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Abstract — Over several decades, traffic engineers have
persistently focused on implementing various measures to
enhance the safety of drivers and pedestrians amidst the
growing traffic on streets worldwide. This pressing concern
stems from the continuous growth in vehicles, pedestrians, and
road density. However, with the remarkable advancements in
computational power and the simultaneous reduction in the
cost of technical equipment, the integration of object detection
has emerged as a viable solution, even in real-time applications
within the realm of traffic engineering. However, it is essential
to note that the impact of computer technology extends far
beyond mobility-related issues. Its wide-ranging influence has
permeated diverse fields of interest, including medicine, where
it aids in diagnostics and treatments, face recognition systems
used for security, industrial automation processes, and even
artistic endeavors, where it has opened new frontiers of
creativity. This indicates object detection technology's vast
potential and versatility, with its ability to revolutionize
numerous sectors and bring about meaningful societal
advancements. This review outlines the chronological
progression of the essential YOLO algorithm, highlighting its
significant advancements and developments over the years.
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I. INTRODUCTION

Object detection algorithms are essential in
computer vision, allowing machines to identify and locate
objects in images or videos. These algorithms utilize various
techniques, including deep learning and machine learning, to
achieve accurate results. They typically involve generating
object proposals or predicting bounding boxes and class
labels for detected objects. Popular object detection
algorithms include Faster R-CNN, SSD, and YOLO, each
with its strengths and trade-offs in speed and accuracy. These
algorithms have diverse applications, ranging from
autonomous driving and surveillance systems to object
recognition in healthcare and retail industries. Continued
advancements in object detection algorithms contribute to
developing advanced computer vision systems. Before the
introduction of YOLO (You Only Look Once) in 2015,
various object detection algorithms already existed.

R-CNN (Regions with Convolutional Neural Networks)
proposed a two-step approach, where it first generated region
proposals using selective search and then classified these
regions using convolutional neural networks (CNNs).
Although effective, it was computationally expensive.
Followed by Fast R-CNN and Faster R-CNN, it improved
upon R-CNN by sharing the convolutional features across
multiple region proposals, making the process more efficient.
It achieved better speed and accuracy than its predecessors.
Another approach was SSD (Single Shot MultiBox
Detector), which eliminated the need for region proposal
generation by directly predicting bounding boxes and class
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probabilities at different scales and aspect ratios within the
network. This led to real-time object detection capabilities.
Before YOLO, these object detection algorithms marked
significant advancements in the field. However, their reliance
on region proposal methods introduced computational
complexity. YOLO brought a revolutionary change by
treating object detection as a regression problem in a single
network pass. This innovative approach transformed the
field, offering a real-time, end-to-end solution with
remarkable speed and accuracy. We will use [80] to
benchmark all related algorithms and methods.

II. TRADITIONAL COMPUTER VISION METHODS. THE
BEGINNING OF OBJECT DETECTION ALGORITHMIZATION

Object detection algorithms are a crucial component of
computer vision systems that enable machines to identify and
locate objects within digital images or video frames. These
algorithms play a vital role in various applications, such as
autonomous vehicles, surveillance systems, robotics, and
image analysis. There are several approaches to object
detection, with each algorithm having its strengths and
limitations. Two main types of object detection algorithms
exist traditional ones based on image processing (used before
2014) and those based on convolutional neural networks
(used after 2014). Object detection using traditional
computer vision methods emerged in the late 1990s. These
methods combine classic feature detection with a machine
learning algorithm such as KNN or SVM for classification.

A. Viola-Jones

This method was first introduced in 2001 by [1], [2]. For the
first time, this object recognition framework allows the real-
time detection of human faces without any constraints. It is
based on sliding windows to go through all possible
locations and scales in the predefined image to see if any
window represents a human face. The sliding windows at the
top search for a ‘'haar-like' feature. The Viola-Jones
methodology and algorithm have dramatically improved its
detection speed by using several unique techniques: "integral
image," "feature selection,” and "detection cascades." The
Viola-Jones method is known for its fast processing speed,
making it suitable for real-time applications. Although
primarily designed for face detection, it has also been
adapted for detecting other objects with slight modifications
to the training process and feature selection.

B. HOG

The Histogram of Oriented Gradients (HOG) feature
descriptor was introduced in 2005 by [3]. It is an
improvement of the scale-invariant feature transform and
shape contexts of its time. The HOG algorithm divides an
image into small cells and computes each cell's gradient
magnitude and orientation. The gradient magnitude
represents the strength of the intensity variations, while the



gradient orientation indicates the direction of these variations
(cells are similar to a sliding window).

In case of different size detection problems, the HOG
detector rescales the input image multiple times while
keeping the size of a detection window unchanged. The
HOG descriptor is often used with machine learning
algorithms, such as support vector machines (SVM), for
object detection and classification tasks. It has been
particularly successful in pedestrian detection, where the
HOG features help distinguish human-like shapes from the
background, [4], [5], [6].

C. Deformable part-based model (DPM)

The Deformable Part-based Model (DPM) is a popular object
detection framework introduced by [7]. It is a variant of the
traditional part-based models and has been widely used for
detecting objects with articulated structures or deformable
parts. The deformable parts model (DPM) algorithm,
proposed by [7], is a significant advancement in traditional
object detection algorithms. It operates on the "divide and
conquer" principle and involves correctly training the
algorithm to decompose an object. During inference, the
algorithm detects different object parts. The Deformable
Part-based Model provides a flexible and practical approach
to object detection, particularly for objects with deformable
parts or articulated structures. Its ability to model spatial
relationships and capture appearance variations has made it a
valuable tool in computer vision. For example, the problem
of detecting a "car" can be considered detecting its window,
body, and wheels, [8].

III. DEEP LEARNING METHODS

Modern object detection algorithms often consist of
advanced architectures for precise object localization and
instance segmentation. Moreover, with introducing deep
learning, where pre-trained models trained on large datasets
are fine-tuned for object detection tasks. Deep learning
methods represent a subfield of machine learning that
focuses on training artificial neural networks with multiple
layers, known as deep neural networks, to learn and extract
hierarchical representations of data. These methods have
revolutionized many areas of artificial intelligence and
achieved remarkable breakthroughs in tasks such as image
recognition, natural language processing, and speech
recognition. Unlike traditional machine learning algorithms
that rely on handcrafted features, deep learning methods can
automatically learn and discover relevant features from raw
data. This is accomplished through large-scale labeled
datasets and backpropagation, a gradient-based optimization
technique that adjusts the network's parameters to minimize
the difference between predicted and actual outputs. Deep
Learning methodologies can do end-to-end object detection
using Convolutional Neural Networks. Within the last
several years, authors have introduced a variety of
applications throughout different fields of interest like face
detection and human head detection, [58], pedestrian safety,
[59], and other relevant fields, [57]. The algorithms for
object detection are divided onto one-stage object detection
and two-stage object detection.

