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Abstract:

Object detection has become a cornerstone task in computer vision, enabling applications in
surveillance, autonomous vehicles, and augmented reality. This paper compares three state-of-
the-art object detection algorithms—YOLOvV3, SSD (Single Shot MultiBox Detector), and
Faster R-CNN—based on accuracy, speed, and resource utilization. We evaluate each model
on PASCAL VOC and MS COCO datasets, measuring metrics such as mean Average Precision
(mAP), inference latency, and frames per second (FPS). YOLOv3 achieves the fastest
performance (up to 45 FPS on a single GPU) with slightly lower accuracy compared to Faster
R-CNN, which delivers the highest mAP (79.2 on VOC) but at the cost of slower processing
(7 FPS). SSD offers a middle ground with competitive accuracy and moderate speed. We
analyze model performance across object scales, occlusion scenarios, and lighting variations.
YOLO performs best on large, centered objects, while Faster R-CNN handles small or partially
obscured objects more reliably. Resource usage tests on embedded devices suggest YOLO and
SSD are better suited for real-time edge applications. The findings inform practitioners
choosing detection algorithms for specific deployment constraints, balancing between speed
and precision. Our work provides a practical benchmark and guidance for deploying object
detection in real-world systems.

2. Introduction

Object detection is a core task in computer accuracy. YOLO prioritizes inference

vision that involves both localizing and
classifying objects within an image. Over
the past decade, significant progress has
been made in developing algorithms that
balance accuracy, speed, and deployment
feasibility. This progress has been driven by
advances in deep convolutional neural
networks (CNNs) and the availability of
large-scale annotated datasets such as
PASCAL VOC and MS COCO.

Among the most influential object detection
frameworks are YOLO (You Only Look
Once), SSD (Single Shot MultiBox
Detector), and Faster R-CNN. Each of
these represents a distinct trade-off between
real-time processing and detection

speed by treating detection as a single
regression problem, while Faster R-CNN
adopts a two-stage approach that improves
accuracy but incurs latency. SSD lies
between these extremes, offering a balance
suitable for many practical applications.

Given the growing need for real-time
object detection in areas like autonomous
driving, surveillance systems, and
augmented reality, this paper provides a
comparative evaluation of these three
frameworks. We benchmark them on
accuracy (mAP), latency, FPS, and
hardware resource usage, and analyze
their performance under varying object
sizes and environmental conditions.
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3. Comparison Criteria

To ensure a comprehensive and fair
comparison, the following criteria were
defined:

e Mean Average Precision (mAP):
The standard evaluation metric for
object detection accuracy, measured
at IoU thresholds (e.g., 0.5, 0.75).

o Inference Latency: Time taken to
process a single image, averaged
over 500 test images.

e Frames Per Second (FPS): Real-
time inference speed measured on
GPU and embedded hardware.

e Scalability: Performance variance
across object scales (small,
medium, large).

e Robustness: Performance under
challenging conditions like partial
occlusion or low lighting.

e Model Size & Memory Usage:
Important for deployment on edge
devices.

o Ease of Deployment:
Considerations include pre-trained

model availability, framework
compatibility (PyTorch,
TensorFlow), and required

preprocessing steps.

These criteria were chosen to reflect
practical considerations faced by
developers deploying object detection in
real-world systems.

4. Methodology
4.1 Datasets

« PASCAL VOC 2007/2012: 20
object categories, widely used for
benchmarking detection algorithms.

e MS COCO 2017: 80 object
categories with higher object
density and diversity.

We train each model on COCO and test on
both COCO and VOC to assess cross-
dataset generalization.

4.2 Implementation Details

e YOLOvV3: Darknet-53 backbone,
implemented in PyTorch using
Ultralytics' repository. Trained with
input resolution of 416x416.

e SSD: VGG16 backbone,
implemented in  TensorFlow.
Trained wusing default anchor
configurations.

o Faster R-CNN: ResNet-50
backbone with Feature Pyramid
Networks (FPN), implemented via
Detectron2. Training resolution:
800x600.

All models were trained on NVIDIA GTX
1080 Ti wusing standardized learning
schedules, batch sizes (16), and
augmentation pipelines. Performance was
evaluated on a validation subset of 5,000
images.

4.3 Inference Hardware

e Desktop GPU: NVIDIA GTX 1080
Ti

o Edge Device: NVIDIA Jetson TX2
(ARM Cortex-A57 + Pascal GPU)

Inference speed and memory profiling were
conducted on both platforms.

5. Case/Model/Technique A: YOLOV3

Page | 11


http://www.iajme.org/

Indo-Am. J. of Mech. Engg., 2019

X Indo-American Journal of Mechanical Engineering

ISSN 2321-9416

www.igjme.org
Vol 8, Issue 4 Dec 2019

YOLOV3 approaches object detection as a
single regression problem, predicting
bounding boxes and class probabilities
directly from full images in one evaluation.
This single-shot design allows YOLOV3 to
achieve real-time inference speeds (up to
45 FPS on desktop GPUs).

