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ABSTRACT

YOLO is a real-time object detection (OD) algorithm with convolution layers that performs OD and classification 
directly at the image level. Due to the operations performed at the image level, it works very fast compared to 
its peers. The YOLO algorithm, which is frequently used in both academic and industrial studies thanks to its 
speed-performance balance, is systematically analyzed from YOLOv1 to YOLOv11 in this study. In the study, the 
structural components of the algorithms are analyzed and a clear and simple architecture is drawn. Innovations 
and improvements are mentioned, and the development of the series is explained step by step. Object detection 
scenarios realized with YOLO in the literature are reviewed and organized into topics. In addition, the performance 
results in the original papers are compared based on co-metrics and datasets, and the development of the series 
is comprehensively analyzed. In the last stage, the projected areas of improvement and potential research areas 
for further development are discussed, and recommendations for researchers are presented.
Index Terms—Computer vision, object detection, YOLO

I. INTRODUCTION

Object detection (OD) is a computer vision technique, inspired by human visual perception, that 
enables the detection of target object(s) in digital images and videos. While OD and identifica-
tion are easy task for humans, it is a difficult and costly task for computers to detect and process 
an image. However, despite being a difficult task, the results of the Viola & Jones [1] algorithm 
developed in the early 2000s with traditional methods have been very promising. As the capabili-
ties and hardware capacity of computers have increased over time, the number of studies in this 
field has rapidly increased and continues to increase.

In particular, the concept of deep learning has made rapid progress in this field. After discovering 
that a deep convolutional network structure can learn high-level feature representations in an 
image, researchers asked the question “Can deep networks also perform OD?” With this question, 
the design of OD algorithms has changed and evolved drastically, and they are categorized into 
two groups according to the techniques used as follows:

1.	 Two-Stage: Object detection is performed in two stages, region proposal and classifica-
tion + localization [2].

2.	 One-Stage: Object classification and detection are performed directly at the image level [3].

YOLO is particularly suitable for use in real-time applications because it is designed according 
to the One-Stage structure and can establish a balance between speed and accuracy. In addi-
tion, its continuous development and improvement have increased the interest in this field 
both in academia and in the industry. Although Two-Stage methods such as Faster R-CNN offer 
high accuracy, they are known to be insufficient to reach the speed levels required in real-time 
applications. On the other hand, YOLO, thanks to its One-Stage architecture, can perform OD 
much faster and with this feature, it stands out in time-sensitive applications such as video 
surveillance and autonomous vehicles. In comparative studies, it has been observed that even 
older models such as YOLOv3, YOLOv4, and YOLOv5 achieve better results in terms of speed 
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and mean average precision (mAP) than methods such as Faster 
R-CNN, SSD, and RetinaNet [4-8]. In these aspects, YOLO offers a 
significant advantage for applications that seek a speed-accuracy 
balance in OD.

This paper provides a detailed examination of the rapidly evolving 
YOLO. The architectural structures of all YOLO algorithms, from the 
first member of the YOLO family, YOLOv1, to the latest member, 
YOLOv11, have been analyzed, the relevant studies have been com-
piled, and their application areas have been categorized with the 
results discussed. Unlike similar algorithms, diagrams of the algo-
rithms are drawn, their advantages and disadvantages are discussed, 
and applied scenarios are analyzed [9, 10].

The organization of the paper is as follows: Section 2 provides an 
overview of YOLO, its basic concepts, and versions. Section 3 cat-
egorizes the application areas of YOLO; Section 4 compares and 
evaluates YOLO. The last section discusses the state of the art of OD 
algorithms and possible future plans for YOLO.

A. Terms and Definitions
There are fundamental terms used during the operation of YOLO 
that need to be known in order to understand the architecture. Since 
these terms are common to all YOLO, it is appropriate to explain 
them from the beginning.

Confidence score (CoS) used to measure the accuracy of OD is given 
in Equation 1. Objectivity score (OS) represents the probability that 
the object is present in the cell. Class probability (CS) represents the 
probability that the object belongs to the predicted class.

CoS OS xCS= 	 (1)

Intersection over Union (IoU) calculates the predictive ability of the 
model by giving the intersection of the predicted box and the box 
where the object is actually located [11] (Fig. 1).