The essential difference between one-stage and two-stage
detectors is in high inference speeds for one-stage detectors
and high localization and recognition accuracy for two-stage
detectors.

A Rol (Region of Interest) Pooling layer can further
divide the two stages of a two-stage detector. The best
representative of two-stage object detectors can be Faster R-
CNN. The critical innovation of Faster R-CNN lies in
introducing a Region Proposal Network (RPN), which
operates within the network architecture and generates region
proposals directly in the first stage. This approach makes
external proposal generation methods, such as selective
search, no longer necessary. During the second stage,
features are gathered through Rol pooling operation from
each candidate box to complete classification and bounding-
box regression tasks, [9]. A one-stage detector can predict
bounding boxes in a single step without relying on region
proposals. Instead, it utilizes a grid box and anchors to locate
the image’s detection region and constrain the object’s shape,
[10].

Object detection can be performed using either a one-stage or
two-stage detector. A comprehensive comparison can be
seen in Fig. 1. One-stage detectors directly classify objects
and determine their bounding boxes without using pre-
generated region proposals and a comprehensive comparison
can be seen in Fig.2. Two-stage detectors, on the other hand,
use region proposals to predict objects. This involves
generating region proposals using the selective search or a
Region Proposal Network (RPN), classifying each proposal,
and refining the proposals through bounding-box regression
or binary-mask prediction. The inference time for one-stage
detectors is T1st, while that of two-stage detectors is T1st +
mT2nd, where m is the number of proposals with a high
confidence score. Although two-stage detectors are slower,
they generally achieve better accuracy than one-stage
detectors. A comprehensive comparison of two-stage
detectors can be seen in Fig. 15.

Object Detection on COCO test-dev

Leaderboard Dataset

h highest box AP

Fig. 1. Object detection methods on COCO test-dev comparison. Retrieved
from [88]

A. One-Stage Detectors

Models with highest box AP

Fig. 2. One-stage detector comparison on COCO test-dev. Retrieved from
(89]

1. YOLO: You Only Look Once

The YOLO algorithm, which stands for "You Only Look
Once," was created by R. Joseph and his team in 2015 for
detecting objects. It was the first one-stage detector in the
deep learning era, [11]. The name indicates a departure from
the previous detection paradigm of "proposal detection +
verification." The key idea behind YOLO is to treat object
detection as a regression problem, where the algorithm
directly predicts bounding boxes and class probabilities in a



single neural network pass. Unlike other methods that use
region proposal techniques, YOLO eliminates the need for a
separate region proposal step, making it significantly faster.
In other words, it uses a different approach using a single
neural network for the full image. The YOLO algorithm has
found extensive applications in real-time object detection
scenarios, including surveillance systems, autonomous
vehicles, robotics, and video analysis. Its ability to achieve
high accuracy with remarkable speed has made it a popular
choice among researchers and practitioners in the computer
vision community. Despite its significant improvement in
detection speed, YOLO suffers a drop in localization
accuracy compared with two-stage detectors, especially for
some small objects. (VOC07 mAP=63.4% and VOCI12
mAP=57.9%.)

2. 8SD: Single Shot MultiBox Detector

SSD was proposed by [12]. It was the second one-stage
detector during the evolution of deep learning methods.
Single-shot means that the SSD algorithm is a one-stage
method, and MultiBox indicates that the SSD is a multi-
frame prediction. During training, SSD optimizes the
network parameters by minimizing a loss function that
combines the localization loss (the difference between
predicted and ground truth bounding box coordinates) and
the classification loss (the difference between predicted and
ground truth class labels). The algorithm learns to adjust the
default anchor boxes to match the ground truth objects better.
One of the strengths of SSD is its ability to efficiently detect
objects at multiple scales and aspect ratios within a single
shot, eliminating the need for multiple passes or region
proposal methods. This makes it faster than many other
object detection algorithms while maintaining good detection
accuracy. Compared with Yolo, SSD uses CNN to perform
detection directly instead of performing detection after the
fully connected layer as Yolo does. The main contribution of
SSD is the introduction of multi-reference and multi-
resolution detection techniques.

The use of SSD technology offers a combination of quick
detection and high accuracy rates. It has been shown to
achieve VOCO07 mAP at 76.8% and VOC12 mAP at 74.9%,
as well as COCO mAP@.5 at 46.5%. Additionally, a fast
version of SSD can run at 59 frames per second while
maintaining a mAP@].5,.95] of 26.8%.

3. RetinaNet

RetinaNet is an object detection algorithm introduced by
[13]. It is designed to address the challenge of detecting
objects at multiple scales and dealing with the training data's
imbalance between foreground and background examples.
The innovation of RetinaNet is the introduction of a novel
feature pyramid network (FPN) architecture combined with a
focal loss. The FPN enables the network to leverage features
from different layers of a backbone network to detect objects
at various scales, thereby improving accuracy across
different object sizes. The statement that the one-stage
method is fast but not as accurate as the two-stage because
the positive and negative samples are not balanced was
shown as valid. RetinaNet optimizes its network parameters
during training by minimizing the focal loss, which
combines the classification and regression losses for the
anchor boxes. This loss function enables the network to
prioritize training challenging examples and -effectively
handle the class imbalance. The focal loss is a type of cross-
entropy loss that can be adjusted dynamically. As the

certainty of the correct category increases, the zoom factor
decreases to zero. This zoom factor can help lessen the
impact of easy examples during training, allowing the model
to focus on more complex examples, [14]

Using focal loss, one-stage detectors can achieve similar
accuracy to two-stage detectors without sacrificing detection
speed. For instance, COCO mAP@.5 has reached 59.1%
with mAP@)].5, .95] of 39.1%.

4. EfficientDet: Scalable and Efficient Object Detection
EfficientDet is an object detection algorithm, [15]. It is
designed to address the challenges of achieving high
accuracy and computational efficiency in object detection
tasks. EfficientDet builds upon the principles of the
EfficientNet architecture, which focuses on developing
efficient and scalable neural networks. It employs a
compound scaling method that uniformly scales the network
width, depth, and resolution to optimize accuracy and
efficiency.

They have designed a weighted bi-directional feature
pyramid network (BiFPN), which gives an easy and fast
multi-scale feature fusion with a combination of compound
scaling methods that uniformly scales the resolution, depth,
and width for all backbone, feature network, and box/class
prediction networks at the same time. EfficientDet
consistently achieves much better efficiency than prior
methods. In particular, with single-model and single-scale,
EfficientDet-D7 achieves state-of-the-art 55.1 AP on COCO
test-dev with 77M parameters and 410B FLOPs]1, being 4x —
9x smaller and using 13x — 42x fewer FLOPs than previous
detectors. EfficientDet architecture is visualized in Fig. 4.

