
           INTERNATIONAL JOURNAL OF SCIENTIFIC RESEARCH IN ENGINEERING AND MANAGEMENT (IJSREM) 

          VOLUME: 07 ISSUE: 11 | NOVEMBER - 2023                                  SJIF RATING: 8.176                          ISSN: 2582-3930                                                                                                                                               

 

© 2023, IJSREM      | www.ijsrem.com                           DOI: 10.55041/IJSREM27083                                          |        Page 1 

X`  

 

 

Abstract - This research paper presents a 

comparative analysis of different image processing 

software's performance in the context of physical 

object sorting. The objective of this project is to 

develop a system that can accurately and efficiently 

sort objects based on their sizes and colors. The 

implemented code in Python serves as a benchmark 

for evaluating the advantages and features offered 

by various object detection models including 

YOLO, OpenCV, SSD, Faster R-CNN, RetinaNet, 

Mask R-CNN, EfficientDet, and Cascade R-CNN. 

This analysis aims to identify the novelty features 

and assess the effectiveness of each software to 

determine the most suitable approach for object 

sorting using image processing techniques. 
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I. INTRODUCTION 
In today's fast-paced world, the need for efficient physical object 

sorting has become increasingly important in various domains such 

as manufacturing, warehousing, and logistics. Traditional manual 

sorting methods are time-consuming, prone to errors, and not 

scalable for large volumes of objects. Therefore, the development of 

automated sorting algorithms has emerged as a critical requirement. 

This project aims to address this need by implementing an object 

sorting system based on sizes and colors using image processing 

techniques. 

To achieve accurate and efficient object sorting, image processing 

emerges as a viable solution. By analyzing images of objects, it 

becomes possible to extract relevant information such as size and 

color, which can then be used for sorting. Image processing 

techniques provide the ability to automate this process, saving time  

 

 
 

 

 

and reducing human error. Moreover, image processing enables real-

time performance, making it suitable for applications that require 

fast and reliable sorting. 

 

The core concept behind image processing lies in analyzing 

digital images and extracting meaningful information from them. 

This is achieved through a series of steps such as image acquisition, 

preprocessing, feature extraction, and classification. In the case of 

object sorting, the image processing algorithm will first acquire an 

image of the object to be sorted. Then, it will preprocess the image 

to enhance its quality and remove any noise. Next, features such as 

size and color will be extracted from the preprocessed image. 

Finally, the algorithm will classify the object based on these features 

and determine its appropriate sorting category. 

 

To determine the most efficient and accurate object-sorting 

algorithm, a comparative analysis will be conducted on various 

image processing techniques. This analysis will evaluate the 

performance of different algorithms such as YOLO, OpenCV, SSD, 

Faster R-CNN, RetinaNet, Mask R-CNN, EfficientDet, and Cascade 

R-CNN. Factors such as accuracy, computational efficiency, speed, 

and adaptability to object-sorting tasks will be considered. By 

comparing and contrasting the performance of these algorithms, this 

research aims to identify the most effective solution for physical 

object sorting based on sizes and colors.  

 

YOLO (You Only Look Once) algorithm offers real-time object 

detection by dividing the image into a grid and predicting bounding 

boxes and class probabilities for each grid cell. OpenCV, a widely 

used library, provides object detection and sorting capabilities 

through various pre-trained models and algorithms. SSD (Single 

Shot MultiBox Detector) achieves real-time detection using multiple 

convolutional layers with different scales, making it computationally 

efficient. Faster R-CNN combines a region proposal network with a 

CNN for accurate and robust object detection. 

 

RetinaNet addresses the class imbalance in object detection by 

introducing a novel loss function, achieving a balance between 

accuracy and speed. Mask R-CNN extends Faster R-CNN by 

enabling pixel-level object segmentation in addition to detection. 

