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Abstract—Recent advancement of the deep neural network has triggered great attention in both
Natural Language Processing (NLP) and Computer Vision (CV). It provides an efficient way of
understanding semantic and syntactic structure which can deal with complex task such as
automatic image captioning. Image captioning methodology mainly based on the encoder-
decoder approach. In the present work, we developed a CNN-GRU model using Convolutional
Neural Network (CNN), Gated Recurrent Unit (GRU) and attention mechanism. Here VGG16
is used as an encoder, GRU and attention mechanism are used as a decoder. Our model has
shown significant improvement compared to other state-of-art encoder-decoder models on the
famous MSCOCO data set. Further, the time taken to train and test our model is two-third as
compared to other similar models such as CNN-CNN and CNN-RNN.

Index Terms— Computer Vision, Image Captioning, Machine Translation, Natural Language
Processing, Video Captioning.

|. INTRODUCTION

Transforming an image into a sentence is a way to generate the sentence for an image. Key points of sentence
generation are to identify the objects, actions and hidden features in the images, then stabilize the relationship
between them to form a meaningful sentence. After identifying the objects and actions in the image, next step is
to generate the syntactically and semantically correct sentence. Image Captioning is combination of following
two task.

1. Computer vision for object identification.

2. Natural Language Processing (NLP) for sentence generation.

It is a very challenging task to imitate human brain’s ability, but many researchers have shown significant
achievement in this field [12, 13]. Deep learning based techniques can handle this task using CNN and RNN.
Image captioning can be used in image retrieval using text, many intelligent control systems like locomotives
and radar, internet of thing (loT) based devices [20], caption generation for medical images, information
accessed for blind users, self-driving car and human-robot interaction. With the evolution of deep learning model
image captioning has evolved a new research field because of its applications.

There are two methods of image captioning one is bottom-up approach [1, 3] and second is a top-down approach
[4, 5]. In the Bottom-up approach [1, 3] first identify the object then combine them in a meaningful way, but in
case of top-down approach [4, 6] it first made the semantic representation of image then semantic representation
is decoded into sentence using various deep neural network techniques such as CNN, RNN and long short term
memory (LSTM). Neural network and multi-model techniques are more efficient way to caption generation but
we need to improve those techniques for better result.
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Existing methodologies have less accuracy and consume much time for training and testing. Our work has taken
less time and better performance as compared to existing models. It is based on the top-down approach in which
first we will use the convolution neural network to generate features of the image then we will decode it using
attention mechanism and GRU based RNN network to generate a sentence. The main contribution of the our
model is as follow.

1. Initially VGG16 [16] is used to identify the object and action in the image.

2. GRU based recurrent neural network and Bahdanau Attention is used as a decoder.

3. We performed the experiment on MSCOCO [22] data set.

I1. RELATED WORK

Existing image and video captaining mechanism can be classified into two different classes.

1. Template Based [18]

2. Encoder-Decoder approaches

The first step of Template-based caption generation is splitting the large sentences into the fragments like
subject, verb and object using the rules of respective language’s grammar. Each generated fragment is linked to
an action or object in the image. Now for the test image, sentence is generated using the pretrained template.
Therefore generated sentences are highly dependent on the template structure.

Initially, retrieval based captioning was very famous. In this process, generated caption is fetched from the
caption pool for the query image. The generated caption may be composed of more than one existing captions.
The first step is to find the related image from training data set which is suggested by some re-searchers. For the
query image first, solve the Markov random field and plot the meaning space of the image. With the help of Lin
similarity measure [8] semantic distance is calculated and Curran Clark parser [9] used to parse each existing
caption. The closest caption will be considered as the generated caption for the query image. Later deep learning
technique is used for image captioning [12]. Retrieval based methods are effective for embedding and ranking
but to generate the caption neural network based methodology is more effective [26]. Dependency tree recursive
neural network is used to make sentences as composition vector [11]. To match the features into the global space
max-margin technique is used. The performance of the network is being improved with time [26].