BiFPN plays the feature network role, which takes level
3-7 features {P3, P4, P5, P6, P7} from the backbone network
and repeatedly applies top-down and bottom-up bidirectional
feature fusion. These fused features are fed to a class and box
network to produce object class and bounding box
predictions, respectively, in contrast with previous works,
[16], [17], [18]. In a recent study, [19], significant progress
was made in image classification by increasing the size of
the network in terms of width, depth, and input resolution.
The new BiFPN, class/box network, and resolution have
much more scaling dimensions than image classification
models. The proposed heuristic-based scaling approach is
shown below. A comparison of different network design can
be seen in Fig. 3.
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5. SpineNet-190

SpineNet-190 is a deep neural network architecture
designed for image recognition tasks, particularly object
detection and segmentation. It was introduced by [20]. The
key idea behind SpineNet-190 is to create a highly efficient
and effective backbone network by leveraging the "spinal
cord" architecture concept. This architecture comprises a
hierarchy of repeated "spinal blocks" that capture multi-
scale features across different resolutions. The number
"190" in SpineNet-190 refers to the total number of layers in
the network. These layers allow SpineNet-190 to capture
detailed features from input images, enhancing its ability to
recognize objects with fine-grained details. In previous
works, [21], [22], [23], [24], it was common to pre-train the
backbones of object detection and segmentation models on
ImageNet classification. In [25], (against [26], [27]) the
study showed that ImageNet pre-training needs to improve
accuracy on the COCO dataset. SpineNet-190 first used
ImageNet to help COCO object detection with self-training
based on discarding the labels on ImageNet. Pseudo-labels
were generated on ImageNet. The pseudo-labeled ImageNet
and 4labeled COCO data were combined to train a new
model. By comparing [28], [29], [30], [31], in [20], one
question remains. To what degree does self-training work
better than pre-training?

Data Augmentation: Data augmentation is a crucial
technique in training deep neural networks, including
SpineNet-190, to enhance model performance and improve
generalization.  SpineNet-190  uses  four  different
augmentation policies of increasing strength that work for
both detection and segmentation. Standard flip (S1) and crop
(S2) augmentation, [32], AutoAugment (S3), [33], [34], and
RandAugment (S4), [35].

Pre-training: To evaluate the effectiveness of pre-
training, they have studied ImageNet pre-trained checkpoints
of varying quality. All checkpoints use the same model
architecture but have different accuracies on ImageNet
EfficientNet-B7 architecture, [36], which was used as a
strong baseline for pre-training. For the EfficientNet-B7
architecture, with two checkpoints: 1) EfficientNet-B7
checkpoint trained with AutoAugment 84.5% top-1 accuracy
on ImageNet; 2) EfficientNet-B7 checkpoint trained with the
Noisy Student method, with additional 300M unlabeled
images and 86.9% top-1 accuracy. Rand Init denoted training
from random initialization. The impact of pre-training when
varying the augmentation strength is shown in Fig. 5.

a4
a3
a2

a1

—e— ImageNet
imageNet++ 325
—e— Rand Init

—— ImageNet
ImageNet++
—— Rand Init

40

39

t-S1 Augment-S2 Augment-S3 Augment-S4 0.2 0.4 0.6 08 1.0
Augmentation Policy Fraction of COCO Dataset

Fig. 5: The effects of data augmentation and dataset size on pre-training.
Retrieved from [20]

Left: Supervised object detection performance under various
ImageNet pre-trained checkpoint qualities and data
augmentation strengths on COCO. Right: Supervised object
detection performance under various COCO dataset sizes
and ImageNet pre-trained checkpoint qualities.

6. Yolov4-P7 CSP-P7

There are two types of one-stage object detectors: anchor-
based, [41], [43], and anchor-free, [37], [38], [39], [40], [36].
Anchor-free detectors, such as CenterNet, [46], are popular
because they do not require complicated post-processing like
Non-Maximum Suppression. However, for more accurate
real-time detection, anchor-based detectors like EfficientDet,
[44], YOLOv4, [45], and PP-YOLO, [42], are preferred.
Scaled-YOLOvV4 is a variation of YOLOv4, [47], that
balances accuracy and computational efficiency well,
introduced by [37]. A Structured overview of YOLOV4 is
visualized in Fig. 6a and Fig. 6b.

The key idea behind Scaled-YOLOV4 is to scale up the
YOLOV4 architecture by increasing the size of the network
while maintaining its efficiency. This is achieved by using
larger input image sizes and deeper network architectures.
One common technique for scaling models is to adjust the
depth (number of convolutional layers) and width (number of
convolutional filters) of the backbone in a CNN. Different
variations of the ResNet series are often used on various
devices, with ResNet-152 and ResNet-101 being popular on
cloud server GPUs, ResNet-50 and ResNet-34 on personal
computer GPUs, and ResNet-18 and ResNet-10 on low-end
embedded systems. Scaled-YOLOV4 is a model that balances
speed and accuracy and can perform real-time object
detection on multiple platforms, including 16 FPS, 30 FPS,
and 60 FPS movies and embedded systems. YOLOv4-large,
designed for cloud GPUs, prioritizes high accuracy for object
detection. Experiments were conducted on YOLOv4-PS5,
YOLOvV4-P6, and YOLOv4-P7 models, with YOLOv4-P6
reaching real-time performance at 30 FPS video when the
width scaling factor is one and YOLOv4-P7 achieving real-
time performance at 16 FPS video when the width scaling
factor is 1.25.
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Fig. 6a: Structured overview of YOLOv4. Retrieved from [37]



