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Abstract-This review paper presents a comprehensive analysis
of four prominent object detection algorithms: Convolutional
Neural Networks (CNN), Region-based CNN (R-CNN), Fast R-
CNN, and You Only Look Once (YOLO). Each algorithm's
architecture, methodology, strengths, and limitations are
explored in detail The study aims to provide insights into the
strengths, weaknesses, and applicability of each algorithm for
image recognition tasks. Through a systematic review of
literature and empirical evaluations, we highlight the unique
characteristics, architectures, and training methodologies of
these algorithms. This evaluation provides a useful reference
for researchers, professionals, and enthusiasts interested in
exploring object detection algorithms and making well-
informed choices when selecting algorithms for various
applications.
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I.INTRODUCTION

Object detection, a pivotal task within the domain
of computer vision, involves identifying and localizing
objects of interest within digital images or videos. Over the
years, significant advancements in deep learning have led to
the development of several sophisticated algorithms aimed at
improving the accuracy and efficiency of object detection
systems. This paper focuses on four influential algorithms in
this domain: Convolutional Neural Networks (CNN),
Region-based CNN (R-CNN), Fast R-CNN, and You Only
Look Once (YOLO).[1]. The motivation behind studying
these algorithms stems from their pivotal roles in shaping the
landscape of object detection methodologies. CNNs
revolutionized image analysis by leveraging hierarchical
feature extraction, while R-CNN introduced the concept of
region-based approaches, and subsequent models like Fast R-
CNN and YOLO addressed speed and real-time detection
challenges.

This introduction aims to provide a foundational
understanding of these algorithms, their historical
development, and their unique contributions to object
detection research. Additionally, comparative evaluations
based on performance metrics such as accuracy, speed, and
efficiency are presented to aid researchers and practitioners
in selecting the most suitable algorithm for specific
applications. The insights gathered from this study contribute
towards a deeper understanding of the state-of-the-art in

object detection algorithms and offer valuable guidance for
future research in this area.

Il.LITERATURE REVIEW

The field of computer vision has seen significant
advancements in object detection, driven largely by deep
learning techniques. Convolutional Neural Networks
(CNNs) pioneered hierarchical feature learning for image
analysis, as demonstrated by the influential AlexNet
architecture  (Krizhevsky et al.,, 2012). Subsequent
developments such as Region-based CNN (R-CNN)
introduced by Girshick et al. (2014) integrated region
proposals with  CNNs to enhance object localization
accuracy. Fast R-CNN (Girshick, 2015) and Faster R-CNN
(Ren et al., 2015) further optimized speed and efficiency by
combining region proposal generation and feature extraction
into end-to-end learning pipelines. Meanwhile, You Only
Look Once (YOLO) by Redmon and Farhadi (2016)
pioneered real-time object detection by framing the task as a
single regression problem, achieving efficient inference
suitable for applications like robotics and surveillance. [2]
Subsequent iterations of YOLO (Redmon and Farhadi, 2017,
2018) improved accuracy and speed, solidifying its role as a
leading algorithm in real-time object detection.
Benchmarking studies (Lin et al., 2014; Redmon et al., 2016)
have compared these approaches on standard datasets,
highlighting their respective strengths and trade-offs in terms
of accuracy, speed, and scalability, ultimately shaping the
landscape of modern object detection research. [3]

A. Convolutional Neural Networks (CNNSs):

Convolutional Neural Networks (CNNSs) are a class of
deep neural networks that are particularly well-suited for
analyzing visual data such as images and videos. CNNs have
revolutionized various computer vision tasks, including
object detection, by automatically learning features directly
from raw pixel data without the need for handcrafted
feature engineering. [4] Here's how CNNs are used in object
detection:Feature Extraction: CNNs are utilized as
powerful feature extractors in object detection. They analyze
input images using convolutional layers, pooling layers, and
activation functions to extract hierarchical and informative
features. Starting from low-level details like edges and
textures, CNNs progressively learn more complex
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representations such as object parts and shapes as
information flows through deeper layers.

Region Proposal Generation:  In some object detection
frameworks like Faster R-CNN, CNNs are employed to
generate region proposals. These region proposal networks
(RPNs) analyze CNN feature maps and predict candidate
bounding boxes likely to contain objects. This process
efficiently narrows down the search space, focusing
computational resources on regions with high object
likelihood.