EfficientDet, a family of object detection models, balances accuracy 

and computational efficiency using a compound scaling technique. 
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Cascade R-CNN improves detection performance through cascading 

stages of refined bounding box predictions, enhancing object sorting 

accuracy. By comparing these algorithms, we aim to identify the 

most suitable approach for physical object sorting based on sizes and 

colors. 

Through the comparative analysis of these object detection 

models, it is expected to gain insights into their advantages and 

features. 

 

II. METHODOLOGY/EXPERIMENTAL 

 

A. Theory – 

 

 

Image analysis is the process of extracting meaningful 

information from digital images. It involves various steps, 

starting with image acquisition, where an image of the object 

to be sorted is obtained. Preprocessing techniques are then 

applied to enhance the image quality and remove any noise or 

distortions. These techniques may include resizing, noise 

reduction, and contrast adjustment. 

 

Feature extraction plays a crucial role in object sorting. The 

algorithm extracts relevant features such as size and color 

from the preprocessed image. Size-based sorting involves 

determining the dimensions of the object and comparing them 

to predefined size thresholds to assign the object to a specific 

category. Color-based sorting focuses on analyzing the color 

composition of the object and classifying it based on 

predefined color ranges or criteria. 

 

To achieve accurate and efficient object sorting, object 

detection models are utilized. These models utilize deep 

learning techniques, such as convolutional neural networks 

(CNNs), to detect and classify objects within an image. The 

selected models for this research include YOLO, OpenCV, 

SSD, Faster R-CNN, RetinaNet, Mask R-CNN, EfficientDet, 

and Cascade R-CNN. 

 

YOLO (You Only Look Once) algorithm divides the image 

into a grid and predicts bounding boxes and class probabilities 

for each grid cell. OpenCV provides a wide range of pre-

trained models and algorithms for object detection and sorting 

tasks. SSD uses multiple convolutional layers with different 

scales to achieve real-time object detection. Faster R-CNN 

combines a region proposal network with a CNN for accurate 

and robust object detection. 

 

RetinaNet addresses the class imbalance in object detection 

by introducing a novel loss function, achieving a balance 

between accuracy and speed. Mask R-CNN extends Faster R-

CNN by enabling pixel-level object segmentation in addition 

to detection. EfficientDet achieves high accuracy while being 

computationally efficient by using a compound scaling 

technique. Cascade R-CNN improves detection performance 

through cascading stages of refined bounding box predictions. 

 

By understanding the underlying theory of image analysis, 

feature extraction, and object detection models, we can 

effectively implement and evaluate the object sorting 

algorithm. This theoretical foundation provides the basis for 

comparing and analyzing the performance of the different 

image-processing software in the subsequent sections of the 

research paper 

 

B. Algorithm  

A very basic Algorithm will look like this – 

 acquire_image() 

preprocess_image() 

extract_features() 

size_based_sorting() 

color_based_sorting() 

detect_objects() 

refine_sorting() 

generate_output() 

 

acquire_image(): 

The first step in the algorithm is to acquire an image of the 

object to be sorted. This can be achieved through various 

methods, such as capturing an image using a camera or 

retrieving an image from a pre-existing dataset. The acquired 

image will serve as the input for further processing. 

 

preprocess_image(): 

Once the image is acquired, it undergoes preprocessing to 

enhance its quality and remove any unwanted noise or 

distortions. Common preprocessing techniques include 

resizing the image to a standard size, applying noise reduction 

filters, and adjusting the contrast or brightness. These 

operations ensure that the subsequent analysis is performed 

on a clean and consistent image. 
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extract_features(): 

In this step, relevant features are extracted from the 

preprocessed image. Size-based sorting involves determining 

the dimensions of the object by measuring its height, width, 

or area. Color-based sorting focuses on extracting the color 

information from the image, such as the RGB values or color 

histograms. These extracted features will be utilized for 

subsequent classification and sorting. 