Method Backbone Size FPS AP APy AP; APy APy AP,

EfficientDet-D0 EfficientNet-B0 512 97+ 34.6% 53.0% 37.1% 124% 390% 52.7%
Y S CD53s 512 9793* 462% 648% 502% 246% 504% 61.9%
- EfficieniNet-B1 640 74* 40.5% 59.1% 43.7% 183% 45.0% 57.5%
YOLOv4-CSP CDs3s 640 7370 47.5% 662% S51.7% 282% S512% S598%
YOLOV3-SPP D53 608 k&l 36.2% 60.6% 38.2% 20.6% 374% 46.1%
YOLOv3-SPP ours D53 608 3 429% 624%  46.6% 259% 45.7% 524%
PP-YOLO R50-vd-DCN 608 3 452% 652% 499% 263% 478% 572%
YOLOv4 CDs3 608 62 435% 657% 473% 267% 467% 533%
YOLOv4 ours CDs3 608 62 455% 641% 495% 27.0%  49.0% 56.7%
EfficientDet-D2 EfficientNet-B2 768 57 43.0% 623%  46.2% 22.5%  47.0% 58.4%
RetinaNet $49s 640 53 415%  60.5% 44.6% 233%  45.0% 58.0%
ASFF D53 608* 46 424% 63.0% 474% 255% 45.7% 52.3%
YOLOv4-P5 CSP-P5 896 43/41*  518% 703% 56.6% 334% 557% 63.4%
RetinaNet S49 640 42 443% 638% 476% 259% 477% 61.1%
EfficientDet-D3 EfficientNet-B3 896 36* 47.5% 66.2% 51.5% 279%  514% 62.0%
YOLOv4-P6 CSP-P6 1280 3230*  545% 72.6% 598% 368% 583% 659%
ASFF D53 800* 29 43.9% 64.1% 49.2% 27.0% 46.6% 53.4%
SM-NAS: E2 - 800*600 25 40.0% 582% 434% 211%  424% 51.7%
EfficientDet-D4 EfficientNet-B4 1024 23+ 49.7% 684% 539% 307% 532% 632%
SM-NAS: E3 - 800*600 20 428% 612% 465% 235% 455% 55.6%
RetinaNet 596 1024 19 48.6% 68.4% 52.5% 32.0% 52.3% 62.0%
ATSS R101 800* 18 436% 62.1% 474% 26.1%  47.0% 53.6%
YOLOv4-P7 CSP-P7 1536 1716*  555% 734% 608% 384% 594% 61.7%
RDSNet R101 600 17 360% 552% 387% 174% 39.6% 49.7%
CenterMask RI01-FPN - 15 44.0% - - 258%  46.8% 54.9%
EfficientDet-DS EfficientNet-BS 1280 14+ 51.5% 705%  56.7% 33.9% 547%  64.1%
ATSS R101-DCN 800* 14 46.3% 64.7% 50.4% 27.7% 49.8% 58.4%
SABL R101 - 13 43.2% 620%  46.6% 257%  47.4% 53.9%
CenterMask V99-FPN 13 46.5% 287% 489% 572%
EfficientDet-D6 EfficientNet-B6 1408 n+ 526% 715% 572% 349% 560% 65.4%
RDSNet R101 800 1n 38.1% 58.5%  40.8% 21.2% 415% 482%
RetinaNet S143 1280 10 50.7% 70.4% 54.9% 33.6% 53.9% 62.1%
SM-NAS: ES - 1333*800 93 459% 64.6%  49.6% 27.1%  49.0% 58.0%
EfficientDet-D7 EfficientNet-B6 1536 8.2* 537% 724% 584% 358% 57.0% 663%
X-32x8d-101-DCN 800* 70 477%  66.6%  52.1% 293%  50.8% 59.7%

ATSS X-64x4d-101-DCN 800* 69 47.7% 66.5% 51.9% 29.7% 50.8% 59.4%
EfficientDet-D7x EfficientNet-B7 1536 6.5* 55.1% 743% 599% 372% 579% 68.0%
TSD R101 5.3* 432% 640% 469% 240% 463% 558%

Fig. 6b: Structured comparison of mentioned methods. Retrieved from [37]

7. Cascade Egg-B7 NAS-FPN

Cascade EGG-B7 NAS-FPN is the next level of
improvement designed by [48]. Some previous works on
Copy-Paste fully utilized modeling the surrounding visual
context for pasting the objects. It was shown in [48], that the
mechanism of pasting objects randomly could provide solid
gains on top of strong baselines. Copy-Paste can also be used
as an additive with semi-supervised methods that leverage
extra data through pseudo-labeling (e.g., self-training). They
have achieved 49.1 mask AP and 57.3 box AP, an
improvement of +0.6 mask AP and +1.5 box AP over the
previous state-of-the-art on COCO instance segmentation. It
was also shown that Copy-Paste can significantly improve
the LVIS benchmark. For reference, see Fig. 7. The baseline
model outperforms the LVIS 2020 Challenge winning entry
by +3.6 mask AP on rare categories.
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Fig. 7: Data-efficiency on the COCO benchmark: Combining the Copy-
Paste augmentation with Strong Aug. (large-scale jittering) allows us to train
models up to 2 more data efficient than Standard Aug. (standard scale
jittering). The augmentations are highly effective and provide gains of +10
AP in the low data regime (10% of data) while still being effective in the
high data regime with a gain of +5 AP. Results are for Mask RCNN
EfficientNet-B7 FPN trained on an image size of 640 x 640. Retrieved from
[48]

One effective data augmentation method is Copy-Paste
augmentation, which involves pasting objects from one
image to another. By doing this, a vast number of new

training data can be created with multiple possibilities, such
as choosing the source images from which objects are
copied, selecting the specific object instances to copy, and
deciding where to paste them on the target image. This
variety of options can offer great opportunities for exploring
the most effective ways to use this technique.

Fig. 8: Random Copy-Paste for creating a new image for training.
Retrieved from [48]

The authors have discovered that a simple Copy-Paste
strategy can significantly boost image recognition
performance in various settings. A visualization can be seen
in Fig. 8. This involves randomly selecting objects and
pasting them onto a target image at random locations. The
strategy has proven effective with various backbone
architectures, scale jittering, training schedules, and image
sizes.

Using an EfficientNet-B7, [51], backbone, and NAS-FPN
architecture, [52], the strategy achieved a 57.3 Box AP and
49.1 Mask AP on COCO test-dev without test-time
augmentations. This surpasses previous state-of-the-art
instance segmentation models, including SpineNet, [49], and
DetectoRS ResNeXt-101-64x4d with test time augmentation,
[55]. The strategy also outperforms state-of-the-art bounding
box detection results of EfficientDet-D7x-1536, [56], and
YOLOV4-P7-1536, [61], despite using a smaller image size
of 1280 instead of 1536.

