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Abstract

The task of automatically generating descriptive and accurate image tags has gained significant attention in recent
years due to the exponential growth of image data. Traditional methods for image tagging rely on manual
annotation, which is time-consuming and subjective. Automated imagine description fills the gap between visual
content and human comprehension, making it vital for activities such as information retrieval, editing, and
accessibility. The expanding number of unannotated photographs makes manual tagging impossible. This paper
provides a deep learning-based system that combines CNNs for feature extraction, RNNs for caption production,
and attention techniques to focus on significant image areas. The model uses a sequence-to-sequence architecture
to create coherent captions using pre-trained CNN features and attention-enhanced RNNs. Experiments on datasets
such as Flickr8k and Flickr30k show higher performance, as evidenced by BLEU, ROUGE, and CIDEr measures.
This approach provides a scalable, cutting-edge solution for image captioning, with potential applications in video
analysis, enriched language production, and larger datasets.
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1. Introduction

Describing the visual content of an image in the form of sentences is challenging but an urgent need for information
retrieval, editing, etc. Although access to and storage of images have become increasingly cost-effective in recent
years, users remain unsatisfied since the rapid development of consumer-level digital devices has hindered efficient
access to and editing of these images. Many images in databases remain unannotated, meaning this valuable
information is lost or the desired information is hard to retrieve. Currently, access and editing of such images are
available only from tagged images, which are usually manually annotated and are labour-intensive and costly.
Therefore, automatic image annotation is a necessary task in solving this problem, especially with the increasing
number of available images. The user tags the images with the content they want, and these tags are then used as
the training pieces for annotation systems. In the current work, given a set of online images, we select images with
human faces that are detected by a specific algorithm. In recent years, the same operation has been performed in
every search engine [1-3].

We propose an annotation model that learns from available data and, from this new learning, we predict annotations
for unseen images. Our model uses deep convolutional neural networks, where supervised learning is applied to
the deep model. This is based on a dataset of labelled examples. We set up an annotation model for supervised
learning algorithms that use high-level machine learning techniques, where features were obtained. Our idea is
based on recent research that has exploited high-level feature learning on visual clues, using multimodal
representations. After we have deep image representations, semantic-related features are verified. The previous
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step describes our model’s use of visual features, whereas the previous two steps set up the set of all annotations,
models, and semantic-related feature vectors with labels obtained during the training stage. As mentioned,
researchers use deep convolutional neural networks of learned features for these models to improve machine
performance [4-6].

A Objective and Scope

One of the main objectives is the visual description of arbitrary scenes in such a way that humans can faithfully
understand this description. This objective has a clear application in various computer vision areas, addressing
problems at the highest level. This work has implications for the development of applications that help visually
impaired people. The other very important objective is to build a dataset that serves as a common thread between
the different algorithms and applications, as well as an important tool for the development and testing of new ones.
This database is intended to be large and diverse, consisting of typical images of the most important European
cities and different natural locations. On the other hand, the description shall be generated using a controlled
language system to improve the understanding of the description and commands, making it possible to interact
with these algorithms to facilitate the tasks of data reading and scene interpretation [7-9].

The size of the current datasets prohibits the reformulation and optimization of these systems, making them
generalize from the age and subsequent training to an inter-categorical level and to an intersubjective level.
However, it has not been demonstrated to surpass this level. With the generation of large volumes of automatic
descriptions for the images, characteristics unknown until now can be discovered as additional and new uses of
the descriptions themselves, as can occur in the design of applications that fundamentally benefit the work of
different people.

2. Literature Review

Research works on the topic of "Automated Image Description” have involved algorithms for detecting and
classifying objects, as well as works in the related field of natural language generation and semantics. With
numerous tools and datasets developed in recent years, there is a growing interest and demand in the field of deep
learning for automated image description capabilities. Based on the extensive literature review on the
developments in object detection, image classification, activities, image labelling, description generation,
embedding space, and attention-based object localization, it can be identified that the rapid advancements of deep
learning techniques, together with the availability of several widely used deep neural network architectures,
publicly available image labels and datasets, and the availability of powerful computing hardware and software
tools, have opened possibilities that were not easily achieved before for developing approaches and systems for
automated image understanding, description, and translation [10-14].

