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Abstract: Image processing is used in various industries and is one of the most advanced technologies used in Google, the medical
field etc. google vision is one of the most used APIs in our daily lives for image labelling, face and landmark detection, optical
character recognition (OCR), and tagging of explicit content, etc. The widely used google photos and iCloud use image processing
to recognize the scenario of the photo and facial recognition. Image processing can help the visually impaired describe their
surroundings. A voice-based image caption generation which is built using encoder-decoder architecture is used to describe the
image.

Images of the surroundings are used to generate captions which will be read aloud to the visually impaired so that they'll get a
stronger sense of what's happening around them. As an encoder, we have a pre-trained Resnet50 model where ResNet-50 is a
convolutional neural network which is 50 layers deep. This network learns rich feature representations for a large range of images.
Besides extracting high-level features from images using Resnet50, we also maintain the image colour composition using OpenCV
techniques which also helps the model to extract the features from small components within the image. As a decoder, we have an
LSTM network. Long remembering (LSTM) is a recurrent neural network (RNN) architecture and contains the Time Distributed
Layer that's, it can process not only single image data points but also entire sequences of image data.

Index Terms — Deep learning, Resnet50, LSTM, Flutter, Encoder-Decoder, Flicker8k

l. INTRODUCTION

Most people have some sort of visual problem in their lives where some cannot see objects completely while others have
problems reading small print. These kinds of conditions are often easily treated with eyeglasses or contact lenses. But when one or
more parts of the human brain that are required to process images become diseased or damaged, severe or total loss of vision can
occur which cannot be treated.

Visual impairment being a major detriment to the quality of individual life, it is worth exploring options available to improve the
quality of the individual visually impaired person's life. Almost everything we witness today along with artificial intelligence is
thanks to deep learning. The deep learning models work by deploying statistics to find patterns in data and also have proved
immensely powerful in mimicking human skills such as the ability to hear and see, and recognise the interpretation of the images
Deep learning-based image recognition has become "superhuman" and produces more accurate results than human contestants. This
progress that has been made in the field of image recognition is the increasing application of deep learning techniques to various
visual art tasks and social causes.

In this paper, we propose using encoder-decoder models where the encoder is Resnet50 which is a Convolutional Neural Network
that is 50 layers deep and has 48 Convolution layers along with 1 MaxPool and 1 Average Pool layer and the decoder is LSTM
(Long-short term memory) which is a Recurrent Neural Network which is capable of learning long-term dependencies in data, these
models allow for a process in which a machine learning model generates a sentence describing an image. It receives the images
captured by individuals as the input and outputs a sequence of words. and Natural Language Processing (NLP), which allows
machines to break down and interpret human language using these we develop an application to aid the visually impaired like
normal people's even visually impaired are exposed to various objects, articles, schematics in documents, and advertisements, living
and non-living things. These things in front of the visually impaired must be interpreted by them to know what's happening around
them.

Our proposed model with the Talkback feature, the Google screen reader included on Android devices that give eyes-free control
of the Android device to the visually impaired person which helps them to capture the pictures. With the help of deep learning
models and NLP technology, individuals get the description of the pictures captured by visually impaired persons.
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1. RELATED WORKS

According to the research [1], the Inception architecture's complexity makes it more difficult to make network adjustments,
and if the design is scaled up too quickly, huge portions of the computational advantages might be lost. Inception is compared to
other models in this research, and it produces less error and has a low computational cost. The conclusion reached from this article
is that Inception is a complicated network in which making modifications is challenging.

Many of the difficulties they encountered when training the models were due to overfitting, according to this research [2]. True,
purely supervised algorithms need a big quantity of data, but high-quality datasets contain less than 100,000 photos. The process of
providing a description is far more difficult than classifying an object. Different datasets were examined, and it was discovered that
as the size of the available datasets for picture description grows larger, so does the performance, but giving descriptions to each
image gets more challenging. The Flickr8k dataset is more efficient, according to the findings.

This model [3] is provided with LRCN, a family of models that is both spatially and temporally deep, as well as versatile
enough to be used for a wide range of visual problems requiring sequential inputs and outputs. LSTM outperforms STM, according
to the results.