The Copy-Paste augmentation strategy is easy to
integrate into any instance segmentation codebase, can
effectively utilize unlabelled images, and does not create
training or inference overheads. Experiments with Mask-
RCNN demonstrate that implementing Copy-Paste into its
training can easily improve results by up to +1.0 AP for 48
epochs as seen in Fig. 9.
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Fig. 9: Copy-Paste provides gains that are robust to training configurations.
We train Mask R-CNN (ResNet-50 FPN) on 10241024 image size for
varying numbers of epochs. Left Figure: Copy-Paste with and without
initializing the backbone by ImageNet pre-training. Right Figure: Copy-
Paste with standard and large-scale jittering. Retrieved from [48]

Regarding training Mask R-CNN, the literature suggests
that a typical schedule lasts only 24 to 36 epochs. However,
it is possible to see improvements in performance by using
Copy-Paste even with just 2 or 3 epochs, [53], [54], [S0]. As
one increases the number of epochs, the gains from Copy-
Paste become even more significant. A comprehensive
comparison can be seen in Fig. 10a and Fig. 10b. For a



precise evaluation, it is necessary to use the same codebase,
training  data, settings, data pre-processing and
augmentations, architectural regularization, [60], etc.
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Fig. 10a: Improvement from mixup and Copy-Paste data augmentation.
Retrieved from [48]

Model FLOPs  # Params APwy APeadev  Mask APy Mask APresigev
SpineNet-190 (1536) 2076B 176M 522 52.5 46.1 46.3
ResNeXt-101-64x4d - — — 55.7° — 48.5 "

90 (1280) 18858 164M 528 = =
1190 (1280) W/ self-training 1885B 164M 543 — —
EfficientDet-D7x (1536) 4108 7™ — —
YOLOV4-P7 (1536) - — - —
de Efi-B7 NAS-FPN (1280) 13408 185M 163 169
w/ Copy-Paste 1440B 185M (+12)56.0  (+0.4)47.2 (+0.5)47.4
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Fig. 10b: Results of applying Copy-Paste on top of a strong 54.8 box AP
COCO model. Retrieved from [48]

8. Swin-L

Swin-L is a variant of the Swin Transformer architecture for
computer vision tasks, including object detection and image
classification. Swin-L stands for "Swin-Large," indicating
that it is the larger version of the Swin Transformer
architecture. It was introduced by [62]. The Swin
Transformer architecture aims to overcome the limitations of
traditional convolutional neural networks (CNNs) by
adopting a self-attention mechanism inspired by the
Transformer model commonly used in natural language
processing. It achieves this by dividing the image into
smaller patches and applying self-attention operations to
capture long-range dependencies and contextual information.
The Swin Transformer is a versatile hierarchical architecture
that can model at different scales with linear computational
complexity to image size. This makes it suitable for a wide
range of vision tasks, including image classification
(achieving 87.3 top-1 accuracy on ImageNet-1K) and dense
prediction tasks like object detection (with 58.7 boxes AP
and 51.1 masks AP on COCO test-dev) and semantic
segmentation (achieving 53.5 mloU on ADE20K). The Swin
Transformer outperforms the previous state-of-the-art by a
significant margin of +2.7 box AP and +2.6 mask AP on
COCO, and +3.2 mloU on ADE20K, proving the potential of
Transformer-based  models as  vision  backbones.
Additionally, the hierarchical design and shifted window
approach benefit all MLP architectures.

Current Transformer-based models, [66], [63], have a
fixed scale for tokens, which could be better for vision
applications. Additionally, images have a much higher pixel
resolution than text passages have word resolution. This
poses a challenge for vision tasks, such as semantic
segmentation, that require precise pixel-level prediction. The
computational complexity of self-attention in the
Transformer model would be unmanageable for high-
resolution images. A new general-purpose Transformer
backbone, called Swin Transformer, was introduced to
address these challenges. This model constructs hierarchical
feature maps with linear computational complexity to image
size, making it suitable for vision applications. As shown in
Fig. 11(a), Swin Transformer creates a hierarchical
representation by beginning with small-sized patches

(outlined in grey) and progressively merging neighboring
patches in deeper Transformer layers.
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Fig. 11: Hierarchical feature map by merging image parches. B) Feature
maps of a single low resolution. Retrieved from [62]

The Swin Transformer is a promising backbone for
vision tasks due to its ability to achieve linear computational
complexity. This is achieved by calculating self-attention
within non-overlapping windows that cover the image. The
number of patches in each window remains fixed, making
the complexity linear to the image size. This contrasts with
previous Transformer-based architectures, [63], that produce
single-resolution feature maps with quadratic complexity.
The Swin Transformer design includes a key element of
shifting the window partition between consecutive self-
attention layers (see Fig. 12), which provides connections
among them, significantly enhancing modeling power. This
approach is also efficient in terms of real-world latency. All
query patches within a window share the same key set,
facilitating memory access in hardware. This approach has
much lower latency than earlier sliding window-based self-
attention approaches that suffer from low latency on general
hardware due to different key sets for query pixels. Overall,
the shifted window approach is similar in modeling power to
the sliding window method but with much lower latency.

]

A local window to
perform self-attention

Layer | Layer I+1

A patch

Fig. 12: Illustration of shifted window approach. Retrieved from [62]

Swin Transformer architecture (see Fig. 13.) was observed to
achieve the best speed-accuracy trade-off among these image
classification methods.

(a) Architecture

(b) Two Successive Swin Transformer Blocks

Fig. 13: Architecture of a Swin Transformer and two successive Swin
Transformer Blocks. Retrieved from [62]

The Swin Transformer block is a modified version of the
Transformer block that replaces the multi-head self-attention

(MSA) module with a module based on shifted windows
while keeping the other layers the same. The Swin



Transformer block includes a shifted window-based MSA
module, a 2-layer MLP with GELU non-linearity in between,
and a LayerNorm (LN) layer before each MSA module and
each MLP. Additionally, a residual connection is applied
after each module. Compared to previous models, the best
Swin Transformer model achieves better performance with
58.7 box AP and 51.1 mask AP on COCO test-dev,
surpassing the previous best results by +2.7 box AP (Copy-
paste, [64], without external data) and +2.6 mask AP
(DetectoRS, [65]). A comparison can be also seen in Fig. 14.

(a) Various frameworks

Method ~ Backbone|AP*™ APY™ APSY [#param. FLOPs FPS
Cascade R-50 [46.3 643 50.5| 82M 739G 18.0
Mask R-CNN Swin-T | 50.5 69.3 549 | 86M 745G 153
ATSS R-50 |43.5 61.9 47.0| 32M 205G 28.3
Swin-T | 47.2 66.5 51.3| 36M 215G 22.3

R-50 465 64.6 503| 42M 274G 13.6

RepPointsV2

Swin-T | 50.0 68.5 54.2| 45M 283G 12.0
Sparse R-50 [445 634 482] 106M 166G 21.0
R-CNN Swin-T | 47.9 67.3 52.3| 110M 172G 184