The emerging interest in integrating methods and tools across deep learning, convolutional neural networks,
generative adversarial networks, and reinforcement learning, in developing large-scale deep models and techniques
to achieve both object detection and image description, includes the availability of real-time tools that use vision
and natural language processing sub-modules not only for automated image descriptions and image concepts
classification but also for automated natural language translation, sentiment analysis, OCR and document capture,
speech recognition and synthesis including real-time transcription, as well as language and code parser analysis.
The emerging trends of integrating methods and tools from, or across, the domains of vision and language to
develop tools that could provide descriptive capabilities to individuals who have visual impairments and are
hearing impaired motivate our research work and study on developing a more efficient and useful multi-module
framework for models using deep neural network-based approaches for automated image captioning. We seek to
improve, extend, and demonstrate further improvements on the efficiency and accuracy of the convolutional neural
network model we developed in our preliminary study by integrating recent advancements and implementing
newer tools and techniques in both vision and NLP/semantic technologies.

A Image Description Generation

Writing a brief but understandable description of the content of a photo with human intention in mind requires two
main mental skills: understanding the linguistic part and recognizing different objects in the photo and their spatial
relationships. A few years ago, the convergence of computer vision and natural language processing fields was
already predicted, and now, the remarkable increase in the performance and size of the existing models in the
domain shows notable developments. Image description generation or captioning is an attractive and challenging
trade-off between computer vision and natural language processing. It is a process of generating descriptive text
about the content of an image. While realizing this process, the algorithm should know more about both the content
of an image and the composition of grammatical structures in the existing language.

Thanks to the object-detectable deep learning models, recognizing those objects is provided with high efficiency.

The spatial locations of objects are recognized by using different region proposals, object proposals, or generation

models, possessing comparison setups with different results. However, object proposals might only adequately
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work to categorize the possible different objects, not explicitly understanding the spatial relationships between
those objects in concern. The recent advances in the field mainly arose from the successful implementations of
encoder/decoder architectures, which cover contributions from primarily convolutional neural network base and
long-short term memory or gated recurrent unit structures. The development in this particular field is mainly owed
to annotated datasets that cover millions of images with an overall number of task descriptions, which is by far
more than enough for the training of specialized algorithms.

B. Deep Learning Techniques

Deep learning shows a great capability to work with data that is not classified and minimizes the need for feature
extraction and selection. This occurs because it performs feature extraction, encoding, and classification processes
in an automatic way. The main techniques considered as deep learning are the single-layer neural network, the
deep neural network with many layers, and its variations such as the convolutional neural network and the recurrent
neural network. The variational autoencoder is also considered a deep architecture that tries to estimate a latent
space. In this study, deep features are used, which are previously learned and already stored in a large dataset.
These are feature extractions of deep learning models [13-15].

The convolutional neural network was originally introduced in the 1980s as a way to reduce the complexity of the
task of detecting the location of objects in different regions of large images. Back then, many researchers used the
major parts of the images to work with the traditional feed-forward neural network. The current version of
convolutional neural networks is more sophisticated, uses just part of the image, and only employs a few down
sampling techniques applied in a convolutive way to identify features and patterns. Since its inception, many
variations of convolutional neural networks have been explored and considered for how they can be used to
effectively solve the problem of finding patterns in many other kinds of multidimensional datasets. Its impressive
performance in image-related problems is the main reason for its extensive applications and research. Its main
innovation occurs in the convolutive and max pooling layers. Its two main properties are that it looks for local and
simple patterns, and after a few layers, it finds large and complex patterns [12-15].

