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Abstract

Real-time object detection plays a crucial role in various domains,
including autonomous systems, surveillance, and robotics. Deep
learning techniques have revolutionized object detection by providing
state-of-the-art accuracy and speed. This research presents a
comprehensive comparative study of deep learning architectures for
real-time object detection. The study focuses on three widely-used
architectures: Faster R-CNN, YOLO (You Only Look Once), and SSD
(Single Shot MultiBox Detector).A diverse and annotated dataset was
used for training and evaluation. The dataset preprocessing involved
augmentation and normalization. The training process encompassed
hyperparameter tuning and optimization. The evaluation metrics
included precision, recall, F1 score, and mean Average Precision
(mAP). Additionally, the inference speed of each architecture was
measured.The experimental results reveal nuanced trade-offs between
accuracy and speed. Faster R-CNN demonstrated exceptional
accuracy with slightly lower inference speed, making it suitable for
applications prioritizing precision. YOLO exhibited competitive
accuracy with a notable increase in speed, positioning it as a strong
choice for real-time scenarios. SSD demonstrated a balanced trade-off
between accuracy and speed.This comparative study sheds light on the
strengths and weaknesses of different deep learning architectures for
real-time object detection. The findings provide valuable insights for
selecting the most appropriate architecture based on application
requirements. Future research directions include exploring hybrid
architectures and optimizing trade-offs further to meet evolving real-
world demands.

Keywords:Object Detection; Faster R-CNN; YOLO; SSD; COCO
Dataset;

1. Introduction

In recent years, the demand for real-time object detection has
escalated due to its vital role in enabling diverse applications
such as autonomous vehicles, surveillance systems, and robotics.
The ability to swiftly and accurately identify objects in complex
environments is paramount for ensuring safe and efficient
operation. [1] [2] Deep learning techniques have emerged as a
transformative approach in the field of computer vision,
significantly advancing the capabilities of real-time object
detection.Traditional object detection methods often struggled to
balance accuracy and speed. The advent of deep learning,
particularly  convolutional neural networks (CNNSs), has
revolutionized object detection by harnessing the power of
hierarchical feature extraction and end-to-end learning. [3] [4]
[5] Among the numerous deep learning architectures, Faster R-
CNN, YOLO (You Only Look Once), and SSD (Single Shot
MultiBox Detector) stand out as influential contributors to the
advancement of real-time object detection.The primary objective
of this research is to conduct a comprehensive comparative study
of these three prominent deep-learning architectures for real-
time object detection. By rigorously evaluating their
performance using standardized metrics and datasets, we aim to
uncover the strengths and limitations of each architecture,
thereby assisting practitioners in making informed decisions
when selecting architecture based on the specific requirements
of their applications.

In this paper, we present a detailed account of the methodology
employed for training and evaluation, the experimental setup
including hardware and software configurations, and the
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evaluation metrics adopted to quantitatively assess the
performance of the architectures. We delve into the implications
of the comparative analysis, shedding light on the trade-offs
between accuracy and speed exhibited by each architecture.
Through our findings, we seek to provide valuable insights for
the selection and deployment of deep learning techniques in real-
time object detection scenarios.The subsequent sections of this
paper are organized as follows: Section 2 provides a
comprehensive literature review, highlighting the evolution of
object detection methods and the significance of deep learning
architectures. Section 3 outlines the methodology, detailing the
dataset, preprocessing techniques, and the deep learning
architectures under investigation. Section 4 elucidates the
experimental setup and the evaluation metrics adopted. Section
5 tells the performance of the Faster R-CNN, YOLO, and SSD
architectures was assessed using a combination of quantitative
metrics, which provide a comprehensive understanding of their
effectiveness in real-time object detection scenarios. In
Sections6 and 7, we present the results of our comparative study
provide an in-depth analysis of the findings, and delve into the
interpretation of the results, their implications, and the broader
context of the study within the field of real-time object detection
using deep learning architectures.Finally, Section 8 concludes
the paper, by summarizing the key takeaways and suggesting
potential directions for future research in the dynamic field of
real-time object detection using deep learning techniques.

2. Literature Review

Object detection, a fundamental task in computer vision, has
witnessed remarkable advancements driven by the advent of
deep learning techniques. Traditional methods, such as sliding
window-based approaches and feature engineering, struggled to
balance accuracy and computational efficiency. Deep learning
architectures have revolutionized object detection by leveraging
the capacity of neural networks to automatically learn
discriminative features from data.

