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Abstract:  In this paper we are presenting an Image caption generator using CNN. Automation is everybody’s dream 

whether it is to ease their efforts or to make machines learn how to do something. In this paper we are presenting a way 

to generate captions based on the information in an image. This image caption generator can take input image and return 

the contents in the image as a caption. A CNN network along with LSTM is used to extract features and make words 

one by one and make a sensible sentences’ model is trained in a way that the model will be able to accurately extract 

the contents of a image as captions. The model is trained on a dataset containing all kinds of images and it is observed 

that the model can detect the context of the image accurately. 
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I. INTRODUCTION: 

In With the rise of users in internet the number of images and videos that are being shared on the internet is 

increasing a lot. This data is usually unstructured and raw data which does not carry much information. Whether to 

extract and use the right data from the internet or to organize the files captioning plays a huge role [1]. The Data that is 

available on the internet can be extracted to make a future prediction on any trends or to analyze the behavior of humans 

which can portray a wide variety of interests and demands. In the recent days with the rise of increasing users in internet 

everything can be accessed with text and images which can be searched using googles image search [1]. 

In this Project we will be predicting the contents of an image by words one by one and make a sensible sentence 

to be able to describe this image. A network of CNN and LSTM is used in this project. CNN is used to extract features 

and LSTM to store the words one by one and make a sentence. The caption should not only be able to describe the 

object but also make a sensible sentence which describe the action that’s going on in that image  [2].Most of the previous 

methods are based on indexing and labelling an image and categorizing them which can be a huge waste of human 

efforts when being compared to the automatic generation through deep learning .However simple words in any language 

can be feeded to the model to be able to predict the words of the objects In an image. 

In order to get the caption of the image We will be designing a single model which takes an input image and 

then extract features and for the text preprocessing we will be adding start of series and an end of sequence to determine 

the starting and ending of caption. Then make a Dictionary of words in that image and use those words to describe the 

image and for sentence creation the first word that is predicted will be stored in LSTM and any further words predicted 

will be added one by one until the end of sequence appears. 

The paper proposes a model which generates sensible captions for the images. The dataset used in this project 

contains 8091 images and 5 captions for a single input image. We are going to use ResNet 50 which consists of 50 

hidden layers and can be able to classify 1million types of images and it is acting as an encoder. LSTM is used to store 

words one by one. 
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     Fig.1 Example of input 

II. APPROACH:  

 

 In this paper we are purposing a model which contains a neural network of CNN and LSTM together. CNN is 

used for image preprocessing also called as encoding and LSTM will be generating the sentences. All these neural 

networks can be mathematically represented fir better understanding and easier analysis. 

A. Convolutional Neural Network: 

Convolutional neural networks are best suited for image processing and visual analysis. The reason they 

are used is that the image can be easily manipulated by convoluting image data with a filter data for easier 

manipulations. CNN contains multiple layers, layers after CNN are connected as multilayer neural networks. 

The design of CNN allows it to be able to take a 2D image as an input. The output can be achieved by using 

multiple layers and weights just like in a neural network by convoluting one layer to another for manipulations 

and with various pooling techniques to get the feature vector. 

In this Model we used ResNet50 which consists of 50 hidden layers for its model, which is a deep 

learning CNN model. This model is a pretrained model capable of categorizing 1million types of images. This 

model is used for feature extraction which can be further utilized for training. 

 

Preprocessing using CNN: 

Preprocessing of data implies that the input data is converted in a form that the computer can understand 

that easy training. Preprocessing is used to improve the performance by manipulating the image so that it can be 

easily understood by the machine. As ResNet50 accepts only 224 x 224 images it is important to first resize the 

images so it can be fed in to ResNet50.This reduction in size greatly enhances the performance as it has less data 

to work on. 

Filtering: 

In CNN, the main application of Convolution is done in filtering. In filtering the input image vectors are 

multiplied with the filter to get the modified output that we need. There are several types of filters such as 

sharpening, grayscale, blur and etc. 

     

     Fig 2: Filter 
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Feature extraction: 

  Just like the above filters CNN filters are used to extract features from an image, when compared 

 to the usual filters CNN filters does not have any predefined values and these values are determined 

 during the training period this helps the model to make filters by its own which can result in pretty 

 amusing filters that humans can never think of manually. A 2D convolution filter is commonly used 

 and it is referred as Conv2D.This filter adds up all the inputs and a single output is obtained 

 from the image. 