 

size_based_sorting(): 

Based on the extracted size features, the algorithm compares 

the object's dimensions to predefined size thresholds or 

categories. This enables the algorithm to assign the object to 

the appropriate size-based sorting category. For example, 

objects smaller than a certain threshold may be categorized as 

"small," while objects larger than another threshold may be 

categorized as "large." 

 

color_based_sorting(): 

Using the extracted color features, the algorithm analyzes the 

color composition of the object. It compares the color 

information to predefined color ranges or criteria to determine 

the object's color-based sorting category. For instance, objects 

with predominantly red hues may be categorized as "red," 

while those with mostly green or blue hues may be 

categorized accordingly. 

 

detect_objects(): 

To further refine the sorting process, object detection models 

are employed. These models, such as YOLO, OpenCV, SSD, 

Faster R-CNN, RetinaNet, Mask R-CNN, EfficientDet, or 

Cascade R-CNN, utilize deep learning techniques to detect 

and classify objects within the image. The selected model will 

help identify the presence of objects and provide additional 

information for sorting. 

 

refine_sorting(): 

After detecting the objects within the image, the sorting 

algorithm refines the initial size and color-based 

categorization. This is done by cross-referencing the detected 

objects' properties with the previously assigned categories. If 

any inconsistencies or mismatches are found, the algorithm 

adjusts the sorting accordingly to ensure accuracy. 

 

generate_output(): 

The final step of the algorithm involves generating the sorted 

output. The algorithm combines the size and color-based 

sorting results, along with any additional object detection 

information, to produce the desired output format. This may 

include a visual representation of the sorted objects or 

structured data output, depending on the specific 

requirements of the application. 

 

By following these steps, the proposed object sorting 

algorithm effectively utilizes image processing techniques, 

feature extraction, and object detection models to accurately 

sort objects based on their sizes and colors. The algorithm's 

performance and efficiency will be evaluated and compared 

using different image processing software in the subsequent 

sections of the research paper. 

 

 
 

 

 

 

 

 

 
 

 

 

 

 

 

 

 
 

C . Testing – 

 

To evaluate the performance of the object sorting algorithm 

based on sizes and colors using different image processing 

algorithms, we conducted extensive testing using various 

software, including OpenCV, YOLO, SSD, Faster R-CNN, 

RetinaNet, Mask R-CNN, EfficientDet, and Cascade R-CNN. 

The testing procedure involved the following steps: 
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Dataset Preparation: 

We curated a diverse dataset consisting of images with objects 

of varying sizes and colors. The dataset covered a wide range 

of object categories to ensure comprehensive testing. Each 

image in the dataset was annotated with ground truth 

information regarding the object sizes and colors. 

 

Algorithm Implementation: 

For each image processing algorithm, we implemented the 

necessary code to execute the object sorting algorithm. This 

involved adapting the basic code to accommodate the specific 

syntax and functionalities of each software. The implemented 

code included the following functions: 

 

Performance Evaluation: 

To evaluate the performance of each algorithm, we utilized 

evaluation metrics such as accuracy, precision, recall, and F1-

score. We compared the sorting results obtained from each 

software to the ground truth annotations. Additionally, we 

measured the computational efficiency, including the 

execution time required for each algorithm to complete the 

sorting task. 

 

Comparative Analysis: 

Based on the results obtained from the testing phase, we 

performed a comparative analysis of the different image 

processing algorithms. We assessed their performance in 

terms of accuracy, efficiency, and robustness in object sorting 

based on sizes and colors. The advantages, features, and 

novelty of each algorithm were thoroughly analyzed and 

discussed. 

 

Through this comprehensive testing and analysis, we aim to 

provide valuable insights into the efficiency and effectiveness 

of different image processing algorithms for physical object 

sorting. The results obtained will contribute to the 

comparative analysis conducted in this research paper, 

enabling us to identify the most suitable algorithm for 

accurate and efficient object sorting based on sizes and colors. 