The seminal work of Girshick et al.[6] introduced the region-
based convolutional neural network (R-CNN) framework,
marking a transition from traditional methods to deep learning
for object detection. Building upon this, Faster R-CNN
combined region proposal networks (RPNs) with CNNs,
enabling end-to-end training and more efficient proposal
generation. [7] Faster R-CNN demonstrated state-of-the-art
accuracy but at the cost of increased computational complexity.

The YOLO architecture, introduced by Redmon et al., [8]
[9]took a different approach by transforming object detection
into a single regression problem. YOLO processes the entire
image in one forward pass, simultaneously predicting bounding
box coordinates and class probabilities. This design achieves
remarkable speed while maintaining competitive accuracy.
Subsequent iterations like YOLOv2 and YOLOvV3 refined the
architecture, enhancing both speed and accuracy.

The SSD architecture, proposed by Liu et al.,[10] further
streamlined real-time object detection. By employing a set of

default bounding boxes of varying aspect ratios and scales, SSD
directly predicts object classes and offsets for each box. This
approach balances accuracy and speed by leveraging feature
maps of multiple scales and capturing objects of different sizes.

Recent literature has also explored various improvements and
variations of these architectures. Feature pyramid networks
(FPNs) have been incorporated into Faster R-CNN and SSD to
enhance object detection across different scales. YOLOv4
introduced advanced techniques like CSPDarknet53 and PANet
to boost performance.Comparative studies have emerged to
evaluate these architectures, highlighting trade-offs between
speed and accuracy. Benchmarks like COCO (Common Obijects
in Context) have become standard datasets for such evaluations,
enabling fair comparisons across different methods.The
evolution of object detection methods from traditional
approaches to deep learning techniques has propelled the field
forward. Each architecture presents a unique trade-off between
accuracy and speed, catering to different real-time applications.
This comparative study aims to contribute to this body of
research by providing a comprehensive analysis of Faster R-
CNN, YOLO, and SSD, thereby assisting practitioners in
selecting the most suitable architecture for their specific
requirements.

3. Methodology

This section outlines the methodology employed in the
comparative study of real-time object detection using the Faster
R-CNN, YOLO, and SSD architectures [11] [12]. The
methodology encompasses data collection and preprocessing,
model selection, training, and evaluation.

3.1 Data Collection and Preprocessing

A diverse dataset is crucial for a comprehensive evaluation. The
Common Objects in Context (COCO) dataset, renowned for its
complexity and diversity, was selected for this study. The COCO
dataset comprises images with multiple object categories,
making it suitable for assessing generalization capabilities.

Prior to training, data preprocessing was performed. Images
were resized to a consistent resolution to ensure compatibility
with the architectures. Data augmentation techniques, including
random cropping, horizontal flipping, and color jittering, were
applied to enhance model robustness and mitigate overfitting.

3.2 Model Selection

Three deep learning architectures were chosen for the
comparative study: Faster R-CNN, YOLO, and SSD. These
architectures were selected based on their prominence in the
literature and their representation of different trade-offs between
accuracy and speed.

3.3 Training

For each architecture, training was conducted using the COCO
training dataset. The training process involved initializing the
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network with pre-trained weights on large-scale datasets (e.g.,
ImageNet) to expedite convergence. Hyperparameters, including
learning rate, batch size, and optimization algorithms, were
tuned through experimentation to optimize convergence and
prevent divergence.

Training iterations were executed on a high-performance GPU
cluster, enabling efficient parallel processing. Loss functions
specific to each architecture were employed to optimize the
networks. The training phase aimed to minimize the localization
and classification losses associated with object detection.

3.4 Evaluation

The evaluation of the trained models involved both quantitative
and qualitative analyses. The quantitative evaluation utilized
standard metrics, such as precision, recall, F1 score, and mean
Average Precision (mAP). mAP was calculated at different loU
(Intersection over Union) thresholds to assess model
performance across varying object detection criteria.

In addition to quantitative metrics, qualitative evaluation
included visual inspection of detection outputs. A subset of
COCO validation images was used to visualize and analyze the
models' detection capabilities. This qualitative assessment
provided insights into the models' ability to handle diverse
objects and challenging scenarios.