Mean average precision that gives the average of the average 
precision (AP) values for all classes is given in Equation 2. A high 
AP means that an OD model shows a high prediction accuracy of 
the object. AP50, used in the studies, refers to the APs at 50% IoU 
thresholds.
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Non-maximum suppression (NMS) is a method for choosing the 
bounding box with the highest CoS (Fig. 2). To reduce the number 
of overlapping bounding boxes and improve the overall detection 
quality, the bounding box with the highest CoS is selected using the 
NMS algorithm.

II. YOLO: YOU ONLY LOOK ONCE

YOLO, a real-time algorithm with convolutional layers, was intro-
duced in 2016. Unlike earlier methods, it uses a One-Stage approach, 
performing detection and classification at the image level. Many ver-
sions exist within the One-Stage Detection category.

A. YOLOv1
YOLOv1 is a real-time OD algorithm [12]. Since it performs object 
classification and detection in one step, it is known to be faster than 
similar OD methods. The architecture of YOLOv1, the most basic and 
first version, consists of a backbone and a head as shown in Fig. 3.

YOLOv1 is based on the CNN-based GoogleNet algorithm. Its archi-
tecture includes 24 convolutional layers and 2 fully connected lay-
ers. The first 20 convolutional layers act as the backbone, while the 
remaining layers act as the head. The fully connected layer links all 
outputs to the next layer, and object classes are determined in the 

Fig. 1.  Calculation of the IoU metric.

Fig. 2.  Example of NMS output, (a) Multiple overlap results on an object, (b) Bounding box framing of objects with the highest confidence scores 
by the NMS algorithm.
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classification layer. A regression algorithm estimates bounding box 
coordinates for object framing. YOLOv1, the foundation of the YOLO, 
operates as follows:

•	 The image is divided into S x S-sized pieces (grids/cells) of equal 
size (such as 3 × 3, 5 × 5, 7 × 7)

•	 The center point of the target object is calculated, and the corre-
sponding cell is detected

•	 The cell where the center of the target object is located is now 
responsible for the detection of that object. In this way, other cells 
can ignore the object, thus reducing the running cost.

•	 The cells are passed through a single convolutional neural net-
work to determine the class of each object.

•	 YOLO generates a separate prediction vector [x, y, w, h, CoS] for 
each cell.

•	 As the cells are passed through the network, it is checked whether 
the midpoint of the object is inside the cell.

•	 If the midpoint of the object is inside the cell, in other words, if the 
CoS is higher than 0, the position (x, y), height (h), and width (w) 
of the detected object from the left corner to the center are calcu-
lated. If the CoS is 0, it means that there are no objects in the cell, 
so random values can be assigned to the other areas.

•	 The bounding boxes surrounding the objects in each region are 
drawn with the calculated coordinates [x, y, w, h, CoS]. The value of 
each cell is calculated as shown in Equation 3. Where CoS is the CoS, 
bx and by are the center of the bounding box relative to the cell, bw 
and bh are the height and width of the bounding box relative to the 
image, and ci is the class. The number of classes may vary.

p b b b b cx y h w is s CoS, , , , , ,� ��� �	 (3)

•	 The vector output produced by the model is calculated as SxS (5 × 
B + C). The value B gives the number of bounding boxes, while C 
gives the number of classes.

•	 If the predicted bounding box is the same as the actual box, the 
IOU is equal to 1.

The midpoint of the dog object shown in Fig. 4 corresponds to col-
umn 2 of row 2. According to the YOLOv1, if another object has a 
midpoint in the cell, the bounding box should be drawn only for the 
one with the highest CoS. In this case, the bounding box of the other 
existing object will be ignored and will not be drawn.

The image in Fig. 4 is divided into 3 × 3 cells. The midpoint and coor-
dinates of the dog and fruit objects are calculated and framed by the 
bounding box. In the example in Fig. 4,c: dog, c2: flower, c3: fruit class.

YOLOv1 offers high detection speed with a simple One-Stage archi-
tecture; however, it struggles with small or overlapping objects, lacks 
scale generalization, is limited to a fixed input size, and may miss 
detections when multiple objects fall within the same grid cell.

B. YOLOv2/9000
YOLO9000 (YOLOv2) is introduced to enhance localization while 
maintaining speed and accuracy [13]. Trained on 448 × 448 ImageNet 
images, it improved mAP by ~4%. The network has 24 layers: 19 
convolutional and 5 max pooling layers, using filters. Its backbone 
comprises the first 13 layers of DarkNet19, while the head includes 
4 convolutional layers and a Reorg layer, which merges multi-resolu-
tion features for better OD (Fig. 5).