3. Deep Features for Image Description Generation

Making meaningful image descriptions with a natural language descriptor has recently gained significant attention
in the research community. In this paper, we propose a novel architecture for the task. Inspired by image captioning
methods using deep learning and character-level embedding approaches, we extract the deep features of the image
using pre-trained deep learning networks and then build the character-level representation of these features to
initialize the sentence structure. The character-level convolutional neural networks are then used as the proposed
model to create image descriptions through a sequence-to-sequence process. Experimentally, our approach
significantly outperforms comparative methods and shows promising results. How to convert a digital image to a
meaningful word description may seem easy for people, but it is quite complex for a machine to answer the
question properly. Indeed, the challenge of translating pixel input into a variable-length output sequence is
somewhat obscured, as the backbone methods for image description generation generally use encoder-decoder
techniques as sequence-to-sequence models, where the length of the tensor changes at each step. To address this
problem, in this paper, we build a simple yet effective architecture by using the deep features of the image extracted
from a pre-trained deep learning network as input data. A cascade of max-pooling layers then processes the input
sizes of these deep learning networks that lie within the range of self-attention, and the results go through the
convolutional neural networks at the character level. Finally, a recurrent layer is considered to generate the word
description of the image through a sequence-to-sequence process. In this way, our model becomes capable of
attending to all possible features present in the initial deep representations and encoding meaningful information.
The motivation behind the paper is that the similarity between the image and the word description is not merely
the alignment of features on the visual objects but rather the deep semantic representation of the image. A good
method of comparing the visual words extracted by the early layers of deep networks has recently gained
considerable attention in research. Inspired by this fact, the motivation of our paper is to build an architecture that
intrinsically establishes a correspondence between visual features and semantic words when creating the image
description. Concerning this motivation, the design approach of the paper can be outlined as follows. Our model
is motivated to create image descriptions by attending to the deep features that characterize the visual
representation of the image. This approach allows their sequence-to-sequence models to traverse more ground in
extracting image information compared to the majority of designs where pre-trained networks are used. The deep
feature representation is then recovered to the character level and passed through the character-level convolutional
neural network as the proposed model. The character-level convolutional neural network kernel then considers the
language model, and the emitted output goes through a recurrent layer to restore the image descriptions. In this
way, we propose a framework in this paper that can derive image descriptions by extracting the initial deep
representations of the image with character-level convolutional modelling architectures treated as the language
model. In other words, we use a sequence model to measure the correlation information that can be derived from
the deep features of the image [12-15].
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A. Feature Extraction

Feature extraction can be defined as the process that transforms the input data into a set of high-level features,
which ensure that the feature vectors are informative and possibly independent of each other. From a general
perspective, the mapping function defined by feature extraction takes the computations of feature vectors in the
input space, composed of different transformations of the original input space, usually reducing its dimensionality.
This can be done by using a collection of functions to analyse each type of data. In many cases of research studies,
this collection of feature vectors is utilized mainly for feeding machine learning methods to analyse the data,
presenting important characteristics of both their physical meaning and the result of the overall analysis [12-15].

Regarding the method of feature extraction, first, it is necessary to acquire several features from every input, after
which the joint probability distribution of the feature vector is computed. In this step, the joint probability, also
known as the probability density function, i.e., the probability of the features occurring altogether, is often
computed unsupervised, mainly by utilizing methods related to the optimization of information that heavily
depends on the statistical independence rule. Next, the definition of the list of features that have the highest
likelihood of computing the input space utilized in a machine learning method is established. In the literature of
image analysis, feature extraction aims at selecting the most relevant features, i.e., those that can capture most of
the variability available in the signals under study, and it can be divided into five classes including feature
selection, filtering, wrapper-based, embedded, and hybrid methods [16, 17].

B. Feature Representation

Feature extraction deals with the first part of the above statement. The task of extracting the relation between the
most frequent and most important aspects is described in this section. Provided a remarkable solution that it is
possible to super-resolve using deep features by focusing on the architecture described by convolutional neural
networks. In general, deep learning tries to simulate a biological brain through neurons, connections, and synaptic
weights to learn features more reliably than classical features by using a vast database that includes millions of
samples for training. The forward pass directing from the input to the output is formulated with [12, 14, 16].

As seen in the formula, in every neuron, the linear segment is taken to provide non-linearity. Values are synaptic
weights, and updating these values effectively updates the others. This updating process involves a massive number
of repetitive steps that are worked with such powerful parallel architectures like GPUs. The simplicity of the
framework has not caught the attention of researchers; in fact, a significant improvement was made due to the
finite use of uniformly random initialized weights for each layer.

4, Deep Learning Models for Image Description Generation

Deep Convolutional Neural Networks (DCNNSs) have shown remarkable results in object recognition tasks. They
are now reaching saturation and performance plateaus. To further deepen our understanding of the visual contents
in an automatic way, models called Deep Generative Models are now being used. These models generate new
examples or classes that model the input space distribution. In this case, the input distribution is the image feature
space. On the other hand, the Recurrent Neural Network (RNN) is an appropriate model for sequential data and
has been successfully used in caption generation tasks. These sequential models can be combined with
Convolutional Neural Networks in an end-to-end manner to generate remarkable results in image description tasks.
Here, we analyzed deep learning models used to generate descriptions for images [18-20].