The model was presented as a family of mobile-first computer vision models for Tensor flow, according to the research [4],
and was developed to successfully optimise accuracy while being conscious of the limited resources for on-device or embedded
applications. Mobile Nets are low-latency, low-power models that have been parameterized to satisfy the resource restrictions of
various use cases. With a percentage of 70.6 per cent, Mobile Net outperforms ImageNet when compared to other models.

They employed the ResNet50 network as an encoder to transform the pictures into a vector representation, and the LSTM
network as a decoder to decode the vector and create captions in this article [5]. Soft Attention is a method that allows the model to
focus on a specific region of the image to better anticipate phrases. The captions are most likely based on the greatest probability.
As a consequence, appropriate captions are created automatically with an image classification accuracy of 71%.

In this [6] presented model, the effects of changing the image feature like edges, height, width while using the encoder model
for feature extraction on the image classification task by analysing the BLEU score at both the sentence and corpus levels are
observed.

According to the study [7], LSTM is used to increase the precision of image captioning by mapping variable sequences of
words in NLP to a distributed vector using a decoder. The neural model creates a description for the picture in this method. With
CNN as the image encoder, the RNN decoder uses the categorised image to create captions using the hidden layer.

CNN splits the image into numerous objects, activities, and qualities in [8] and then creates a caption for each image
afterwards. The produced description comprises the items in a picture, but it also represents the relationship between individual
objects, their properties, and the activities in which they are participating.

The authors of the research [9] propose a model called Headcap that uses 10T and deep learning techniques and contains
hierarchical features capable of collecting varied groups of semantics while also easing attention defocus. The Raspberry Pi is linked
to a camera, speaker, and microphone, and has access to a deep learning model that predicts captions for the picture.

In this paper [10], the proposed hybrid image caption generator uses R-CNN and RODe for object detection to provide
descriptive output. The model is based on CNN-RNN architecture.

1. ENCODER-DECODER ARCHITECTURE

3.1 Encoder

The encoder is used to encode the data to obtain insights. An encoder is used to extract high-level properties from images. In
this situation, ResNet50 is used as the encoder. ResNet50, also known as Residual Networks, is a widely used neural network in
computer vision. Using ResNet, we were able to effectively train 150-layer deep neural networks. The problem of vanishing
gradients made training very deep neural networks difficult before ResNet. ResNet is a computer vision backbone model that is
utilised in a range of applications. ResNet uses skip connections to fix the problem of disappearing gradients.
Each step of the ResNet50 model has its convolution and identity block. There are three convolution layers in each convolution
block, and three convolution layers in each identity block. There are around 23 million trainable parameters in the ResNet-50. A
minor change was made for ResNet50 and higher: shortcut connections previously skipped two layers; now, they skip three
levels, and 1 x 1 convolution layers have been introduced.

3.2 Decoder

Long-term memory networks are a type of Recurrent Neural Network that can learn long-term dependencies. Long-term
memory networks are also called LSTMs. They're currently commonly utilized and function admirably in a variety of situations.
LSTMs were created to overcome the problem of long-term reliance. They don't have to exert much effort to recall information for
long periods; it comes naturally to them. Recurrent neural networks are made up of a series of modules that repeat. In classic RNNs,
this repeating module will have a basic structure, such as a single tanh layer.
The cell state, which is represented by the horizontal line running along the top of the image, is the key to LSTMs. The cell isin a
condition similar to that of a conveyor belt. With only a few modest linear exchanges, it flows along the whole chain. It's really
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simple for data to pass through it unaltered. The LSTM's capacity to remove or add information to the cell state is closely

controlled by the structure.
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Fig. 1 Encoder-Decoder model

V. METHODOLOGY

4.1 Image and Caption Dataset Access and Reading:

We use the flicker 8k dataset which contains 8000 images provided by the University of Illinois at Urbana-Champaign. This
dataset is available on the Kaggle website. Each image is provided with 5 captions which are later combined by the model to output

a single sentence that describes the image the best.

