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ABSTRACT
Computer vision (CV) has emerged as a pivotal area of artificial intelligence
(Al), enabling machines to perceive, analyze, and understand visual
information from the world. Among the various CV applications, real-time
object detection plays a critical role in domains such as autonomous vehicles,
surveillance systems, healthcare, and robotics. This paper provides a
comprehensive review of the current state-of-the-art in computer vision and
real-time object detection, focusing on classical techniques, deep learning-
based approaches, and their real-time deployment strategies. Furthermore, the
paper examines the challenges associated with object detection, including
speed, accuracy, occlusion handling, and dataset limitations. It also highlights
recent advances in convolutional neural networks (CNNSs), region-based
approaches, single-shot detectors, and transformer-based models that enhance
real-time performance. Finally, the paper discusses potential future directions,
including edge computing integration, lightweight models, and multi-modal

fusion for robust object detection.
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INTRODUCTION
Computer vision aims to enable machines to interpret visual data, replicating human visual

perception. Real-time object detection is a subset of CV that involves detecting and localizing
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multiple objects within an image or video frame instantaneously. Traditional methods relied
heavily on feature extraction techniques, whereas modern approaches leverage deep learning
for end-to-end detection.

The growing demand for autonomous systems, surveillance, and interactive Al has intensified
research in real-time object detection. Systems must balance accuracy, computational
efficiency, and latency, as high-speed detection is critical in applications like autonomous

driving or drone navigation.

2. BACKGROUND

Object detection, a core task in computer vision, involves locating and classifying objects
within an image or video. Over the years, techniques for object detection have evolved from
traditional handcrafted feature-based methods to deep learning-based approaches capable of
real-time performance in complex scenarios. This section provides a detailed overview of these

techniques.

2.1 Traditional Object Detection Techniques
Before the emergence of deep learning, object detection largely relied on manually designed
features and classical machine learning classifiers. These methods were generally lightweight
and computationally inexpensive, making them suitable for real-time applications on limited
hardware. The most widely used traditional techniques include:
2.1.1 Haar Cascades
Introduced by Viola and Jones (2001), Haar Cascade classifiers became popular for face
detection and other structured object detection tasks. This method uses Haar-like features,
which are simple rectangular patterns capturing edge, line, and center-surround structures. The
classifier applies a cascade of weak learners, trained using the AdaBoost algorithm, to
efficiently eliminate non-object regions while focusing computational resources on promising
areas.

e Strengths: Fast, simple, works well for highly structured objects like faces.

e Limitations: Poor generalization to complex objects, sensitive to scale, rotation, and

occlusion.

2.1.2 Histogram of Oriented Gradients (HOG)
HOG is a feature descriptor introduced by Dalal and Triggs (2005) for pedestrian detection. It
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captures edge orientations by dividing an image into small cells and computing histograms of
gradient directions. These histograms are then normalized over larger blocks to provide
robustness to illumination changes. HOG features are often combined with Support Vector
Machines (SVMs) to classify regions as containing an object or background.

e Strengths: Good performance on rigid objects, robust to lighting variations.

e Limitations: Computationally heavier than Haar Cascades, struggles with occlusion and

non-rigid objects.

2.1.3 Template Matching

Template matching detects objects by sliding a predefined template over an image and
measuring similarity using metrics such as cross-correlation or sum of squared differences
(SSD). The method is straightforward but has several limitations: it requires prior knowledge
of the object shape, struggles with scale and rotation changes, and cannot generalize to diverse
object appearances.

e Strengths: Conceptually simple, works well for exact or near-exact matches.

e Limitations: Sensitive to scale, orientation, deformation, and background clutter.
Despite their efficiency and simplicity, these traditional methods are inadequate for real-world
applications with complex scenes, varying lighting, occlusions, and diverse object types.
The limitations of handcrafted features highlighted the need for automated feature learning,

paving the way for deep learning-based object detection.