Retrieval and template base technique has few limitations such as generated sentence are dependent on the
predefined template pool. The only advantage of these methods is grammatically correct caption. The resulting
caption may not be important for the image scene. Deep neural network never believed in preexisting caption
and there is no assumption about the generated sentence structure. These techniques are flexible in nature for the
better caption generation. Deep learning-based techniques based on pure learning for sentence generation. Kiros
suggested a neural network model for image captioning in which log-bilinear language is used. Mao [13] used
the RNN based model to generate image caption. Pengfei Liu at el. [26] used CNN-CNN for image captioning.

I1l. METHODOLOGY

Our model mainly has three part.

1. Feature are extracted using the CNN.

2. Bahdanau Attention is used to form weighted matrices.

3. GRU is used to generate the sentence from those weighted features.

Block Diagram of the Proposed model is represented in Figure 1. Our model model consists of CNN

(VGGL16) which is used to encode the images. VGG16 model pre-trained on image-net data set [21]. GRU and
attention mechanism is used as decoder. Network Architecture of our model represented in Figure (2).

A. Convolutional Neural Network

CNN can be used for object identification in a self-driving car, article recognition, picture titling etc. CNN
consists of four basic layers. We can use these layers according to our requirements. These layers are
Convolution, Rectified Linear Unit, Pooling and Fully Connected Layer. These layers are building blocks of the
CNN. It is a feed-forward neural network. Each layer perform the convolution operation and element-wise
summation as denoted in the equation (1).

F(x) = EN-1 Gy » (x) + by @

in the equation (1), F(x) denote the affine operation on the x, k is the total number of channel. by is the bias for
K™ channel. To achieve non-linearity RELU function is used in eq. (2).
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Figure 1: Block Diagram Figure 2: Network Architecture
R(x) = max(O,F(x)) )
By combining the equations (1) and (2), generated equation (3).
F(x) =max(0,XN_, Gy * x + by) (3)

Where F(x) denotes the total units of CNN.

B. Gated Recurrent Unit

GRU enable the RNN network to capture the dependencies more accurately at different time scales [15]. GRU
has gated units similar to LSTM which module information flow inside the cell. Current activation H{ at time t is
the linear interpolation of candidate activation Htj and previous activation H'y; .

H] = (1-z/)H]_, +z/H] @)

where z{ is the update gate. It is like weight that decide how much to update its content or activation. Update
gate can be calculate by using the equation (5).

th =o(W,x, + U,H,_,) (5)

Calculating linear sum between the existing state and new computed state is same in both LSTM and GRU unit.
HY in equation (6) denote the candidate activation. It is same as the basic RNN cell.

A = tanh (Wxt +U(r© Htj—l)) ®)

Where circled dot operator is element wise multiplication and r, is a set of reset gates. Whenever rJ equal to zero
than reset gate work as it is reading the initial set of pixel from input image. By utilizing this strategy it forgot
the previous computed cell value. Reset gate r{ in equation (7) is calculated similar to update gate.

rtj = o(Wx, + UpH,_1) )

z
H——Lg/—bﬁ(——
I

Fig. 3: Gated Recurrent Unit
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Fig. 4 Bahdanau Attention
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C. Bahdanau Attention Mechanism

In general, the performance of vanilla RNN degrades when length of sequence is greater than 4-5. This is
because RNN faces vanishing and exploding gradient problem. The performance of vanilla RNN to learn
sequence ranging from 10-15 is increased with the support of LSTM and GRU [15].

To attenuate this issue Bahdanau et al. [28] suggested an approach in 2014, which uses attention mechanism.
This mechanism learns from sum of past outputs by forming additional layer. This helps in determining which
features the network wants to maintain. RNN can learn long sequences using the attention mechanism. To get the
output for current cell attention mechanism uses the last state and the weighted mix of all states. Attention
weights is used to retain the object for the next cell. It allow which input should be chosen for next cell from
each previous input that is represented in figure (4). So it allows the network to catch the most important objects
for the current cell. For a hidden unit h;, context vector C; is calculated as the weighted sum of state sequence.

