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ABSTRACT
The paper proposes image captioning system, which can give users the choice of a richly detailed descriptive caption or a short, social, media style text.Instead of a one, size, fits, all method to image understanding, the system through the use of separate architectures for arts with different linguistic goals, liberates itself from the constraints of a single model.Descriptive Mode takes DenseNet201 as an encoder and combines it with a decoder based on an LSTM network. This combination makes it possible to get high, dimensional features, thus facilitating the generation of very detailed, contextually rich, narratives.Social Media Mode uses a ResNet50 backbone; this selection of a more lightweight model is aimed at ensuring fast inference to give short captions that can be used immediately for a social media post.Each model was trained on the Flickr8k dataset and a Streamlit interface was used for deployment.The experimental results demonstrate that treating these two tasks separately allows the models to avoid the performance issues that had been limiting universal models. This dual, mode approach provides a scalable solution for both highly accessible, fidelity applications and a quick digital content generation. Our experiments reveal that DenseNet refers better to object details whereas ResNet50 is quite efficient in coming up with short and precise captions.This research (prototype) is a demonstration that it is possible to create a very useful tool that is flexible enough to support both accessibility and content creation.
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I. 
INTRODUCTION
Over the last few years, image captioning methods have got great results by using Convolutional Neural Networks (CNN) to extract features and Long Short, Term Memory (LSTM) networks to generate sequences. The encoder, decoder models have shown to perform very well on standard datasets such as Flickr8k. More specifically, Sasidhar et al. [1] implemented a CNN, LSTM model to get BLEU scores on par with the top, thus LSTMs effectively contribute to the linguistic consistency.On the other hand, such models regularly come across very messy or highly complicated scenes, thus their descriptions tend to be repetitive or incomplete. The causes of these shortcomings are usually related to the model's inability to understand spatial dependency as well as the relationships between different objects in the image. This is also a drawback in object, detection, guided schemes [3]. While attention, based mechanisms, like the Bayesian approach suggested by Han and Choi [2], have enhanced the transparency and alignment of region, word, a majority of the existing models are still limited to producing only literal, factual descriptions. They sometimes get stuck in repeating themselves or not including important details. It seems the problem is that these methods do not effectively capture the relationships or dependencies between objects. Despite substantial progress, most existing systems generate only a single descriptive caption style.

Present researches have mainly focused on semantic correctness and interpretability instead of stylistic diversity.Driven by these constraints, the system presented introduces a dual, model architecture that is capable of producing both factual descriptive captions and socially expressive captions from the same input image.The first method is through a TensorFlow, based encoder- decoder model which employs DenseNet201 for the extraction of the visual features and LSTM decoder for the generation of captions that are grammatically correct.Photos are transformed to 224x224 pixels and the captions are tokenized and padded in order to have consistent sequence modeling.The second method, which is done in PyTorch, makes use of a ResNet50 encoder with an LSTM decoder and during the inference phase, beam search is used to enhance the sequence diversity and contextual richness. A stylistic post, processing module goes further to upgrade the generated captions by introducing expressive linguistic elements like adjectives, emojis, and hashtags.The two models are combined in a single Streamlit, based interface that allows one to generate captions in real, time and to perform a side, by, side comparison of the descriptive and expressive outputs. This combined framework goes a step beyond the typical CNN, LSTM captioning methods by not only giving more style freedom but also maintaining semantic trustworthiness.Such an integrated framework surpasses the standard CNN-LSTM captioning methods by delivering stylistic adaptability while still maintaining the semantic reliability.

II. PROBLEM DEFINATION
The proliferation of visual content in a variety of digital platforms has spurred the development of intelligent image captioning systems that can generate precise and pertinent descriptions. A significant leap forward in captioning brought by CNN, LSTM based models is the quality of the captions. But these models are really not able to go beyond producing one fixed standard output. And that one output style cannot satisfy real, world scenarios, like marketing, accessibility, and content creation, that require stylistic variations ranging from formal descriptions to catchy, SEO, friendly text..Moreover, most of the time the existing systems are not even able to produce satisfactory captions when it comes to complex or visually busy images as they tend to generate repetitive or incomplete captions. Such captions are not in line with the users' preferences and the modern ways of communication.The current research work is a step in the direction of a single comprehensive system, which can strike a balance between analytical accuracy on one side and creative freedom on the other, thus being in harmony with the demands of current vision, language tasks. This research mostly concerns the requirement of an integrated method that can produce both precise descriptive captions and inventive social media, friendly captions from a single image, therefore, eliminating the contrast between the reliability of the analysis and the demand for creativity in world, vision, language tasks. Besides, these models are generally developed with a focus on semantic accuracy and not on stylistic freedom, which makes them incapable of changing the tone, expressiveness, or social media, specific formatting.