To improve bounding box accuracy, YOLOv2 introduced anchor 
boxes, which store pre-calculated object dimensions. Instead of 

Fig. 3.  YOLOv1 architecture.

Fig. 4.  Predicted output of the YOLO.
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estimating boxes from scratch, the model fine-tunes these anchors, 
making detection faster and more efficient, especially for small 
objects and overlapping ones. Each class’s anchor box is placed in 
all grid cells during estimation. Different-sized anchors help detect 
objects of various scales. The greater the size variation among 
objects, the more effective anchor boxes become. Detecting a motor 
and its driver is more accurate due to their distinct shapes and sizes 
(Fig. 6).

The improvements and innovations made in this direction can be 
summarized as follows:

•	 The distribution of input layers is fixed by batch normalization. 
This results in a faster and more stable training model.

•	 The AP is increased by ~4% by increasing the input size.
•	 Anchor boxes are added to overcome the case of multiple mid-

points. In this way, instead of calculating the vector for each cell, 
the vector is calculated for each anchor box.

•	 Small objects in the image are detected using 13 × 13 grids.
•	 Thanks to multi-scale training, generalization of objects is ensured. 

In other words, instead of fixing the size of the input image, the 

network is modified every few iterations, and every ten groups, 
the network completes its training by randomly selecting new 
image sizes.

•	 The DarkNet19 architecture is used as the backbone.

YOLOv2 improves upon its predecessor by offering greater speed 
and accuracy, enhanced multi-scale detection through anchor 
boxes, and flexibility with varying input resolutions. However, it con-
tinues to face challenges in detecting small objects.

C. YOLOv3
Redmon and Farhadi introduced YOLOv3, addressing previous limi-
tations and improving small OD [14]. The key change was replacing 
DarkNet19 with DarkNet53, a deeper network with 53 convolutional 
layers, enhanced by residual blocks and skip connections. These 
residual blocks help retain gradients by adding the input directly 
to the next layer’s output, preventing loss and improving detection 
accuracy.

YOLOv3 introduced a “neck” layer for the first time, a concept offi-
cially named in YOLOv4. The feature pyramid network (FPN) in 

Fig. 5.  YOLOv2 architecture.

Fig. 6.  Anchor box example.
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YOLOv3 serves as the neck, generating multi-scale feature maps 
from the input image [15]. These maps enable OD at three scales (32, 
16, and 8) to detect small targets at various levels (Fig. 7).

The coupled head in the YOLOv3 produces an output matrix by slid-
ing a filter or kernel matrix over the image using convolutional lay-
ers. Each layer here consists of conv2d blocks with 1 × 1 and 3 × 3 
filter sizes.

The improvements and innovations in YOLOv3:

•	 The score generation for each bounding box is performed by 
logistic regression.

•	 Instead of the Softmax used in YOLOv2, logistic classifiers are uti-
lized for each class.

•	 An intermediate layer is added to obtain more information dur-
ing object prediction. This intermediate layer is referred to as the 
“neck” in the YOLOv4.

•	 The YOLO architecture consists of three parts: backbone, head, 
and neck. With the addition of the new neck layer, more informa-
tion is extracted from the image, improving the model’s predic-
tion performance.

•	 The FPN method is used to process images at different scales.
•	 The output parameters of YOLOv3 are updated as S × S × (B × 

(5 + C)).
•	 The DarkNet53 architecture is used as the backbone.

D. YOLOv4
In early 2020, the development of YOLO continued rapidly under 
new researchers. YOLOv4 was introduced claiming it was faster 
and more efficient than YOLOv3 [16]. They combined ResNeXt50, 
DarkNet53, and EfficientNetB3 with a cross stage partial (CSP) block 
in the backbone to improve information flow. The CSPDarkNet53, 
with 53 convolutional layers, was chosen as YOLOv4’s backbone. This 
model reduces redundant gradients, improving optimization and 
inference efficiency while enhancing feature variability across lay-
ers. It also increases the variability of the features learned in different 

layers [17]. The CSP block in the model divides the feature map into 
two parts and combines them with a hierarchy between the stages 
as shown in Fig. 8. The benefits of the CSP block are as follows:

•	 By avoiding the continuous generation of gradients, gradients are 
reused. In this way, some parts of the network do not have to learn 
the same information over and over again.

