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Aim: To grasp the context of a picture and explain it in natural languages, such as English, using an image caption generator 

and processing ideas. Materials and Methods: The performance analysis for the highest accuracy in picture caption 

generator using beam search (N=10) and long short term memory (N=10) with 70% and 30% split sizes of training and test 

datasets, using G-power setting parameters: (α=0.05 and power=0.86) respectively Results: RNN has significantly better 

accuracy (91%) compared to long short term memory accuracy (76%) and attained the significance value of 0.670 (Two-

tailed, p>0.05). Conclusion: Recurrent neural networks achieved significantly better classification than Long short-term 

memory for generating a description of the image. 
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INTRODUCTION 

 
Automatic caption generation is a tough undertaking that can aid visually challenged persons in understanding 

the content of web images (Bai and An 2018). It may also have a significant impact on search engines and 

robots. This problem is substantially more difficult than image categorization or object recognition, both of 

which have been extensively researched (Mishra and Banerjee 2020). We have explored a few techniques to 

produce good results since researchers have been involved in discovering an effective strategy to generate better 

forecasts (Kameswari 2021). To create a good model, we used deep neural networks and machine learning 

techniques. We used the Flickr8k dataset, which contains approximately 8000 example photographs with five 

captions each (Wang et al. 2016). The applications include editing apps, novel capitalizations on generation in 

virtual assistants, encoder-decoder, picture indexing, visually impaired people, for social media and a variety of 

other natural language processing applications are among them. It aids in the creation of an image caption 

(Dehaqi, Seydi, and Madadi 2021) 

 

The LSTM and simple RNN were used in different ways. Recent articles have sparked my interest. 

Approximately 175 papers were located in IEEE Xplore, while 213 papers were identified in the ScienceDirect 

database (Han and Choi 2020; Agrawal et al. 2021). The Python libraries utilized throughout the development 

included Keras, which features a VCG net for9image recognition, and TensorFlow(Brownlee 2018). We tested 

numerous encoder-decoder models on our system to determine how they affect captions development and to 

demonstrate various application cases (Vo, n.d.). For the image caption generator, develop a unique parallel-

fusion RNN and LSTM architecture (Verma et al. 2021). The proposed technique involves improving 

performance and efficiency. Make a different caption generation survey available. Split photo captioning 

approaches into groups based on the strategy in each method was quite beneficial in knowing how to execute 

novel image captions with a flickr8k dataset of images (Tan and Chan 2019). Our team has extensive knowledge 

and research experience  that has translate into high quality publications(Bhansali et al. 2021; Jayanth et al. 

2021; Sudhakar, Ravel, and Perumal 2021; Sathiyamoorthi et al. 2021; Deepanraj et al. 2021; Raju et al. 2021; 

Arun Prakash et al. 2020; Kamath et al. 2020; Shanmugam et al. 2021; Rajasekaran et al. 2020; Adhinarayanan 

et al. 2020; Rajesh et al. 2020; Aurtherson et al. 2021) 
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The topic of improving feature extraction and RNN classifier efficiency was thoroughly covered. In the 

novel image caption generation, the Long Short Term Memory classifier that was used to train flickr8k data 

produced better results. The flaw in the existing system's research gap has a lower degree of accuracy. The aim 

of this research is to increase classification accuracy by adding RNN and comparing its performance to that of 

LSTM by encoder-decoder models (Aghav 2020). With the use of novel image caption and deep learning 

techniques, the proposed model improves classifiers to better discriminate objects (Kinghorn, Zhang, and Shao 

2018). 

 

Materials And Methods 
 

The study setting of the proposed work is done inDBMS Laboratory, Department of Information 

Technology at Saveetha School of Engineering, Saveetha Institute of Medical and Technical Sciences, Chennai. 

Two different groups are used for the research. Group 1 is the RNN and LSTM algorithm. The 10 samples are 

collected for each group and a total of 20 samples are carried out for study with alpha 0.05 and beta is 0.2, 91% 

confidence interval, and 80% pretest power. In this research study, the performance of two algorithms RNN and 

LSTM  are compared. The independent variables are image type and the dependent variables are image size. 

This paper gives a new strategy to beautify the accuracy of the classifier by combining RNN (Classification 

algorithm) with the LSTM algorithm and finally using RNN to make top-quality desires on the classification 

problem. Experiments have proven that this new methodology has elevated the accuracy of the classification 

hassle and hence serves the intended purpose. 