SIGNIFICANCE AND CHALLENGES
The invention of a captioning architecture able to do two things at once is a key enabler to combining an objective scene understanding with a context, aware system for digital communication. At present, the automated descriptions have a wide variety of applications, for example, beyond merely classifying the content they function as a critical element of accessibility and a means for large, scale semantic indexing. A resemblance to human face, to, face communication can be reached by means of computer systems through making them capable of generating highly stylized pieces of writing while at the same time being factual. In this way, these systems become more inclusive and at the same time increase the potential for social, driven digital ecosystems by optimizing the metadata. Hence, it is a major transformation in the field of artificial intelligence that the capability to generate both visually descriptive and emotionally engaging content in one and the same framework has the potential to lead to more human, centered AI that can adeptly handle the nuances of different communicative intents.In spite of the improvements in the encoder, decoder architectures, it is still quite a difficult problem to combine two very different requirements, namely, descriptive precision and creative expression. Models designed to describe in detail are usually tuned to produce minimal semantic drift, which, in turn, often leads to stiff and formulaic output that lacks the ability to convey the affective qualities of social media communication.
III. LITERATURE SURVEY
There have been new developments in image captioning, and these have basically followed three main lines of work: (1) improving the alignment of visual, text features in CNN, RNN models, (2) employing attention mechanisms that can reveal the inner workings of the model, and (3) boosting the quality of captions through multimodal fusion and object detection. Sasidhar et al. [1] came up with a mechanism that integrated an Xception encoder with an LSTM decoder trained on the Flickr8k dataset. Their approach was mainly about a rigorous data preparation pipeline, including tokenization and feature extraction, to achieve BLEU scores comparable to the state, of, the, art. However, the model was less accurate in producing the right descriptions when it was scenes of high complexity, thus implying the need for a more powerful feature extractor. Han and Choi [2] described a transparent caption generation system utilizing Bayesian inference and a VGG, 16, based encoder, decoder.This approach clearly maps the correspondence between regions of an image and the accompanying text, however, the technique.In the same vein, Komal Kumar et al. [3] incorporated a Regional Object Detector (RODe) coupled with an LSTM generator into their system. They used an R, CNN	method	to	object	detection, they showed that pinpointing areas within an image helps to generate more precise descriptions.



In the end, Chandaran et al. [4] managed to get an impressive BLEU, 4 score of 0. 70 by integrating YOLOv5 with Bi, LSTM decoding, which means that having a bidirectional context is crucial for preserving the coherence of the scene. Overall, the articles picked mostly concentrate on how to perceive visually descriptive captions, so it is still up for debate whether social media and accessibility applications need stylistic diversity. Therefore, the two, model approach was set in motion.

	Authors
	Title
	Proposed Model/ Approach
	Advantages (claimed	/ implied)

	Chalcheem a Sasidhar et al.(2025)
	Image Caption Generator Using LSTM
	VGG16 CNN
feature extractor + LSTM decoder trained on Flickr8k; captions evaluated using BLEU, METEOR, CIDEr
	Produces relevant captions; strong BLEU score (0.6494);
effective		for simple–moderate scenes;	good
baseline	for CNN–LSTM
architectures.

	Seung-Ho Han&Ho- Jin Choi (2019)
	ImageCaption Generator Using Attentionand Bayesian Inference
	Attention-based CNN–RNN with Bayesianinference for region–word alignment and interpretability
	Improvesvisual– text	relevance; strengthens model transparency

	N.
Komal Kumar et al. (2020)
	Detection and Recognitionof Objects in ImageCaption Generator System
	YOLOv5 object detector + CNN features + Bi- LSTM decoder; trainedwithBLEU scoring
	High BLEU-4 (0.70); very strong semantic captions;suitable for accessibility and real-time applications

	Suganthe Ravi Chandara n et al. (2024)
	Image Captioning Using Deep Learning Techniquesfor Partially Impaired People
	CNN	encoder (VGG/ResNet) + deep fusion layer + LSTM decoder; multimodal fusion of visual + textual cues
	Producescontext- aware captions; competitive BLEU &
METEORscores


Table1: Literature Survey
IV. 
METHODOLOGY
This work proposes a twin, pipeline model where the two branches independently generate captions for the same image through different but complementary captioning models. The pipeline in both cases initiates with rudimentary preprocessing steps which include normalizing image inputs, tokenizing text data, and creating vocabularies so that encoders and decoders can operate with well, structured, machine, readable representations. These typical preprocessing steps contribute to the system's ability to maintain consistency between the TensorFlow and PyTorch models although each model is free to concentrate on its respective captioning style.When training, a combination of teacher forcing, loss minimization, and sequence padding techniques was used to help stabilize the optimization process, thereby helping the models to converge in a predictable manner.Most of the methodology depends primarily on very strict preprocessing, vocabulary building, and sequence management that, when combined, are the main enablers of efficient learning and caption generation both in the descriptive and social media contexts.