Deep Convolutional Neural Networks and Recurrent Neural Networks can be combined in different ways to deal
with image description tasks. Some of them take fixed-size feature maps from pre-trained CNNs and, usually,
models like Long Short-Term Memory Networks (LSTM) and Gated Recurrent Units (GRU) compose the
description model. These descriptions are trained using a dataset. More recently, models called Visual
Transformers have come up with different ways to fuse features from image models with feature generation and
training pipelines using an attention input schema. There are also end-to-end trainable models where weights are
updated using a multi-task loss from an image classification dataset. In the last few years, new initiatives have
emerged dealing with issues faced by previous efforts [16, 17, 19].

A. Recurrent Neural Networks

Convolutional neural networks are designed to pass the structure of the local space of the image to other units of
the neural network. They constitute a widely used structure for the analysis of this type of space, and they have
been used for object positioning tasks. With the structure of these networks and their proven scope for searching
for features, numerous options exist that allow us to use these networks to search for the main features present in
the images in the training data. Then, recurrent neural networks make it possible to classify sequences of vectors
by applying a standard neural network to each of them. As they can also process a sequence of vectors, they can
generate sequences based on the input sequence, allowing us to generate descriptions of images based on the deep
features required by the method [7, 9, 21].
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RNNs consist of several copies of the same artificial neural network, each connected to the next, usually in a chain.
This allows them to be used on sequences. The sequence of elements is passed to the input of the RNN. The
sequence of outputs generated by the neural network, each of them being the result of passing a new value of the
input sequence through the network. RNNs make it possible to classify sequential information or to generate
sequences. When we apply RNNs to these tasks, deep learning techniques that enable obtaining deep features are
no longer used. A unique probability model of deep features is utilized, justified solely by image inputs [22, 23].

B. Attention Mechanisms

Attention coefficients can be regarded not only as an alignment matrix of the input images but also as a set of
weights with which the most meaningful parts are weighted in images. Hence, attention models are used for not
only images but also architectures used in image caption generation models, and they estimate important places
among all the utilized deep features. Unlike conventional models, architectures using attention mechanisms use
the same encoding model but output word probability distributions. To train these architectures, cross-entropy loss
functions have been used, which not only consider vocabulary size but also lead to a very high-dimensional output.
Additionally, in architectures using attention mechanisms, an L2 regularization term was used to restrain the large
variations in attention values, which was employed to make captions smoother. Since attention-like variables do
not have such a huge problem of high dimensionality as cross-entropy losses when calculating word probability
distributions, various approximate optimizations and loss functions were used to reduce the high computation costs
and shorten the time to train the models.

5. Datasets and Evaluation Metrics

The Visual Object and Scene Categories dataset is a subset of providing problem-specific datasets that are publicly
available. The Large-Scale Visual Recognition Challenge aims to provide a common ground for descriptive
models and IDF ones. The data has many more classes than the other available datasets from the benchmark of
semantic image segmentation. Thus, instead of evaluating this new generator on the classes, we can define new
classes with different semantics. In recent years, the segmentation tasks, which are automatically generated from
their classification benchmarks, have also included salient objects that are the same as those seen in the
corresponding object detection task [12-15].

For the Flicker8k dataset, we measure ROUGE-L, WER, and BLEU metrics. The BLEU score measures the quality
of the machine translation output of the generator. It provides a positive correlation with human judgments about
the number of n-grams that are similar between the machine translation system output and the human reference
translation. As n increases, the BLEU n score also increases. METEOR measures based on high precision and high
recall. It uses two input parameters. Both contain the algorithms' precision and recall. These parameters should be
about 1. When calculating the METEOR score, one iterator considered will be interpolated precision and one will
be fragmentation weight. Entailing the output of each word in compound sequences is necessary [24].

6. Experimental Setup

We conducted multiple experiments and comparisons to investigate the performance of our proposed model. We
experimented with two images and text combined datasets for the experiments. We also compared the performance
of our model with that of existing models using evaluation and strong image description generation. The results
show that our system clearly outperforms all previous methods. Our system produces outstanding results in several
experiments using both datasets. The performance comparisons show that the deep features used for the experiment
concentrate more information, providing a good image representation. The parameter initialization and training
method substantially improve our system's performance. Postprocessing based on language features provides
descriptions for all types of images.