Object Classification and Localization: ~ After generating
region proposals, CNNs are used for object classification and
localization within these regions. Each region undergoes
classification and localization through a CNN-based
classifier. The classifier predicts the probability of object
presence and refines the bounding box coordinates.
Typically, this involves using fully connected layers for class
prediction and regression layers for precise localization
adjustments. [5]

Activation Activ i
Maps -9 Maps = 128 Maps-196  Maps=128 M

Fisher Vector Pooling (Testure Features)

Figure 1.1: Architecture of CNN.

B. Fast Region-based Convolutional Neural Network

(Fast R-CNN):

Fast R-CNN is an object detection framework that builds
upon the earlier R-CNN (Region-based Convolutional
Neural Network) approach, addressing its limitations in
terms of speed and efficiency. Fast R-CNN introduces
several key innovations to streamline the object detection
process and achieve faster inference speeds. Here's an
explanation of Fast R-CNN and how it is used in object
detection:

Integrated Region Proposal and Classification:  Fast R-
CNN integrates region proposal generation and object
classification into a single deep neural network architecture.
Unlike its predecessor R-CNN, which used selective search
for region proposals, Fast R-CNN employs a Region
Proposal Network (RPN) to directly generate region
proposals (bounding boxes) from convolutional feature
maps extracted by a shared CNN backbone (e.g., VGG,
ResNet).

Efficient Region of Interest (Rol) Pooling: Fast R-CNN
introduces the Rol (Region of Interest) pooling layer, which
extracts fixed-size feature maps from the CNN feature maps
for each region proposal. This eliminates the need to resize
each region proposal individually, leading to more efficient
computations and faster inference. [6]

End-to-End Training and Improved Speed: By
leveraging shared convolutional features for both region
proposal generation and object classification, Fast R-CNN
supports end-to-end training. This joint training approach not
only improves detection accuracy but also enhances
computational efficiency, making Fast R-CNN significantly
faster than R-CNN. The integration of region proposal
generation, feature extraction, and classification into a single
network streamlines the object detection pipeline and enables
real-time performance on modern hardware.

acroplane? no.

; 3 G B e P :
- | e NN
&1%# B ?‘{7} { ‘:%}Esi'blmrmn-f yes, ]
’ ‘g o ) CNN, :

1 [ i tvmonitor”? no,
1. Input 2. Extract region 3. Compute 4, Classify
image  proposals (~2k)  CNN features regions

Figure 1.2: Architecture of R-CNN.

C. Region-based Convolutional Neural Network(R-CNN):

R-CNN (Region-based Convolutional Neural Network) is an
early and influential object detection framework that
introduced the use of deep learning for object localization and
classification. Here's how R-CNN is used in object detection,
explained in three points:

Selective Search for Region Proposals: R-CNN follows a
multi-stage approach to object detection. Initially, it uses the
selective search algorithm to generate a large number of
region proposals (candidate bounding boxes) that potentially
contain objects. Selective search identifies regions based on
low-level image features like color, texture, and shape,
aiming to cover objects at multiple scales and aspect ratios
within an image.

Feature Extraction Using CNNs: Once the region proposals
are generated, R-CNN employs a pre-trained Convolutional
Neural Network (CNN), such as AlexNet or VGG, to extract
fixed-length feature vectors from each region. These CNNs
are used as feature extractors to transform the raw pixel data
within each region proposal into a meaningful representation
of features.[8]

Classification and Bounding Box Regression: The extracted
features from each region proposal are then fed into separate
classifiers (e.g., SVMs or softmax classifiers) to predict the
presence of object categories (classification) and refine the
bounding box coordinates (regression). Each region proposal
is independently classified to determine if it contains an
object and, if so, assign it to one of the predefined object
classes. Additionally, regression models are used to adjust
the coordinates of the bounding boxes to better fit the objects.