(b) Various backbones w. Cascade Mask R-CNN
AP AP APSZ[AP™* APTEk A PRk baram FLOPs FPS
DeiT-ST|48.0 67.2 51.7| 414 642 44.3 |80M 889G 10.4
R50 [46.3 64.3 50.5| 40.1 61.7 43.4 [82M 739G 18.0
Swin-T|50.5 69.3 54.9| 43.7 66.6 47.1 |86M 745G 15.3
X101-32/48.1 66.5 52.4| 41.6 63.9 45.2 |101M 819G 12.8
Swin-S | 51.8 70.4 56.3| 44.7 67.9 48.5 |107TM 838G 12.0
X101-64148.3 66.4 52.3| 41.7 64.0 45.1 |140M 972G 104
Swin-B[51.9 70.9 56.5| 45.0 68.4 48.7 [145M 982G 11.6

(c) System-level Comparison

Method A};R,I‘ni\};;lmk Al)l:‘:‘(:l:\'“““k #param. FLOPs
RepPointsV2* - - 52.1 - - -
GCNet* 51.8 447 | 523 454 - 1041G
RelationNet++* - - 52.7 - - -
SpineNet-190 526 - 528 - 164M 1885G
ResNeSt-200* 525 - |533 471 - -
EfficientDet-D7 544 - |55 - 77M 410G
DetectoRS* - - 55.7 485 - -
YOLOv4 P7* - - 558 - - -
Copy-paste 559 472 |56.0 474 | 185M 1440G
X101-64 (HTC++) | 52.3 46.0 | - - 155M 1033G
Swin-B (HTC++) | 56.4 49.1 - - 160M 1043G
Swin-L (HTC++) | 57.1 49.5 |57.7 50.2 | 284M 1470G
Swin-L (HTC++)* | 58.0 50.4 | 58.7 51.1 | 284M -

Fig. 14: Results on COCO object detection and instance segmentation.
Retrieved from [62]

B. Two-stages detectors
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Fig. 15: Two-stage detector comparison on COCO test-dev. Retrieved from
[92]

1. R-CNN: Region-based CNN detector
R-CNN (Region-based Convolutional Neural Network) is an
object detection algorithm that revolutionized the field by

introducing the concept of region proposals. It was proposed
by [67]. R-CNN operates in a two-stage framework. In the
first stage, it generates a set of region proposals likely to
contain objects. These proposals are obtained using a
selective search, [68], algorithm, or a similar method. The
regions are then warped to a fixed size and fed into a
convolutional neural network (CNN) to extract features. In
the second stage, each proposal is rescaled to a fixed-size
image and fed into a CNN model trained on ImageNet to
extract features. The extracted features are classified and
refined using support vector machines (SVMs). This step
involves training SVMs to classify the proposed regions into
different object categories and regress the bounding box
coordinates to localize the objects accurately. Finally, linear
SVM classifiers are used to predict the presence of an object
within each region and to recognize object categories.

The RCNN model has shown a remarkable improvement
in performance on VOCO7, resulting in a substantial increase
in mean Average Precision (mAP) from 33.7% (DPM-v5,
[69]) to 58.5%. However, one of its notable disadvantages is
that it requires redundant feature computations on numerous
overlapped proposals (over 2000 boxes from one image),
which leads to a slower detection speed (14s per image with
GPU).

2. Fast R-CNN: faster version of R-CNN

Back in 2015, [71], introduced the Fast RCNN detector,
which was an improvement of R-CNN, [70]. This detector
allowed for training both a detector and a bounding box
regressor under the same network configurations. On the
VOCO07 dataset, Fast RCNN improved the mAP from 58.5%
to 70.0% and was over 200 times faster in detection speed
compared to R-CNN

3. Faster R-CNN:

Faster R-CNN is an object detection algorithm proposed by
[72], which builds upon the R-CNN and Fast R-CNN
frameworks. It addresses the speed bottleneck of the original
R-CNN by introducing a region proposal network (RPN) that
shares convolutional features with the object detection
network. In Faster R-CNN, the RPN generates region
proposals by sliding a small network over the convolutional
feature map and predicting objectness scores and bounding
box offsets. These region proposals are then used for
subsequent object detection. The RPN is trained end-to-end
with the rest of the network, allowing it to learn to propose
regions likely to contain objects. The proposed regions are
then classified and refined using Rol (Region of Interest)
pooling and fully connected layers. Authors in [72], present
an RPN, a fully convolutional network that simultaneously
predicts object bounds and objectness scores at each position.
The RPN is trained end-to-end to generate high-quality
region proposals, which Fast R-CNN uses for detection.
Further merge of RPN and Fast R-CNN into a single network
by sharing their convolutional features tells the unified
network where to look.

The Faster RCNN is a deep learning detector that
operates in almost real-time and is the first of its kind to be
end-to-end. It has an accuracy of 42.7% in COCO, 21.9% in
COCO mAP@].5,.95], 73.2% in VOCO7 mAP, and 70.4% in
VOC12 mAP. Additionally, it can process up to 17 frames
per second with ZFNet. The Region Proposal Network
(RPN) is the primary feature of Faster-RCNN, allowing for
cost-effective region proposals. This system integrates most
of the individual blocks found in an object detection system,



such as proposal detection, feature extraction, and bounding
box regression, into a unified, end-to-end learning
framework. Although Faster RCNN surpasses Fast RCNN in
terms of speed, computation redundancy remains present in
the subsequent detection stage.

4. D-RFCN +SNIP

During the evaluation of the performance on different
network architectures for classifying small objects on
ImageNet, it was shown that CNNs are not robust to changes
in scale. Based on this analysis, it was proposed in [73], to
train and test detectors on the same scales as an image
pyramid. Small and large objects are challenging for precise
recognition at smaller and larger scales. The presented study
in [73], proposed a novel training scheme called Scale
Normalization for Image Pyramids (SNIP), which selectively
back-propagates the gradients of object instances of different
sizes as a function of the image scale.

On the COCO dataset, the single model performance is
45.7%, and an ensemble of 3 networks obtains an mAP of
48.3%. Off-the-shelf ImageNet-1000 pre-trained models
were used and only trained with bounding box supervision.
Contrary to the fact that deep neural networks can learn to
cope with significant variations in scale given enough
training data, it was shown that SNIP offers significant
improvements (3.5%) over traditional object detection
training paradigms. The presented ensemble with a
Deformable-RFCN backbone obtained an mAP of 69.7% at
50% overlap, an improvement of 7.4% over the state-of-the-
art on the COCO dataset.

Learning scale-invariant representations is crucial for
accurately recognizing and localizing objects in object
detection, pose estimation, and instance segmentation tasks.
Numerous approaches have been suggested and explored
when detecting objects at various scales. The deeper layers
of modern CNNs have enormous strides (32 pixels) that lead
to a very coarse representation of the input image, which
makes small object detection very challenging. To tackle this
issue, contemporary object detectors utilize dilated
convolutions, which effectively enhance the feature map's
resolution. For reference see Fig. 16.