 

Flickr8k dataset, which contains approximately 8000 example photographs with five captions each as a 

dataset. The encoder-decoder model used a collection of photos, roughly 680 images with descriptions on 

innovative captions generated. Recurrent neural networks were used to extract the captions, which were then 

preprocessed. The RNN algorithm, which accomplishes classification by forming groups of every single class in 

the data, is the first group in this study. The RNN classifier uses k groups as its input size and attempts to 

classify them as the value of significance. The proposed work is designed and implemented with the help of 

googlecolab software. The platform to assess deep learning was Windows 10 OS. The Hardware configuration 

was an Intel corei7  processor with a RAM size of 8GB. The system sort used was 64-bit. For the 

implementation of code, the python programming language was used. As for code execution, the flickr8k 

dataset is worked behind to perform an output process for accuracy. 

 

Recurrent Neural Network 

Presenting a parallel-fusion RNN-LSTM architecture that has only two major structures and no extra 

pieces when compared to the general model. The component of the novel image representation that uses CNN is 

based on RNN structures. while the part of the novel image caption generation that uses RNN structures is based 

on CNN. Used to extract picture features as well as align visual and verbal data. The parallel-fusion mode has 

been proposed. RNNs are a sort of Neural Network in which the output from the previous step is used as input 

in the next phase. All of the inputs and outputs in standard neural networks are independent of one another, 

however in some circumstances. The currently hidden state h(t) of the vanilla RNN is generated from the 

previously hidden h(t-1) and the current input x(t) by the basic equation of RNN is shown in (1) 

a(t) = b+Wh(t-1)+Ux(t)       (1) 

 

Pseudocodefor  Recurrent Neural Network 

INPUT: Training the flicker8K dataset for image caption generator  

OUTPUT: Description of each image and obtained accuracy. 

Step 1. Training the RNN Model 

Step 2. Features ("Images", "Captions") 

Step 3. Classes['Group'] 

Step 4. X dataset [Features].values 

Step 5. Y dataset [Classes). values 

Step 6. Train data, Test_Data, Valid_Data Test Train Split 

Step 7. Batch Size 4 

Step 8. LSTM Model Sequential Model 

Embedding layer (train data.length, Output_length, train data.columns), 

LSTM_Layer (Output_length)), 

Dense layer  (Output_length, activation='sigmoid')) 

Step 9. Loss 'binary_crossentropy", optimizer 'adam', Epochs 10 

Step 10. RNN_model.compile (Loss, optimizer)s 
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Step 11. RNN_model.train (Train_data, Epoch ,batch_size, Valid_data). 

 

Long Short-Term Memory 

An LSTM is a type of RNN that can deal with vanishing and exploding gradients as well as extended 

dependencies. A memory cell and different gates govern input, output, and memory behaviors in an LSTM. 

With input gate, input modulation gate an(𝑡)output gate Ux(t), and forgetting gate f(t) we use a Wh(t-1) this is the 

number of hidden units. The LSTM may carry out relevant information throughout the processing of inputs, and 

it can discard non-related information using a forget gate equation 2. 

 

𝑎(𝑡) = Wℎ(𝑡−1)+𝑈𝑥(𝑡)             (2) 

Pseudocode for Long Short-Term Memory 

 

INPUT: Caption generation. 

OUTPUT:  Classifier accuracy 

 

Step: 1 Generate five descriptions for each image. 

Step: 2 Get the data values and extract them.  

Step: 3 Find the dependent and independent attributes and divide them.  

Step: 4 Adjust the attributes so that there will be a loss function between them.  

Step: 5 finally make the regularization of the penalties for the loss function calculated.  

Step: 6 Return the predicted class.  

Step: 7 End program. 

 

Statistical Analysis 

SPSS software is used for statistical analysis of Recurrent Neural networks and Long Short Term 

Memory. Independent variables are images, caption generator, vocabulary, preprocessed words, and description 

length. Dependent variables are accuracy, precision, T-test analysis was carried out to calculate accuracy for 

both methods. 

 

Results 
 

With a sample size of 10, the suggested RNN algorithm and LSTM were run in Google colab at 

different periods. Table 1 shows the encoder-decoder models' anticipated novel image caption accuracy and 

recognition of novel image caption production. These ten data samples, along with their loss values, are utilized 

to create statistical values that may be compared for each algorithm. The mean accuracy of the RNN algorithm 

was 91%, while the LSTM method was 76% according to the data. RNN and LSTM mean accuracy values are 

shown in Table 3. The RNN's mean value is higher than the LSTM, with standard deviations of 7.16608 and 

7.71992, respectively. Table 4 presents the RNN and LSTM Independent sample T-test data, with a significant 

value of 0.670 (two-tailed, p>0.05). In terms of mean accuracy and loss, Fig. 1 shows a comparison of RNN and 

LSTM. 

 

Deep learning also specifies the group statistics value, as well as the mean, standard deviation, and 

standard error mean for the two techniques. The loss between two algorithms of RNN and LSTM is classified in 

the graphical form of comparative analysis. This shows that Recurrent Networks are substantially better with 

91% accuracy when compared to the 76% accuracy of Long Short Term Memory. 