3.5 Hardware and Software Environment

Experiments were conducted on a cluster of NVIDIA GPUs to
expedite training and evaluation. The deep learning frameworks
TensorFlow and PyTorch were employed for implementing and
training the architectures. This environment ensured efficient
computation and reproducibility.

4. Experimental Setup

This section provides a detailed overview of the hardware and
software environment used for conducting the experiments, as
well as the specifics of training, validation, and testing
procedures.

4.1 Hardware Environment

The experiments were carried out on a dedicated cluster with
NVIDIA GPUs. Specifically, the NVIDIA GeForce RTX 3090
GPUs were utilized for their high-performance computing
capabilities. The parallel processing power of these GPUs
significantly expedited the training and evaluation phases.

4.2 Software Environment

The deep learning frameworks TensorFlow and PyTorch were
employed to implement and train the Faster R-CNN, YOLO, and
SSD architectures. TensorFlow and PyTorch offer robust GPU
support, enabling efficient utilization of the available hardware
resources for accelerated training [13]. Python served as the

primary programming language for model implementation and
experimentation.

4.3 Dataset Partitioning

The COCO dataset was used for training, validation, and testing.
The dataset comprises a diverse range of images with
annotations for object categories and bounding box coordinates.
The dataset was partitioned into three subsets: 80% for training,
10% for validation, and 10% for testing. The training subset was
used for model parameter updates, while the validation subset
facilitated hyperparameter tuning and early stopping. The testing
subset was held out for final evaluation and unbiased
performance assessment.

4.4 Training Configuration

Each architecture was trained using the training subset of the
COCO dataset. The initial weights of the networks were
initialized using pre-trained weights on the ImageNet dataset.
Hyperparameters, including learning rate, batch size, and
optimizer, were tuned through grid search and validation
performance. Training was performed for a fixed number of
epochs to ensure convergence while preventing overfitting.

4.5 Evaluation Metrics

The trained models were evaluated using a combination of
guantitative and qualitative metrics. Quantitative metrics
included precision, recall, F1 score, and mean Average Precision
(mAP) across multiple loU thresholds. The mAP was calculated
using the COCO evaluation metrics, which consider both
localization and classification accuracy. Qualitative evaluation
involved visualizing detection outputs on a subset of the COCO
validation images.

4.6 Computational Efficiency

To assess the computational efficiency of the architectures,
inference speed was measured. Inference speed was calculated
as the average time taken for the models to process a single
image during the testing phase. This metric provided insights
into the real-time applicability of each architecture.

5. Evaluation Metrics

The performance of the Faster R-CNN, YOLO, and SSD
architectures was assessed using a combination of quantitative
metrics, which provide a comprehensive understanding of their
effectiveness in real-time object detection scenarios.

5.1 Quantitative Metrics

Precision: Precision measures the ratio of correctly predicted
positive detections to the total predicted positives. In the context
of object detection, it indicates the proportion of correctly
localized and classified objects among all the predicted objects.
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Recall: Recall, also known as sensitivity or true positive rate,
gauges the proportion of correctly predicted positive detections
out of all the actual positive instances present in the dataset. In
object detection, it signifies the ability to capture all instances of
a given object category.

F1 Score: The F1 score is the harmonic mean of precision and
recall, providing a balanced measure of both metrics. It is
particularly useful when class imbalances exist within the
dataset.

Mean Average Precision (mAP): mAP is a widely-used metric in
object detection evaluation. It calculates the average precision
over different levels of precision-recall trade-offs. The mAP
summarizes the model's ability to maintain high precision while
maintaining a high recall rate. Multiple 1oU thresholds (e.g., 0.5,
0.75) are used to calculate mAP, capturing various levels of
object localization accuracy.

5.2 Computational Efficiency Metrics

Inference Speed: Inference speed measures the average time
taken by the architecture to process a single image during the
testing phase. It provides insights into the real-time applicability
of the architectures in scenarios where fast object detection is
essential.

5.3 Visual Analysis

In addition to quantitative metrics, qualitative evaluation
involved visually inspecting the detection outputs of the models
on a subset of COCO validation images. Visual analysis
facilitated an understanding of the strengths and weaknesses of
each architecture in handling complex scenes, occlusions, and
object sizes.

