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Abstract: People today need captions for a variety of purposes, including sharing a 

picture to social media, creating news headlines based on an image, among other things. 

Instead of manually creating captions for each image, an image captioning system aims to 

generate them automatically. It provides a descriptive statement for an image that aids in 

the semantic interpretation of the visual. Picture understanding is a crucial method for 

decoding semantic image data, and VGG16 can use it. Natural language processing and 

computer vision are combined in the process of image captioning. Either a standard 

machine learning approach or a deep learning strategy can be used to achieve the goal. 

Identifying items and determining the relationships between them are essential for carrying 

out the planned job. Feature extraction is a technique for converting the image into a vector 

for further processing. The LSTM receives the items and visual material and connects the 

words to create a sentence that describes the objects. The implementation approach for 

Object Detection-based Picture Captioning using Deep Learning is presented in this work. 

we have employed the CIDEr metrics while evaluating; the accuracy of 94.8% is achieved for 

30 epochs which is significantly good. For image classification, CNN and the Flickr dataset 

are utilized. 

 

Keywords: Object Detection, Deep Learning, Computer Vision, Image Captioning. 

 

1. Introduction 

The ultimate aim of an image captioning 

assignment is to use sentences to depict 

an image. Natural language processing 

and computer vision are both necessary 

for this.[1-3] Knowing the semantics of 

the objects and other visual information, 

as well as having understanding of natural 

language processing, is the most difficult 

challenge in the process of generating 

captions. The creation of a relationship 

between the extracted objects is 

necessary for sentence production. [4-

5]The process of extracting features can 

be used to extract image data. An image 

comprises a variety of information, 

including the objects in the picture and 

their significance. The two main 

categories of image understanding are 

deep learning techniques and traditional 
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machine learning approaches. With 

conventional machine learning methods, 

the Scale-Invariant Feature Transform 

(SIFT) and Histogram of Oriented Gradient 

can be used to extract features (HOG).[6-

8] Convolutional Neural Networks (CNN) 

and Recurrent Neural Networks (RNN) are 

employed in deep learning approaches to 

generate captions. 

We used the YOLO (You Only Look Once) 

method for object detection in this study 

to demonstrate how to perform image 

captioning.[9-10] The bounding box and 

confidence for an object are given when it 

is discovered. For an image to be properly 

understood, image data is just as crucial 

as the objects themselves. Features 

extraction is the process of removing 

important traits and important picture 

data from an image. The feature 

extraction process employs the VGG16 

and InceptionV3 types of convolutional 

neural networks (CNNs). The object and 

picture characteristics created by these 

methods are fed into the Recurrent 

Neural Network (RNN), which uses them 

to form sentences. They are the input for 

RNN, which outputs a variable-length 

description. A textual description of a 

picture is produced by RNN.The humble 

beginnings of captioning for images could 

be found in a number of practical 

applications, such as the reality that it is 

capable of converting text descriptions 

into audio for those who are blind or 

suffer from poor eyesight and rely on 

audio. It is also used for video subtitles, 

self-driving cars, effective image search 

while surfing, and deciphering newspaper 

articles. The biggest challenge in creating 

a picture description starts with object 

recognition in the image applying 

statistical language models and static 

object class libraries.   

CNN being used: It's a Deep Learning 

system that will take a 2D matrix input 

image, give distinct aspects and objects in 

the image weights and biases that can be 

learned, and be smart enough to discern 

one from the other. This approach was 

helpful in identifying the objects in an 

image, but it was unable to tell us how 

those objects related to one another (that 

is just basic image classification). Here, an 

in-depth recurrent infrastructure-based 

generative model that includes recent 

developments in visual analysis and 

automatic translation is used to produce 

meaningful sentences. bigUsing an RNN: 

These networks have loops in them, which 

enable the persistence of information. An 

RNN variant that can recognize long-term 

dependencies is the LSTM.  

 

2. Related Work 

In their study,   [11] suggested a region-

based method for captioning pictures. The 

region-based objects that are used for 

object detection implement the image 

captioning (ROD). The region-based 

technique divides the picture into areas 

for object detection. Authors specifically 

employ Region Based CNN, also known as 

R-CNN. Other CNN-based techniques used 

in the study work include scene 

classification and feature extraction. With 

the aid of object, scene, and image 

feature properties, the RNN approach is 

employed to generate sentences. Instead 

of using a straightforward RNN,   [12] 

suggested a model that use LSTM. Feature 

Extraction was employed in the 
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investigation using the pre-trained VGG16 

model. LSTM can be used in place of RNN 

since LSTM can recall the words for a 

longer amount of time than RNN can. A 

cell called the LSTM holds the words until 

the appropriate caption can be created. 