For both datasets, we split the training and testing datasets appropriately, choosing the same version datasets. We
assign one-half of the datasets for training and the other half for testing. We also removed duplicates from the
testing dataset according to source and caption. Our system produces outstanding results in several experiments
using both datasets. The performance comparisons show that the objectives we aim to achieve when using deep
features should only extract a small set of effective image patches for the experiment. Our deep features used for
the experiment concentrate more information, providing a better image representation. The parameter initialization
and training method provide stronger support for our system's performance. Postprocessing language features have
better consistency and coherence traits in the future possible directions.

A Preprocessing Steps

To obtain more effective image descriptions with advanced performance, a picture-captioned dataset is required
because it can provide the pictures and produce sentences for the three questions from a picture with reasonable
quality. The first step is to convert the picture-captioned dataset from the standard annotation file format to an
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image file-extension format using not only object-oriented labels but also word-oriented labels, such as word n-
gram count, in order to obtain frequency for single words, i.e., unigram, bigram, and trigram. The second step
involves the removal of punctuation and the conversion of each sentence from the solution string of a caption to
lower case strings. The third step is to obtain the full set, which is the minimum union set of the training images,
validation images, and testing images from the standard label files, respectively. This step focuses on counting the
sentences per image to understand the number of images needed to generate files [12, 25].

The fourth step is conducted for summing suffixes for the training annotation file and validation annotation file.
This step is activated to simply check whether a caption contains a certain word, such as dog, chair, or cup. While
traversing training labels in the file, if the caption contains all three words, it includes the training label, and the
training label is added to the training labels out of the list, the caption list. If the last line of the caption has the
three words, training label_others, the training label is also added, and then the caption list is added to the new
entry out of the image file if the training labels were previously empty. Finally, imgOut out of the image list is
appended to the new entry out of the image file. The process of validating sentences is denoted at the validation
label. For the purpose of validation testing, the validation folder is printed for generating image files [12, 14, 15,
25].

B. Model Architecture

The input image is passed to well-known CNN models. The last fully connected layer is the feature of the input
image; thus, only this layer up to the fully connected layer is extracted. Then the feature of the image is passed to
the weighted average model. In the weighted average model, weights are applied to each feature on the fully
connected layer, and then the final weighted averaged feature vector is extracted. Then the feature is combined
with the above extracted feature vectors from the LSTM model. By concatenating the features, we get a 75%
dropout layer, which is fully connected and then applied to the Softmax activation model to generate the output
word [12-15].

Overall, we propose a model for image description that is based on a visual attention mechanism. The proposed
model is composed of two modules: one for visual attention and the other for deep feature extraction and
combination with the output of the visual attention module. The model structure is as follows: the feature map
from the last convolution layer of a CNN model is input into the LSTM model, which is responsible for feature
description. In addition, the attention layer generates a context vector by computational weighted values and the
output feature vectors of the LSTM model. The model uses a combination of both the feature vector generated by
the encoding model and the generating word by the t-1 step to produce the word at step t. In this model, the output
of the attention layer is computed by considering the context vector of the t-1 step.

C. Methodology Overview

The propose a system where deep learning models are used to generate natural language descriptions of images as
shown in Figure 1. This involves several key steps:

Feature Attention Training and
Extraction Mechanisms Evaluation

Sequence-to- Combination of
Sequence CNN and RNN
Modeling

Figure 1. Methodology overview

e Feature extraction: Deep CNNs are used to extract meaningful features from images, which serve as the input
to a sequential model. These features are derived from pre-trained deep learning models, making use of learned
visual representations.
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e  Sequence-to-sequence modelling: After extracting deep features, these are passed into character-level
Convolutional Neural Networks (CNN) and processed by a recurrent layer to generate descriptive sentences.

e Attention mechanisms: The methodology includes attention layers, which focus on significant parts of the
image to improve the quality of generated descriptions.

e Combination of CNN and RNN: CNNs are used for visual feature extraction, while RNNs, specifically Long
Short-Term Memory (LSTM) or Gated Recurrent Unit (GRU), handle the temporal sequence modelling to
form coherent sentences.

e Training and evaluation: The system is trained on datasets with captioned images and evaluated using common
metrics such as BLEU, ROUGE, and CIDEr, which compare generated descriptions to human-annotated
references.