 

Discussion 
 

The significance value achieved in the provided studyis 0.670 because, of a large number of datasets 

with fewer parameters (Two-tailed, p>0.05), implying that RNN appears to be superior to LSTM. The RNN 

classifier has a 91% accuracy rate, while the LSTM classifier has a 76% accuracy rate. In this work, a previous 

comparison of RNN versus LSTM is shown (Alahmadi, Park, and Hahn 2019). When compared to the LSTM 

classifier, this clearly shows that RNN appears to be a stronger classifier. This research compares the accuracy 

of RNN and LSTM shown in table 2, finding that RNN has a 91% accuracy and LSTM has a 76% accuracy 

(Poghosyan and Sarukhanyan 2017). RNN is a sort of artificial neural network used in deep learning to create 

captions for new images using previously saved datasets.  

 

RNN makes the relationship between these two concealed layers (Ly, Traore, and Dia 2021). The 

output layer can receive data from both the past and the future at the same time (Huang 2020). A similar LSTM 

may carry out relevant data throughout the interpretation of inputs, and it can discard non-related information 
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using a forget gate (K. 2020). The Opposite Recommendations in editing apps, Novel Caption generation in 

automated systems, encoder decoder, picture indexing, visually impaired people, for social media, and various 

more natural language processing applications were amongst these uses. It aids in the creation of an image 

caption (Tomar et al. 2022). 

 

The study's drawbacks include the fact that training a convolutional neural network takes a long time, 

especially with flickr8K datasets in deep learning (Yang et al. 2020). The dataset has several attributes that the 

classifier can utilize to improve prediction accuracy and work more effectively at achieving the vision. The 

future scope of image caption generators should be increased accuracy and exact precision numbers can be 

raised as a result of features like these, accuracy and exact precision numbers can be increased. The system 

should be enhanced to accommodate a bigger number of photos with less time spent training the data set in the 

future scope of this work. 

 

Conclusion 
 

This proposed work used both the algorithms RNN and LSTM Machine Algorithm to predict the 

accuracy. The RNN-LSTM model was created with the goal of automatically generating captions for the input 

images. This model can be applied to a wide range of situations.  Learned about the RNN model, and LSTM 

models, and verified that the model is capable of creating captions for the input images. It is observed that the 

RNN gives the best accuracy with 91% compared to the LSTM 76% 
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TABLES AND FIGURES 

Table 1. Group, Accuracy, and Loss value uses 8 columns with 8 width data for novel image caption generators. 

SI.NO Name Type Width Decimal Columns  Measure Role 

1 Group Numeric 8 2 8 Nominal Input 

2 Accuracy Numeric 8 2 8 Scale Input 

3 Loss Numeric 8 2 8 Scale Input 

 

Table 2. Accuracy and Loss Analysis of recurrent neural network and Long short term memory. 

S.No GROUPS  ACCURACY LOSS  

 

 

 

 

 

 

 

 

1 

 

 

 

 

 

 

 

 

RNN 

91.00 9.00 

81.68 18.32 

74.56 25.44 

86.25 13.75 

78.64 21.36 

85.78 14.22 

68.94 31.06 

90.56 9.44 

84.36 15.64 
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76.25 23.75 
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LSTM 

78.00 22.00 

67.21 32.79 

61.78 38.22 

73.56 26.44 

63.75 36.25 

59.14 40.86 

57.56 42.44 

75.12 24.88 

60.53 39.47 

56.85 43.15 

 

Table 3. Group Statistical Analysis of RNN and LSTM. Mean, Standard Deviation, and Standard Error Mean 

are obtained for 10 samples. RNN has higher mean accuracy and lower mean loss when compared to LSTM. 

Name  GROUP N Mean Std.Deviation Std.Error 

Mean 

ACCURACY RNN 10 81.8020 7.16608 2.26611 

LSTM 10 85.3500 7.71992 2.44125 

LOSS RNN 10 18.1980 7.16608 2.26611 

LSTM 10 34.6500 7.71992 2.44125 

 

Table 4. Independent Sample T-test: RNN is insignificantly better than LSTM with a p-value 0.670 (Two-

tailed, p>0.05) 

Name Variance

s 

F Sig. t df Sig 

(2-

tail 

ed) 

Mean 

Diffencen

e 

Std.Erro

r 

differenc

e 

Lower Upper 
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Fig. 1. Simple Bar Mean of Accuracy by RNN and LSTM Machine Algorithm, the bar chart representing the 

comparison of mean accuracy of RNN is 91 % and LSTM  is 76 %. X-Axis: RNN vs LSTM Machine 

Algorithm. Y-Axis: Mean accuracy. The error bars are 95% for both algorithms. The Standard Deviation Error 

Bars are +/- 1 SD. 