A. Descriptive Caption Model

The model is engineered to prioritize semantic accuracy, generating descriptions that are not only linguistically coherent but also grounded in the verifiable attributes of the image. It uses DenseNet201 as the encoder, which takes images as input after resizing them to 224 X 224 pixels and normalizing. DenseNet201, being a deep network, can extract features of different levels, such as low, level textures and high, level semantic information. These extracted feature vectors are then used as the initial state of the LSTM decoder. On the other hand, the training captions are preprocessed by cleaning, lowercasing, structuring, and finally tokenized to sequences using a tokenizer that maps each word to a unique integer index. To accommodate captions of varying lengths, the sequences are padded to a fixed length. The LSTM is given the DenseNet vector along with the tokenized caption sequence during training, and thus it tries to predict the next word based on the previous words as well as the encoded visual content. The model is trained with categorical cross, entropy to ensure that the predicted words are very similar to the ground, truth tokens.

B. Social Media Caption Model

The social media captioning pipeline focuses on generating expressive, stylistically rich captions suitable for online platforms. This model utilizes a PyTorch-based architecture comprising a ResNet50 encoder with a modified final layer producing a 256-dimensional embedding vector. This vector captures the essence of the visual content in a compressed format optimized for sequence generation. A custom vocabulary builder processes the captions from the dataset, generating frequency-based mappings and special tokens such as <SOS>, <EOS>, <PAD>, and <UNK>. The LSTM
decoder predicts caption sequences based on both the encoded

image and previous tokens. Unlike the descriptive model, this pipeline uses beam search during inference and enables the decoder to explore multiple candidate captions simultaneously. This increases caption diversity and improves the chance of picking a meaningful, context, aware sequence. An external post, processing stylistic module improves the raw caption after beam, search decoding by adding adjectives, emojis, and social, media hashtags. This change at the level of style boosts the stylistic authenticity of social, media discourse, thus it adds emotional and aesthetic elements that make captions more interesting. This layer adds to the architectural beauty and emotional impact of the text. It makes sure that the text agrees with the language and style of communication in social media platforms.

C. Testing the Models

Testing is a process in which both pipelines are judged for the quality of captions, their coherence, and consistency. To test a descriptive model, the captions produced are compared with the ground, truth annotations through the use of well-known metrics BLEU, METEOR.The social media caption model is tested with the raw unenhanced caption output from the beam search decoder to check its semantic accuracy prior to stylistic changes. By using a set of annotated captions from the dataset, BLEU, 1, BLEU, 2, and BLEU, 3 scores are calculated to quantify the linguistic quality.During testing, the saved files encoder.pth, decoder.pth, and vocab.pkl can be easily used for reproducibility as well as facilitate experimentation under controlled conditions at different beam widths.Moreover, images used for testing are processed through the same preprocessing pipeline to ensure that the training and inference conditions are consistent.

D. Integration with Streamlit
Integration is realized through a Streamlit, based user interface that merges two caption generation pipelines into a single system for smooth operation. After the picture is uploaded, Streamlit performs the standard preprocessing steps among them resizing to 224x224, normalization, and format conversionso that the image is compatible with both TensorFlow and PyTorch frameworks while also reducing inference variations. The image that has been processed is used for the DenseNet201, LSTM model, which produces a factual descriptive caption, and for the ResNet50, LSTM pipeline, which is equipped with beam search to generate a sequence, and then, through post, processing, adds emojis, hashtags, and stylistic adjectives for an expressive output.Users are able to modify parameters such as beam width via the interface, thus they can adjust creativity and depth in real, time without the need to restart the application. The results are shown side, by, side with styled components for easy comparison of interpretability, focused descriptions against platform, ready social media captions.