4.2 Image Data Preparation and Processing:

We need to convert the image into an encoding so that the machine can understand the patterns in it. InceptionV3, a model that
is trained on large datasets is used to extract the features from images. Every image should be converted to a fixed-sized vector
which can be fed as an input to the neural network. the last SoftMax layer is removed from the model and a 2048 length vector is

extracted for every image.
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Fig. 2 Image preparation

4.3 Creating a Resnet50 encoder model and extracting features from images:

An image from any source is given as input to the encoder-decoder model, which processes it into a pre-trained Resnet50 model
and extracts the 2048-dimensional vector from the model. This contains high-level image features and then it embeds the vector
into the dimensions of the sentence vector, which is initially a tag and whose two vectors are concatenated and passed over a Time

Distributed Layer followed by LSTM.
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Fig. 3 Encoder
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4.4 Cleaning and conducting word embeddings on the text data:

The model must predict the captions based on the image. Hence, during the training period captions will be the target variables
that the model is learning to predict. It then predicts the caption word by word. Therefore; each word should be encoded into a
fixed-sized vector. Every unique word in the vocabulary is represented by an integer which is later used for pre-processing.

Model: "sequential 1"

Layer (type) Output Shape Param #
dense 1 (Dense) (None, 128) 262272
repeat vector_l (RepeatVecto (None, 40, 128) 0

s R RS EEEREEEERERRRER

Total params: 262,272
Trainable params: 262,272
Non-trainable params: 0

Fig. 4 Text pre-processing

4.5 LSTM Decoder Model development:

In long-short term memory, the output of each LSTM cell is transmitted as an input to the next LSTM cell. The final output is
created by concatenating the outputs of all LSTM cells. The last output sentence provides a concise description of the input image.
Finally, the text is converted to the audio format for the output.
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Fig. 5 Encoder

4.6 Using Data Generators and Progressive loading to train the model:

The amount of memory to store data blocks in the data matrix consumes a lot of space in the main memory. Even if it is managed
to store in the RAM, it slows down the computer. The ImageDataGenerator class provided by the Keras API is nothing but an
implementation of the generator function in Python. This makes sure that the entire dataset need not be stored in the main memory
at a time, reducing storage consumption.
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Fig. 6 Data Training

4.7 Use the test dataset to evaluate the trained model:

The Flicker 8k dataset is divided into train and test datasets to check how efficient is its prediction for unseen data i.e., test data.
The model is evaluated with the test dataset to check the prediction accuracy. The dataset is split into a 75:25 ratio where 6000
images are used for training and the rest 2000 images are used for testing.

JETIR2204766 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | h499


http://www.jetir.org/

© 2022 JETIR April 2022, Volume 9, Issue 4 www.jetir.org (ISSN-2349-5162)

Argmax_Sestch ~ predict cegtices(test ing)
2 ~ Imege{filecane~in)
displayiz)

rizt {Argmax Search)

.
-
dogs wrestle in the grass .

Fig. 7 Generated caption during testing

4.8 Text to speech conversion:
After the caption is predicted for the image, it is converted into audio using the flutter_tts plugin.

4.9 Developing a user-friendly interface:
An application using flutter is developed where the user can get a description of the image in the form of speech.

V. RESULTS AND DISCUSSION

'man in black shirt is playing ‘canstruction worker in orange "two young giris are playing with
quitar’” safety vest Is working on road. lego toy!

Fig. 8 Generated caption

VI. FUTURE SCOPE

The model's accuracy can be improved even further by training on a larger dataset. It can be built into a smart glass or a portable
gadget that is easy to use for visually impaired people. With facial recognition and optical character recognition, this model may be
updated to provide a caption for a live video feed. Depending on the user's preferences, it can create captions in a variety of
languages.

VII. CONCLUSION

The suggested model is resilient, requires little processing resources, and requires no specific training since its accuracy on
training data is over 92.4 per cent with a loss of 0.32, and its validation accuracy is 90 per cent with a loss of 0.12. This architecture
incorporates previous pre-trained model advances as well as a variety of deep learning and natural language methodologies. The
scalability of big applications with this paradigm is significant since the whole system is streamlined. Because we employed Time
distributed layers followed by LSTM cells, the sentence's sequence information will be saved, and because video frames are time-
based, these time-distributed layers will perform very well on such data for creating captions for movies. The generated captions
while validating the model with test data are accurate and have well-defined semantic meaning.
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