•	 It creates parallelism in the processing of feature maps, making 
information flow and feature representation more effective.

•	 Reduces the computational cost by reducing the number of 
parameters of the model. This allows for faster training and infer-
ence times.

Fig. 7.  YOLOv3 architecture.

Fig. 8.  CSP architecture.
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The neck of the network uses spatial pyramid pooling (SPP) with 
path aggregation network (PAN) and max pooling layers, while the 
head follows YOLOv3’s design (Fig. 9).

The SPP algorithm in the neck region provides independence over 
input dimensions by adding the ability to process inputs of differ-
ent sizes to the network. In this way, the network is able to process 
inputs (objects) of different sizes. The PAN, another algorithm in the 
neck region, aims to achieve more comprehensive and sharp results 
by effectively combining feature maps of various dimensions. The 
PAN network creates a pair of feature maps, linking the higher fea-
ture map with the lower feature map. The higher feature map is used 
to provide an overview of a larger region, while the lower feature 
map is used to provide more detailed information. This method 
helps to perform more successful OD using combined feature maps. 
There are 3 couple heads in the head region of YOLOv4. These heads 
produce the output matrix by shifting a filter or kernel matrix on the 
image with convolution layers. Each convolution layer consists of 
conv2d blocks with 1 × 1 and 3 × 3 filter sizes.

The improvements and innovations in YOLOv4:

•	 Bag-of-freebies (BoF) technique is used for data augmentation 
without increasing the feature extraction time.

•	 The bag-of-specials (BoS) technique is used, which only increases 
the cost of extraction by a small amount but can significantly 
improve the accuracy of OD.

•	 In YOLOv3, PAN and SPP are used instead of FPN in the neck region.
•	 CSPDarkNet53 architecture is used as the backbone.

YOLOv4 achieves higher detection performance by integrating a 
variety of state-of-the-art techniques; however, it may experience 
performance issues on low hardware and overfitting may reduce its 
effectiveness in certain real-world scenarios.

E. YOLOv5
YOLOv5 was introduced in 2020 [18]. While similar to previous 
versions, it is implemented in the PyTorch framework and offers 

5  versions: YOLOv5s, YOLOv5m, YOLOv5l, and YOLOv5x, making 
direct comparison with other YOLO challenging.

When looking at the architecture of the YOLOv5, the backbone 
region consists of a CSPDarknet53 network similar to the previous 
version. The neck region incorporates the SPP network to convert 
feature maps of varying sizes into fixed-size vectors and the PAN 
network for better feature map combination. The CSP-PAN structure, 
with the added CSP block, accelerates learning and improves multi-
scale OD. In the head region, it is divided into two parts: detector 
and classifier. While the detector is used to estimate the coordinates 
of objects, the classifier is used to determine the classes of objects. 
This process uses convolution layers repeated three times (Fig. 10).

Binary cross entropy (BCE) is used as the loss function for classifica-
tion in the head section, complete IoU (CIoU) is used for bounding 
box loss, and BCE is used again for object loss. With CIoU, the perfor-
mance of the bounding box process is improved by considering not 
only the overlap between the two boxes but also the aspect differ-
ences between them.

The improvements and innovations in YOLOv5:

•	 It is written using the PyTorch library.
•	 Five different versions are introduced, providing models that can 

be used according to different computational resources and the 
difficulty of the tasks.

•	 The backbone is the CSPDarkNet53 model based on the DarkNet 
framework.

YOLOv5 improves small OD, is easily implemented via PyTorch, offers 
comprehensive documentation, benefits from frequent open-source 
updates, and has a mobile version for iOS and Android; however, it 
lacks an official publication.

F. YOLOv6
In 2022, the anchor-free YOLOv6 was proposed [19]. Its backbone, 
the EfficientRep network, supports reparameterization and GPU 

Fig. 9.  YOLOv4 architecture.
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computation, using RepConv and RepBlock layers, along with 
RepVGG, batch normalization, and ReLU activation for faster, more 
efficient inference. The neck region features the Rep-PAN structure, 
which improves object localization by using fusion to estimate 
object classes and masks. The head region includes an Effective 
Decoupled structure with a hybrid channel strategy after the FPN 
network, which generates multi-scale feature maps. This decoupled 
head improves efficiency by reducing network latency by 6.8% and 
shortening the YOLOv6 head.