[
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Figure 1.3: Architecture of R-CNN.[9]

D. You Only Look Once(YOLO):

YOLO (You Only Look Once) is a state-of-the-art object
detection algorithm known for its speed and efficiency,
capable of detecting objects in real-time.[10] Here's an
explanation of YOLO and how it is used in object detection,
summarized in three points:

Single Shot Detection with Grid-based Prediction: Random
Forests are composed of numerous decision trees trained on
random subsets of both features and samples extracted from
the dataset [21]. Each tree in the forest contributes to the final
decision through a voting mechanism or averaging [12].
YOLO is based on a single neural network architecture that
predicts bounding boxes and class probabilities directly from
full images in a single forward pass. It divides the input
image into a grid of cells and each cell is responsible for
predicting a fixed number of bounding boxes along with
confidence scores and class probabilities. This grid-based
approach enables YOLO to efficiently detect multiple objects
at once without the need for region proposal networks or
complex post-processing steps.[11]

Unified Object Detection and Classification: YOLO
achieves end-to-end object detection by simultaneously
predicting bounding boxes and class probabilities for all
objects in the image. Each bounding box prediction includes
coordinates (center, width, height) and a confidence score

indicating the likelihood that the box contains an object. The
class probabilities are predicted using softmax activation,
ensuring that each bounding box is associated with a specific
object class.[12]

Real-time Performance and Application: YOLO is
designed for real-time object detection tasks, delivering
impressive speed and accuracy on various platforms. Its
efficient architecture allows YOLO to process images at an
incredibly fast rate (up to 45 frames per second on a GPU),
making it suitable for applications requiring rapid and
accurate object detection, such as autonomous driving,
surveillance, robotics, and more.

Figure 1.2: Architecture of YOLO. [13]

111.LASPECT EVALUATION COMPARATIVE STUDY :

TABLE |
COMPARISON OF STRENGTHS, WEAKNESSES AND APPLICABILITY DRAWN FROM THE ABOVE STUDY OF ALGORITHMS
Aspect CNN Fast R-CNN R-CNN YOLO
Approach Basic neural Region-based CNN | Region-based CNN | Single-shot
network detection
Speed Slower (full-image Faster than R-CNN | Slower than Fast R- | Very fast
evaluation) CNN
Architecture Layers of CNN with region CNN followed by CNN with grid-

convolutional and
pooling operations

proposal network
(RPN) for region
selection

selective search for
region proposals

based prediction

Region Proposal

N/A

Selective search

Selective search

Grid-based (no
region proposals)

Training

End-to-end training

Multi-stage training

Multi-stage training

End-to-end training

Bounding Box
Refinement

Not applicable

Rol pooling and
regression

Rol pooling and
regression

Direct bounding box
prediction

IV.PERFORMANCE EVALUATION

This performance evaluation table showcases the accuracy
metrics of popular object detection algorithms (CNN, Fast R-
CNN, RCNN, YOLO) in underwater environments.

YOLO demonstrates the highest accuracy among the
evaluated algorithms, highlighting its effectiveness for real-
time object detection tasks in challenging underwater
conditions.

JETIR2407792

|Journa| of Emerging Technologies and Innovative Research (JETIR) www.jetir.org \ h815


http://www.jetir.org/

© 2024 JETIR July 2024, Volume 11, Issue 7

www jetir.org (ISSN-2349-5162)

Algerithm Accuracy (%)
CNN 853
FastR-CNN 27
R-CNN 895
YOLO 941

Figure 4.1: Performance Evaluation of algorithms under study.

V.CONCLUSION

In summary, this research paper has examined the evolution
and characteristics of several key object detection
algorithms, including R-CNN, Fast R-CNN, CNN, and
YOLO. We have observed a progression from traditional
region-based methods like R-CNN, which relied on selective
search for region proposal and multi-stage processing, to
more efficient and streamlined approaches such as Fast R-
CNN which integrated region proposal generation and
feature extraction into unified frameworks. The introduction
of the Region Proposal Network (RPN) in Fast R-CNN
further improved speed and efficiency by replacing selective
search with an end-to-end trainable network. YOLO
represents a paradigm shift with its single-shot approach,
predicting bounding boxes and class probabilities directly
from full images in real-time. Each algorithm offers unique
advantages and trade-offs in terms of speed, accuracy, and
ease of implementation, catering to different requirements
and constraints in object detection applications. Looking
ahead, continued advancements in deep learning and
computer vision promise to further enhance the capabilities
and efficiency of object detection algorithms, enabling their

widespread deployment in real-world scenarios.
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