2.2 Deep Learning-Based Object Detection

The breakthrough of Convolutional Neural Networks (CNNs) in image classification
(AlexNet, 2012) transformed object detection. Unlike traditional methods, CNNs automatically
learn hierarchical feature representations from raw pixels, enabling robust detection of complex
and varying objects. Deep learning-based object detectors can be categorized into region-
based methods, single-shot detectors, and transformer-based approaches.

2.2.1 Region-Based CNNs (R-CNN)

Region-based methods detect objects by first generating region proposals (candidate bounding
boxes) and then classifying each region.

1. R-CNN (2014): Extracts ~2000 region proposals using selective search and passes each

through a CNN for feature extraction. Features are then classified using SVMs.
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2. Fast R-CNN (2015): Improves efficiency by processing the entire image through a CNN
once and using Region of Interest (Rol) pooling to extract features for each proposal.

3. Faster R-CNN (2015): Introduces a Region Proposal Network (RPN), which predicts
bounding boxes directly, eliminating the need for external proposal methods and enabling
near real-time performance.

e Strengths: High accuracy, especially for small objects.

e Limitations: Computationally intensive, slower compared to single-shot detectors.

2.2.2 Single-Shot Detectors (SSD) and YOLO

Single-shot detectors perform object localization and classification in a single forward pass,

making them suitable for real-time applications.

e YOLO (You Only Look Once, 2016): Divides the image into a grid and predicts bounding
boxes and class probabilities directly for each cell. YOLO prioritizes speed, achieving high
frames per second (FPS) performance with reasonable accuracy. Later versions (YOLOv4,
YOLOvV5, YOLOvV8) improved accuracy using advanced backbones, multi-scale
predictions, and data augmentation.

e SSD (Single Shot MultiBox Detector, 2016): Uses multi-scale feature maps to detect
objects of varying sizes. SSD combines convolutional predictors with default anchor boxes,
providing a balance between speed and accuracy.

e Strengths: Extremely fast, suitable for real-time detection.

e Limitations: Struggles with very small objects or highly overlapping objects.

2.2.3 Transformer-Based Approaches

Inspired by transformers in natural language processing, Vision Transformers (ViTs) and

models like DETR (DEtection TRansformer) use self-attention mechanisms to capture

global contextual relationships in images. Unlike CNN-based detectors, transformers do not

rely on sliding windows or anchors.

e Strengths: Excellent at handling complex scenes and overlapping objects, provides end-
to-end detection without post-processing like Non-Maximum Suppression (NMS).

e Limitations: Computationally expensive, often requiring optimization to achieve real-time
performance.

Deep learning-based methods have significantly surpassed traditional techniques, enabling

robust detection in diverse environments and forming the backbone of modern real-time object
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detection systems.

3. REAL-TIME OBJECT DETECTION

Real-time object detection is a specialized branch of computer vision that aims to detect and
localize objects instantaneously or within a time frame suitable for live applications.
Unlike offline detection, where processing speed is less critical, real-time detection is
constrained by latency and computational resources. Real-time performance is crucial for
applications like autonomous driving, surveillance, robotics, augmented reality, and drone

navigation, where delays can lead to errors or accidents.

3.1 Definition and Challenges

Real-time object detection involves detecting objects at high frame rates (typically > 30
FPS) while maintaining acceptable accuracy. Achieving this balance is challenging due to the
complexity of natural scenes, variation in object sizes, and computational limitations. Some of
the main challenges include:

3.1.1 Speed vs. Accuracy Trade-off

High-speed detection often requires lightweight models such as YOLO or MobileNet-based
SSDs. However, simplifying models to achieve faster inference may reduce their ability to
capture fine details, leading to lower accuracy, especially for small or overlapping objects.
Conversely, complex models like Faster R-CNN or transformer-based detectors achieve higher
accuracy but require more computation, reducing FPS.

Example: YOLOvV3 processes 45 FPS with a moderate accuracy of ~57.9% mAP, whereas
Faster R-CNN achieves ~76% mAP but only 7 FPS.