YOLOv6, like previous versions, comes in different sizes such 
as YOLOv6-n, YOLOv6-tiny, and YOLOv6-s. However, it differs 

structurally by using the Rep structure in the spine and neck regions 
and a decomposed structure in the head region (Fig. 11).

In the YOLOv6 head region, variable focal loss (VFL) for classification 
loss, distribution focal loss (DFL) and SCYLLA IoU (SIoU) / general-
ized IoU (GIoU) for regression loss (bounding box loss) were used. 
The VFL is used to overcome the imbalance between positive and 
negative examples in classification tasks; in other words, it produces 
effective results on imbalanced datasets. The DFL is effective in 
multi-class problems to better model the class distribution and to 
make the boundaries between classes precise. The SIoU and GIoU 
are improved versions of the IoU metric. The SIoU considers the IoU 

Fig. 10.  YOLOv5 architecture.

Fig. 11.  YOLOv6 architecture.
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loss as well as the distance and size differences between the cen-
ter points of the estimated and actual bounding boxes, while GIoU 
considers the IoU loss as well as the difference between the smallest 
convex shells of the estimated and actual bounding boxes.

The improvements and innovations in YOLOv6:

•	 The anchorless architecture provides a 51% improvement in speed 
compared to anchor-based structures.

•	 A SimOTA tag assignment strategy that dynamically allocates pos-
itive samples to further improve detection accuracy.

•	 The Rep structure is used in the backbone and neck structure to 
improve speed and performance.

•	 SIoU/GIoU bounding box regression loss is used to control the net-
work learning.

YOLOv6 leverages VFL/DFL and SIoU/GIoU to accelerate learning 
and improve accuracy, while its advanced loss functions enable 
more effective learning from difficult samples.

G. YOLOv7

In 2023, YOLOv7 was introduced following several intermediate 
versions like YOLOX and YOLOR, which focused on GPU speed 
improvement [20]. YOLOv7 incorporates architectural and train-
ing changes, including trainable BoFs that boost accuracy without 
impacting inference speed or training time. The spine region uses 
the extended efficient layer aggregation network (EELAN), which 
enhances learning by expanding, mixing, and merging without dis-
rupting the reduction path. In the neck region, a PAN network was 
used similar to the previous ones. In the head region, the output 

matrix is generated by shifting a filter or kernel matrix on the image 
with convolutional layers. Each head processes the information 
from the neck region in 3 × 3 and 1 × 1 conv2d layers respectively 
(Fig. 12).

In the YOLOv7, BCE is used for classification loss and L1 for regres-
sion loss. The BCE measures the difference between the probability 
predicted by the model and the actual label in binary classification 
problems. In the YOLOv7, the BCE metric indicates which regions 
of the image contain objects. L1 measures the absolute difference 
between the model’s predicted value and the actual value.

The improvements and innovations in YOLOv7:

•	 The EELAN is proposed, which works for models with unbounded 
stacked computational blocks. It allows the network to combine 
the features of different groups by mixing and combining cardi-
nality to improve the learning of the network without disturbing 
the original gradient path.

•	 A new strategy is proposed for scaling merge-based models where 
the depth and width of the block scale by the same factor to main-
tain the optimal structure of the model.

•	 The trainable BoF proposals are as follows:
•	 A technique used after training to improve a planned re-parame-

terizable convolution layer model. Although it increases the train-
ing time, it improves the inference results of the model.

•	 In YOLOv7, which can have multiple head architectures, coarse 
label assignment is performed for the auxiliary head involved in 
training, while fine label assignment is carried out for the lead 
head responsible for the final output.

Fig. 12.  YOLOv7 architecture.
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•	 The mean and variance of the ensemble normalization are inte-
grated into the bias and weight of the convolutional layer in the 
inference stage.

H. YOLOv8
In 2023, YOLOv8 was introduced offering five models with differ-
ent parameter sizes: YOLOv8n, YOLOv8s, YOLOv8m, YOLOv8l, and 
YOLOv8x [21]. The “s” version is fast and compact, suited for mobile 
apps but with lower performance; the “m” version is a balanced, 
standard model ideal for real-time applications; and the “l” and 
“x” versions are designed for accuracy-focused applications where 
speed is less critical. YOLOv8 supports various vision tasks, including 
OD, segmentation, pose estimation, tracking, and classification. The 
backbone uses CSPDarkNet53, but with C2f modules replacing the 
C3 modules from YOLOv5 for improved detection accuracy by com-
bining high-level features with contextual data. The neck region uses 
PAN & FPN structures, and the head region applies 2 3 × 3 conv2d 
layers and 4 C2f layers to generate the output matrix (Fig. 13).