C = ZJT'=1 Ay j hj (8)

where T denotes the number of time steps, alpha; denotes weight at time step t for h;. This context vector is then
used to process a new state sequence s, where s, depend upon past state sequence s,; and context vector C; .

e =F ((St—lrhj)) ©)

where, F is the learned function. It calculate the significance value of hidden unit h; using the past state sequence
St1. The weight alphag can be calculated as given in equation (10).

exp(score(etj,hs))
3T, explegr.hs)

(10)

atj =

IV. EXPERIMENT

A. Data set

We have trained our model on the Microsoft Common Objects in Context (MSCOCO) data set [22]. It contains
about half million images and are divided in train, validation and test. Each image roughly contains 5 captions.

B. Evaluation Matrices

For the caption analysis many evaluation matrices exist. These are used to calculate the closeness of the
sentences. Some well know evaluation matrices are BLEU, ROUGE, METEOR.

BLEU Score: The quality of generated text is assessed using BLEU score. BLEU score does not check the
syntactic correctness of the sentences rather it matches each generated text with their respective reference texts
that are composed by humans [17].

BLEU = min(1, G, /R,)(TTL,(Precision;)'/*) (11)
Precision = Cy, /Ty, (12)

where G_ denotes the length of generated sentence, R, denote the length of reference sentence/caption, Cy
denote the correct words in generated sentences, Ty denote the total number of words in the generated sentence.
Table (1) denote the BLEU scores on the test data-set.

TABLE |: BLEU SCORE ON TEST-DATA

Matrix Name Calculated Value
BLEU-1 0.72
BLEU-2 0.55
BLEU-3 0.41
BLEU-4 0.31

ROGUE Score: We can also calculate the Rouge score to observe the quality of generated caption. Rouge
match pair of words, sequences of words and n-gram with human composed reference summaries [30]. The
calculated Rogue Score (CNN+GRU) is 65.
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C. Performance of our model on Test Images

This section will show the performance of our model on the test images. Plotting the attention mechanism
though which the caption is generated. It basically shows the words and the corresponding attention in image.
The white space on the figure (6) represents higher weights (attention) which are given to those part of image
using attention mechanism.

Actual Caption 1: A man riding a skateboard up the side of a ramp

Actual Caption 2: A man is doing a skateboarding trick on cement

Generated Caption: A man on a skateboard in the snow

a man on a
-
J L=

skateboard

in the snow
. l

Figure 5: Test Image Figure 6: Attention Plot

Table II: Compare Result with Previous Models on MSCOCO dataset

Method BLEU-1
M-RNN-AlexNet [23] 048
CNN-RNN [24] 069
Convolutional Decoder [25] 0.68
CNN-CNN [26] 071
Our CNN-GRU 0.72

We have compared our result with Multi-model Recurrent Neural Network [23], Convolutional Decoders For
Image Captioning [25] and Convolutional Image Captioning [26] as shown in Table 2.

D. Loss Plot

We have trained our model for 50 epochs cross-entropy loss function is being used using ADAM optimiser [29].
It measures the quantitative loss at the each epoch. Loss value can be calculated as given in the equation (13).

Loss = Zﬁ=1 Yo:x,c log(PX,C) (13)

Where P is the probability of observation x in the class c. If y=1 it belong to correct class and if y=0 than it
belong to incorrect class and N denotes the total number of classes.

Loss Plot Graph
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Figure 7: Loss Plo
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V. CONCLUSION

We observed that our model used VGG16 to extract image features, Bhadanau Attention to adjust the weights
and GRU is used to generate the the sentence. We have successfully trained and tested our model on MSCOCO
dataset. The model is trained and tested on Google Colab. Our model has shown a signicant improvement on
already exist CNN-CNN and CNN-RNN models. Calculated BLEU-1 score (0.72) is better as compared to
previous neural network strategies. Further improvement can be done using bi-directional LSTM in encoding
phase. We can also use hybrid loss function instead of cross-entropy loss.
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