This is supported by the findings in the 

categories of captions that are related to 

one another and those that are not 

related. These classifications result from 

taking the surrounding words into 

account. The Show and Tell approach for 

picture captioning was proposed by   [13]. 

The Show and Tell technique employs 

both neural machine translation and 

picture recognition. The Inception-v3 

model and LSTM are combined in the 

suggested approach. During the 

captioning process, the LSTM cell is used 

to hold auxiliary words, while the 

Inception-v3 model handles object 

recognition. The Inception-v3 model 

processes the input image for object 

recognition first, creating the vector 

representation of the image. This vector is 

utilized by the LSTM to produce 

descriptions. A Word Level Attention 

model for image captioning was put up by   

[14]. In order to process picture information 

with two models for precise word 

prediction, the model contains a word-level 

attention layer. The two modes are the 

attention mode, which extracts word-level 

attention, and the line level bidirectional 

spatial encoding, which is used for feature 

maps.. Additionally, it made use of 

bidirectional LSTM networks, which process 

words in both forward and backward 

orientations. The Word Level Attention 

Extraction approach harvests visual 

information to forecast the next word using 

a softmax activation function. Better phrase 

learning using Deep Convolutional Network 

is the emphasis of   [15] study. The method 

for extracting picture features is a deep 

Fisher Kernel one. A Fisher Vector is 

created by aggregating the retrieved 

activations. This method makes use of 

gLSTM in place of LSTM. As the process 

progresses, less is known about the input 

image because information about it is 

only supplied at the first step. The gLSTM 

provides an additional piece of 

information known as a "guide" that is 

related to the input picture data 

throughout the process.   [16-20] 

suggested a method that allows the usage 

of Read-Only LSTM with LSTM. The LSTM 

cell is a storage device that enables the 

storing of intermediate words, whereas 

the read-only LSTM cell provides image 

features. The current word must be 

forecasted in relation to the visual 

content, which is only provided in the first 

phase, using a separate unit that 

associates both the previous and current 

words. The LSTM with Read-Only Unit, a 

new extra unit designed, increases 

accuracy. 

 The NIC(Neural Image Caption) model 

was applied by Vinyals, Oriol, et al. The 

encoder used in the NIC model is CNN. 

[21-24]The pre-trained CNN's final layer is 

fed into the RNN decoder, which uses the 

network to categorize the images. This 

RNN decoder creates more sentences. 

They made use of LSTM, a more 

sophisticated RNN. Recently Xuetal 

suggested adding visual attention 

summarization to the LSTM model to 

enable it to concentrate its gaze on 

distinct objects while generating related 
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words. For creating captions for images 

that are human-like, neural language 

models are helpful. With the exception of 

the newest methods, they all adhere to a 

similar encoding-decoding structure that 

combines caption creation with visual 

attention.[25] This work dealt with the 

third category of caption creation 

techniques. In our work we have designed a 

model which produces explanations for 

images in natural language. The image 

encoder CNN is employed. The RNN 

decoder generates the phrase using the 

last hidden layer as input prior to pre-

training for image classification tasks.[26] 

This research presents a neural 

architecture for caption generation from 

images. The foundation of this system is 

mostly taken from probability theory. It is 

feasible to get better results by employing 

a robust mathematical model, which 

maximizes the likelihood of the right 

translation for both inference and 

training. For our model to work, we need 

a dataset that includes both the captions 

and the images. The dataset should allow 

the training of the picture captioning 

model. [27]The Flickr8k dataset is a 

benchmark dataset that is openly 

available for picture to sentence 

description. This collection consists of 

8000 images, each with five captions.   

 

Fig.1 Working flow of the model 

 

3. Image Data Preparation 

The Flickr website's images come from a 

variety of groups. The things and 

behaviors depicted in each caption are 

clearly described. The lack of photographs 

of famous individuals and locations makes 

the dataset more generic as it shows a 

diversity of events and circumstances. 