In addition, YOLOv8 does not include an anchor with a disconnected 
head, similar to YOLOv7, in order to process objectivity, classification, 
and regression tasks independently. In the output layer of YOLOv8, 
Sigmoid was used as the activation function for the OS, which repre-
sents the probability that the bounding box contains an object, and 
Softmax for the class probabilities. The CIoU and DFL functions were 
used for regression loss, and the BCE function was used for classifica-
tion loss.

The improvements and innovations in YOLOv8:

•	 Although it has a more complex architecture, it has increased its 
performance success by maintaining its processing speed.

•	 It can detect objects of different scales simultaneously within the 
same image.

•	 Reduced false positives and improved NMS techniques make it 
more reliable for real-world applications.

I. YOLOv9
In 2024, YOLOv9 was introduced, incorporating different versions of 
the algorithm [22]. This algorithm utilized the programmable gra-
dient information (PGI) and generalized efficient layer aggregation 

network (GELAN) methods to effectively address the issue of infor-
mation loss during transitions between layers of the deep learning 
network and to enhance computational efficiency.

These methods can be explained as follows:

1.	 The PGI helps train small models as efficiently as large models 
by creating reliable gradients to avoid information loss in deep 
neural networks. In this way, PGI helps small and efficient mod-
els produce as good as models with high parameters. The PGI 
solves the information bottleneck problem in deep networks, 
providing reliable gradient information and helping to update 
network weights. This makes it possible to train even small mod-
els as efficiently as large models by providing complete input 
information for the main objective function. Key components of 
PGI include the auxiliary reversible branch, which produces reli-
able gradients, and the multilevel auxiliary information, which 
combines gradients returned from different forecast heads.

2.	 The GELAN is designed using CSPNet, which helps to propagate 
information between layers, and ELAN blocks, which more effi-
ciently combine feature maps from different layers. This archi-
tecture aims to achieve high performance with fewer resources 
by simultaneously optimizing factors such as the number of 
parameters, computational complexity, accuracy, and inference 
speed. The GELAN’s architecture was used in the backbone and 
neck regions of YOLOv9.

In addition to the backbone, neck, and head region, the YOLOv9 
architecture includes an auxiliary region that is part of the PGI. This 
auxiliary region helps to reduce information loss in the transition 
between layers by generating additional information that links input 
data to the target output. The backbone region uses a GELAN net-
work, and the neck region uses a PAN network. In the head region, an 
anchorless mechanism is designed to reduce computational com-
plexity and increase detection speed.

The improvements and innovations in YOLOv9:

•	 The PGI and GELAN reduce the loss of information between layers.
•	 The GELAN enables higher performance with smaller models 

(fewer parameters).

Fig. 13.  YOLOv8 architecture.



Electrica 2026; 26: 1-17
Varol Malkoçoğlu and Şamlı. A Detailed Review from YOLOv1 to YOLOv11

10

•	 It provided a 0.6% improvement on the MSCOCO dataset com-
pared to its previous version YOLOv8.

YOLOv9 is suitable for real-time applications such as autonomous 
vehicles, surveillance, and robotics; it effectively handles scale varia-
tions, complex backgrounds, and occlusions while maintaining fast 
inference on resource-constrained devices.

J. YOLOv10
In 2024, YOLOv10 was introduced for high performance and effi-
ciency [23]. This algorithm follows the dual label assignment and 
efficiency-accuracy strategies to minimize the computational bur-
den and improve performance. YOLOv10 introduces a new approach 
called consistent dual assignments to overcome the challenges and 
inconsistencies of NMS used during inference to filter out redundant 
predictions. In this way, it eliminates the need for NMS during OD 
and significantly reduces detection latency. For this purpose, a dual 
labeled assignment strategy is created by combining both one-to-
one and one-to-many matching approaches in the head region. This 
strategy is as follows:

•	 In one-to-one matching, each real sample is assigned a prediction, 
eliminating the need for an NMS and enabling end-to-end distri-
bution. This approach often results in poorer supervision, leading 
to suboptimal accuracy and slower convergence.