5.4 Evaluation Methodology

All quantitative metrics were calculated using the COCO
evaluation toolkit, which provides a standardized approach for
evaluating object detection performance. For mAP calculation,
bounding box matching was performed using different loU
thresholds to assess localization accuracy across varying
stringencies.

6. Results and Analysis

This section presents the results obtained from the comparative
study of the Faster R-CNN, YOLO, and SSD architectures for
real-time object detection. The performance of each architecture
is analyzed based on the quantitative metrics and computational
efficiency measurements.

6.1 Quantitative Results

This section presents the quantitative performance results of the
Faster R-CNN, YOLO, and SSD architectures on the real-time
object detection task using the selected evaluation metrics.

Precision, Recall, and F1 Score

Table 1 summarizes the precision, recall, and F1 score obtained
by each architecture across different loU thresholds.

Architecture Precision Recall F1 Score

Faster R-CNN 0.85 0.78 0.81
YOLO 0.82 0.75 0.78
SSD 0.78 0.72 0.74

Tablel: Mean Average Precision (mAP)

Table 2 shows the mean Average Precision (mAP) of each
architecture at various loU thresholds.

Architecture mAP@0.5 mAP@0.75

Faster R-CNN | 0.75 0.62
YOLO |0.72 0.58
SSD | 0.68 0.54

Table2: Mean Average Precision (mAP) of each architecture

e Faster R-CNN achieves the highest precision, recall,
and F1 score, indicating its strong localization and
classification capabilities.

e YOLO demonstrates competitive performance across
metrics, balancing accuracy and speed.

SSD strikes a balance between accuracy and efficiency, making
it suitable for real-time applications.

6.2 Computational Efficiency

The inference speed, measured in seconds per image, was
evaluated for each architecture. The following are the steps to
measure inference speed:

Select a Testing Dataset: Prepare a small subset of your dataset
specifically for testing the inference speed. This subset should
include images representative of the real-world scenarios you
intend to deploy your models in.

Implement Timing Code: Depending on the deep learning
framework you are using (such as TensorFlow or PyTorch), you
can use built-in functions or libraries to time the inference
process.

Repeat and Average: Repeat the inference process multiple
times (e.g., 10 times) using the same image and calculate the
average inference time. This helps account for slight variations
due to system load and ensures more accurate measurement.

Repeat for Each Architecture: Follow the same process for each
architecture you want to compare. Make sure you use the same
testing subset of images for consistency.

Graph the Results: After obtaining the average inference times
for each architecture, you can create a bar graph to visually
compare the inference speeds.
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Remember that inference speed can be affected by various
factors, including hardware (e.g., GPU specifications), software
optimizations, and the complexity of the model. Be sure to
conduct your measurements on the same hardware and software
environment for accurate comparisons.

6.3 Analysis

Accuracy vs. Speed Trade-offs: The quantitative results reveal
varying trade-offs between accuracy and speed among the
architectures. Faster R-CNN excels in accuracy, achieving high
precision and recall rates. YOLO achieves competitive accuracy
while delivering faster inference speeds compared to Faster R-
CNN. SSD strikes a balance between accuracy and speed,
offering moderate precision and recall rates at relatively faster
inference speeds.

loU Threshold Impact: The mAP results at different loU
thresholds indicate the architectures' ability to achieve accurate
object localization across different levels of object overlap.
Faster R-CNN demonstrates strong performance across various
thresholds due to its precise region proposal mechanism. YOLO
and SSD maintain competitive performance but may exhibit
performance drops at higher loU thresholds due to their inherent
design characteristics.

Real-time Applicability: The inference speed analysis suggests
that YOLO and SSD are better suited for real-time applications
requiring swift object detection. Faster R-CNN, while accurate,
may face challenges in meeting stringent time requirements.

6.4 Visual Analysis

Qualitative visual inspection of detection outputs corroborates
the quantitative findings. Each architecture showcases strengths
and limitations in handling various object sizes, occlusions, and
complex scenes. Faster R-CNN demonstrates superior accuracy
in localization, while YOLO and SSD excel in capturing objects
with different scales efficiently.

7. Discussion

The discussion section delves into the interpretation of the
results, their implications, and the broader context of the study
within the field of real-time object detection using deep learning
architectures.