Conv 5 (1600)

Fig. 16: The same layer convolutional features at different scales of the
image are different and map to different semantic regions in the image at
different scales. Retrieved from [73]

As also stated in [73], FPN, Mask-RCNN, RetinaNet,
and other methods using a pyramidal representation and
combining features of shallow layers with deeper layers have
access to higher-level semantic information. Networks are
pre-trained on images of standard resolution of 224x224.
Therefore, the high-level semantic features (at conv5)
generated even by feature pyramid networks will not help

classify small objects (a similar argument can be made for
large objects in high-resolution images).

5. YOLOv4-p7 with TTA

The results of test-time augmentation (TTA) experiments of
YOLOv4-large models presented in [37], are shown below in
Fig. 17. YOLOv4-P5, YOLOv4-P6, and YOLOv4-P7 get
1.1%, 0.7%, and 0.5% higher AP after TTA is applied.

Model AP APz APy
YOLOv4-PSwith TTA 529% 70.7% 58.3%
YOLOv4-P6 with TTA 55.2% 72.9% 60.5%
YOLOv4-P7 with TTA 56.0% 73.3% 61.4%

Fig. 17: Results of YOLOv4 with Test-Time Augmentation. Retrieved from
[37]

6. Soft teacher + Swin-L

Soft teaching is a technique that has been utilized in various
deep-learning tasks, including object detection. It involves
using the knowledge distilled from a pre-trained teacher
model to guide the training process of a student model. By
incorporating the knowledge of the teacher model, such as its
predictions or intermediate feature representations, the
student model can benefit from the teacher's expertise and
achieve better performance. In the paper by [74], they
propose a framework that gradually improves the quality of
pseudo-labels during training. To achieve this, they introduce
two techniques: a soft teacher mechanism that weighs the
classification loss of each unlabelled bounding box based on
the classification score produced by the teacher network and
a box jittering approach that selects reliable pseudo boxes for
the learning of box regression on the COCO benchmark.
This innovation outperforms previous methods by a large
margin, even at low labeling ratios of 1%, 5%, and 10%. By
using the 123K unlabelled images of COCO, they were able
to improve a 40.9 mAP baseline detector trained using the
full COCO training set by +3.6 mAP, reaching 44.5 mAP.
On the Swin Transformer-based object detector (58.9 mAP
on test-dev), they achieved a significant improvement in
detection accuracy by +1.5 mAP, reaching 60.4 mAP, and an
improvement in instance segmentation accuracy by +1.2
mAP, reaching 52.4 mAP. By incorporating the Object365
pre-trained model, they were able to further improve the
detection accuracy to 61.3 mAP and the instance
segmentation accuracy to 53.0 mAP. A comprehensive
comparison of the proportion of used labeled data is
graphically represented in Fig. 18.
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Fig. 18: End-to-end pseudo-label based semi-supervised object detection
method. Retrieved from [74]

Nevertheless, acquiring labels can pose a challenge as it
involves a time-consuming and costly annotation process. As
a result, learning approaches have emerged that capitalize on
unlabelled data while training deep neural models.
Techniques such as self-supervised and semi-supervised
learning have gained traction as they offer avenues to
leverage unlabelled data and mitigate the label acquisition
bottleneck. Some methods, as described in references, [75],
[76], use a multi-stage training process. In this process, the
first stage trains a detector using labeled data. After that, an
unannotated data pseudo-labeling process takes place,
followed by a re-training step using the pseudo-labeled data.
Although these approaches can achieve decent accuracy, the
quality of the pseudo labels generated by the initial detector,
which is trained using a small amount of labeled data and
may not be accurate, limits the final performance.

An additional advantage of this end-to-end framework is
its ability to leverage the teacher model more effectively in
guiding the training of the student model. This contrasts
approaches, [75], [76], that solely provide "pseudo boxes
with hard category labels" for the student model. To address
this, a soft teacher approach is proposed. In this approach,
the teacher model directly evaluates all the box candidates
generated by the student model rather than relying on
"pseudo boxes" to assign category labels and regression
vectors to these student-generated boxes. This direct
assessment of the box candidates allows for the utilization of
more comprehensive supervision information during the
training of the student model. To address this issue, authors
in [74], proposed using reliability measures to weight the
loss of each "background" box candidate. This approach
measure performs significantly better than previous complex
foreground/background assignment methods. From here on,
this is called a "soft teacher."

An alternative method involves choosing reliable
bounding boxes for teaching the student's localization
branch, using a technique called box jittering. This approach
involves jittering a pseudo-foreground box candidate
multiple times, then regressing these jittered boxes based on
the teacher model's location branch. The variance of these
regressed boxes serves as a measure of reliability, and the
box candidate with high reliability is used to train the
student's localization branch.

In addition, on a state-of-the-art Swin-Transformer-based
detector, [77], which obtains 58.9 mAP for object detection
and 51.2 mAP for instance, segmentation on COCO test-
dev2017, this proposed approach can boost accuracy by 1.5
mAP and 1.2 mAP respectively, resulting in 60.4 mAP and
52.4 mAP. Furthermore, by incorporating the Object365,
[78], pre-trained model, the detection accuracy can achieve
61.3 mAP, and the instance segmentation accuracy can reach
53.0 mAP, setting a new benchmark for this evaluation.

This approach achieved simultaneous improvements in
the detector and pseudo labels by involving a student model
for detection training and a continuously updated teacher
model through the exponential moving average strategy.
Two straightforward techniques, "soft teacher" and "box
jittering," were introduced within the end-to-end training
process to enhance the effective utilization of the teacher
model. The soft teacher method enabled efficient leverage of
the teacher model's knowledge, while box jittering improved

training efficiency. Together, these techniques facilitated the
overall effectiveness of the approach.

7. DINO

In various object detection methods, anchor boxes are
predefined bounding boxes that are placed at various
positions and scales across an image. These anchor boxes
serve as reference points for detecting and localizing objects
of interest. Inaccurate anchor boxes can lead to suboptimal
detection performance. DINO [79] has addressed this issue
by introducing a denoising mechanism for anchor boxes. It
involves a neural network to predict more accurate and
adaptive anchor boxes directly from the input image instead
of relying on manually defined anchor boxes. By
dynamically adjusting the anchor boxes during training,
DINO enhances the model's ability to detect objects with
different scales and aspect ratios. Combining the DETR
framework and improved denoising anchor boxes in DINO
enables end-to-end object detection with enhanced accuracy
and adaptability. This approach eliminates manual anchor
box tuning, leading to more efficient and effective object
detection models. DINO achieves 48.3AP in 12 epochs and
51.0AP in 36 epochs on COCO with a ResNet-50 backbone
and multi-scale features, yielding a significant improvement
of +4.9AP and +2.4AP, respectively, compared to DN-
DETR, the previous best DETR-like model. DINO scales
well in both model size and data size. Without bells and
whistles, after pre-training on the Objects365 dataset with a
SwinL backbone, DINO obtains the best results on COCO
val2017 (63.2AP) and test-dev (63.3AP). DINO significantly
reduces its model size and pre-training data size while
achieving better results than other models on the leaderboard.

