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Aim: The objective of the work is to increase the precision of object detection using novel image classification using machine 

learning algorithms. Materials and Methods: The categorising is performed by adopting a sample size of n = 10 in Faster R-

CNN (RPN) and sample size n = 10 in Fast R-CNN (Selective Search) algorithms with a sample size = 10 and the G-Power 

analysis was carried out with 80% and confidence interval 95%. Results and Discussion: The observation of the outcomes 

shows that the Faster R-CNN using region proposal networks has a high accuracy of 81.72% in comparison with the Selective 

Search based Fast R-CNN 79.61%. A statistically significant difference exists between the research groups with p=0.028 (2 

tailed) (p<0.05). Conclusion: Detection of objects with high accuracy using machine learning algorithms shows that the 

regional proposal network based Faster R-CNN  generates higher accuracy than the Selective search (Fast RCNN) algorithm.  
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INTRODUCTION  
 

In today's fast-paced environment, computer vision has a critical role in identifying things with higher speed and 

precision. The purpose of this work is to increase the accuracy of recognizing items in computer vision through 

image classification using machine learning algorithms by means of region proposal networks (Lv et al. 2018). 

Computer vision's major process is object detection, it is quite a complex problem for a system (Arulprakash and 

Aruldoss 2021). Since robotic vision is a major thing in the trending world with driverless vehicles, traffic 

detections, tracking items and many security purposes (Jiang et al. 2018). It was focused to develop a low cost 

object recognition system and enhance the accuracy and speed in order to identify items with accuracy and 

identifying correctly (Novotny and Matas 2015). 

 

Predicting items using item identification algorithms for over past years and several surveys have been published 

in the last years over 17,600 articles from Google Scholar, 7761 journals IEEE Xplore digital library, 975 research 

articles from ScienceDirect. Among all the articles and journals, the most cited paper is (Ren et al. 2017). The 

model produced by the (Ren et al. 2017) is very accurate and much more efficient compared to the Selective 

search model. The classifier and regressor are part of region proposal networks. The probability of the desired 

object in the input image is recognized by the classifiers. Through Regressor the coordinates of the model output 

will be regressed. (Zheng, Chen, and Hu 2019). The concepts of Anchors are introduced in this model. The main 

function of the sliding window is Anchor (Laban et al. 2019). As a result, this algorithm is resistant to translations, 

and translational invariance is one of its important qualities (Soni 2019). 
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Our institution is passionate about high quality evidence based  research and has excelled in various fields (Parakh 

et al. 2020; Pham et al. 2021; Perumal, Antony, and Muthuramalingam 2021; Sathiyamoorthi et al. 2021; 

Devarajan et al. 2021; Dhanraj and Rajeshkumar 2021; Uganya, Radhika, and Vijayaraj 2021; Tesfaye Jule et al. 

2021; Nandhini, Ezhilarasan, and Rajeshkumar 2020; Kamath et al. 2020). This method which was used before 

has less accuracy on detecting objects. It is very important to predict and determine the objects in minimum time 

to prevent issues. For example, driverless vehicles need to identify the object within a fraction of seconds and 

analyse the situation to move forward, otherwise there will be many consequences. The research gap found to be 

the low accuracy and constant speed to identify the object is lacking in the previous model. Different attributes 

proposed in the previous system have become less efficient as the environment changes. In order to sequence the 

methods and techniques in this research generally fairs better than Selective search (Fast R-CNN) which is based 

on the softmax layer (Girshick 2015). It also takes a lot more time to render all the images to train the model 

compared to Faster R-CNN (SNMS) (Cai and Vasconcelos 2018). The objective of the work is to increase the 

precision of detecting items using region proposal networks over Selective search machine learning algorithms 

such as Faster region convolutional neural network over Fast region convolutional neural network to improve 

accuracy. 

 

MATERIALS AND METHODS 
 

The work was carried out in the Image Processing Lab, Department of Computer Science and Engineering, 

Saveetha School of Engineering, SIMATS. Basically, it is considered with two groups of classifiers namely Faster 

R-CNN (Regional Proposal Network) and Fast R-CNN (Selective search), it is used to identify objects in images 

with various image datasets and labels. Group 1 is the Faster R-CNN with the sample size of 10 and Group 2 is 

the Fast R-CNN with sample size of 10 and it was used to compare for more accuracy score and loss values for 

choosing the best algorithm to detect objects correctly. A Sample size of 20 different values has been calculated 

with the G power having 80%, 95% confidence interval, alpha as 0.05 and beta as 0.2 values and standard 

deviation for Faster R-CNN = 1.68131 and Fast R-CNN  = 2.81191. 

 

The dataset used in the model for prediction process has been collected from the Kaggle website. The dataset can 

be found as the Fruit Recognition dataset created by the owner (Chris Gorgolewski). The dataset contains different 

label images around 660 files of apple class labels and equally other class labels named Class A and Class B 

respectively.The images were collected in various kinds of conditions to obtain accurate results even under 

different low light conditions. The data is further processed for training and testing datasets and has been split up 

in the ratio of 70% and 30% respectively. Adapting Google Collaboration as the software which will provide a 

wide Range of GPUs. The Gpu used is the Nvidia Tesla K80. The configurations of the system used are Intel i5, 

5th Gen CPU @ 2.8GHZ, 8 GB RAM, and 64-bit OS.  

