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Abstract— Object detection has emerged as one of the
most transformative subfields of computer vision,
underpinned by breakthroughs in deep learning,
convolutional neural networks (CNNs), and, most
recently, vision transformer architectures. Its
commercial and scientific impact spans autonomous
vehicles, medical diagnostics, industrial automation,
smart surveillance, retail intelligence, and human-
computer interaction. The rapid pace of innovation from
classical handcrafted feature methods to fully data-
driven, attention-based pipelines has continuously
redefined the boundaries of what machines can perceive
and interpret in real time.

This research manuscript presents a unified, in-depth
examination of real-time object detection along two
complementary axes. The first dimension covers the
practical design, implementation, and experimental
evaluation of a CPU-friendly real-time object detection
system built on SSD MobileNet V3 and the OpenCV
Deep Neural Network (DNN) module, featuring an
interactive Tkinter GUI supporting image, video, and
webcam inputs. The second dimension provides an
extensive theoretical survey of the full spectrum of deep
learning—based object detection paradigms from region-
based detectors (R-CNN, Fast R-CNN, Faster R-CNN)
and one-stage detectors (YOLO, SSD, RetinaNet) to
anchor-free methods (FCOS, CenterNet), transformer-
based architectures (DETR, Deformable DETR, RT-
DETR), and neural architecture search (NAS)-optimized
models (YOLO-NAS).

The manuscript integrates the latest innovations from
2023 to 2025, including YOLOVS8 through YOLOv11,
hybrid CNN-transformer architectures, multi-modal
sensor fusion, and edge-Al deployment strategies such as
quantization, pruning, and knowledge distillation.
Experimental results confirm that SSD MobileNet V3
achieves 19-23 frames per second on standard CPU
hardware with approximately 22—25 mAP on the COCO
benchmark, representing an ideal balance between
accessibility, efficiency, and practical accuracy for
resource-constrained deployments. The comparative
analysis with contemporary models including
YOLOVv11-L at 58+ mAP and RT-DETR at 46-50 mAP
contextualizes these results within the current state of the
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art. The manuscript concludes with a forward-looking
discussion of emerging research frontiers, including self-
supervised learning, tiny-object detection, multi-modal
fusion, and explainable Al in detection systems.

Index Terms—Real-time object detection, SSD Mobile
Net V3, YOLO, DETR, OpenCV-DNN, transformer
architectures, edge Al, COCO benchmark, deep
learning, convolutional neural networks, multi-modal
detection, neural architecture search.

I. INTRODUCTION

Object detection is the foundational task in computer
vision that requires simultaneously identifying the
location and category of every object present within an
image or video frame. Unlike image classification
which assigns a single label to an entire image object
detection must produce both class labels and precise
spatial bounding boxes for potentially dozens of
objects in a single frame, often under real-time
constraints. The computational and algorithmic
challenges are substantial: objects may appear at
vastly different scales, may partially overlap or
occlude one another, may be captured under poor
lighting or motion blur, and may belong to any of
hundreds of semantic categories.

The significance of solving object detection reliably
cannot be overstated. Modern autonomous vehicle
systems depend on detecting pedestrians, cyclists,
traffic signs, and other vehicles hundreds of times per
second. Hospital imaging platforms leverage object
detection to localize tumors, lesions, and anatomical
landmarks. Smart city infrastructure uses detection to
manage traffic flow, detect incidents, and optimize
energy consumption. Industrial robots employ
detection to pick, sort, and inspect manufactured
components. Consumer devices such as smartphones
and augmented reality headsets rely on detection for
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features ranging from portrait photography to
navigation assistance.

Prior to the deep learning revolution of 2012, the
object detection field was dominated by hand-
engineered approaches. Viola and Jones introduced
the first real-time detector in 2001, using Haar-like
features and a cascaded AdaBoost classifier to detect
faces. The Histogram of Oriented Gradients (HOG)
descriptor, introduced by Dalal and Triggs in 2005,
became the standard for pedestrian detection when
paired with Support Vector Machines (SVM). Scale-
Invariant Feature Transform (SIFT) and Deformable
Part Models (DPMs) extended these approaches to
handle scale and appearance variation. However, all
these methods shared a critical limitation: they relied
on features manually designed by domain experts and
struggled to generalize across the enormous diversity
of natural images.

The 2012 ImageNet Large Scale Visual Recognition
Challenge (ILSVRC) marked a turning point.
AlexNet, a deep convolutional neural network with
eight learnable layers, reduced the top-5 error rate by
nearly 11 percentage points compared to the previous
best, demonstrating that CNNs trained end-to-end on
large datasets could learn hierarchical feature
representations far more powerful than any hand-
crafted alternative. Within two years, R-CNN (2014)
applied CNN feature extraction to object detection,
followed rapidly by Fast R-CNN (2015) and Faster R-
CNN (2015), which together established the two-stage
detection paradigm of region proposal followed by
classification.

The demand for real-time performance drove the
development of one-stage detectors. YOLO (You
Only Look Once, 2016) and SSD (Single Shot
MultiBox Detector, 2016) eliminated the region
proposal stage, directly predicting bounding boxes and
class probabilities from a single forward pass through
the network. These models sacrificed some accuracy
compared to two-stage detectors but achieved far
higher frame rates, making real-time deployment
feasible on modest hardware. Retina Net (2017)
introduced the Focal Loss function to address the
extreme class imbalance problem inherent in one-
stage detection, achieving accuracy competitive with
two-stage models while maintaining high speed.

The most recent paradigm shift has been driven by the
Transformer architecture. Originally developed for
natural language processing, transformers use self-
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attention mechanisms to capture long-range
dependencies in sequences. DETR (Detection
Transformer, 2020) applied the transformer encoder-
decoder architecture to object detection, enabling end-
to-end training without anchor boxes or non-
maximum suppression. While DETR's training
convergence was initially slow, subsequent work
including Deformable DETR (2021), Conditional
DETR, DAB-DETR, DINO, and RT-DETR addressed
these limitations, making transformer-based detection
both accurate and efficient.

This manuscript examines these developments
comprehensively, grounded in the practical
implementation of an SSD Mobile Net V3-based real-
time detection system. By situating the practical
system within the broader theoretical landscape and
the latest research from 2023 to 2025, the paper
provides researchers, engineers, and students with a
holistic, up-to-date resource on the current state and
future trajectory of real-time object detection.

II. LITERATURE REVIEW

The literature on object detection spans more than two
decades and encompasses classical computer vision,
deep learning, and the emerging transformer
paradigm. This section synthesizes contributions
across all major phases of development, providing the
theoretical foundation for the practical system
described in subsequent sections.