•	 In one-to-many matching, traditional YOLO models typically use 
a one-to-many label assignment strategy during training. That is, 
multiple positive examples are assigned to the real object. This 
provides the model with rich control signals and facilitates opti-
mization, helping to achieve superior performance. However, this 
strategy requires NMS post-processing to select the best estimate 
during inference. The NMS slows down the inference speed and 
causes performance to be sensitive to hyperparameters, hindering 
the end-to-end distribution of YOLOs.

•	 YOLOv10 introduces a strategy of consistent dual assignments 
that aims to exploit both the rich control signals of one-to-many 

assignments and the NMS-free inference efficiency of one-to-one 
assignments.

As shown in Fig. 14, one-to-one and one-to-many head structures 
are optimized together during training. While the rich content of the 
one-to-many matches is used during the inspection phase, only the 
one-to-one match head is utilized during the inference phase. This 
bypasses the need for the NMS and achieves high efficiency with-
out additional inference cost. The consistent matching metric, a key 
component of the dual label assignment strategy, is a metric used to 
evaluate the match between predictions and real examples. In this 
metric, represented in Equation 4, σ and β represent the semantic 
prediction and location regression tasks, s represents whether the 
anchor point of the prediction is within the sample, and p represents 
the classification score.

CMM s p IoU b b� � �
�

, ,˘� � � � � � � 	 (4)

This metric includes both the classification score and the IoU 
between predicted and actual bounding boxes. The metric improves 
the quality of the model’s predictions during inference by aligning 
the supervision of the one-to-one head with the supervision of the 
one-to-many head.

The second strategy in the YOLOv10 algorithm is the Efficiency—
Accuracy strategy, which optimizes various components to reduce 
computational load while increasing performance. This strategy is as 
follows:

•	 Thanks to the 3 × 3 and 1 × 1 convolution layers in the lightweight 
classification head, the computational cost is significantly reduced 
compared to previous versions. This allows the model to achieve 
high performance even on resource-limited devices.

•	 With spatial-channel decoupled downsampling, different chan-
nels of the image (e.g., RGB) can be processed separately to better 
analyze the spatial characteristics of each channel. This method 

Fig. 14.  YOLOv10 architecture.
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significantly reduces the computational cost and the number of 
parameters while preserving more information.

•	 Rank-guided block design improves computational efficiency by 
streamlining the overall architecture. In a neural network, differ-
ent layers or blocks may play different roles in the learning process 
of the model. Rank-guided block design is used to optimize the 
placement of these blocks within the model. This optimization can 
increase the learning capacity of the model, reduce processing 
time, and lead to overall better performance.

•	 Large-kernel convolutions can process larger regions of pixels at a 
time, extract deeper features with fewer layers, better capture con-
nections between distant pixels, and combine more pixels into a sin-
gle feature map to create richer, denser feature maps. However, it is 
computationally expensive and prone to overlearning. In general, this 
technique allows the model to learn larger and more comprehensive 
features but requires careful design and optimization.

•	 The partial self-attention module helps the model focus on rel-
evant features in the input data, improving its ability to accurately 
detect and classify objects.

The improvements and innovations in YOLOv10:

•	 A model without NMS was designed.
•	 Reduced computational burden and increased accuracy by using 

the dual label skip assignment and efficiency-accuracy strategies.
•	 Improved the inference quality of the model by using the consis-

tent matching metric in the head region.

K. YOLOv11
In the second half of 2024, the YOLOv11 model was announced by 
Ultralytics [24]. This model performs real-time OD while maintaining 
the same accuracy-efficiency balance as in YOLOv10. The YOLOv11 
is available in a wide range of models, from the n version to the xl 
version, meeting a variety of application needs from resource-con-
strained edge devices to high-performance computing environ-
ments. Its enhanced efficiency and multitasking capabilities make it 
particularly suitable for applications such as autonomous vehicles, 
surveillance systems, and industrial automation. This has made it an 
important benchmark in the field of computer vision.

Building on previous YOLO versions, YOLO11 offers significant 
improvements in architecture and training. The most important 
architectural changes that increase performance while maintaining 
speed are the addition of the C3K2 block, the SPFF module, and the 
C2PSA block [25]. The main changes are as follows:

•	 The CSP block introduced in previous versions has been improved 
and the C3K2 block has been added. This allows the block to opti-
mize the extraction of more complex features using different ker-
nel sizes (e.g. 3 × 3 or 5 × 5) and channel separation strategies. This 
block can be used both in the spine and in the neck and head, 
improving overall performance. C3k2 offers flexibility depending 
on the c3k parameter; c3k = False behaves like C2f, while c3k = True 
uses the C3 module for deeper feature extraction.