 

Faster R-CNN 

Faster R-CNN is one of the primary techniques. It is a deep convolutional network which serves as a core approach 

by importing regions and employs Translation-Invariant Anchors with Novel Image Classification technique 

(Faster R-CNN). The full system acts as a sole, cohesive model with heed processes. This model informs the 

region-convolutional neural layer to process the image. The Region Proposal Network includes a picture as input 

later converts into a collection of rectangles, and object suggestions, each with a defined value. This is 

accomplished through the use of a fully connected layer including certain additional layers with a Fast R-CNN 

system, an item identification model that employs Translation-Invariant Anchors. The areas are created by a tiny 

network on a complex feature map. The final layer shares the feature map as the outcome of the input image. 

 

Pseudocode 

Step 1: Import tensorflow 

Step 2: from weights import weightsPath 

Step 3: Import region based classifiers 

Step 4: Blob → cv2.dnn.blobFromImage(frame) 

Step 5: net.setInput(blob) #passing the blob as an input to the ConvNets 

Step 6: box → boxes[0,0,i], left → int(frameW*box[3]) #Acquiring bounding boxes 

Step 7: cv2.rectangle(frame, color,2) #drawing bounding boxes 

Step 8: Resize and reshape the image and form a cluster pixel 

Step 9: Accuracy of the Faster R-CNN. 

 

Fast R-CNN  
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The second approach is developed with selective search (Fast R-CNN) and the primary approach is Faster R-

Convolutional Neural Network which developed using region proposal networks. The Fast R-CNN is given a 

picture with a set of item suggestions as input. The model takes the input and analyses the entire picture with a 

pipeline of neural networks with softmax layers on top to obtain a feature map. After that it derives some item 

propositions from the feature map based on the region of interest (ROI) layer. Individual feature propositions will 

undergo a multiple sequence of fully connected (FC) layers, which eventually part into two related output layers. 

This yields a softmax layer chance to predict for K object categories as well as to catch required details of the 

image, and another layer that yields four integer values for each K object category. Each four-value set encodes 

revised bounding-box coordinates for one of the K categories (Wang, Shrivastava, and Gupta 2017).  

 

Pseudocode 

Step 1: Import selective search layer 

Step 2: Import tensorflow 

Step 3: Conf Threshold → 0.5, maskThreshold → 0.3 

Step 4: Import classifiers 

Step 5: From config import configPath,configPath → .../rcnn_inception_v2_coco_Data.pbtxt 

Step 6: net.setInput(blob) #passing the blob as an input to the ConvNets 

Step 7: for k in range(numDetections): 

Step 8: box → boxes[0,0,k] 

Step 9: cv2.rectangle(frame,(startX,startY),(endX,endY),color,2) #drawing bounding boxes 

Step 10: Accuracy of the Fast R-CNN regional proposal network. 

 

Statistical Analysis 

IBM SPSS (version 26) statistical tool is used for analysis. 10 iterations were done with a sample size of 10 for 

each of the algorithms and predicted accuracy was noted for analysis. And the sample size was calculated using 

G power of 80%  for each group and confidence interval of 95% for the two groups. The value obtained from the 

iterations of a total 20 samples 10 iterations from two individual algorithms and conducted an Independent Sample 

T-test using SPSS statistical tool. The dependent data sets are ImageNet. The independent values are AlexNet, 

VGGNet (Ren et al. 2017). The fragmented analysis has been done with independent variables labelled images, 

bounding box coordinates and dependent variables are accuracy, duration, and feature graded object graph to find 

the objects with more accuracy and speed. 

 

RESULTS 
 

The model has been trained through different label images. Group statistics of Faster R-CNN by Fast R-CNN by 

grouping with iterations sample size of 10 is shown in Table 1. It was observed that Faster R-CNN is having 

greater precision value over Fast R-CNN model. 

In Table 2, The statistical analysis of two independent groups shows that the Faster R-CNN have higher accuracy 

mean 81.72% compared to selective search based Fast R-CNN with accuracy 79.61%. Standard Deviation = 

1.68131, Standard Error Mean = .53168. Descriptive Independent Sample Test of Accuracy is applied for the 

dataset in SPSS.  

In Table 3, The Significant value= 0.600, Mean Difference= 2.11000 and confidence interval = (-.06662 - 

4.28662) of Faster R-CNN and Fast R-CNN respectively. The significance value is p=0.028 (p<0.05) with an 

independent sample T-Test. Images, labels and tested datasets independent variables. 

Figure 2, represents the simple bar graph comparison of mean accuracy on Faster R-CNN and Fast R-CNN. 

 

DISCUSSION  
 

This work on identifying items in pictures, subsequently termed object detection, is very essential in many 

industries in order to comprehend different scenarios by computer systems (Pathak, Pandey, and Rautaray 2018). 