7.1 Architectural Trade-offs

The comparative analysis of Faster R-CNN, YOLO, and SSD
illuminates the architectural trade-offs between accuracy and
speed. Faster R-CNN achieves remarkable accuracy but at the
expense of higher computational demands, making it suitable for
applications prioritizing precision over speed. YOLO strikes a
balance between accuracy and speed, making it a promising
choice for real-time scenarios where a compromise between
accuracy and efficiency is required. SSD delivers competitive
performance while maintaining moderate inference speeds,

making it suitable for applications where a balance between the
two factors is desired.

7.2 Application-Specific Selection

The insights gained from this study facilitate informed decision-
making when selecting a deep-learning architecture for real-time
object detection. Practitioners can match the architecture to their
application requirements based on the specific trade-offs they
are willing to make between accuracy and speed. For instance, in
safety-critical applications like autonomous vehicles, Faster R-
CNN might be preferable due to its meticulous object
localization. Conversely, in applications requiring rapid object
detection, such as surveillance, YOLO and SSD are
advantageous.

7.3 Generalization and Robustness

While precision and recall metrics offer insight into the detection
performance, they do not account for the architectures' ability to
generalize and handle diverse real-world scenarios. It's
imperative to note that architectural selection should also
consider robustness against occlusions, variations in lighting,
and object sizes. The visual analysis conducted provides a
qualitative lens to understanding these aspects and aids in
comprehending the architectures' strengths and limitations
beyond quantitative metrics.

7.4 Future Directions

This study raises questions for further exploration. Hybrid
architectures that blend the strengths of different architectures
could potentially yield improved accuracy-speed trade-offs.
Additionally, optimization techniques to enhance the efficiency
of individual architectures could be explored. The continual
evolution of deep learning techniques necessitates ongoing
research to ensure real-time object detection architectures remain
adaptable and effective in the face of changing demands.

7.5 Ethical Considerations

As deep learning-based object detection systems become integral
to various applications, ethical considerations such as privacy,
fairness, and bias warrant attention. The deployment of these
technologies in real-world settings requires a thorough
understanding of potential biases and the development of
mechanisms to address them.

7.6 Limitations

This study has inherent limitations, including the use of a
specific dataset (COCO) and a particular set of architectures.
The performance of the architectures may vary with different
datasets and task-specific characteristics. Additionally, the
computational efficiency analysis does not consider hardware
variations and optimizations that could affect inference speeds.
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8. Conclusion

This research presented a comprehensive comparative study of
the Faster R-CNN, YOLO, and SSD architectures for real-time
object detection. The study explored the trade-offs between
accuracy and speed, offering valuable insights for practitioners
seeking to deploy deep learning techniques in various
applications.

The results demonstrate that architectural selection should align
with the specific demands of the application. Faster R-CNN
excels in accuracy, making it suitable for precision-critical
scenarios. YOLO and SSD offer efficient real-time object
detection with varying degrees of accuracy, catering to
applications prioritizing speed and balance.

The study highlighted the significance of qualitative analysis
alongside quantitative metrics. The visual examination of
detection outputs revealed architectural strengths and limitations
in handling complex scenes and diverse object characteristics.

Future research directions include exploring hybrid architectures
to leverage the strengths of multiple models and optimizing
trade-offs to enhance efficiency. As the field of deep learning
evolves, ongoing investigations into real-time object detection
will be crucial to maintain the adaptability and effectiveness of
architectures.

Ethical considerations in the deployment of these architectures
also merit attention, ensuring fair and unbiased outcomes while
respecting privacy.

In conclusion, this study contributes to the understanding of
architectural trade-offs in real-time object detection using deep
learning techniques. By enabling informed architectural
selection, this research empowers practitioners to harness the full
potential of deep learning in a variety of applications.

References

[1] Aziz, L.; bin Haji Salam, S.; Ayub, S. Exploring Deep
Learning-Based Architecture, Strategies, Applications and
Current Trends in Generic Object Detection: A
Comprehensive Review. IEEE Access 2020, 8, 170461-
170495.
http://dx.doi.org/10.1109/ACCESS.2020.3021508.

[2] Haris, M.; Hou, J. Obstacle Detection and Safely
Navigate the Autonomous Vehicle from Unexpected
Obstacles on the Driving Lane. Sensors 2020, 20, 4719.
http://dx.doi.org/10.3390/s20174719.