3.1.2 Occlusion and Overlapping Objects

In real-world scenarios, objects often partially block each other, making it difficult to detect
each instance accurately. Traditional non-maximum suppression (NMS) techniques may fail to
separate closely packed objects, while models with weak spatial reasoning struggle to detect
occluded items.

Example: Pedestrians in a crowded street or cars in heavy traffic may be partially hidden,

requiring detectors to infer missing parts and maintain accurate bounding boxes.
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3.1.3 Dynamic Environments

Real-time detection systems often operate in uncontrolled environments where lighting,
weather, and camera motion vary. Shadows, reflections, rain, fog, or sudden changes in
sunlight can significantly degrade detection performance. Models must generalize well to these
conditions without extensive retraining.

Example: Autonomous vehicles need to detect pedestrians both at night and in bright sunlight

while maintaining real-time FPS.

3.1.4 Resource Constraints

Many real-time applications run on embedded or edge devices with limited memory,
CPU/GPU power, and energy resources. Deploying complex models in such settings requires
optimization strategies, such as quantization, pruning, or using lightweight backbones, to
reduce model size while maintaining acceptable accuracy.

Example: Drones or mobile robots rely on low-power GPUs, where even a small increase in

computational load may reduce detection speed below real-time thresholds.

3.2 Key Models for Real-Time Detection
Several object detection architectures have been specifically designed or adapted to achieve
real-time performance. They can be broadly classified into single-shot detectors and region-
based detectors with speed optimizations.
3.2.1 YOLO (You Only Look Once) Series
The YOLO series is one of the most widely used models for real-time detection due to its
single-pass approach, where detection and classification happen simultaneously. Key
characteristics include:
o Grid-Based Prediction: The image is divided into an S x S grid. Each grid cell predicts
bounding boxes, objectness scores, and class probabilities.
e Multi-Scale Predictions: Later versions (YOLOv3+) predict at three different scales,
improving small object detection.
« High FPS: Optimized for GPU inference to achieve very high frame rates suitable for
live applications.
e Variants:
e YOLOV3: Darknet-53 backbone; moderate accuracy and speed.
e YOLOV4/YOLOvV5: CSPDarknet backbone, PANet for path aggregation, data
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augmentation techniques; better balance between speed and accuracy.
e« YOLOVS: Lightweight, edge-device-friendly version; supports real-time detection

with multi-modal data.

3.2.2 SSD (Single Shot MultiBox Detector)
SSD achieves real-time detection by combining multi-scale feature maps and default anchor
boxes, allowing detection of objects of varying sizes in a single forward pass.
o Feature Pyramids: Convolutional layers at multiple scales capture both small and
large objects.
e Speed-Accuracy Trade-off: SSD300 and SSD512 are commonly used variants;
SSD300 achieves ~58 FPS with competitive accuracy.
e Advantages: Simpler than R-CNN pipelines; suitable for embedded applications.

3.2.3 Fast and Faster R-CNN (Optimized for Speed)
While original R-CNNs are slow, Fast R-CNN and Faster R-CNN improve efficiency:
e Fast R-CNN: Uses shared convolutional feature maps and Rol pooling to avoid
repeated CNN computations.
e Faster R-CNN: Introduces Region Proposal Networks (RPNSs) to generate object
proposals efficiently.
e Limitation: Despite improvements, FPS is still lower than single-shot detectors,

making it less ideal for strict real-time applications.

3.2.4 Transformer-Based Detection (DETR, ViT)
Transformer-based models like DETR (DEtection TRansformer) use self-attention to
capture global dependencies in images:
o Advantages: Handles occlusion and overlapping objects better due to global context.
o Challenges: High computational cost; requires optimizations such as sparse attention
or knowledge distillation to achieve real-time performance.

3.2.5 Lightweight Models for Edge Devices
For mobile or embedded real-time detection, lightweight models are essential:
e MobileNet-SSD: Uses depthwise separable convolutions to reduce computation.