Identifying items using Faster R-CNN based on the region proposal network (Ren et al. 2017) is pragmatically 

proven to be highly effective than Fast R-CNN which is based on selective search with softmax layer, the same 

can be observed using the Independent sample T-test. The mean accuracy is 81.72% for Faster R-CNN and 

79.61% for Fast R-CNN. And the statistical 2-tailed significant difference in accuracy for two models is 0.028 

(p<0.05). The core argument is to prove that detection of objects in various conditions, Faster R-CNN through 

Novel image classification is a better method. And in many of the recent findings, it has been observed that the 

Region proposal network with Translation-Invariant Anchors is the most focused and better method of detecting 

objects with more accuracy than Fast R-CNN (Girshick 2015). 
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Object identification uses a bounding box approach and also through a softmax layer to acknowledge and localise 

each object instance . It is commonly employed in driverless cars as a classic challenge in vision through 

computers (Akhtar and Mian 2018) and assistive robots (Subudhi 2009). Scale invariant feature transform is one 

of the commonly supported algorithms for identifying entities (“Real-Time Object Detection and Localization 

with SIFT-Based Clustering” 2012). and histogram of oriented gradient (HOG) (Patel et al. 2020). These 

approaches extract the thin features and scan the picture for locations with the highest class-specific response. 

However, these strategies are susceptible to noise and work effectively only on limited object categories. These 

issues restrict the applicability of standard object identification models. 

The success of cascade for identifying items (Cai and Vasconcelos 2018) and instance classification (Lin et al. 

2014) had other difficulties and limitations that are demonstrated, which are having slow process speed due to 

additional layers in the pipeline model that creates a huge process time to compile the picture where likely 

multilayered object detection might not be a future paradigm for quick and precision trade off. The most common 

application of bounding boxes is to evaluate general item recognition methods using innovative image 

classification and Translation-invariant anchors instead of softmax layers (Bauckhage and Tsotsos 2005), 

therefore this approach is adopted in this work. However, as the future enhancement, the research community 

progresses from picture level classification to single object localisation, generic object recognition and pixel wise 

object segmentation, future problems are predicted to be at the pixel level. 

 

CONCLUSION 
 

The objective of the research is to increase the precision of object detection using novel image classification using 

computer vision algorithms. The accuracy and speed is improved significantly by use of the region proposal 

network method. The outcome of the Faster R-CNN based on region proposal networks showed higher accuracy 

81.72% than the Selective search based Fast R-CNN 79.61%. 
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Tables And Figures 

 

Table 1. Comparison of accuracy values of Faster R-CNN and Fast R-CNN models. The Faster R-CNN 

obtained accuracy of 81.72% compared to Fast R-CNN having 79.61%. The significant 2-tailed value for the 

two groups is P = 0.028 (p<0.05). 

        Sample 

(N)  
Dataset size  Faster R-CNN Fast R-CNN 

1 662 80.35 78.48 

2 554 80.25 78.56 

3 510 79.37 79.57 

4 494 82.96 78.88 

5 384 82.46 79.86 

6 287 83.56 80.35 

7 250 81.57 78.57 
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8 150 82.36 80.61 

9 134 79.35 79.95 

10 87 83.94 79.44 

 

Table 2. Group Statistics of regional proposal network based Faster R-CNN and Fast R-CNN by grouping the 

iterations with sample size 10, Mean = 81.7280 and 79.6180 respectively, Standard Deviation = 1.68131. 

Descriptive Independent Sample T-Test of Accuracy is applied for the dataset in SPSS. 

 Group  N  Mean  Std. Deviation 
Std.Error 

Mean 

Accuracy Faster R-CNN 10 81.7280 1.68131 .53168 

 Fast R-CNN 10 79.6180 2.81191 .88920 

 

Table 3. Independent Sample T-Test is applied for the dataset fixing confidence as 95% and level of 

significance as P = 0.028 (p<0.05). 

 

Levene’s 

test for 

equality of 

variances 

 

t-test for Equality of Means 

 

Accuracy 
 

F  

 

Sig. 

 

t 

 

df 

 

Sig.(2- 

tailed) 

p 

 

Mean 

Difference 

 

Std. Error 

Difference 

95% Confidence Interval 

of the Difference 

Lower  Upper  

Equal 

variances 

assumed  

.285 .600 2.037 18 0.028 2.1100 1.03603 -.06662 4.28662 

Equal 

variances 

not 

assumed 

  2.037 14.706 0.028 2.11000 1.03603 -.10210 4.32210 
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 Fig. 1. The Architecture of Faster Region based - Convolutional Neural Network. 
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Fig. 2. Comparison of regional proposal network based Faster R-CNN in terms of mean accuracy. As the graph 

shows the mean accuracy of the Faster R-CNN is greater than the Fast R-CNN. X-Axis: Faster R-CNN and Fast 

R-CNN models, Y-Axis: Mean Accuracy of detection ± 1 SD. 


