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Abstract
The aim of this paper is to focus on utilizing deep learning approaches for the building 

of an intelligent image captioning system. To bridge the semantic gap between the literal 
depiction of the images and the languages, this combined architecture is employed. The 
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structure of the model is of an encoder-decoder architecture which consists of InceptionV3 
CNN for feature extraction and LSTMs with attention mechanism to generate the captions. 
The complexity of the model is determined based on the usage of the Flickr8K image 
dataset and it was revealed through the results that it can generate accurate, interesting 
and appropriate content describing the images. This study has good prospects for the 
development of framework for learning with multiple modalities especially for usage 
databases that require content-based searching, image-based data retrieval and usability for 
users with sight problems. The results show that InceptionV3 Model performs best with 
BLEU Score of 0.8504 followed by DenseNet 201 with score of 0.8274. Further analysis shows 
that the best BLEU score of 0.9172 is attained when the dataset of the best performing model, 
Inception V3, is split into 75:25 Train:Test and running the model for 50 epochs is done. This 
resulted in a loss function value of 0.70 for the above-mentioned configuration. 

Subject Classification:  68T07.

Keywords: Image captioning, Inception V3, Deept learning, Audio description.

1.  Introduction

The enormous amount of visual content that users are currently 
uploading on social networking sites has become a problem to the 
consumers who tend to comprehend visuals as depicted. This issue is 
most pressing for the cases of those who are dependent on audio 
information. They have visual limits which call for more efficient and fast 
means which will enable insightful images to be captioned in the shortest 
time possible. This problem is solved for instance by image captioning, 
which is a relationship between natural language processing and computer 
vision [1-3]. It enhances the understanding of images and the interaction 
of a wide range of users towards images by providing detailed and 
appropriate context anchorage on the images. The adoption of a novel 
architecture comprising of the CNN-RNN image captioning model 
constitutes a relevant benefit in the realm of artificial intelligence[4-6]. The 
goal of this paper is to change the way people understand and describe 
pictures by combining neural networks with recurrent and attention 
mechanisms for accurate captions and convolutional networks for image 
features. This will allow us to create more accurate and intuitive human-
like image captions. Picture captioning may be applied to much more than 
just creating descriptions, it can be used for anything from helping picture 
search engines to content-based image retrieval systems. The Structure of 
the paper is as follows: First section is an introduction. The second section 
reviews earlier research on Image Captioning and provides an overview of 
the methods we employed. The research technique is then presented in 
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section three, which also includes a brief overview of the dataset and the 
suggested approach. The results and discussion of the suggested approach 
are covered in section four. Finally, section five discusses the conclusion.

2.  Related Work

Image captioning studies that were recently conducted have had a 
major growth in the field. Current models using the importance of the 
correct areas of the input that got most of their power from the input 
which in this case is from the input image, which proved that the attention 
processes, such as focusing on the relevant parts of the input, can be most 
effectively used for ensuring that the resulting captions are correct and 
coherent. In their work, Karpathy and Fei-Fei [10] put stress on the 
fundamentality of visual representations when writing the descriptions. 
The linking of the visual and the verbal parts is the primary job in image 
captioning. The inter-modal model is the mechanism to make the model 
capture the combination of the image with the right captions.Krejtz, 
Izabela, et al. [8] has shown use of attention description for children.It is 
new thing for visual impaired person.For instance, Al-Malla et al. [9] 
introduced an attention-based Encoder-Decoder image captioning model 
that uses two methods for feature extraction where an image CNN and 
object features from the YOLO model are employed. The model 
demonstrated that the combination of object and visual information can 
most effectively be done. Besides, Chaoyang Wang et al. [4] carried out a 
review of the literature on picture captioning the respective materials 
inspecting the task of image captioning and application scenarios and the 
image captioning algorithms which were based on a template and had an 
end-to-end encoder-decoder architecture. Al-Shamayleh et al. [7] 
underlined the vital role of deep learning and attention mechanisms in 
picture captioning, and giving a detailed survey of the subject’s status was 
its main achievement. 

Bahdanau et al. [6] reports that attention mechanisms are the agencies 
that drive the RNN models to zoom in on vision domains throughout the 
captioning process, hence, this improves the models’ ability to link 
language elements and visual cues. The best conceivable example of this 
situation is when Kalchbrenner et al.[5] enhanced their model by making 
the model to be aware of the visual sequence of pictures. More clearly this 
means that the model focuses on the specific part in the picture that is 
relevant to the word being produced at any moment in the caption. The 
attention-based method has been a tool for generating captions from 
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images. A deep visual-semantic alignment approach presented by 
Karpathy and Fei-Fei,[10] encourages more efficient caption creation 
through parallel learning, which captures the representations of the image 
as well as the associated descriptions into a common multimodal space. 
The model had a BLEU-4 score of 27.7, which was considered superior at 
that time, on the COCO list. A work of Luo et al [11], which encapsulate 
the trends of the domain, have discussed the fed research efforts in 
language translation.

3.  Research Methodology

3.1 Dataset

In this paper, the Flickr8K dataset [12] a collection of 8,000 photos as 
shown in Figure 1. from the photo-sharing website Flickr is used. Each 
image has many human annotations on it. There are five different captions 
for every image in the collection, for a total of 40,000 captions. The pictures 
show a collection of different scenarios, objects, and activities that occur in 
everyday life, in cities as well as natural settings. 