75 Page 69-81 © MANTECH PUBLICATIONS 2020. All Rights Reserved



Journal of Artificial Intelligence, Machine Learning and Soft Computin
MANIECH g g puting
Publications Volume 5, Issue 2, July-December 2020

o EfficientDet: Introduces a compound scaling method to balance network depth, width,
and resolution for efficiency.

e Tiny-YOLO: Scaled-down version of YOLO for low-power devices with acceptable
accuracy.

Table 1: Comparison of prominent object detection models

Model Year|Key Feature Speed (FPS) ||Accuracy (mAP)
YOLOv3 2018 ||Single-pass detection 45 57.9%
YOLOv4 2020 |[CSPDarknet backbone, PANet 65 63.0%
SSD300 2016 | Multi-scale feature maps 58 74.3%
Faster R-CNN (2015 RPN for proposals 7 76.4%
DETR 2020 | Transformer-based global context |20 42.0%

3.3 YOLO Family
The YOLO (You Only Look Once) family of models has become one of the most widely used
frameworks for real-time object detection due to its single-stage, end-to-end pipeline, which
prioritizes speed without heavily sacrificing accuracy. Unlike region-based methods, YOLO
treats detection as a regression problem, predicting bounding boxes and class probabilities
directly from the input image in a single forward pass.
3.3.1YOLOvV3
e Architecture: YOLOv3 uses Darknet-53, a 53-layer CNN backbone, which employs
residual connections to improve gradient flow and feature extraction.
o Multi-Scale Predictions: To detect objects of varying sizes, YOLOvV3 predicts at three
different scales, using feature maps from different layers.
e Bounding Box Predictions: Each grid cell predicts 3 anchor boxes with objectness
scores and class probabilities.
e Strengths: Good balance of speed (~45 FPS) and accuracy (~57.9% mAP), capable of
detecting small, medium, and large objects effectively.
e Limitations: Moderate accuracy compared to newer versions; struggles with extremely

small or overlapping objects in crowded scenes.
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3.3.2YOLOV4 & YOLOV5

o

Improvements over YOLOV3:

Data Augmentation: Techniques like Mosaic augmentation increase dataset
variability, improving generalization.

Batch Normalization: Stabilizes and accelerates training.

Activation Functions: Mish (YOLOv4) and SiLU (YOLOvV5) enhance non-linearity,
improving feature representation.

Path Aggregation Network (PANet): Improves feature fusion across different layers.
Performance: YOLOV4 achieves ~65 FPS with higher mAP (~63%), while YOLOvV5
further improves speed (~80 FPS) and maintains strong accuracy, optimized for GPU

and edge deployment.

3.3.3 YOLOVS8

Edge Optimization: Lightweight backbone and streamlined detection head reduce
computational load for embedded devices like drones, mobile phones, and cameras.
Multi-Modal Inputs: Capable of incorporating additional sensory data (e.g., depth
maps) for enhanced detection.

Advantages: High FPS, low latency, easier integration into real-time applications.

Applications: Autonomous drones, real-time video analytics, industrial robotics.

3.4 SSD and Multi-Scale Feature Maps
The Single Shot MultiBox Detector (SSD) offers an alternative single-stage detection

framework optimized for speed and accuracy. Unlike YOLO, which uses fixed grid cells,

SSD leverages feature maps at multiple resolutions to detect objects of various sizes.
Key Features of SSD

o

o

Multi-Scale Feature Maps:

Lower layers detect small objects using fine-grained feature maps.

Higher layers detect larger objects using coarse-grained maps.

Default Anchor Boxes: SSD predefines boxes at each scale and aspect ratio, predicting
offsets and class probabilities relative to these anchors.

Single Forward Pass: All predictions are made simultaneously, achieving real-time
inference (~58 FPS) with a balance of precision (~74.3% mAP on VOC dataset).
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Strengths and Applications

o

o

Strengths:
Effective for small and large objects due to multi-scale features.
Lightweight versions can be deployed on mobile and embedded devices.

Applications: Mobile robotics, surveillance cameras, augmented reality.