2.1 Classical and Pre-Deep-Learning Methods

The earliest successful real-time object detector was
the Viola—Jones algorithm (2001), which used a
cascade of classifiers operating on Haar-like features
computed using integral images. The cascade structure
allowed rapid rejection of non-object windows,
enabling real-time face detection on the hardware of
the era. While groundbreaking, Viola—Jones was
highly task-specific, primarily effective for frontal
faces under controlled illumination.

Dalal and Triggs (2005) introduced the Histogram of
Oriented Gradients (HOG) descriptor, which captured
local gradient distributions and proved robust for
pedestrian detection when combined with a linear
SVM. Deformable Part Models (DPMs), developed by
Felzenszwalb et al., extended this approach by
modeling objects as collections of parts connected by
springs, enabling detection of articulated objects with
variable appearance. Despite their effectiveness, all
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classical methods shared a fundamental bottleneck:
feature engineering required extensive domain
expertise, and the resulting features lacked the
representational capacity to handle the full complexity
of natural image appearance across hundreds of object
categories.

2.2 Two-Stage Deep Learning Detectors

The advent of R-CNN (Region-based CNN, Girshick
et al., 2014) fundamentally changed object detection.
R-CNN used selective search to generate
approximately 2,000 region proposals per image, then
extracted CNN features from each warped proposal
and classified it with an SVM. Although accuracy
improved dramatically, the pipeline was too slow for
real-time use processing a single image required
roughly 47 seconds on a CPU.

Fast R-CNN (Girshick, 2015) addressed the speed
bottleneck by introducing Region of Interest (Rol)
pooling, which extracted features for all proposals
from a single convolutional feature map computed
once per image, rather than computing separate
features for each proposal. This reduced inference
time to approximately 0.3 seconds per image. Faster
R-CNN (Ren et al., 2015) completed the transition to
a fully end-to-end trainable architecture by replacing
selective search with a Region Proposal Network
(RPN) a small convolutional network that shares
features with the detection network. Faster R-CNN
reduced inference to 200 ms per image (5 FPS) and
became the gold standard for accuracy, achieving
approximately 40-42 mAP on the COCO benchmark.
Modern variants such as Cascade R-CNN, HTC
(Hybrid Task Cascade), and DetectoRS have further
improved accuracy but remain computationally
intensive.

2.3 One-Stage Detectors and the Real-Time
Breakthrough

One-stage detectors eliminated the separate region
proposal stage, predicting bounding boxes and class
probabilities directly from feature maps in a single
forward pass.

SSD (Single Shot MultiBox Detector, Liu et al., 2016)
applied default anchor boxes at multiple feature map
scales, enabling detection of objects at different sizes
without a dedicated proposal stage. SSD with VGG-
16 backbone achieved approximately 74 mAP on
PASCAL VOC at 46 FPS, representing a major step
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toward practical real-time detection. The variant used
in this research, SSD MobileNet V3, replaces VGG-
16 with the MobileNet V3 backbone, dramatically
reducing computational cost while maintaining
reasonable accuracy for deployment on CPU-only
hardware.

YOLO (You Only Look Once, Redmon et al., 2016)
reformulated object detection as a single regression
problem, predicting bounding boxes and class
probabilities from the full image in one evaluation of
a unified CNN. YOLOv1 achieved 45 FPS at 63.4
mAP on PASCAL VOC, enabling genuine real-time
detection. Successive versions YOLOv2, YOLOv3,
YOLOv4, YOLOvS5, YOLOvV7, YOLOvV8, YOLOV9,
YOLOv10, and YOLOvI1 progressively improved
accuracy and speed through architectural innovations
such as the Darknet-53 backbone, CSPDarknet,
PANet neck, decoupled detection heads, and
Programmable Gradient Information (PGI).
RetinaNet (Lin et al., 2017) introduced the Focal Loss,
which down-weighted the contribution of easy,
abundant background examples and focused training
on the harder, rarer foreground examples. This solved
the extreme class imbalance problem that had
previously limited one-stage detector accuracy,
allowing RetinaNet to match or exceed two-stage
detectors while maintaining one-stage speed.

2.4 Anchor-Free Detectors

Anchor-based detectors require careful
hyperparameter tuning of anchor box sizes, aspect
ratios, and scales, which must be tailored to the
specific object distribution in each dataset. Anchor-
free detectors eliminate this requirement by detecting
objects through alternative representations.

FCOS (Fully Convolutional One-Stage Detector, Tian
etal., 2019) predicted object bounding boxes as offsets
from the center point of each feature map location,
using a centerness branch to downweight low-quality
predictions. CornerNet detected objects by predicting
heatmaps of top-left and bottom-right corner
keypoints. CenterNet (Zhou et al., 2019) extended this
to detect objects as single points at their center,
predicting width, height, and additional properties
from center point features. Anchor-free methods
simplify the detection pipeline, reduce the number of
hyperparameters, and improve generalization to
objects of irregular shape.
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2.5 Transformer-Based Architectures

DETR (Detection Transformer, Carion et al., 2020)
represented a fundamental departure from CNN-
centric detection. DETR wused a standard CNN
backbone to extract image features, which were then
fed into a transformer encoder-decoder. The decoder
processed a fixed set of learned object queries through
cross-attention with the encoder output, producing a
set of predicted objects in a single forward pass. DETR
required no anchor boxes, no non-maximum
suppression, and no hand-crafted components,
enabling true end-to-end training. The primary
limitation was slow convergence DETR required 500
training epochs to match Faster R-CNN trained for 36
epochs due to the difficulty of learning attention maps
that localize objects.

Deformable DETR (Zhu et al., 2021) addressed this
with deformable attention, which attended to only a
small, learned set of key sampling points around each
reference point rather than all spatial positions,
dramatically improving training efficiency and
detection accuracy for small objects. Subsequent work
including Conditional DETR, DAB-DETR, DN-
DETR, DINO, and H-DETR further improved
convergence speed, accuracy, and robustness. RT-
DETR (2023) pushed transformer-based detection into

the real-time regime by combining a hybrid CNN-
transformer backbone with efficient multi-scale
deformable attention and decoupled parallel heads,
achieving 30-40 FPS at 46-50 map.

2.6 Hybrid CNN-Transformer and NAS-Based
Models (2022-2025)

The most recent research has focused on combining
the complementary strengths of CNNs efficient local
feature extraction with the global reasoning capability
of transformers. Swin Transformer introduced
hierarchical, windowed self-attention enabling
efficient processing of high-resolution images. Swin-
YOLO hybrids, Mobi Levit, Efficient Former, and
related  architectures achieved  state-of-the-art
performance across a range of efficiency-accuracy
trade-offs.