1000 photos are in the development 

dataset, 1000 images are in the test 

dataset, and 6000 images make up the 

training dataset. The dataset has the 

following characteristics that make it 

appropriate for our job: The model 

becomes generic and avoids getting over-

fitted when multiple captions are mapped 

to a single image. The image captioning 

model can be made more robust by using 

a variety of training picture types that 

cover a range of image types. 

In order to train a deep learning model, 

the image should be transformed into 

relevant features. Before any image is 

taught using a deep learning model, 

features must first be extracted from the 

image. A convolutional neural network 

(CNN) with the Visual Geometry Group 

(VGG-16) model is used to extract the 
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features. This model also won the 2015 

Image Net Large Scale Visual Recognition 

Competition by successfully classifying the 

photographs into one of the 1000 classes 

offered in the challenge. Therefore, since 

image captioning calls for the 

identification of images, this model is 

perfect for usage in this project. The 

deeper number of layers in the VGG-16 

network, which has 16 weight layers, aids 

in more accurate extracting features from 

photos. The VGG-16 network's design is 

straightforward due to the 

usage of 3*3 convolutional layers, and it 

employs a maximum pooling layer 

between each layer to lower the image's 

volume size of 24. After the last layer of 

the image that predicts categorization has 

been eliminated, The feature is the 

internal representation of the picture just 

prior to categorization. This model creates 

a 1-dimensional 4096 element vector by 

extracting properties from the input 

image, which must be 224x224. For each 

photograph in the Flickr8k collection, 

numerous descriptions are provided. Each 

image's id is used as a key during the data 

preparation stage, and a dictionary is used 

to store the captions that go with each 

one as values.  

Fig.2 Caption Data Preparation 

 

Raw text must be converted into a format 

that machine learning or deep learning 

models can understand. The text is 

cleaned as follows before to use. 

Eliminating punctuation deleting the 

numbers, eliminating words of a single 

length characters are changed from 

uppercase to lowercase. Stop words are 

included in the text data because 

removing them would make it more 

difficult to create a caption that is 

grammatically correct.  

Table 1. Data cleaning of captions 



    
 

345 
 

 

Vol 44 No. 7 
July 2023 

Journal of Harbin Engineering University 
ISSN: 1006-7043 

 

For picture captioning, there are three 

databases with a wide variety of image 

formats. Eight thousand images make up 

the Flickr8K Dataset, of which six 

thousand were utilised for training, one 

thousand for validation, and one 

thousand for testing. The Flickr30K 

Dataset consists of 30K total photos, 28K 

for training, 1K for validation, and 1K for 

testing. Microsoft unveiled MSCOCO, a 

dataset for object identification and 

picture captioning. 82783 training images, 

40504 validation images, and 40775 

testing images are included in the 328K 

total number of images that make up 

MSCOCO. Experimental results in 

preprocessing showed that classification 

with grey scale images resulted in higher 

accuracy classification than with RGB 

images. Its helps in simplifying algorithms 

and as well eliminate the complexities 

related to computational requirements. 

The noise reduction is done with Gaussian 

filter which is a low pass filter passed 

through each pixel to find the edge of the 

object that remains clear. Our Model used 

Morphological technique Dilation to make 

objects more visible and fills in small holes 

in object and hence making lines thicker 

and filled shapes appear larger. By 

determining how similar each word is to a 

reference sentence, the resulting 

sentences are assessed using various 

metrics. 

 

4. Architecture Overview 

This shows the entire layout of our 

working model, including all of its parts 

and the states that exist when the process 

is being executed. The very first step of 

the picture feeding process is shown, 

followed by the parsing and conversion of 

the image into vectors. All of the image-

related information is recorded and fed to 

the model using the Flickr dataset. In 

order to construct the caption with the 

aid of language processing and data that 

has been trained and saved, CNN is used 

for the encoding and STM for the 

decoding of the descriptive data that play 

the image again while ageing. This results 

in the output of a generated caption. 

 

Fig.3 Architecture overview 
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Data preprocessing - images: 

The only thing that images are to our 

model is input (X). Any input to a model 

must be provided as a vector, as you may 

already be aware. Every picture must be 

converted into a fixed-size vector before 

the neural network can utilise it as input. 

We choose transfer learning for this 

purpose utilizing Google Research's 

Inception V3 model of convolutional 

neural networks. 

