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Abstract— In the past few years, neural networks have been 

widely used in the task of image classification. Particularly 

Convolution neural networks are found to be best for the task 

of image classification. Fueled by the recent success of CNN 

in image classification, researchers are looking for more 

challenging tasks such as labelling the data and generating the 

description of the image in terms of human language. Thus 

paving a road towards more intelligent systems. 
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I. INTRODUCTION 

We have developed a model which accomplishes the task of 

constructing image captioning using recurrent neural 

networks and LSTMs. The task of Image captioning involves 

generating a descriptive text about the image [1]. 

In RNN the output of the previous stage is used as 

an input into the next state. They are very efficient in NLP 

tasks, the above mentioned feature of RNN gives them a 

memory which proves to be very efficient in generating 

informative text about an image [1]. 

RNN uses a window of few states, this is done 

because RNN are computationally expensive. This is why 

Attention model are used because they tend to solve the 

problem generally occurring in RNN-namely vanishing 

gradient problem. Attention model are used to get the focus 

on relevant elements thus helping the model to generate more 

informative caption [6].  

  This model comprises of CNN which is used to 

extract features of the image. Then the features are fed as 

input into the RNN with attention model, which generate the 

image caption [1][5]. 

II. PRIOR WORK 

There has been a significant amount of work done using 

RNNs with attention models. They are widely used in 

generating sentences and identifying their features. Many 

researchers have used the attention model to identify which 

part of the sentence is important for sentence generation [1] . 

III. MOTIVATION 

The motivation behind implementing this model is that 

LSTM have proven to be quite useful in the language 

classification task. Their implementation to the image 

captioning task was purely intuitive. 

IV. SYSTEM ARCHITECTURE 

This model has three parts. The first part consist of CNN used 

to extract the features of the image, next an attention model 

used to weigh the image features and last part is the RNN with 

LSTM used to generate image caption. 

 
Fig. 1: Basic LSTM Architecture 

A. Convolution Neural Network 

Convolution Neural Network is a feed forward neural 

network. It is primarily used to capture feature of the image. 

The network learns the features of the image using a window, 

the window also known as convolution parses the 2D image 

[5]. 

In the context of neural networks, we often follow 

these affine convolution layers with a nonlinear. In fact, ‘f’ is 

a affine operator on x, and nonlinear itself. To compute the 

loss function most commonly used non-linearity is rectified 

neural unit(ReLU), where the maximum value is taken. 

r(x) = max(0,x) 

(4.2) h( x) = max(0, ∑𝑔𝑘 ∗ 𝑥 + 𝑏𝑘𝑘=1
𝐾 ) 

B. Recurrent Neural Network 

While CNNs are useful extracting the features of the image. 

RNNs are feed forward network, but use the previous state 

output as input, are useful while making an idea. RNNs 

maintain a hidden loop which allows them to perform so well, 

they are considered state of the art machine translation                    

networks [6].   

 
Fig. 2: Basic Architecture for RNN 
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C. Attention Model 

CNN output the features of the image, but these features are 

averaged models. Now we employ LSTMs to pay attention 

on specific parts of the image, this process results in better 

result. 
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Where sigma is the sigmoid function. i, f, o, g, a, h 

are gates. i being the input gate, f being the forget gate, o 

being the output gate, c’ being the new memory cell, c being 

the final memory cell, and h being the final hidden state. The 

forget gate is used to delete the previous gate input, and it will 

not be considered while calculating the ct. c’t is used as a 

memory gate to store the previous gate output. 

In image captioning input x is represented by n gram 

vector, which is called embedding. After processing the 

hidden state is transformed into a vector of class score, score 

of each class is calculated, where the class being each word 

embedding of the n-gram.  

V. EXPERIMENTS 

In this section, we perform some experiments and evaluate 

the proposed model. 

A. Dataset 

There are many datasets available for the task of image 

captioning, these include both labelled and unlabeled images. 

For the scope of this project MS COCO dataset was used, this 

dataset consists of around half a million images [3]. The 

images are split into training, validation and testing sets. It 

also contains human annotations for validation and testing 

sets. 

B. Result 

The model performed well in the test set. After trying various 

combinations of hyper parameters, we trained two layers of 

LSTM and a hidden layer with length of 1024. The length of 

the generated sequence was 51, which is the maximum 

supported by MS COCO dataset. The image features were 

extracted from the pre trained ResNet – 50 model. For 

optimizing the model, we used the Adam optimizer. 

The word vocabulary was limited to 2000 

commonly used words, rest of the words were replaced with 

special ‘unknown’ token. Tokens with less than 51 words 

were padded with null token, this is common practiced used 

to indicated that no more words are used to describe the 

image. The ‘start’ and ‘end’ words are included in the word 

limit. We used tensorflow framework to implement the 

LSTM model. While the pretrained model was implemented 

in caffee. 

For many images the model generates informative 

and grammatically correct caption. While in some cases it 

describes the image in a different way. When the model 

cannot describe an image correctly it makes correct use of 

unknown token. The incorrect text may be caused due to the 

error in recognizing the image. 

C. Future Work 

Implementation of GRU instead of LSTM might prove out to 

be better. GRU’s are said to be trained easily in comparison 

to LSTM, and in some case might give better results.  

Using of Bayes recurrent neural network might give 

better result. The reason for this assumption is because bayes 

neural networks tend to work better in uncertainty. The CNN 

model will not be changed, the changes are only made into 

the LSTM model. The LSTM can be trained on bayes 

technique, instead of the traditional backpropagation 

technique.  

VI. CONCLUSION 

The model described in this paper uses a convolution neural 

network to extract the features of the image, a recurrent neural 

network to generate caption based on the extracted features. 

It also implements long short term memory(LSTM) in order 

to generate more meaningful captions.  

The model gave good results. In some cases, 

however, when it was unable to identify the word it still used 

the “unknown” token successfully. The captions generated 

were grammatically correct.  

The project while improving on the non-attention 

models, also gives a way to implement new techniques such 

as a bayes neural network. It could possibly be useful when a 

large dataset is not available. 
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