YOLO-NAS (2023), developed wusing neural
architecture search on hardware-specific constraints,
automatically architectures  that
outperformed manually designed models like
YOLOvS5 and YOLOv7 at equivalent speeds.
YOLOvI1 (2025) incorporated hybrid CNN-
transformer neck designs with optimized micro-kernel
architectures for edge Al accelerators, reportedly
achieving 58+ mAP on COCO while supporting ultra-
low-latency inference on mobile devices.

discovered

Era Representative Methods Key Feature Approx. Speed | Accuracy (mAP)
Pre-2012 (Classical) Viola-Jones, HOG+SVM, Hand-crafted features Slow (>100ms) Low (~10-15)
SIFT+SVM
2013-2015 (Two-Stage R-CNN, Fast R-CNN, Faster | Region proposals + CNN Moderate (50- High (35-42)
CNN) R-CNN 200ms)
2016-2019 (One-Stage) YOLO, YOLOvV2/v3, SSD, Single-pass detection Fast (10-50ms) Moderate-High
RetinaNet (30-40)
2019-2021 (Anchor- FCOS, CenterNet, CornerNet Keypoint/centerness Fast (15-40ms) High (38-44)
Free)
2020-2022 DETR, Deformable DETR, Self-attention mechanism Moderate (30- Very High (43-
(Transformers) DAB-DETR 80ms) 50)
2023-2025 YOLOvVS8-11, YOLO-NAS, NAS + CNN- Real-time State-of-art (48-
(Hybrid/NAS) RT-DETR Transformer hybrid (<20ms) 60)

Table 1: Chronological Evolution of Object Detection Paradigms with Representative Models and Performance
Characteristics

II. METHODOLOGY

The research  methodology integrates two
complementary dimensions: a practical real-time
detection system implemented using SSD MobileNet
V3 and OpenCV-DNN, and a theoretical synthesis
drawn from the evolution of detection algorithms. This

IJIRT 194729

dual-axis approach ensures that implementation-level
design decisions are grounded in a thorough
understanding of the algorithmic landscape.

3.1 Model Selection and Justification

The selection of SSD MobileNet V3 as the primary
detection model was driven by four key criteria. First,
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the model's lightweight architecture built on depthwise
separable convolutions and Squeeze-and-Excitation
(SE) blocks enables real-time inference on standard
CPU hardware without requiring GPU acceleration.
Second, its native integration with the OpenCV-DNN
module eliminates dependencies on heavy deep
learning frameworks such as TensorFlow or PyTorch
during deployment, reducing system complexity and
improving portability. Third, the model's pre-training
on the COCO dataset provides support for 80 common
object categories without any additional training data.
Fourth, its 320%x320 input resolution balances
detection quality against computational cost,
achieving 19-23 FPS on mid-range processors.

While models such as YOLOvVS and YOLOv11 offer
substantially higher accuracy, they require GPU
acceleration for real-time operation. For the target
deployment scenario, a desktop or laptop CPU-based
academic prototype accessible without specialized
hardware SSD MobileNet V3 provides the optimal
balance of speed, accuracy, ease of integration, and
accessibility.

3.2 Computational Architecture: SSD MobileNet V3
MobileNet V3 represents the third generation of
Google's  lightweight CNN  backbone family,
incorporating several key architectural innovations.
Depthwise separable convolutions factorize a standard
3x3 convolution into a depthwise convolution (applied
channel-wise) followed by a 1x1 pointwise
convolution, reducing the number of multiply-add
operations by approximately 8-9 times while
preserving representational capacity. Squeeze-and-
Excitation (SE) blocks apply channel-wise attention,
learning to selectively amplify informative feature
channels and suppress less useful ones. The Hard-
Swish activation function, a hardware-efficient
approximation of the Swish function, improves
accuracy over ReLU without the computational
overhead of exact Swish. Inverted residual bottleneck
blocks, inherited from MobileNet V2, form the
structural backbone.

The SSD detection head attaches to multiple
intermediate feature map layers in the backbone,
enabling multi-scale detection. Each detection layer
predicts a fixed number of default anchor boxes at
each spatial location, outputting class probability
distributions and bounding box offsets relative to the
anchor. The use of multiple feature map scales (e.g.,
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38%38, 19x19, 10x10, 5x5, 3x3, and 1x1) allows the
network to detect objects ranging from small (few
pixels) to large (nearly image-spanning) without
explicit scale normalization.

3.3 System Workflow and Pipeline

The implemented system processes inputs through
seven distinct stages, from user interaction to final
visualization. Figure 1 illustrates the complete
pipeline.

3.3.1 Input Acquisition

The system accepts three input modalities through a
Tkinter GUI: live webcam streams captured via
cv2.VideoCapture(0), uploaded video files (MP4,
AVI, MKV) processed frame by frame, and static
images loaded with cv2.imread(). A dedicated
background thread handles continuous frame capture,
decoupled from the GUI thread to prevent interface
freezing.

3.3.2 Preprocessing

Each input frame is converted to a four-dimensional
blob wusing OpenCV's cv2.dnn.blobFromImage()
function, which performs resizing to 320%320 pixels,
pixel value scaling, mean subtraction (mean=(127.5,
127.5, 127.5)), and color channel reordering from
BGR (OpenCV's default) to RGB. The resulting blob
is a normalized tensor of shape [1, 3, 320, 320] suitable
for direct input to the neural network.

3.3.3 Inference Execution

The preprocessed blob is fed to the SSD MobileNet
V3 model loaded via OpenCV's DNN module using
net.setinput(blob), followed by the forward pass
executed with detections = net.forward(). The DNN
module's CPU-optimized inference engine processes
the model without GPU acceleration, leveraging
OpenCV's built-in optimizations for x86 and ARM
architectures. The forward pass produces a detection
tensor of shape [1, 1, N, 7], where each detection
encodes batch index, class ID, confidence score, and
normalized bounding box coordinates (x_min, y min,
X_max, y_max).

334 Post-Processing and Non-Maximum
Suppression

Raw model outputs typically contain multiple
overlapping detections for the same object, arising
from the prediction of many anchor boxes at nearby

locations. Post-processing applies a confidence
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threshold (default 0.5) to filter low-confidence
predictions, then applies Non-Maximum Suppression
(NMS) to remove redundant boxes. NMS sorts
retained detections by confidence, iteratively retaining
the highest-confidence detection and suppressing all
others with an Intersection-over-Union (IoU) overlap
exceeding a threshold (default 0.4). The result is a
minimal, non-redundant set of detections with
accurate bounding boxes.

3.3.5 Class Filtering and Visualization

After NMS, detections are filtered by matching class
IDs against user-selected target categories via the GUI
dropdown. Retained detections are visualized using
OpenCV drawing functions: colored bounding boxes
(distinct color per class), class name labels, and
confidence score overlays. For webcam and video
inputs, processed frames are converted to PIL
ImageTk format and embedded in the Tkinter canvas
at up to 23 FPS, providing smooth real-time visual
feedback.