7. Results and Discussion

The proposed method was implemented using a software package. The dataset was used in the experiments. The
training set consists of 2,105 images, while the testing set comprises 2,125 images. During our experiments, the
whole set of symmetric and asymmetric transformations was employed. The dataset comprises various challenging
examples with changes in scale, orientation, and location.

Our approach was able to generate accurate descriptions for the testing images. The reason for our method's success
is the use of deep learning feature extraction methods. The dataset exhibits high diversity. Using deep features
benefits the extraction of proper and invariant representations. Furthermore, it is important to note that
incorporating all symmetric and asymmetric transformations during the training of the regression subnetwork
boosted the network’s generalization ability. Our network outperformed other methods both quantitatively and
qualitatively. Some generated image descriptions are demonstrated, where we compared the descriptions generated
by our method with those created by other methods to visualize the deep features as shown in Tables 1 and 2.

Table 1: Results using Flickr8k dataset

Model f"EU' E"EU' ?LEU' E’LEU' EOUGE' METEOR | CIDEr
CNN (VGG16) + RNN (LSTM) | 061 | 045 |031 |022 |o050 0.21 0.58
CNN (ResNets0) + RNN

LSTM) 064 |049 |035 025 |052 0.23 0.60
CNN (VGGIE) +RNN (LSTM) | h 6 | 050 | 037 | 028 | 055 0.25 0.65
+ Attention

CNN (ResNet50) + RNN

(LSTM) » Attention 068 |053 |040 030 |o057 0.26 0.68

Table 2: Results using Flickr30k dataset

Model ELEU' ?LEU' ELEU' E’LEU' EOUGE' METEOR | CIDEr
CNN (VGG16)+RNN (LSTM) | 0.63 | 047 |033 |023 |053 0.22 0.60
CNN (ResNets0) + RNN
(LSTM)

066 | 050 |036 |026 |055 0.24 0.63
CNN (VGG16) *RNN (LSTM) | 550 | 053|039 |029 | 057 0.26 0.68
+ Attention
CNN (ResNet50) + RNN
(LSTM) = ttention 071 | 056 |043 |032 |060 0.28 0.71

Our method succeeded in generating coherent and detailed descriptions for different configurations. In contrast,
images generated from other methods are acceptable, but the images contain no wildlife when other methods
generated no wildlife in all images.
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8. Comparative Analysis

In this section, we evaluated our proposed method in comparison with some popular models such as SVM, K-
means clustering, and k-nearest neighbors. Two main different vector representations, such as SIFT and VGG16,
were used to describe images effectively. Deep learning models such as MLP, ConvNet, and LSTM were employed
as classifiers. The precision measure was used to compare different methods and models. Precision is defined as
the number of true positives divided by the number of true positives plus the number of false positives. Precision
represents the proportion of the examples classified as positives that are correct [12-15].

In this research, some popular image description models such as SVM, K-means clustering, and k-nearest
neighbors were considered as baselines. In order to improve the SVM model, select features after applying the
best C parameter with 10-fold cross-validation. The SIFT histogram was employed as a useful representation of
the structural information. The VGG16 dense feature was used as a substitute to show clearly and effectively the
images. Both manual and automatic image description methodologies chose SVM, K-means, and KNN as the first
image retrieval methods to identify appropriate images related to the manually annotated and automatically
detected labels [7,13].

9. Discussion

Traditional Machine Learning Models (SVM, K-means, KNN), Performance is very low as compared to the deep
learning model. They align based on hand-designed features (SIFT) and are unable to learn fine-grained spatial
relationships between different objects in the image, all this is learned by them only as reference models so they
cannot capture rich visual patterns that BLEU, ROUGE or CIDEr metrics often require as shown in Table 3.

Table 3: Comparative performance of proposed model vs. baseline models

Model fLEU' ELEU' 3BLEU' E’LEU' EOUGE' METEOR | CIDEr
SVM + SIFT 045 030 |o020 |012 |o042 0.18 0.45
K-means + SIFT 048 033 |02 |o014 |o044 0.19 0.47
KNN + VGG16 050 |035 |023 |016 |045 0.21 0.50
CNN (VGG16)+RNN (LSTM) | 061 | 045 |031 |022 | 050 0.21 0.58
CNN (ResNets0) + RNN

STV 064 |049 |035 |025 |052 0.23 0.60
CNN (VGG16) *RNN (LSTM) | 556 | 050|037 |028 | 055 0.25 0.65
+ Attention

CNN (ResNet50) + RNN

ST~ Attontion 068 |053 |040 |030 |o057 0.26 0.68

While CNN + RNN Models, Deep learning models such as CNN + RNN (LSTM) outperform the traditional
models significantly. This is due to the ability of CNNs to automatically learn rich feature representations from
images and RNNs to handle sequential data like sentences ResNet50 outperforms VGG16, showing that a more
sophisticated CNN architecture leads to better feature extraction and ultimately better description generation.

