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Abstract

Object detection in video streams depicts the core usage of computer vision, with its applications ranging from
mask detection to surveillance systems. The You Only Look Once (YOLO) algorithm is famous for its high
speed and accuracy. This review paper aims to provide review on recent advancements, challenges and
applications of the YOLO algorithm. We also compare the performance for various YOLO algorithms like
YOLO v7, v8 etc. Also, in this paper we explore the accuracy and efficiency of the YOLO algorithm by
mapping to real world usage and testing protocols. It will also be tested in various environments but

especially in video streams. The dynamicnature of YOLO algorithm will be tested.
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1. Introduction

Real time object detection is turning out to be one of the best usage of deep learning for practical applications, it
is applied in many fields including robotics, automated vehicles, AR, live video streams, dynamic weaponry
and many more.[6] Of all the real time object detection algorithms, YOLO(you only look once)[7] stands out

the most. It by far provides the highest accuracy and precision while also being open to all.

Throughout the history of YOLO it has seen many iterations, form v2 to v8 and getting better in each iteration.
We will review the key innovations, ideas, performance changes, and also its functions to better understand this
algorithm.

Not only that, but this paper aims to discuss and measure specific advancements of each version and see what
we traded of in exchange for better speed and accuracy and also take into account the requirements of the
system to handle such updates to the algorithm. Please note that this algorithm is still in development for
furtherversions.[8]
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Fig 1: YOLO version Timelines.
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2. Evolution of YOLO
2.1. YOLOv1

This is what started it all. It worked by dividing an image into different part namely grid and then predicted
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the boundary boxes and class probabilities straight form an entire image. It worked well with good enough
speed but had problems detectingsmall objects.
2.2. YOLOV2

This iteration of YOLO launched an year after v1, solved the most basic problem that was needed to be
cleared. It solved the issue of detecting small objects by using anchor boxes. It also aimed to detect 9000
different object categories not present in training set. Hence it was also called YOLO9000.
2.3. YOLOv3

This is what started it all. It worked by dividing an image into different part namely grid and then predicted
the boundary boxes and class probabilities straight form an entire image. It worked well with good enough
speed but had problems detectingsmall objects.
2.4. YOLOV4
It further enhanced the speed and accuracy of object detection. It also used advanced techniques like CSPNet,
PANet and SAM(Spatial Attention Module). Especially CSPNet was designed to enhance the learning
capability of CNN(Convolutional neural networks).
2.5. YOLOvV5
Released only a month after YOLOvA4. It was developed by a company called Ultraytics, and claimed to have
improved over its previous iterations. The original v5 model was not published as peer-reviewed research but
instead as a Git Hub repository. The only improvement in this seemed to be the integration of anchor box
selection process into the model.
2.6. YOLOV6
Released in June of 2022 it was considered the most improved version of the YOLO models at the time. It
delivered very impressive results and provided excellent detection accuracy and speed. It is anchor free and uses
Varifocal loss(VFL) and Distribution Focal loss(DFL).
2.7. YOLOv7
YOLOv6 while highly efficient and accurate, struggled with small objects due to using standard cross entropy
loss function. YOLOV7 uses new loss function known as “focal loss”. It also has higher image resolution, almost

double than YOLOvV3 which allows for small objection detection.
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3. Architecture of YOLO

3.1. YOLOv1
YOLOV1 uses 24 convolutional layers followed up by 2 fully connected layers. Using grid on the image to
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divide it, i.e. dividing convolutional layers reduce the features space from preceding layers. The layers are pre-

trained on Image-net classification tasks as 224x224 input image and then at 448x448 for detection.[1]
The system models detection as a regression problem. It divides the image into SxS grid and B bounding

boxes and C for class probabilities. The formula makes up -
SxSx(B* 5+C)[1] @)
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Fig 3. YOLOV1 architecture[1]

3.2. YOLOvV2
YOLOvV2 uses Darknet19(19 convolutional layers, 5 max pooling layers)[5]. In addition to this v2 uses
anchor boxes, therefore instead of prediction arbitrary bounding box dimensions like YOLOvV1 did, it predicts
offsets to predefined anchor boxes.
It also uses batch normalization, high resolution classifier, convolutional with anchor boxes, dimensional

clusters and direct location prediction.
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Fig 4. YOLOV2 Architecture[5]

3.3. YOLOv3
YOLOvV2 uses Darknet53(52 convolutional layers, 5 max pooling layers). In addition to this v3 uses anchor

boxes. It also uses Feature Pyramid Network(FPN). The anchor boxes are usually chosen by preforming
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clustering algorithm of some kind of the training data set. This sysytem also predicts bounding boxes using

dimension clusterswhere the prediction correspond to:[2]

bx = o(tx) + Cx 1)
by=o(ty) + ¢y 2
bw= pwelw 3)
bh= pheth @)

Darknet-53 is depicted as follows:[2]

It also uses Bounding box prediction, class prediction, Predictions across scales,feature extractor.

Fig 4. YOLOvV3 Architecture[2]

3.4.YOLOv4

YOLOV4 breaks the norm of normal YOLO versions before it. See, the YOLO before it used to be one stage
detected. Now form YOLOv4 Two stage detection is implemented to directly influence speed and accuracy. The
parts of architecture are as follows: INPUT, BACKBONES,NECK [5] (additional blocks, path-aggregation
blocks), HEADS(dense prediction, sparse prediction).

It also introduces bag of freebies and bag of specials. Bag of freebies are methods that only change the

training strategy . Bag of specials are those plugin modules and post-processing methods that increase the cost
by a small amount but increases the accuracy exponentially.
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Fig 4. YOLOV4 Architecture[5]

3.5. YOLOV5

YOLOV5 generally uses the architecture of CSPDarknet53 with SPP layer as backbone,PANet as Neck and
YOLO detection head[4]. Further optimization is provided by BOF and BOS.
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Fig 4. YOLOV5 Architecture[4]

Transformer Prediction Heads(TPH) are also integrated in YOLOV5. It helps to accurately localize objects in

high density scenes like drone shots.[4] CBAM is also added to find region of interest. Also provides useful bag

of tricks for streaming scenarios.
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Fig 5.Transformer Encoder Architecture[4]

Fig 6. CBAM Architecture[4]

. Conclusion

We saw the evolution of different YOLO algorithms and studied its architecture in great detail. The YOLO for
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object detection is ever growing and the its possibilities are endless. With every iteration the YOLO grew and
became better and better. Now there can be more modifications made to this system, which include but is not

limited to :

. Better Hardware

. Better Optimization

. Expansion to New Domains
. Proliferation

. Adaptability

And many more.
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