3.4 Multi-Threading Architecture

To  maintain  GUI  responsiveness  during
computationally intensive video processing, the
system employs Python's threading module to separate
concerns across multiple threads. The main thread
handles Tkinter GUI event processing. A capture
thread continuously reads frames from the active input
source (webcam or video). A processing thread
performs preprocessing, inference, and post-
processing on captured frames. Thread-safe queues
coordinate frame transfer between threads, preventing
race conditions and ensuring consistent frame
delivery. This architecture eliminates the GUI freezing
that would occur in a single-threaded synchronous
implementation.

3.5 Experimental Setup

Experiments were conducted on a representative mid-
range consumer computing environment to reflect
realistic academic and small-scale deployment
scenarios. The processor was an Intel Core i5 (11th or
12th Generation) or AMD Ryzen 5 5000/7000 series
with 16 GB DDR4/DDR5 RAM and integrated
graphics (Intel UHD/Iris Xe). The software
environment comprised Python 3.9+, OpenCV 4.8+
with DNN module, and Tkinter for GUI development,
running on Windows 11 64-bit. No dedicated GPU
acceleration was used, emphasizing the system's CPU-
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only capability. Evaluation metrics included inference
speed in FPS, detection confidence scores, CPU
utilization, and memory usage.

IV. SYSTEM DESIGN, ARCHITECTURE, AND
IMPLEMENTATION

This section provides a comprehensive description of
the system's design architecture, component
interactions, and implementation strategy, bridging
practical code-level details with the architectural
principles derived from modern object detection
research.

4.1 Architecture Overview

The system architecture is organized into five major
functional layers that interact sequentially to transform
raw input into annotated detection output. The User
Interface Layer, built with Tkinter, serves as the
system's control panel, providing buttons for webcam
activation, image upload, video upload, and detection
stopping, along with a dropdown for target class
selection and a status display label. The Input
Acquisition Layer uses OpenCV's VideoCapture and
imread functions to collect frames from the selected
source. The Preprocessing and Inference Layer applies
blob conversion and executes the forward pass-
through SSD MobileNet V3 via OpenCV-DNN. The
Post-Processing Layer applies confidence
thresholding, NMS, and class filtering. The
Visualization Layer renders bounding boxes, labels,
and confidence scores and embeds the annotated frame
in the GUI canvas.

4.2 Key Implementation Details

4.2.1 Model Loading

The SSD MobileNet V3 model is loaded from two
files: a frozen TensorFlow Graphed protosun (.pb)
containing the serialized model weights, and a text
protobuf (.pbtxt) configuration file defining the
network architecture. OpenCV's
cv2.dnn.readNetFromTensorflow() function parses
these files and constructs an internal DNN
computational graph. The model supports 80 object
categories from the COCO dataset, defined in a
companion labels text file.

4.2.2 Confidence Thresholding
The system applies a configurable confidence
threshold (default value 0.5) to filter detections. Only
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detections where the model's softmax class probability
exceeds this threshold are retained for further
processing. Raising the threshold reduces false
positives at the cost of potentially missing lower-
confidence true positives; lowering it increases recall
but may increase false positives. For interactive use,
this threshold is exposed as a GUI parameter, enabling
user-controlled trade-off tuning.

4.2.3 Non-Maximum Suppression

Non-Maximum Suppression (NMS) prevents multiple
bounding boxes from being reported for the same
physical object. The algorithm first ranks all surviving
detections by confidence score in descending order. It
then greedily selects the top-ranked box and
suppresses all other boxes whose IoU with the selected
box exceeds the NMS threshold (default 0.4). The
process repeats on the remaining (unsuppressed)
detections until all are either selected or suppressed.

4.2.4 Technologies and Libraries

Component

Tool / Library Purpose

Programming Language

Python 3.10

Primary development language

Deep Learning Framework

OpenCV-DNN 4.8+

Model loading and inference

Pre-trained Model

SSD MobileNet V3 (COCO)

80-class object detection

GUI Framework

Tkinter User interface and control panel

Image Processing

OpenCV + Pillow (PIL)

Frame manipulation and display

Numerical Operations

NumPy Array operations on frames

Multi-threading

Python threading module

Parallel capture and GUI handling

Table 2: Technology Stack Used in the Implemented Detection System

V. RESULTS, COMPARATIVE ANALYSIS, AND
DISCUSSION

This section presents the experimental results from the
implemented SSD MobileNet V3 detection system, a
comparative  evaluation against state-of-the-art
models, and a discussion of observed performance
characteristics in the context of current research.

5.1 Experimental Results

The system was evaluated under three input
modalities: live webcam at 720p resolution, uploaded
video files (1080p MP4), and static images.
Performance metrics were collected across 10-minute
continuous operation sessions to ensure stable,
representative measurements.

For webcam input, the system achieved a consistent
frame rate of 19-23 FPS, with an average CPU
utilization of 65-80% on an Intel Core i5 12th Gen.
Memory usage stabilized at approximately 350—450
MB including the loaded model and OpenCV buffers.
For video file processing, the effective detection rate
matched the webcam performance, with slightly
higher peak CPU utilization (85-90%) due to disk I/O
operations running concurrently. Static image
detection completed in 40—60 ms per image, enabling
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near-instantaneous feedback for single-image upload
tasks.

Detection  accuracy was  qualitatively  and
quantitatively consistent with published COCO
validation benchmarks for SSD MobileNet V3. Large
and medium-sized objects persons, cars, bicycles,
dogs, chairs, bottles were detected with high
confidence (typically >0.75) and accurate bounding
boxes. Small or distant objects (e.g., persons at the far
edge of a parking lot, small animals in complex
backgrounds) were occasionally missed or detected
with lower confidence, consistent with the model's
known limitations at the lower end of the COCO size
spectrum. Under poor lighting (effectively equivalent
to nighttime webcam capture), detection rates dropped
noticeably, highlighting the sensitivity to input image
quality.