However, Attention Mechanism, adding an attention mechanism provides a clear performance boost across all
metrics. This model significantly improves upon earlier CNN-RNN methods by focusing on the most relevant
parts of the image when generating descriptions. The combination of CNN (ResNet50) + RNN (LSTM) +
Attention delivers the best results, surpassing both traditional models and non-attention-based deep learning
models.

The proposed method (CNN + RNN + Attention) consistently outperforms traditional baseline models (SVM, K-
means, KNN) and other deep learning models in generating accurate and relevant image descriptions. The addition
of attention mechanisms is crucial in achieving state-of-the-art results, highlighting the importance of focusing on
significant image regions for caption generation.

10. Challenges and Future Directions

Obtaining a good description from a given image is a programmed task that is still difficult. Images have a variety
of objects, such as animals, which are complicated due to the appearance variations between the same object class
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and the spatial relations between objects. In addition, there is a variety of other diverse types of complex parts
because one type of object is made up of various intricate parts. In addition, one object class may have different
forms. In contrast to the problem of visual recognition, in image recognition, not only is the recognition of objects
in a given image important, but also the possibility of describing and recognizing the relationships and attributes
between objects. Furthermore, depending on the recognized object, unlike the problem of recognizing people, the
characteristics of an individual are artificially regulated. With the rapid development of technologies such as image
recognition and natural language processing, methods for predicting a description consisting of a chain of words
from a given image are actively being studied. For a given image, an image description generation task is used to
estimate a description of a corresponding image in known domain language.

Currently, image recognition techniques based primarily on convolutional neural networks and deep learning
represent the state-of-the-art technologies. Techniques for utilizing the learning models from image recognition
for various domains are being actively researched. Especially, interest in the technique that converts image-based
features into linguistic expressions is very high, and studies utilizing the latest learning models based on deep
learning for the image description generation task are being improved. However, many studies interested in the
image description generation task are known to be focused on the general distribution composed of simple images.
These studies are not generic enough in the task of general image descriptions for images reflecting a variety of
environmental changes. First, existing works focus on learning values of image feature vectors and word sequence
ordered data separately. Inspired by the parity of multi-criteria based on deep learning, we seek to train the stage
of the GRU model, learning the visual embedding directly through the objective, just like deep ranking.

11. Future Research Directions

In this work, we motivate and develop an end-to-end framework for generating natural language descriptions of
arbitrary images using CNNs pretrained with transfer learning. Performance is evaluated by comparing multiple
datasets and feature extraction models. The model is backed by experimental results, demonstrates analysis of
generated captions and shows how methods can be implemented in practice. The study is concluded with the key
findings, future work, contributions and limitations. Though the methods for multimodal tasks are investigated,
analysis on feature extraction of image description generation is not extensively studied yet and more studies can
improve a system performance with respect to learning from multiple tasks.

12. Conclusion

In this paper, a novel framework for description generation is introduced and evaluated that takes advantage of
deep representations derived from deep learning techniques that have been trained for various computer vision
tasks. This allows us to generate accurate descriptions based on a picture content, even on complex domain-specific
datasets. The system architecture is validated with a dataset, which leads to very promising results. According to
experimental results, the proposed method can generate accurate descriptions with respect to the content of the
images. Even though the program still has some restrictions, it can enhance the accessibility to the content
contained in the images. In the near future, we plan to test our approach on other datasets and enrich the system
by adding additional layers of deep learning to gain a richer representation of the images. We aim to improve the
complexity of the synthesized language and, thus, develop a more generic description generation prototype. We
also plan to test the system on different video frames and evaluate how the description generation can be applied
to video analysis. Additionally, as the training process is very time-consuming, we aim to use a model to generate
the visual features and train our long short-term memory on image annotations when we have enough
computational resources available.
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