNN-derived feature vector and generates a sequence of words that forms a coherent sentence. The network is trained 

on a large dataset of images and their corresponding captions to learn the relationships between visual features and textual 

descriptions. During training, the LSTM learns to predict the next word in the caption given the previous words, effectively 

generating descriptive captions from the extracted image features. 

 

During the decoding process, the system iterates through the words in the caption, refining them based on the visual context 

provided by the CNN features. The final output is a caption that describes the image in a way that aligns with its visual content. 

This method allows for the generation of accurate, contextually relevant captions while maintaining flexibility in terms of image 

content. However, it should be noted that the quality of the captions can be influenced by the effectiveness of the CNN model used 

for feature extraction and the training of the LSTM network. 
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The architecture offers several advantages, including the ability to generate highly descriptive and contextually relevant captions 

for a wide variety of images. However, it has limitations, such as requiring large computational resources for training deep models 

like CNNs and LSTMs, as well as relying heavily on the quality of the training data. Despite these challenges, this method is 

effective for automatic image captioning and can be enhanced further with techniques like attention mechanisms and fine-tuning 

the model with domain-specific data. 

 

V. EVALUATION 

 

The evaluation of the image caption generator using the ResNet model (as the CNN) and Long Short-Term Memory (LSTM) 

demonstrates its effectiveness in generating accurate and descriptive captions for images. By leveraging ResNet’s powerful feature 

extraction capabilities and the sequential nature of LSTM, the model can generate captions that closely align with the content of 

the images. 

 

The ResNet model is employed for feature extraction, where it processes the input images through deep convolutional layers to 

capture critical visual information, such as objects, textures, and spatial relationships. The extracted features are then passed to 

the LSTM, which generates captions that  reflect the image's visual content. The evaluation shows that this combined 

approach results in captions that are coherent, contextually accurate, and provide a detailed description of the image. 

 

In terms of qualitative assessment, the model demonstrates a high level of accuracy in producing captions that are relevant to the 

image content. The generated captions effectively capture the key elements of the image, such as the objects, actions, and scenes, 

ensuring that they convey the intended meaning. Furthermore, the captions maintain grammatical accuracy and are contextually 

appropriate, ensuring that the textual description matches the image's content. 

 

ResNet: 

ResNet’s role as the feature extractor is crucial to the system’s performance. The deep architecture of ResNet, with its residual 

connections, allows the model to capture a wide range of visual features from low-level textures to high-level semantic 

information. This ensures that the captions generated by the LSTM are based on rich and informative image features, leading to 

more accurate and descriptive results. 

 

LSTM: 

The LSTM network processes the features extracted by ResNet and generates the captions. The LSTM’s ability to handle 

sequential data allows it to produce grammatically correct and contextually relevant captions. The model's strength lies in its 

capacity to understand the relationships between the objects in the image and form coherent sentences that describe these objects 

effectively. 

 

Additionally, the model demonstrates flexibility in generating different captions for the same image, which is essential for tasks 

like image retrieval, where multiple descriptions for a single image may be valid. This capability enhances the versatility of the 

system and makes it applicable to a wide range of real-world applications. 

 

While the system performs well in generating high-quality captions, the evaluation suggests areas for further improvement. 

Incorporating attention mechanisms could enable the model to focus more on key parts of the image, leading to even more 

accurate and contextually precise captions. Additionally, training the model on domain-specific data could improve its 

performance for specialized tasks, ensuring better adaptation to specific use cases. 

 

In conclusion, the ResNet-LSTM model proves to be a robust and effective solution for automatic image captioning. The system 

is capable of generating high-quality, relevant, and descriptive captions for a wide variety of images, making it suitable for 

applications such as image indexing, content- based retrieval, and improving accessibility in digital content 

 

VI.RESULT 

 

The results of the image caption generator using the ResNet and LSTM model demonstrate an effective captioning process. 

During the process, the user inputs an image, and the model, through the ResNet architecture, extracts relevant visual features from 

the image. These features are then passed to the LSTM network, which generates a coherent and contextually accurate caption that 

describes the image content. The generated captions accurately reflect the key elements in the image, including objects, scenes, 

and activities, ensuring a detailed and meaningful description. 

 

 

The process involves simple yet effective steps. The user provides the image as input, and the model processes it using ResNet to 

extract high-level visual features. These features are passed to the LSTM, which generates a descriptive caption for the image. 

The caption is then presented to the user, providing a clear and concise textual representation of the image content. The output 

captions are both grammatically correct and contextually appropriate, ensuring that they align with the content in the image. 
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The implementation includes error handling for invalid image inputs, such as unsupported formats or corrupt files, enhancing 

user experience and robustness. Performance varies based on image complexity and the quality of the features extracted by the 

ResNet model. The model performs well in a wide range of scenarios, providing captions that are relevant and descriptive. 

 

Throughout the process, the generated captions maintain a high degree of coherence with the visual elements in the image, 

making them useful for applications such as image retrieval, accessibility features for visually impaired individuals, and content-

based image indexing. The system successfully balances the tradeoff between accuracy and efficiency, providing a reliable 

method for generating captions for diverse types of images. 

 

Overall, the ResNet-LSTM image captioning system proves to be a reliable and effective method for automatic image captioning. 

The captions generated by the model are not only contextually appropriate but also provide a meaningful and accurate description 

of the visual content. The system is versatile and can be applied across a wide range of domains, from media and entertainment to 

accessibility and image search. 

 

VII.CONCLUSION 

The image caption generation system using the ResNet and LSTM model presents a robust and effective solution for generating 

descriptive captions for digital images. By utilizing ResNet for feature extraction and LSTM for sequence generation, this method 

effectively generates meaningful and coherent captions that reflect the key elements and context within the image. The 

combination of CNN and LSTM allows for the processing of complex image data while producing grammatically correct and 

contextually accurate descriptions. 

 

This approach ensures that the captions are not only relevant but also semantically aligned with the content of the image, making 

it suitable for various applications such as image search, accessibility features for visually impaired individuals, and automatic 

image indexing. The model generates captions that are detailed and context-aware, offering significant benefits in enhancing user 

experiences across multiple domains, including media, e-commerce, and social media platforms. 

 

 

While the model is effective in generating high-quality captions, it is essential to acknowledge that improvements could be made 

in handling complex scenes, multiple objects, and subtle nuances in image content. Additionally, fine- tuning the model for 

specific use cases could further enhance the accuracy and relevance of the captions. Despite these challenges, the ResNet-LSTM 

image captioning system is a valuable tool for automatic image description and represents a significant advancement in the field 

of computer vision and natural language processing. 

 

Overall, the image caption generation system utilizing ResNet and LSTM offers a practical and efficient solution for generating 

accurate captions from images. This model showcases the potential of deep learning techniques to bridge the gap between 

computer vision and natural language understanding, making it a powerful tool for various real- world applications, including 

content-based image retrieval, automatic tagging, and enhancing digital accessibility 
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