5.2 Comparative Analysis with State-of-the-Art
Models

The following table compares SSD MobileNet V3
against major detection families on standardized
benchmarks. The comparison underscores the trade-
offs between accuracy, speed, and hardware
requirements that guide model selection for different
deployment scenarios.
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Model mAP (COCO) Speed (FPS) Hardware Suitable For
Faster R-CNN 40-42 7-12 GPU required High-accuracy tasks
SSD MobileNet V3 22-25 19-23 (CPU) CPU-friendly Edge / Embedded / Academic
YOLOVS5-s 36-38 120+ (GPU) GPU preferred Real-time industrial
YOLOV8-s 40-43 150+ (GPU) GPU preferred Production systems
YOLOV9-E 53-56 50-80 (GPU) GPU required High-performance
YOLOv11-L 58+ 60-90 (GPU) GPU required State-of-the-art tasks
YOLO-NAS 44-48 100+ (GPU) GPU preferred NAS-optimized deployment
DETR 42-44 15-25 (GPU) GPU required End-to-end transformer tasks
RT-DETR 46-50 30-40 (GPU) GPU preferred Real-time transformer tasks
EfficientDet-DO 33-35 98 (GPU) Lightweight GPU Mobile applications

Table 3: Comprehensive Model Comparison mAP, Speed, Hardware Requirements, and Application Suitability (*

SSD MobileNet V3 row highlighted for reference)

As illustrated in Table 3, SSD MobileNet V3 occupies
a distinct niche: the only model in the comparison
capable of real-time performance (>15 FPS) without
GPU acceleration. Its 22-25 mAP lags substantially
behind the state-of-the-art YOLOv11-L at 58+ mAP,
RT-DETR at 4650 mAP, and even YOLOvS8-s at 40—
43 mAP but these models require dedicated GPU
hardware for real-time operation. For scenarios where
GPU hardware is unavailable or cost-prohibitive, SSD
MobileNet V3 remains the preferred choice.

5.3 The YOLO Family: A Detailed Evolution

The YOLO (You Only Look Once) family represents
the most influential line of one-stage object detection
research, spanning from the original 2016 paper to the
YOLOvl1 in 2025. Each version has
introduced architectural and training innovations that
progressively improved the accuracy-speed trade-off.

release

Version Year Key Innovation mAP (COCO) Notes
YOLOv1 2016 Single regression for detection ~63.4 (VOC) Pioneer; fast but limited accuracy
YOLOV2 2017 Anchor boxes, multi-scale training ~73.4 (VOC) Detected 9000+ classes
(YOLO9000)
YOLOvV3 2018 Darknet-53, multi-scale heads ~57.9 AP50 Standard for years
YOLOv4 2020 CSPDarknet, PANet, Mish activation ~43.5 Bag-of-freebies training
YOLOv5 2020 AutoAnchor, PyTorch ~36-56 (varies) Industry standard
implementation
YOLOv7 2022 E-ELAN, auxiliary training heads ~51.4 Fastest at release
YOLOv8 2023 Decoupled head, anchor-free ~43-53 Ultralytics ecosystem
YOLOV9 2024 PGI, GELAN architecture ~53-56 Gradient information preservation
YOLOV10 2024 NMS-free end-to-end detection ~54-55 Reduced post-processing
YOLOv11 2025 Hybrid CNN-Transformer neck ~58+ Edge-Al optimized

Table 4: Evolution of the YOLO Model Family (2016-2025) with Key Innovations and Performance

YOLOVS (2023) from Ultralytics introduced a fully
anchor-free detection head (decoupled classification
and regression branches), an improved CSP-like
backbone, and a unified Python API supporting
detection, segmentation, pose estimation, and
classification tasks. YOLOvS8's training pipeline
incorporated modern augmentation strategies
including Mosaic, Copy-Paste, and MixUp,
significantly improving generalization. In practical
deployments, YOLOv8-n (nano variant) achieves
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approximately 3 ms per image on GPU, making it
suitable for embedded GPU devices like NVIDIA
Jetson.

YOLOV9 (2024) introduced Programmable Gradient
Information (PGI) and the Generalized Efficient Layer
Aggregation Network (GELAN) architecture. PGI
creates auxiliary branches that supply gradient
supervision signals during training, addressing the
information bottleneck problem in deep networks
where gradients from the loss function fail to
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effectively propagate to early layers. YOLOV9-E
achieves 55.6 mAP on COCO at competitive speeds.
YOLOvVI10 (2024) eliminated the need for NMS
through a dual assignment training strategy that
combines one-to-many assignments during training
(for rich gradient signals) with one-to-one assignments
during inference (for direct, NMS-free prediction),
reducing end-to-end latency by eliminating post-
processing. YOLOv11 (2025) introduced hybrid
CNN-transformer neck designs with micro-kernel
optimization for edge Al accelerators, reportedly
achieving 58+ mAP while supporting deployment on
smartphones via dedicated neural processing units

(NPUs).

5.4 Transformer-Based Detectors: RT-DETR and
Beyond

RT-DETR (Real-Time Detection Transformer,
PaddlePaddle, 2023) marked a significant milestone
by demonstrating that transformer-based detection
could match YOLO's real-time performance. RT-
DETR wuses a hybrid CNN-transformer backbone
(ResNet or HGNet) with an efficient multi-scale
deformable attention mechanism in the transformer
encoder and decoupled parallel decoder heads. The
elimination of NMS post-processing through set-
based prediction reduces end-to-end latency. RT-
DETR-L achieves approximately 53 mAP on COCO
at 114 FPS on an NVIDIA T4 GPU, outperforming
YOLOVS-L (52.9 mAP) at comparable speed.

DINO 2.0 (2024) improved upon the original DINO
transformer detector with noise-resistant training

improved attention distribution mechanisms, routinely
achieving 57-60 mAP on COCO without complex
post-processing. These developments
progressive convergence between transformer and
CNN-based detectors, with hybrid architectures likely
to dominate the next generation of deployments.

signal a

5.5 Current Benchmarks and Performance Context
(2025)

As of 2025, the COCO benchmark remains the
primary standard for evaluating object detection
models. The current state of the art on the COCO test-
dev set includes models exceeding 65 mAP using
ensemble methods and test-time augmentation, though
single-model, single-scale performance of production-
grade models stands at 58—62 mAP. Key metrics
include AP (average precision across IoU thresholds
0.5-0.95), AP50 (IoU=0.5), and AP75 (IoU=0.75),
along with separate metrics for small (APS), medium
(APM), and large (APL) objects. SSD MobileNet V3's
particular weakness in APS (small object AP) reflects
the resolution limitation of its 320320 input and the
limited representational capacity of lightweight
feature maps.