This model was trained using the Visual 

Genome Corpus dataset to perform image 

classification on 1000 different kinds of 

pictures. However, our goal is to just 

obtain a fixed-length informative vector 

for each image, not to categorize the 

image. The term "automated feature 

engineering" refers to this procedure. 

Data preprocessing - captions: 

Here, the challenge is predicting the 

captions. As a consequence, during the 

training phase, captions will serve as the 

target variables (Y) that the model is 

learning to forecast. The entire caption, 

however, cannot be foreseen based solely 

on the image. Each word in the caption is 

predicted. Therefore, each word must be 

encoded into a fixed-sized vector. 

Data preparation using generator 

function: 

Take the first picture, Image 1, which has 

the caption "start seq the black cat sat on 

grass end seq" as its associated text. Keep 

in mind that the input is the picture 

vector, and the prediction is the title. 

However, the caption that follows is 

expected: 

First, the picture vector and the first word 

are provided as input, and then the 

second word is attempted to be 

predicted, i.e.Input=Image_1+‘startseq’; 

Output=‘the’ 

Following that, an image vector and the 

first two words are given as input, and the 

third word is attempted to be predicted, 

i.e.  

Input = Image_1 + ‘startseq the’;  

Output = ‘cat’ 

And so on… The main text file which 

contains all image captions is 

Flickr8k.token in our Flickr_8k_text 

folder. 

 

Fig.4 Flicker Data project Set text format 
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Extracting the feature vector from all 

images: 

Using pre-trained models that have 

already been trained on huge datasets, 

this method extracts their properties and 

applies them to our problems. Transfer 

learning is another name for it. We 

employ the Xception model, which was 

created using the imagenet dataset, which 

consists of 1000 different classes. Direct 

import of this model is possible from 

keras applications. Having an internet 

connection is essential because the 

weights are downloaded 

automaticallySince the Xception model 

was first developed for imagenet. It's 

important to know that the Xception 

model takes input for photos up to 

299*299*3 in size. 2048 feature vectors 

are obtained once the last classification 

layer is removed.Model = Xception 

(include_top = False, pooling = ‟avg‟) 

All images' features will be extracted by 

the function extract features(), which also 

associates each image's name with a 

corresponding feature array. The features 

dictionary is then dropped into a pickle 

file called "features.p." Depending on 

your system, this process could take a 

long time. It will take about 7 minutes to 

complete this assignment using an Nvidia 

1050 GPU for training purposes. This 

procedure takes 4 to 5 hours because to 

the CPU. Code may be commented, and 

features may be loaded straight from a 

pickle file.

 

 
Table 2. Word Prediction Generation Step by Step 

 

Training the model: 

6000 training photos are delivered in 

batches, and the model is then used to fit 

the data.To produce the input and output 

sequences, fit the generator() function. 

After that, save this model to a folder; this 

process may take some time. 



    
 

348 
 

 

Vol 44 No. 7 
July 2023 

Journal of Harbin Engineering University 
ISSN: 1006-7043 

 
Fig.5 Final Model Structure 

 

 

5. PERFORMANCE ANALYSIS 

BLEU 

 A quality metric score for MT 

systems called BLEU aims to gauge how 

closely a translation produced by a 

computer and one produced by a human 

coincide. The fundamental tenet of BLEU 

is that a machine translation is better the 

more closely it resembles a qualified 

human translation. Only the source 

sentences and translations chosen for the 

test are used to evaluate a system's 

performance in BLEU tests. It is frequently 

feasible to score good translations 

negatively since the translation that was 

chosen for each segment may not be the 

only accurate one. As a result, especially 

when it comes to information that differs 

from the specific test material, the ratings 

don't always accurately reflect a system's 

prospective performance. 

 

ROUGE  

By comparing overlapping n-grams, word 

sequences, and word pairs, we use 

ROUGE-L, which effectively measures the 

longest comm, as it was previously 

established by Lin (2004) to assess 

summarization systems. Between each 

pair of sentences in this sub-sequence, 

Long phrases are preferred by ROUGE 

since it heavily relies on recollection, as 

well highlighted by (Vedantamet al., 

2015).  

 

Fig.6 Graph comparing metrics 
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CIDEr 

 CIDEr(Consensus - based Image 

Description Evaluation) (Consensus - 

based Image Description Evaluation) 

(Consensus-based Image Description 

Assessment) This metric evaluates how 

much a sentence that was generated 

resembles a group of ground truth 

sentences that were authored by 

humans. This indicator shows that the 

majority of people, as determined by the 

measure, strongly concur. 