VI . PROPOSED SYSTEM
The dual, model architecture brought by the proposed system introduces a combination of descriptive caption generation and expressive social media captioning, thus making a versatile and adaptive platform that can easily cater to a wide range of real, world applications. The system consists of two independent deep learning pipelines that take the same input image but are fundamentally different in their design philosophies. The initial pipeline was developed in TensorFlow and incorporates a DenseNet201 [5] encoder is geared towards generating precise and semantically interpretable captions by giving emphasis to high, dimensional visual feature extraction and grammatical correctness. Thus, this approach ensures that the captions are a close visual representation, thus, it is an ideal solution for the shortage of tasks such as accessibility tools, automated documentation, as well as AI, based scene understanding.In contrast, the second pipeline, executed in PyTorch, is inspired by a ResNet50 [6] backbone which was intentionally chosen for its computational efficiency and therefore, it is very suitable for fast inference.
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Fig 1. Workflow
As shown in Fig. 1, another pipeline constructed using PyTorch, ResNet50, and an LSTM decoder is focused on producing stylistic, emotionally charged captions that are close to user, generated content in social media. Beam search inference allows the model to consider several candidate sequences simultaneously which, in turn, leads to an improvement in linguistic richness and narrative coherence. After that, a particular enhancement module inserts emojis, descriptive adjectives, and hashtags into the text following decoding thus, the text is changed into a more personalized and visually appealing form of digital expression.This twin, style frame of the system significantly raises the range of functionalities of the system, hence it can be used not only for analytical purposes but also for such creative ventures as marketing, branding, digital storytelling, and content automation.

The major benefit of the suggested system is that it is basically one single integration framework at its core with Streamlit. This switch front end neatly merges the outputs of the two models and at the same time, it enables the users to upload images, change the beam width, view token, level predictions, and the captions from descriptive and social media contexts, get side, by, side.Model caching support and optimized preprocessing keep the UI's real, time responsiveness, so even in a resource, limited environment, the execution can be fast and smooth. Basically, the interface takes advanced AI technologies and makes them accessible and simple to use without letting the end users go through the trouble of implementing two separate deep learning models.Apart from that, the system has a powerful preprocessing and vocabulary engineering strategy which contributes to the enhanced accuracy and generalization of both pipelines. By using methods such as tokenization, padding, dealing with rare words, normalization, and image augmentation, the dataset gets prepared in such a way that the CNN, LSTM models produce stronger learning features.

VII. RESULT

A. Training and Validation Loss – DenseNet Model

The descriptive caption model trained with DenseNet201 and an LSTM decoder showed very stable convergence during the whole training procedure. The training loss gradually went down with different epochs, which indicated that the model was learning the visual, text relationships well. The validation loss also showed a similar decreasing pattern, which means that the model managed to generalize well without any indication of overfitting.
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Fig 2. Model Loss

Overall, the DenseNet201 based caption generator displayed good training stability and almost unchanged performance over the evaluation cycles, in Fig. 2.
B. Output of Descriptive Caption Predictions

The descriptive caption generator came up with clear, reasonable, and semantically correct captions describing the test images. The DenseNet201 encoder for each image that was uploaded was able to capture the features at the highest level, and the LSTM decoder then converted these features into a sentence that was grammatically correct.

From Fig. 3 Predicted captions were a good match to the content of the images, correctly identifying the objects, scenes, and spatial relationships. These outcomes confirm that the descriptive model is very good at understanding complex visual stimuli and telling them in a consistent, clear, and detailed way.
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Fig 3. Predicted Generative Captions

C. BLEU Metrics-Social Media Caption Performance

The performance of the proposed system was quantitatively evaluated using BLEU-1, BLEU-2, and BLEU-3 metrics, as illustrated in Fig. 4. These results demonstrate that the social- media-style captioning model successfully generates linguistically meaningful and semantically coherent sequences prior to stylistic augmentation. The BLEU scores reflect a high degree of alignment between the predicted sequences and the ground-truth reference captions from the Flickr8k dataset.

Fig 4. BLEU Scores
D. Integration with Streamlit

The integrated Streamlit interface performed a seamless user experience throughout testing.Submitting an image through the UI initiates a chain reaction of events that result in the system automatically preprocessing the image and generating a descriptive caption from the TensorFlow DenseNet pipeline and a social media caption from the PyTorch ResNet50 pipeline as shown in Fig. 5.The two captions are displayed next to each other, facilitating the users' quick comparing of the factual and expressive outputs.
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Fig 5. Predicted Dual Captions

VIII . CONCLUSION AND FUTURE WORK
The proposed dual-model image captioning framework is a demonstrator of a successful combination of deep learning, computer vision, and natural language generation by providing two different captioning styles from a single input image. The DenseNet201, LSTM descriptive model continually creates correct, well, formed, and context, aware captions, whereas the ResNet50, LSTM social media pipelineupgraded by beam search and stylistic post, processingproduces expressive captions for the latest digital platforms. This modular system is very effective in making the move from interpreting facts to personalized creative thinking.The present model sets up a flexible framework that can be further developed in the following ways:

a) Next versions will experiment with combining Vision Transformers (ViT) and BLIP, based multimodal encoders to grasp more profound contextual relationships than the conventional CNN backbones.

b) Implementing multilingual support and emotion-aware caption templates will allow the system to adapt to global user demographics and varied social tones.
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