3.2 Experimental Model

Captioning images with multiple layers is the technique used in this 
study, which starts with text preparation to ensure that we get the best 
possible input for model training. Before preprocessing, this stage includes 
text cleaning that is a critical step, building models or plans to guarantee 
the best input for the caption creation process by eliminating noise and 
unnecessary information from textual data. The clean text is then separated 
into individual tokens or words via tokenization, which facilitates the 
transformation of textual data into a format that machine learning 
algorithms can process. The approach is shifted to feature extraction from 
images right after preprocessing of the textual input which is a key feature 
in image captioning tasks. To achieve this, a Convolutional Neural Network 
(CNN) model that has already been trained will be the main tool used, 
seeking the network’s capacity to do the job by itself, by extracting crucial 
and hierarchical visual features from the input photos. Three essential 
elements are the model architecture constructed for this study, and when 
put together, they offer a detailed and thoughtful explanation of images.

•• Encoder: The InceptionV3 convolutional neural network is the 
model’s encoder module. It stands as an ultra-state association 
(CNN) that is famous for its remarkable job of classifying pictures. 
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The encoder can collect a multitude of visual features from the 
beginning photos.

•• Decoder: On the other hand, the LSTM network, which is a kind of 
recurrent neural network (RNN) famous for the ability of regulating 
sequences, is through the model’s decoder module. The caption is 
the output of the LSTM-based decoder.

•• Attention Model: One of the important building blocks of the 
model’s architecture is the attention mechanism which allows the 
decoder to dynamically focus on different parts of the input image 
one after the other, while producing each word of the caption. The 
attention model enables the decoder to choose to attend to those 
areas of the picture that are most significant for producing the next 
word. 

The proposed image captioning model utilizes a CNN-based encoder 
to produce a static feature vector representing the input image, which is 
then passed to an attention-based decoder along with the hidden state. 
The decoder preprocesses the input sequence, embeds it, and concatenates 
it with the attention-based context vector before feeding it to a GRU. The 
GRU generates an output and hidden state, which are used to predict the 

Figure 1
Sample Snapshot of Flick8K Dataset
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most probable word from the vocabulary through a dense layer. Figure 2 
shows the complete flowchart of the model.

4.  Results and Discussion

In this paper, we have carried out comparative analysis of 5 Deep 
Learning Models: ResNet-50, Inception V3, MobileNet, DenseNet-201, 
and EfficientNet B3. Table 1 and Figure 3 show the Bilingual Evaluation 
Understudy score (BLEU) score comparison. From the table we have 
concluded that InceptionV3 outperforms other models with a score of 
0.8504. This result emphasizes how well the Inception V3 model can 
extract and analyze visual and semantic information from pictures, 
allowing it to provide contextually relevant and linguistically appropriate 
captions. 

Figure 2
Fine-tuned InceptionV3 model

Table 1
BLEU Score Comparison for Different Models

TL Models BLEU Score
MobileNet 0.7146
ResNet50 0.7763
InceptionV3 0.8504
DenseNet 201 0.8274
EfficientNet B3 0.7483

Further we have carried out in-depth analysis of InceptionV3 model 
by running the model with different Train:Test Dataset split ratio for 
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different epochs. From Table 2 and Figure 4(In Log Scale) it is clear that 
loss function value for different scenarios and 75:25 Train:Test Split with 
50 epochs results in minimum loss function value of 0.70. This suggests 
that longer training times can result in higher accuracy and convergence 
for the Inception V3 model in image captioning tasks. Figure 5 shows the 
loss plot for 75:25 Split ratio for InceptionV3 Model. 

Figure 3
BLEU Score Comparison for TL Models

Table 2
Loss function values for different train-test ratios and for  

different number of epochs

Epoch
Train:
Test Splt

5 15 25 50

10:90 7.94 4.23 3.14 2.58
25:75 6.99 5.06 4.11 2.64
50:50 6.12 5.29 4.48 3.20
75:25 2.20 1.35 0.99 0.70
80:20 2.96 1.80 1.32 0.92
90:10 6.68 4.04 2.98 2.11
99:1 77.96 46.31 53.29 57.46

5. Conclusion

This study’s comparative assessment of deep learning models for 
picture captioning has provided important new information about the 
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functionality and efficiency of the systems. Its greater capacity to acquire 
and analyze the semantic and visual characteristics of images was 
demonstrated by the Inception V3 model. Additional refinement of the 
Inception V3 model using different training epochs showed that longer 
training times—up to 50 epochs—can result in higher accuracy and 
convergence. It was shown by examining various train-test data split ratios 
that a 75-25 split ratio was an efficient way to balance model evaluation 
and training, which improved performance and generalization. The 
picture captioning model’s high BLEU scores—an average of 85.04—
showcase its ability to generate linguistically correct and contextually 
relevant captions. Furthermore, the inclusion of audio output features in 
the picture captioning model improves user experience and accessibility, 
especially for those who are blind or visually impaired. Overall, the results 
of this work emphasize the remarkable performance of the Inception V3 
model and the significance of model optimization through meticulous 
experimentation with training parameters and data split ratios, 
contributing to the continuous improvements in the field of picture 
captioning.

Figure 4
Loss Value Comparison for Different 

Train:Test Split Ratio

Figure 5
Loss plot for 75:25 Split ratio for 

InceptionV3 Model
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