Compared to other models on the leaderboard, [80], the
model size is 1/15 compared to SwinV2-G. Compared to
Florence, the pre-training detection dataset was reduced to
1/5 and the backbone pre-training dataset to 1/60 while
achieving better results. Authors in [79], have designed a
new end-to-end DETR-like object detector with several
novel techniques, including contrastive DN training, and
mixed query selection, and look forward twice for different
parts of the DINO model. They have validated the
effectiveness of different design choices in DINO. As a
result, DINO achieves 48.3AP in 12 epochs and 51.0AP in
36 epochs with ResNet-50 and multi-scale features,
significantly outperforming the previous best DETR-like
models. In particular, DINO trained in 12 epochs shows a
more significant improvement on small objects, yielding an
improvement of +7.4AP.

As shown in [79], DINO achieves the best results of 63.2AP
and 63.3AP on COCO val2017 and test-dev, demonstrating
its robust scalability to larger models and data sizes. Note
that all the previous SOTA models do not use Transformer
decoder-based detection heads (HTC++, [81], and DyHead,
[82]). It is the first time an end-to-end Transformer detector
has been established as a SOTA model on the leaderboard,
[80]. Compared with the previous SOTA models, a much
smaller model size was used (1/15 parameters compared with
SwinV2-G, [83]), backbone pre-training data size (1/60
images compared with Florence), and detection pre-training
data size (1/5 images compared with Florence), while
achieving better results. In addition, our reported
performance without test time augmentation (TTA) is a neat
result without bells and whistles. These results effectively



show the superior detection performance of DINO compared
with traditional detectors.

IV. CONCLUSION AND LATEST EVOLUTION

Object detection methods and algorithms are a constantly
evolving field of study that generates new insights. Notable
publications, such as [93], [94], provide compelling
evidence of ongoing advancements and breakthroughs.
These algorithms are increasingly practical in everyday life,
with improvements in accuracy, efficiency, and applicability
in various real-world scenarios. Recent research
developments have introduced innovative versions of
YOLO, including YOLO v8 and YOLO-NAS. These latest
iterations incorporate novel techniques and enhancements to
improve object detection performance, enabling more
precise and efficient identification of objects in images or
videos. The introduction of YOLO v8 and YOLO-NAS
demonstrates the ongoing commitment to advancing object
detection capabilities, with researchers and practitioners
exploring new avenues and pushing the boundaries of what
is achievable. These latest versions showcase the rapid
progress and the continuous quest for innovation in the field
of object detection.

A. YOLOVS

Ultralytics has released in 2023 YOLOVS as the highest-
performing YOLO model ever released, (see Fig. 19 and
Fig. 20), setting new standards in SOTA real-time detection
and segmentation, opening up a new world of use cases for
simple and effective Al solutions, [84]
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Fig. 19: Comparison of YOLO family algorithms with YOLOvS. Retrieved
from [84]

The YOLO family's latest version features enhanced
capabilities such as instance segmentation, pose/key points
estimation, and classification. It uses anchor-free detection
and new convolutional layers to make predictions more
accurate.
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Fig. 20: YOLOv8 on RF100 comparison [90]

In addition, YOLOVS uses mosaic augmentation during
training, [85], and Fig. 21, however, because it has been
found that this augmentation can be detrimental if used
during the whole training process, it is disabled for the last

ten epochs. YOLOvVS provided five scaled versions:
YOLOvV8n (nano), YOLOvV8s (small), YOLOv8m
(medium), YOLOVSI (large) and YOLOvVS8x (extra large).
Evaluated on MS COCO dataset test-dev 2017, YOLOv8x
achieved an AP of 53.9% with an image size of 640 pixels
(compared to 50.7% of YOLOVS on the same input size)
with a speed of 280 FPS on an NVIDIA A100 and
TensorRT, [86].
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Fig. 21: YOLOV8 Architecture. Retrieved from [91]

Deep learning research often strongly emphasizes model
architecture, but the training routine plays a crucial role in
the success of models like YOLOv5 and YOLOVS.
YOLOvVS, for instance, incorporates online image
augmentation during training to introduce variations in the
images seen by the model at each epoch. One unique
augmentation technique is mosaic augmentation, which
involves merging four images. This challenges the model to
recognize objects in new positions, amidst occlusion, and
against different backgrounds.

However, it has been observed that this augmentation can
negatively impact performance if used throughout the entire
training process. Therefore, deactivating it for the last ten
training epochs is beneficial. This adjustment reflects the
careful attention to refining the YOLO models over time,
evident in the YOLOVS repository and YOLOvVS research.

B. YOLO NAS

YOLO-NAS, short for You Only Look Once Neural
Architecture Search, is an extension of the widely used
YOLO (You Only Look Once) object detection framework
incorporating neural architecture search (NAS) methods.
NAS aims to automate designing and optimizing neural
network architectures to improve their performance. In the
case of YOLO-NAS, NAS techniques are explicitly applied
to the YOLO architecture to discover more effective
network designs for object detection tasks. By conducting
an automated search, YOLO-NAS explores various
architectural configurations, such as different layer types,
sizes, and connectivity patterns. The aim is to identify
optimal network structures that maximize detection
accuracy while minimizing computational complexity. By



leveraging NAS, YOLO-NAS aims to enhance the
performance and efficiency of YOLO models by
discovering novel architectural variations that may surpass
manually designed configurations. This approach enables
the creation of customized and optimized network
architectures specifically tailored for object detection tasks.
YOLO-NAS exemplifies the integration of NAS techniques
within the YOLO framework, advancing object detection
capabilities. The new YOLO-NAS delivers state-of-the-art
(SOTA) performance with unparalleled accuracy-speed
performance, outperforming other models such as YOLOVS,
YOLOv6, YOLOv7, and YOLOv8. A comprehensive
comparison can be seen in Fig. 22.

YOLO-NAS S 0815

roromsm _ o

YOLOv8 0.801
YOLOVS 0734

YOLOv7 0676

decl.

Fig. 22: Average mAP on Roboflow-100 for YOLO-NAS vs other models.
Retrieved from [87].

According to Deci, YOLO-NAS is around 0.5 mAP points
more accurate and 10-20% faster than equivalent variants of
YOLOv8 and YOLOV7, [87].
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