     

     Fig 3. Feature Extraction 

B. LSTM (Long -short term memory): 

  The transitory dynamics in a set of things are modelled by using a recurrent neural network [17]. It is 

 exceedingly difficult for ordinary RNN to acquire long term dynamics as they get vanished and exploding 

 weights or gradients [9]. The memory cell is the heart of LSTM. It is designed to store present value for a 

 long amount of  time. There are gates which are used for updating time Constants. Variants are represented by 

 number of connections between the memory cells. 

 The LSTM used in this model is having the following memory and gates arranged in the manner of: 

 il = σ(Wixxl + Wimml-1) (1)  

 fl = σ(Wfxxl + Wfmml-1) (2)  

 ol = σ(Woxxl + Womml-1) (3) 

 

     

     Fig 4. LSTM connections [9] 

 

  Where denotes multiplication performed elementwise, σ(.) denotes the sigmoid function and ~(.) 

 denotes the hyperbolic tangent function. The variables il indicates the input gate, fl indicates the forget 

 gate, ol indicates the output gate in the LSTM cell, cl indicates the state of the memory cell unit, and ml 

 indicates the hidden state, and is the output of the block produced after processing in the LSTM, xl indicates 

 a sequential parameter at time step l, and variable W[.][.] denotes model parameters. The loss function is 

 represented by Eq. 6, with St denoting the created sentence at period t with regard to all LSTM and word 

 embedding settings, this loss is always reduced. 
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III. GENERATION OF SENTENCE WITH CNN: 

  LSTM The idea of encoder decoder in network and machine translation modelling [1], [11]–[13], [16] 

is used to represent phrase creation in neural networks. The encoder is used to convert a variable sequence of words in 

natural  language to a distributed vector in this paradigm. Then, based on the mapped vectors, a new sequence of words 

is created using a decoder in natural target language. The goal of the training procedure is to increase the likelihood of 

correct  translation such that the phrase is in the native source language. When this approach is used to caption 

generation, the goal is to maximize the quantity of image captions created for a given image, namely. 

 

 argθ X i log(p(s1:Li |x i , θ)) (7)  

 

 where xi denotes an image, s1: Li represents group of words in properly formed sentence of length Li and θ 

represents model parameters. For ease of implementation, in the next step we ignore the superscript i whenever it is not 

significant or cleared from the context. As a sequence of words create each sentence, the Bayes chain rule is used to 

divide sentence which consists of words as its basic element.  

 

 log (p (s1: L|x, θ)) = log (p(s1|x, θ))+X l=2 log(p(s1|x, s1:l-1, θ)) (8)  

 

 where s1:L represents the block from sentence generated up to the l-th word. In whole training process, to 

maximize the purpose in Eq. 7, we have defined the log-likelihood.  

log (p(s1:Li |x i , θ)) , it can be used with the hidden state in RNN.  

 

 At timestep l+1 the probability distribution of word for the whole vocabulary can be calculated with the help 

of SoftMax function z(.) which is based on output ml of the memory cell, pl+1 = z (ml) like [1]. Images and sentences 

are encoded as fixed-length vectors before using them as inputs to LSTM. First, for each image, CNN features are 

computed and then they are mapped to the embedding matrix. A new sequence is generated by concatenating sequence 

of words and an image in a sentence. In this new sequence, image is considered as beginning symbol of sequence and 

the sequence of words is treated as the remaining part of new sequence. This new sequence is used as an input to the 

LSTM network for training purpose by iterating the recurrence connection for l from 1 to Li. The transfer matrix which 

is linear in nature for image features, word embedding matrix and some arguments of LSTM are parameters of neural 

model. The image caption model has three sub models, first one is image model which repeats the image feature vector 

28 times having dimension 28 x 4096 here 28 represents the maximum number of words in a caption. The second one 

is language model consisting of single LSTM unit and outputs the matrix having dimension 28 x 256, 256 is the output 

size of LSTM unit and the final model merge these two vectors and pass it to another LSTM unit having output 

dimension 28 x 915. For training we pass same encoded text vector as target vector but while testing we just encode” 

sol” to feature vector along with test image feature vector and we get matrix of dimension 28 x 915, and we decode that 

matrix into sequence words. 
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IV. RESULT: 

A. Dataset: 

The data set consists of 8091 images and for every individual image there are 5 different versions of 

captions that describe the image. 

B. Results: 

The model is trained for 500 epochs and was able to get a loss of 0.235 which is pretty good and was able to 

get 91% accuracy. 

 

 

     

      Fig. Results 
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