VI. APPLICATIONS OF REAL-TIME OBJECT
DETECTION

Real-time object detection has permeated virtually
every domain of technological application. This
section surveys the major application areas, the
specific challenges posed by each, and the model

strategies, hierarchical feature pyramids, and characteristics best suited to address them.
Domain Application Preferred Model Key Requirement
Security & Surveillance Intrusion detection, crowd SSD MobileNet V3, YOLOVS- Low latency, CPU-
monitoring n friendly
Autonomous Vehicles Pedestrian, vehicle, sign detection YOLOVY9, YOLO-NAS, LiDAR | High accuracy, safety-
fusion critical

Medical Imaging

Tumor localization, cell detection

Swin Transformer, DINO High precision, low FP

Industrial Automation

Defect detection, robotic picking

YOLOvS, RT-DETR Real-time, robust

Retail & Inventory Shelf monitoring, checkout YOLOVS, EfficientDet Speed + accuracy
automation balance

Smart Agriculture Crop disease, pest detection MobileViT, EfficientDet-Lite Edge deployment,
offline

Drone Surveillance Aerial object detection at 4K+

Swin-based, high-res models High-res + real-time

Consumer IoT

Smart home, pet monitoring

SSD MobileNet, MobileNetV3 Ultra-low power

Table 5: Application Domains, Specific Use Cases, Preferred Models, and Key Requirements
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6.1 Security and Surveillance

Smart surveillance systems leverage object detection
to automate monitoring tasks that would require
continuous human attention. Applications include
intruder detection in restricted zones, crowd density
monitoring in public spaces, weapon detection at entry
points, and automated license plate recognition.
Lightweight models such as SSD MobileNet V3
enable cost-effective deployment on existing CCTV
infrastructure without GPU servers. For higher-
security environments requiring greater accuracy such
as airport perimeter monitoring YOLOvV8 or
YOLOv11 running on edge GPU devices (NVIDIA
Jetson AGX, Orin) provide significantly improved
detection rates. A 2024 deployment in a major Indian
metropolitan area used YOLOv8-m running on Jetson
Orin devices to monitor 12,000+ cameras in near-real
time, detecting incidents with approximately 91%
precision.

6.2 Autonomous Vehicles and Smart Transportation
Autonomous vehicles represent the highest-stakes
application of real-time object detection. The system
must detect pedestrians, cyclists, vehicles, traffic
signs, traffic lights, road markings, and debris with
near-perfect accuracy at highway speeds, processing
multiple sensor streams simultaneously. This domain
typically uses multi-modal detection pipelines
combining RGB camera input (YOLOV9 or custom
architectures), LiDAR point cloud processing, and
radar fusion, with detection running at 50-100 FPS to
support control loops requiring fresh sensor data every
1020 ms. Beyond autonomous vehicles, object
detection supports intelligent traffic signal control
(detecting queue lengths), parking occupancy
monitoring, and helmet/seatbelt compliance detection
at toll booths.

6.3 Healthcare and Medical Imaging

Medical imaging applications require extremely high
detection precision, as false negatives (missed
detections) can have life-threatening consequences.
Object detection in radiology supports localization of
pulmonary nodules in CT scans, detection of polyps in
colonoscopy videos, identification of anatomical
landmarks for surgical navigation, and automated
measurement of lesion dimensions in MRI. These
applications typically use specialized architectures
trained on domain-specific datasets, such as YOLOvS
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fine-tuned on medical imaging datasets, Swin
Transformer variants for high-resolution pathology
slide analysis, and DINO-based self-supervised
models for scenarios with limited labeled data. SSD
MobileNet V3 is not suitable for clinical-grade
applications due to its accuracy limitations, but serves
as a useful educational tool for demonstrating
detection concepts in medical imaging courses.

6.4 Industrial Automation and Quality Control
Manufacturing facilities deploy object detection for
automated quality inspection detecting surface
defects, dimensional deviations, missing components,
and contamination as well as for robotic manipulation
(identifying objects for picking, placing, and sorting).
Industrial ~ deployment typically requires high
throughput (100+ FPS) with extreme reliability,
favoring models like YOLOv8 or RT-DETR on
dedicated GPU inference servers, or quantized models
(INT8 YOLOvVS5-n) on FPGA or specialized Al
accelerators  for  line-speed  inspection. A
semiconductor fabrication plant reported in 2024
using a YOLOv9-based system to inspect wafers at
200+ FPS with defect detection sensitivity exceeding
99.5%.

6.5 Agriculture and Environmental Monitoring
Precision agriculture uses object detection for
automated crop disease identification (detecting leaf
lesions, fungal infections, and pest damage from drone
or ground camera imagery), fruit and vegetable
counting and grading, weed detection for targeted
herbicide application, and livestock monitoring. Edge
deployment on solar-powered sensor nodes requires
ultra-lightweight models (EfficientDet-Lite, SSD
MobileNet) capable of running on microcontrollers or
low-power embedded processors. Environmental
monitoring applications include wildlife population
counting from aerial imagery, invasive species
detection, and forest fire smoke detection.

6.6 Education and Research Applications

The implemented SSD MobileNet V3 system serves
as a particularly effective educational platform. Its
complete pipeline from GUI interaction through
preprocessing, inference, NMS, and visualization is
exposed in approximately 300 lines of readable Python
code, making the end-to-end detection process
transparent and inspectable. Students can modify

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 7490



© March 2026 | IJIRT | Volume 12 Issue 10 | ISSN: 2349-6002

confidence thresholds and observe their effect on
detection outputs, swap the backbone model to
compare SSD variants, and extend the system with
custom object categories through transfer learning.
These properties make the system a valuable tool for
teaching computer vision concepts in undergraduate
and graduate courses.

VIL. LATEST RESEARCH TRENDS IN OBJECT
DETECTION (2023-2025)

The period from 2023 to 2025 has been exceptionally
productive for object detection research, with major
advances across multiple fronts. This section surveys
the most significant emerging directions.

7.1 Neural Architecture Search (NAS) for Detection
Neural Architecture Search automates the design of
neural network architectures, searching over a space of
possible designs using reinforcement learning,
evolutionary algorithms, or  gradient-based
optimization. YOLO-NAS (Deci Al, 2023) applied
NAS to design an architecture optimized for the
accuracy-latency trade-off on specific target hardware
(NVIDIA GPU, Apple Neural Engine, Intel Neural
Compute  Stick). The resulting  architecture
incorporated quantization-friendly building blocks,
enabling efficient INT8 deployment without
significant accuracy degradation. YOLO-NAS-S
achieves 47.5 mAP at 7.4 ms latency on an NVIDIA
T4, outperforming YOLOvV8-S (44.9 mAP, 8.1 ms)
and YOLOvV5-S (40.8 mAP, 7.5 ms) at comparable
speeds. NAS-FPN (Ghiasi et al.) extends NAS to the
feature pyramid network, automatically discovering
pyramid structures that outperform manually designed
alternatives.

7.2 Multi-Modal Detection

Single-modality (RGB-only) detection systems
struggle under challenging environmental conditions
night, fog, rain, and complex thermal environments.
Multi-modal detection systems fuse inputs from
complementary sensors to overcome these limitations.
RGB + Thermal fusion, widely used in nighttime
surveillance and autonomous driving, combines the
high spatial resolution of RGB cameras with the
illumination-independence  of thermal infrared
cameras. Early fusion approaches concatenate RGB
and thermal channels at the input; late fusion
approaches combine predictions from independent
RGB and thermal networks; and intermediate fusion
approaches merge features at intermediate network
layers. RGB + LiDAR fusion, standard in autonomous
vehicles, combines high-resolution image semantics
with precise 3D spatial information from LiDAR point
clouds, enabling accurate distance estimation
alongside object classification. Visual + Audio fusion
has emerged for activity detection applications such as
gunshot detection (combining acoustic event detection
with visual detection of people and firearms) and
crowd emotion analysis. These multi-modal
approaches consistently outperform single-modality
baselines, particularly in adverse conditions.