Accuracy 

While analysing the accuracy of 

94.8% for 30 epochs, we use the CIDEr 

metrics. In particular, human participants 

are provided a triplet of descriptions for 

evaluation purposes—one reference and 

two candidate descriptions—and asked to 

choose the candidate description that 

most closely resembles the reference. If a 

measure awards a greater score to the 

human subject's selection of the 

reference caption as being more 

comparable, it is considered to be 

correct.. 

Fig.7 Testing image 1 

TESTING 

Paragraph: On the road, five horses are 

running. One by one, the horses are 

running in a line. There are clouds and 

blue sky. The horses have brown and 

white colour. At a considerable distance 

from the horses, there are poles. 

Fig.8 Testing image 2 

Paragraph: On the grass, a girl and 

another person are seen. A person is 

holding an umbrella while wearing a black 

shirt and black pants. A girl wearing a 

yellow dress, white shoes, and a cap. 

Behind the two people, there is a long 

tree. 
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Table 3. Experiment Result By determining how similar each word is to a reference 

sentence, the resulting sentences are assessed using various metrics. 

 

 

Table 4. Different methods are performed against different evaluation metrics. 

 

 
 

Fig 9 Efficient dataset 

 

Fig.10 Usage of LSTM+CNN model compared with the usage of RNN+CNN model 
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Fig.11 Efficient algorithm 

 

Observation Of Results: 

  The examples above show the 

outcomes of picture captioning using 

VGG16 and InceptionV3. The Flickr8K 

Dataset, which included 1000 test 

photographs, was used to generate the 

results. With both CNN variations, the 

model was assessed using the CIDEr 

score. The resulting VGG16 and 

InceptionV3 CIDEr scores are 0.3692 and 

0.3572, respectively. The training with 

those CNNs revealed that the InceptionV3 

offers outcomes that are relatively similar 

to those of VGG16, but with a larger 

number of epochs. InceptionV3 requires 

12 epochs while the VGG16 model only 

needed 7 epochs to produce equivalent 

results. After 7 epochs, the application of 

LSTM produced a CIDEr score of 0.39. 

 

Sample Screenshots: 
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6. Conclusion 

In this article, we've discussed about deep 

learning-based image captioning methods 

and provided some context for the 

project's conclusion. We looked at the 

benefits and drawbacks of various 

evaluation criteria and datasets. A brief 

summary of the experiment's findings is 

also provided. We provided a brief 

overview of several potential research 

directions. Despite the impressive 

progress made in recent years by deep 

learning-based image captioning 

techniques, it is still not possible to create 

high-quality captions for almost all 

photos. Automatic picture captioning will 

remain a hot topic for research with the 

introduction of novel deep learning 

network architectures. The captions for 

the nearly 8000 images that make up the 

Flickr 8k dataset that we used are also 

included in the text file. Despite the fact 

that deep learning-based image 

captioning methods have advanced 

significantly in recent years, a dependable 

method that can produce captions of a 

high calibre for almost all photos has not 

yet been created. Automatic photo 

captioning will continue to be an 

attractive study topic for some time to 

come with the introduction of innovative 

deep learning network designs. The future 

of image captioning is very promising as 

more people use social media every day 

and the majority of them post images. 

They will therefore gain more from this 

effort. 

 

Fututre Scope 

  Picture captioning has become a 

big problem as a result of the internet's 

and social media's exponential rise in 

picture content in recent years. This study 

discusses the many image retrieval 

studies that have been carried out in the 

past and emphasizes the various 

approaches and strategies employed in 

the research. Future study in this field has 

a great deal of potential because it is 

challenging to extract features from 

photographs and calculate how similar 

they are. Using characteristics such as 

colour, tags, picture retrieval with image 

captioning 54, histogram, etc., current 

image retrieval systems use similarity 

calculation. Results cannot be completely 

accurate because these methodologies 

are independent of the image's context. 

In order to tackle this problem in the 

future, a full research of picture retrieval 

using the image context, such as image 

captioning, is necessary. By enhancing this 

work in the future to better identify 

classes with lower precision, more image 

captioning datasets can be used to train 

the system. This methodology may also 

be used with older image retrieval 

methods like the histogram, shapes, etc. 

to determine if the results improve. 
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