III. RESULTS AND DISCUSSIONS 

The object sorting algorithm based on sizes and colors was 

thoroughly evaluated using a range of image processing 

algorithms, including YOLO, OpenCV, SSD, Faster R-CNN, 

RetinaNet, Mask R-CNN, EfficientDet, and Cascade R-CNN. 

Through meticulous testing and detailed analysis, YOLO 

emerged as the superior algorithm, surpassing the others in 

various technical aspects. In this section, we present an in-

depth analysis of why YOLO outperformed the other 

algorithms, considering their technical specifications, 

performance metrics, and practical implications. 

 

Detection Accuracy: 

YOLO exhibited unparalleled detection accuracy, thanks to 

its efficient grid-based approach. By dividing the image into 

a grid and assigning anchor boxes to each cell, YOLO 

achieved precise object localization with minimal false 

positives and false negatives. Its ability to accurately capture 

object boundaries, combined with robust feature extraction 

capabilities, contributed to its exceptional detection accuracy. 

In contrast, other algorithms struggled to achieve the same 

level of accuracy due to limitations in their architectures, such 

as a reliance on region proposal networks or single-shot 

approaches that compromised detection precision. 

 

 

 
 

 

Real-time Performance: 

The real-time performance of YOLO stood out among the 

other algorithms, making it ideal for time-sensitive 

applications. YOLO's single-shot detection architecture 

allowed for efficient and rapid processing of images. By 

simultaneously predicting object bounding boxes and class 

probabilities in a single pass, YOLO achieved impressive 

processing speed without compromising detection accuracy. 

In contrast, algorithms like Faster R-CNN and Cascade R-

CNN, which relied on multi-stage processes and complex 

computations, lagged in real-time performance. 

 

Computational Efficiency: 

YOLO demonstrated remarkable computational efficiency, 

making efficient use of available resources. Its unified 

framework minimized computational complexity while 

maintaining high accuracy. The algorithm's streamlined 

architecture, optimized feature extraction techniques, and 

efficient utilization of hardware resources contributed to its 

superior computational efficiency. In contrast, algorithms like 

RetinaNet and Mask R-CNN, with their complex network 

architectures and pixel-level segmentation branches, required 

more computational resources and processing time, limiting 

their efficiency. 
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Generalization Capability: 

YOLO showcased excellent generalization capability across 

diverse object categories and sizes. Its deep neural network 

architecture facilitated effective learning and adaptation to 

new objects, enabling robust performance in various object-

sorting tasks. By learning representative features from 

extensive datasets, YOLO demonstrated the ability to detect 

objects accurately in previously unseen scenarios. Other 

algorithms, such as SSD and EfficientDet, showed limitations 

in generalization, struggling to handle object size variations 

and achieving suboptimal performance on certain object 

categories. 

 

Robustness to Object Occlusion: 

Among the compared algorithms, YOLO exhibited 

remarkable robustness in handling object occlusion scenarios. 

The grid-based approach enabled YOLO to effectively detect 

and recognize partially occluded objects by considering the 

overall context. Through multi-scale feature maps and 

contextual information, YOLO successfully recovered object 

details even when occlusion posed challenges to other 

algorithms. In contrast, algorithms like OpenCV and SSD 

often struggled to accurately identify and localize partially 

occluded objects, leading to decreased performance in such 

scenarios. 

 

Simplicity and Ease of Implementation: 

YOLO's simplicity and ease of implementation set it apart 

from the other algorithms. Its straightforward architecture and 

minimal preprocessing requirements simplified the 

development process. Additionally, the availability of pre-

trained models and user-friendly interfaces facilitated the 

seamless integration of YOLO into the object sorting 

algorithm, reducing implementation complexity and time. In 

contrast, algorithms like Mask R-CNN and Cascade R-CNN, 

with their intricate architectures and complex training 

procedures, demanded more effort and expertise for 

successful implementation. 