Key Characteristics:

e Architecture: Darknet-53
backbone with skip connections and
3-scale detection.

e QOutput: Multi-scale feature maps at
13x13,  26x26, and  52x52
resolutions.

o Strengths:
o High speed and low latency

o Lightweight inference

pipeline

o Suitable for large, centered
objects

o Limitations:

o Lower accuracy for small
and overlapping objects

o Less precise bounding box
localization compared to
region-based methods

Performance Highlights:
e VOC2007 mAP (IoU 0.5): 76.8
e COCO mAP@I.5:.95]: 33.0

e Latency: ~22 ms/image on GTX
1080 Ti

e Model Size: ~236 MB

6. Case/Model/Technique B: SSD (Single
Shot MultiBox Detector)

SSD adopts a single-shot detection
architecture similar to YOLO but
introduces multi-scale feature maps and
anchor boxes to improve accuracy,
especially for small and medium-sized
objects.

Key Characteristics:

e Architecture: VGG16 backbone
with auxiliary convolutional layers

o Detection Strategy: Fixed-size
default boxes for multiple aspect
ratios and scales

o Strengths:

o Faster than  two-stage
detectors like Faster R-CNN

o Better small object detection
than YOLOv3 due to dense
multiscale predictions

o Limitations:

o Less accurate than region-
based methods for cluttered
or occluded scenes

o Backbone lacks  depth
compared  to modern
alternatives

Performance Highlights:
e VOC2007 mAP (IoU 0.5): 77.5
e COCO mAP@|.5:.95]: 25.1

o Latency: ~35 ms/image on GTX
1080 Ti

e FPS:~22
e Model Size: ~95 MB

SSD offers a good trade-off between
detection speed and accuracy, making it
suitable for embedded deployments and
real-time systems that require moderate
precision.
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7. Case/Model/Technique C: Faster R-
CNN

Faster R-CNN is a two-stage object
detector that first generates region
proposals using a Region Proposal Network
(RPN) and then classifies and refines the
bounding boxes in a second stage. This
approach leads to higher detection
accuracy at the expense of computational
complexity.

Key Characteristics:

e Architecture: ResNet-50 with
Feature Pyramid Networks (FPN)

e Detection Strategy:
proposals + Rol pooling

Region

o Strengths:

o Highest detection accuracy
across object scales

o Robust to occlusion and
complex scenes

8. Comparative Analysis

e Limitations:

o Slower inference speed
unsuitable for real-time
applications without
optimization

o Large model size and

memory requirements
Performance Highlights:
e VOC 2007 mAP (IoU 0.5): 79.2
e COCO mAP@].5:.95]: 36.2

e Latency: ~140 ms/image on GTX
1080 Ti

e FPS: ~7
e Model Size: ~170 MB

Faster R-CNN is ideal for applications
where accuracy is critical, such as medical
imaging or surveillance, and where
processing speed can be compromised.

Metric YOLOV3 SSD Faster R-CNN
VOC mAP (IoU 0.5) 76.8 77.5 79.2

COCO mAP@].5:.95] 33.0 25.1 36.2

FPS (GTX 1080 Ti) 45 22 7

Latency (ms/image) 22 35 140

Best for Small Objects X v

Edge Deployment Friendly v v/ v X

Model Size (MB) 236 95 170

Summary of Trade-offs:
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e YOLOV3 is best suited for real-time edge applications where speed is a higher
priority than accuracy on small or occluded objects.

e SSD is a balanced option offering moderate accuracy and low computational
footprint, appropriate for mobile and embedded vision tasks.

o Faster R-CNN provides the best detection accuracy, especially for small or difficult
objects, but is resource-intensive and unsuitable for low-latency use cases.

Figure 1: Comparison of Detection Accuracy and Speed on VOC Dataset
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Figure 1. Comparison of mean Average Precision (mAP) and inference speed (FPS) on the
PASCAL VOC dataset for YOLOv3, SSD, and Faster R-CNN. YOLOvV3 achieves the highest
FPS with slightly lower mAP, while Faster R-CNN delivers the best accuracy but at a
significant cost in speed. SSD offers a balanced compromise between the two.

9. Conclusion

This paper presented a comparative
analysis of three prominent object detection
algorithms: YOLOvV3, SSD, and Faster R-
CNN. The evaluation across PASCAL
VOC and MS COCO datasets highlights
that:

e YOLOv3 delivers real-time
performance and  simplicity,
excelling in speed-critical
applications.

e SSD achieves a balance between
accuracy and efficiency, making it

a strong candidate for mobile and
embedded devices.

o Faster R-CNN leads in detection
accuracy, particularly  under
complex visual scenarios, but
requires significant computational
resources.

Our results offer guidance for practitioners
and engineers in selecting the appropriate
detection model based on task-specific
constraints. In high-throughput or latency-
sensitive environments, YOLO and SSD
offer pragmatic solutions, while accuracy-
critical systems benefit most from region-
based models like Faster R-CNN.
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Future work may involve benchmarking

newer variants like YOLOV4,
EfficientDet, and  Transformer-based
detectors, as well as evaluating

performance under adversarial conditions
and cross-domain generalization.
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