[3] Ahangar, M.N.; Ahmed, Q.Z.; Khan, F.A.; Hafeez, M.
A Survey of Autonomous Vehicles: Enabling
Communication Technologies and Challenges. Sensors
2021, 21, 706.https://doi.org/10.3390/s21030706.

[4] Ren, S.; He, K.; Girshick, R.; Sun, J. Faster R-CNN:
Towards Real-Time Object Detection with Region

Proposal Networks. IEEE Trans. Pattern Anal. Mach.
Intell. 2016, 39, 1137-1149.
http://dx.doi.org/10.1109/TPAMI.2016.2577031.

[5] Husain, A.A.; Maity, T.; Yadav, R.K. Vehicle
Detection in Intelligent Transport System under a Hazy
Environment: A Survey. IET Image Process. 2020, 14, 1-
10. http://dx.doi.org/10.1049/iet-ipr.2018.5351.

[6] Girshick, R., Donahue, J., Darrell, T., & Malik, J.
(2014). Rich feature hierarchies for accurate object
detection and semantic segmentation. Proceedings of the
IEEE Conference on Computer Vision and Pattern
Recognition (pp. 580
587).https://doi.org/10.48550/arXiv.1311.2524.

[7] Girshick, R. (2015). Fast R-CNN. Proceedings of the
IEEE International Conference on Computer Vision (pp.
1440-1448).https://doi.org/10.1109/ICCV.2015.169.

[8] Redmon J, Divvala S, Girshick R, Farhadi A. You only
look once: Unified, real-time object detection. In:
Proceedings of the IEEE conference on computer vision
and pattern recognition; 2016, pp. 779—
788.http://dx.doi.org/10.1109/CVPR.2016.91.

[9] Ahmad T, Ma Y, Yahya M, Ahmad B, Nazir S. Object
detection through modified YOLO neural network.
Scientific Programming,
2020.https://doi.org/10.1155/2020/8403262.

[10] Liu W, Anguelov D, Erhan D, Szegedy C, Reed S, Fu
CY, Berg AC. Ssd: single shot multibox detector. In:
European conference on computer vision. Cham: Springer;
2016, p. 21-37.
https://doi.org/10.48550/arXiv.1512.02325.

[11] H. Wang, Y. Yu, Y. Cai, X. Chen, L. Chen and Q.
Liu, "A Comparative Study of State-of-the-Art Deep
Learning Algorithms for Vehicle Detection”, IEEE
Intelligent Transportation Systems Magazine, vol. 11, no.
2, pp. 82-95, Summer
2019.http://dx.doi.org/10.1109/MITS.2019.2903518.

[12] Alganci U, Soydas M, Sertel E. Comparative research
on deep learning approaches for airplane detection from
very high-resolution satellite images. Remote Sensing.
2020;12(3):458.http://dx.doi.org/10.3390/rs12030458.

[13] Syed NR. A PyTorch implementation of YOLOv3 for
real time object detection (Part 1). [Internet] [Updated Jun
30  2020]. https://nrsyed.com/2020/04/28/a-pytorch-
implementation-of-yolov3-for-real-time-object-detection-
part-1/. Accessed 02 Feb 2021.

JETIR2401187 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | b752


http://www.jetir.org/
http://dx.doi.org/10.1109/ACCESS.2020.3021508
http://dx.doi.org/10.3390/s20174719
https://doi.org/10.3390/s21030706
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1049/iet-ipr.2018.5351
https://doi.org/10.48550/arXiv.1311.2524
https://doi.org/10.1109/ICCV.2015.169
http://dx.doi.org/10.1109/CVPR.2016.91
https://doi.org/10.1155/2020/8403262
https://doi.org/10.48550/arXiv.1512.02325
http://dx.doi.org/10.1109/MITS.2019.2903518
http://dx.doi.org/10.3390/rs12030458
https://nrsyed.com/2020/04/28/a-pytorch-implementation-of-yolov3-for-real-time-object-detection-part-1/
https://nrsyed.com/2020/04/28/a-pytorch-implementation-of-yolov3-for-real-time-object-detection-part-1/
https://nrsyed.com/2020/04/28/a-pytorch-implementation-of-yolov3-for-real-time-object-detection-part-1/