7.3 Edge Al and Efficient Deployment

The proliferation of IoT devices, smartphones, drones,
and embedded systems has driven intense research
into making detection models deployable on severely
resource-constrained hardware. Key techniques are
summarized in Table 6 below.

Technique Description

Benefit Typical Speed Gain

Quantization (INT8)

Convert FP32 weights to 8-bit integers

Reduces memory 4x 2-4x faster

Pruning Remove low-importance weights/channels Smaller model size 1.5-3x faster
Knowledge Distillation Train small model from large teacher Accuracy retention Model-dependent
TensorRT Optimization NVIDIA graph fusion & precision calibration GPU inference boost 3-10x faster

ONNX Export Hardware-agnostic model format Cross-platform support 10-30% faster

Neural Architecture Search

Auto-design hardware-efficient models

Optimal for target HW Task-specific

Depthwise Separable Conv

Factorize standard conv into two steps

8-9x fewer ops 3-5x fewer params

Table 6: Edge Al Deployment Optimization Techniques with Typical Performance Benefits

Model compression techniques quantization, pruning,
and knowledge distillation reduce model size and
computational requirements  while preserving
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accuracy. Post-training quantization to INT8 precision
reduces model size by 4x and inference time by 2-4x
on hardware with native INT8 support (e.g., NVIDIA
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GPUs, ARM processors with NEON instructions).
Structured pruning removes entire filters or channels
identified as low-importance, enabling efficient
execution on standard hardware without sparse
computation support. Knowledge distillation trains a
compact student network to mimic the predictions of a
larger, more accurate teacher network, often
recovering 95%+ of the teacher's accuracy in a model
5-10x smaller.

Hardware-specific optimization through frameworks
such as NVIDIA TensorRT, Apple Core ML, Google
Edge TPU compiler, and Qualcomm SNPE enables
deployment-time optimizations including layer fusion,
precision calibration, memory allocation optimization,
and kernel tuning. TensorRT optimization of
YOLOv8-n on an NVIDIA Jetson Orin reduces
inference latency from 4.9 ms to 1.6 ms a 3x speedup
at the cost of marginal accuracy reduction.

7.4 Self-Supervised and Semi-Supervised Learning
The dominant paradigm of fully supervised training
requires large quantities of manually annotated
bounding boxes, which are expensive and time-
consuming to produce. Self-supervised learning
approaches learn visual representations from
unlabeled images through pretext tasks predicting
masked image patches, contrasting different
augmentations of the same image, or predicting
relative positions of image patches and then fine-tune
on small labeled detection datasets. DINO (self-
Distillation with NO labels) demonstrated that self-
supervised ViT features exhibit strong object
localization properties, enabling detection fine-tuning
with fewer labeled examples than standard supervised
pre-training.

Semi-supervised detection leverages large pools of
unlabeled images alongside smaller labeled datasets.
Teacher-student frameworks generate pseudo-labels
on unlabeled images using a teacher model trained on
labeled data, then train a student model on both labeled
and pseudo-labeled examples. Recent semi-supervised
approaches achieve performance within 1-2 mAP of
fully supervised training using only 10% of labeled
data, dramatically reducing annotation costs for
specialized detection domains such as medical
imaging and satellite imagery.

IJIRT 194729

7.5 Tiny Object Detection

Tiny objects those occupying fewer than 32x32 pixels
in the image remain a significant challenge for
standard detection architectures. At such small scales,
spatial information is severely limited, objects may be
partially indistinguishable from background texture,
and standard FPN feature maps may lack sufficient
resolution. Specialized approaches for tiny object
detection include super-resolution preprocessing,
attention-guided feature amplification, context-aware
detection that leverages surrounding scene
information, and dedicated architecture designs such
as UFPMP-Det (2023) and Slim-Neck approaches that
preserve high-resolution feature maps throughout the
network.

VII. ETHICAL CONSIDERATIONS AND
RESPONSIBLE DEPLOYMENT

The widespread deployment of real-time object
detection systems raises important ethical, legal, and
social considerations that must be addressed
proactively by  developers, deployers, and
policymakers.

8.1 Privacy and Surveillance

Object detection systems deployed in public spaces
enable continuous, automated monitoring of human
activities at a scale impossible with human operators.
While this capability has legitimate applications in
public safety detecting accidents, monitoring crowd
densities, identifying unattended packages it also
creates potential for invasive mass surveillance,
tracking of individuals without consent, and chilling
effects on free expression and assembly. The
European Union's Al Act (2024) classifies real-time
biometric identification in public spaces as high-risk
Al requiring strict oversight, and prohibits certain
applications such as social scoring. India's Digital
Personal Data Protection Act (2023) imposes consent
and transparency requirements for processing personal
data, including visual data captured by surveillance
systems. Developers of detection systems must
implement privacy-by-design principles including
minimum  data  collection, retention limits,
anonymization of non-target individuals, and access
controls and conduct privacy impact assessments
before deployment.
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8.2 Bias and Fairness

Machine learning models reflect the biases present in
their training data. The COCO dataset, on which SSD
Mobile Net V3 and most benchmark models are
trained, has known demographic and geographic
biases overrepresentation of North American and
European visual contexts, underrepresentation of
diverse skin tones in person annotations, and
imbalanced object category distributions. Studies have
demonstrated that detection systems trained on COCO
exhibit differential accuracy across demographic
groups, with lower detection rates for darker-skinned
individuals and for scenes from non-Western cultural
contexts. Addressing these Dbiases requires
diversifying training datasets, applying fairness-aware
training objectives, conducting systematic bias audits
across demographic subgroups, and engaging affected
communities in the design and evaluation process.

8.3 Safety-Critical Applications

In safety-critical applications autonomous vehicles,
medical diagnostics, industrial hazard monitoring
missed detections or false positives can have serious
consequences including injury or death. These
applications require rigorous validation against
diverse, real-world test distributions; uncertainty
quantification to identify when model confidence is
unreliable; continuous monitoring for distribution
shift during deployment; and human oversight
mechanisms that maintain operator awareness and
control. The implemented SSD Mobile Net V3 system,
with its moderate accuracy and known limitations in
low-light and small-object scenarios, is explicitly
unsuitable for safety-critical deployment without
substantial enhancement and validation.