3.5 Transformer-Based Detectors

Transformer-based detectors represent a recent paradigm shift in object detection. Inspired

by the success of transformers in natural language processing, models like DETR (DEtection

TRansformer) and Vision Transformers (ViTs) capture global dependencies in images

through self-attention mechanisms, rather than relying solely on convolutional features.

Key Features

End-to-End Detection: Eliminates the need for anchor boxes, region proposal
networks, and non-maximum suppression (NMS), simplifying the detection pipeline.
Global Context Modeling: Self-attention allows the model to reason about
relationships between distant image regions, improving detection of overlapping or
occluded objects.

Set-Based Predictions: DETR predicts a fixed set of objects for each image, and

unmatched predictions are penalized using a bipartite matching loss.

Strengths

Handles complex scenes with multiple overlapping objects.
Reduces handcrafted post-processing steps like NMS.
Can integrate additional information such as temporal or multi-modal cues for video

and real-time applications.

Limitations

High Computational Cost: Transformers are memory-intensive and require optimized
hardware for real-time deployment.

Slower FPS: Out-of-the-box DETR may achieve only ~20 FPS, requiring techniques
like Deformable DETR or knowledge distillation for edge applications.

4. APPLICATIONS OF REAL-TIME OBJECT DETECTION
e Autonomous Vehicles: Detects pedestrians, vehicles, traffic signs, and obstacles.

e Surveillance and Security: Tracks suspicious activities and unauthorized access.
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Healthcare: Assists in real-time diagnostics, surgery assistance, and patient monitoring.
Robotics: Enables robot navigation, grasping, and interaction with dynamic environments.

Retail and Industrial Automation: Detects products, monitors assembly lines, and

optimizes logistics.

Figure 1: Real-Time Object Detection in Autonomous Driving

5. PERFORMANCE METRICS
Real-time object detection performance is measured using:

e Mean Average Precision (mAP): Evaluates detection accuracy across classes.

e Frames Per Second (FPS): Measures processing speed.

¢ Intersection over Union (IoU): Quantifies the overlap between predicted and ground truth

bounding boxes.

e Latency: Time taken to process a single frame.

Table 2: Performance Metrics for Real-Time Object Detection

Metric Description
mAP Overall detection accuracy across all classes
FPS Number of frames processed per second
loU Overlap ratio between predicted and ground truth boxes
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Metric Description

Latency | Time per frame processing (ms)

6. DATASETS FOR OBJECT DETECTION
e COCO (Common Objects in Context): 80 object classes, large-scale, diverse images.
e PASCAL VOC: 20 object classes, widely used for benchmarking.

e KITTI: Focused on autonomous driving applications.

e Open Images Dataset: Extensive dataset with millions of annotated images.

High-quality datasets are critical for training models capable of robust real-time detection in

complex environments.

7. CHALLENGES AND FUTURE DIRECTIONS
7.1 Challenges

High Computational Costs: Especially for transformer-based models.
Occlusion and Dense Object Scenarios: Remains a difficult task.
Edge Deployment: Limited memory and processing power.

Adversarial Vulnerabilities: Susceptibility to image perturbations.

7.2 Future Directions

Lightweight Architectures: MobileNet, EfficientDet for edge devices.
Multi-Modal Fusion: Combining LiDAR, radar, and visual data for robust detection.
Self-Supervised Learning: Reduces reliance on large labeled datasets.
Adaptive Inference: Dynamically adjusts computational load based on scene

complexity.

CONCLUSION

Real-time object detection has rapidly evolved from traditional handcrafted feature methods to

deep learning and transformer-based approaches. While models like YOLO and SSD provide

excellent speed, transformer-based detectors promise superior contextual understanding. The

field faces challenges in accuracy, computational efficiency, and deployment on resource-

constrained devices. Future research will likely focus on lightweight models, multi-modal

integration, and self-supervised learning, aiming to make real-time detection more robust and

applicable across diverse real-world scenarios. The continuous advancement in this domain
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will significantly impact autonomous systems, robotics, healthcare, and surveillance, paving

the way for smarter and more responsive Al systems.
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