 

Training Efficiency: 

YOLO demonstrated superior training efficiency compared to 

the other algorithms. Its training process required fewer 

iterations and less computational time while achieving 

competitive performance. The algorithm's architecture, 

incorporates convolutional layers and anchor boxes, allowing 

for efficient parameter learning and convergence, leading to 

reduced training time and improved efficiency. In contrast, 

algorithms like RetinaNet and EfficientDet required longer 

training periods and more computational resources to achieve 

comparable results. 

 

Adaptability to Various Object Sizes: 

One of YOLO's notable strengths was its adaptability to 

objects of varying sizes. By utilizing multi-scale feature 

maps, YOLO effectively captured objects at different scales, 

enabling accurate detection across a wide range of object 

sizes. This adaptability made YOLO well-suited for object 

sorting tasks involving objects with diverse dimensions. In 

contrast, algorithms like OpenCV and SSD struggled with 

smaller objects, leading to lower detection rates and 

compromised sorting accuracy. 

 

Resistance to Class Imbalance: 

YOLO demonstrated exceptional resilience to class 

imbalance issues commonly encountered in object detection 

tasks. Its loss function and training strategy effectively 

handled cases where certain object classes were 

underrepresented in the training data. By incorporating class-

specific weighting and bounding box regression, YOLO 

achieved more balanced and accurate sorting results, even for 

classes with limited training samples. Other algorithms, such 

as Faster R-CNN and RetinaNet, showed reduced 

performance in scenarios with class imbalance, leading to 

biased sorting outcomes. 

 

Flexibility for Real-time Applications: 

YOLO's real-time performance and high accuracy made it 

highly suitable for real-time applications, such as automated 

sorting in manufacturing or warehouse environments. Its 

ability to rapidly process images and generate sorting results 

in real-time allowed for efficient object handling, improving 

overall productivity in time-critical scenarios. In comparison, 

algorithms like EfficientDet, with their computationally 

intensive operations and slower processing speeds, posed 

challenges for real-time applications, limiting their 

practicality in certain contexts. 

 

Trade-offs between Speed and Accuracy: 

YOLO achieved an optimal balance between speed and 

accuracy, a critical consideration in practical applications. 

While some algorithms prioritized accuracy at the expense of 

real-time performance, YOLO maintained a satisfactory level 

of accuracy while offering impressive processing speed. This 

trade-off allowed for efficient object sorting without 

compromising overall performance. Algorithms like Faster R-

CNN and Cascade R-CNN, which focused on accuracy by 

employing multi-stage detectors, sacrificed real-time 

processing capabilities, hindering their suitability for time-

sensitive sorting applications. 

 

Overall Performance and Advantages: 

Considering the technical specifications, performance 

metrics, and practical implications, YOLO emerged as the 

best algorithm for object sorting based on sizes and colors. Its 

exceptional detection accuracy, real-time processing 

capabilities, computational efficiency, generalization 

capability, robustness to object occlusion, simplicity, training 

efficiency, adaptability to various object sizes, resistance to 

class imbalance, flexibility for real-time applications, and 

trade-offs between speed and accuracy collectively positioned 

YOLO as the superior choice among the compared 

algorithms. These findings reinforce YOLO's prominence in 
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object sorting tasks, highlighting its potential for a wide range 

of applications. 

IV. CONCLUSION 

In conclusion, this research paper conducted a comprehensive 

comparative analysis of object sorting algorithms based on 

size and color using image processing techniques. Through 

extensive experimentation and evaluation, it was determined 

that the YOLO algorithm outperformed other algorithms such 

as OpenCV, SSD, Faster R-CNN, RetinaNet, Mask R-CNN, 

EfficientDet, and Cascade R-CNN in terms of detection 

accuracy, real-time performance, computational efficiency, 

generalization capability, robustness to object occlusion, 

simplicity, training efficiency, adaptability to various object 

sizes, resistance to class imbalance, flexibility for real-time 

applications, and trade-offs between speed and accuracy. The 

findings highlight the potential and effectiveness of the 

YOLO algorithm in object-sorting applications. 
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