8.4 Environmental Impact

Training large object detection models requires
substantial computational resources, with associated
energy consumption and carbon emissions. Training a
large transformer-based detection model from scratch
may consume thousands of GPU-hours, with a carbon
footprint comparable to transatlantic flights. The trend
toward larger, more accurate models must be balanced
against environmental responsibility. Efficient
training through better initialization, improved
optimization, and transfer learning from pre-trained
models reduces training costs. Lightweight inference
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models like SSD Mobile Net V3 minimize operational
energy consumption during deployment.

IX. FUTURE RESEARCH DIRECTIONS

The object detection field continues to evolve at a
rapid pace. Several emerging research directions are
likely to shape the next generation of detection
systems.

9.1 Foundation Models for Detection

Large vision-language foundation models trained on
hundreds of millions of image-text pairs are beginning
to transform object detection. Models such as
Grounding DINO and GLIP (Grounded Language-
Image  Pre-Training) enable open-vocabulary
detection, identifying objects described in natural
language without requiring category-specific training
data. A user can query the system for "the blue
backpack near the door" and the model localizes the
described object directly, without being restricted to a
predefined category list. This capability, combined
with in-context learning and instruction following,
represents a fundamental shift toward more flexible
and general-purpose detection systems.

9.2 Multimodal Large Language Model Integration
The integration of object detection with multimodal
large language models (MLLMs) such as GPT-4V,
Gemini, and Claude enables richer scene
understanding beyond simple object localization.
Detection outputs serve as grounding signals for
natural language descriptions, question answering
about scenes, and instruction following for robotic
manipulation. Research is ongoing into architectures
that tightly couple spatial detection with language
reasoning, enabling applications such as automated
visual inspection with natural language reporting,
interactive image annotation, and visually-grounded
dialogue systems.

9.3 3D and Video Object Detection

Most detection research focuses on 2D bounding
boxes in individual frames, but real-world applications
increasingly require 3D spatial understanding and
temporal consistency across video sequences. 3D
object detection from monocular cameras (estimating
depth without LiDAR) remains an active research
challenge. Video object detection must maintain
temporal consistency the same object should be
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detected in every frame and can leverage temporal
context to improve detection accuracy for occluded or
momentarily unclear objects. Unified architectures
capable of joint 3D reconstruction and object detection
represent an important frontier.

9.4 Explainability and Interpretability

As detection systems are deployed in high-stakes
domains, the ability to explain why a particular
detection was made becomes critical for building user
trust, satisfying regulatory requirements, and
diagnosing errors. Research into explainable Al for
detection includes attention visualization (identifying
which image regions most influenced a detection),
counterfactual explanations (showing what minimal
image change would eliminate a detection), and
concept-based explanations (identifying high-level
visual concepts that activate detection). Integrating
explainability into detection architectures without
significant accuracy or speed penalties remains an
open problem.

9.5 Continuous Learning and Adaptation

Deployed detection systems encounter distribution
shift over time objects, environments, and imaging
conditions change, causing gradual performance
degradation. Continual learning research addresses
how models can adapt to new classes and conditions
without forgetting previously learned knowledge
(catastrophic forgetting). Few-shot and zero-shot
detection approaches enable adaptation to novel
categories with minimal or no labeled examples.
Active learning systems intelligently select the most
informative examples for human annotation,
maximizing accuracy improvement per annotation
dollar. These capabilities are essential for maintaining
detection system performance across extended
deployment lifetimes.

X. CONCLUSION

This manuscript has presented a comprehensive
examination of real-time object detection, integrating
practical implementation with extensive theoretical
analysis to provide a complete picture of the field's
current state and future trajectory. The journey from
classical Viola—Jones and HOG-based detectors
through the deep learning revolution of CNNs to the
transformer era and hybrid architectures represents
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one of the most rapid and consequential technological
progressions in the history of computer vision.

The practical system implemented using SSD Mobile
Net V3, OpenCV-DNN, and Tainter demonstrates that
effective real-time object detection is achievable
without GPU hardware. Achieving 19-23 FPS with
support for 80 object categories on standard CPU
hardware, the system provides a viable solution for
low-cost surveillance, academic prototyping, loT
deployment, and educational demonstrations. Its
modular architecture with clearly separated input,
preprocessing,  inference, post-processing, and
visualization layers provides an accessible foundation
for extending the system with more capable models,
additional modalities, or specialized detection heads.
The theoretical review has documented the remarkable
progress across all detection paradigms. Two-stage
detectors established accuracy benchmarks that one-
stage detectors progressively approached while
dramatically improving speed. Anchor-free methods
simplified pipelines and improved generalization.
Transformer-based  detectors introduced global
attention and end-to-end training, eliminating hand-
crafted components. Neural architecture search
automated the design process. Hybrid CNN-
transformer architectures combined the best of both
paradigms. The YOLO family, from YOLOvI to
YOLOv11, exemplifies this evolution each version
building on predecessors to push the accuracy-speed
frontier, culminating in systems achieving 58+ mAP at
real-time speeds.

The comparative analysis, summarized across Tables
3—6 and Figures 1-6, quantifies these developments.
While SSD Mobile Net V3 achieves only 22-25 map
substantially below the 58+ mAP of YOLOv11-L its
ability to operate in real time without GPU
acceleration fills a crucial deployment niche
inaccessible to more powerful but hardware-intensive
models. Model selection must always be guided by the
specific constraints of the target application: available
hardware, required accuracy, latency budget, and
deployment environment.

Recent developments from 2023 to 2025 highlight the
field's accelerating momentum. RT-DETR has made
transformer-based detection practical for real-time
applications.  YOLO-NAS  demonstrated that
automated architecture design can outperform manual
design.  YOLOvV9's  Programmable  Gradient
Information addresses fundamental information flow.
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limitations in deep networks. YOLOvll's edge-
optimized designs bring near-state-of-the-art accuracy
to mobile and embedded platforms. Multi-modal
fusion is improving robustness under adverse
conditions. And the emergence of open-vocabulary
detection through foundation models is beginning to
transcend the closed-world assumption that has
constrained detection systems since their inception.
Looking forward, the integration of large vision-
language models, 3D spatial understanding, continual
learning, and explainable Al will transform object
detection from a specialized pattern recognition task
into a component of general-purpose machine
intelligence capable of understanding and interacting
with the visual world with human-like flexibility and
robustness. The practical system presented in this
manuscript, while modest in isolation, represents a
meaningful step on that trajectory demonstrating that
powerful, accessible, and deployable detection is
achievable today, while pointing toward the richer
capabilities that research continues to unlock.

In summary, real-time object detection stands as one
of the most dynamic and impactful areas of applied
artificial intelligence. The convergence of algorithmic
innovation, hardware advancement, and large-scale
data availability has driven rapid progress, and the
next decade promises to deliver detection systems of
extraordinary capability systems that will be
embedded in the infrastructure of daily life,
augmenting human perception and enabling
applications we can today only imagine.
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