•	 While the SPP-fast (SPPF) module used in previous versions of 
YOLO was retained, they added the C2PSA block, which provides 
more efficient feature extraction by combining channel and spa-
tial information after SPPF. This block also works with the multi-
headed attention mechanism, thus enabling more accurate 
perception of objects. It optimizes the feature maps in the previ-
ous layers and enriches them with the attention mechanism to 
improve the performance of the model. This attention mechanism 

allows the model to focus more effectively on important regions 
in the image, potentially improving the detection accuracy of 
objects of different sizes and locations. In particular, it can improve 
detection accuracy for small or partially obscured objects.

•	 In the head region of YOLOv11, Convolution-BatchNorm-SiLU 
(CBS) layers are added after the C3k2 blocks. These layers help 
extract relevant features for accurate OD, stabilize, and normalize 
the data stream, and use the Sigmoid linear unit (SiLU) activation 
function, which improves model performance.

In addition to these changes in architecture, YOLOv11 has multi-
modal capabilities just like YOLOv8. Thanks to its multimodal feature, 
it can perform OD, instance segmentation, classification, pose esti-
mation, and oriented OD.

YOLOv11 shows superior performance and efficiency compared 
to previous YOLO models, including its predecessors YOLOv9 and 
YOLOv10. For example, the YOLOv11m variant achieved better 
mean accuracy (mAP) scores on the COCO dataset while using 22% 
fewer parameters than its YOLOv8m counterpart. This demonstrates 
improved computational efficiency without compromising accuracy.

The improvements and innovations in YOLOv11 are as follows:

•	 The existing backbone structure has been replaced with the C3K2 
block to increase feature extraction capabilities.

•	 The neck structure has been improved with the SPFF+ C2PSA 
module to capture objects of different sizes and to better detect 
small objects.

•	 The number of tasks has been increased with multimodal 
capabilities.

YOLOv11 is highly adaptable to diverse environments, includ-
ing edge devices, and its optimized architecture enables efficient 
deployment on edge, cloud, and GPU-supported systems, enhanc-
ing real-time performance and accuracy in tasks such as OD, instance 
segmentation, and pose estimation.

L. YOLO and Transformer Architecture
Transformer architecture is a deep learning architecture developed 
to learn context in sequential data. Its basic building block is the self-
attention mechanism, where each word or each region in an image 
learns how important it is in context by paying attention to the oth-
ers [26].

YOLOv10 and YOLOv11 use transformers’ attention mechanisms 
to enable the model to focus more effectively on important areas 
within the image, while hybrid models such as ViT-YOLO and YOLO-
Former utilize the entire transformer architecture.

•	 ViT-YOLO: In this hybrid model, where the YOLOv4-P7 model is 
chosen as the starting model, the model named “MHSA-Darknet” 
is designed by integrating multi-head self-attention (MHSA) blocks 
into the original CSP-Darknet backbone for feature extraction. This 
model is able to extract different features for OD while preserving 
context information. In the neck region, a weighted bi-directional 
FPN (BiFPN) is used to effectively combine features at different 
scales. In the head region, the generic YOLOv3 framework is used 
for bounding box classification and regression [27].

•	 YOLO-former: An innovative approach that combines the ideas of 
the transformer architecture and YOLOv4. It improves the accu-
racy of YOLOv4 by integrating a new convolutional self-attention 
module (CSAM) into the structure of YOLOv4. The CSAM is based 
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on scaled dot self-attention (SDSA). The residual blocks in CPS-
Darknet-53 in the backbone region of the original YOLOv4 are 
replaced with transformer attention blocks, preserving the resid-
ual features and allowing the network to pay attention to areas of 
interest [28].

III. YOLO USAGE SCENARIOS

This section evaluates these scenarios, focusing on how they simplify 
daily life and reduce workloads, specifically in the context of YOLO.

Pedestrian detection is the process of detecting and identifying 
objects identified as pedestrians in images. Major challenges include 
clothing–background similarity, weather conditions, scale variations, 
motion, and occlusions. There are many works in the literature that 
address these issues and present comparative analyses of algorithms 
[29–31].

Face detection is the process of automatically identifying and local-
izing faces in an image. It is widely used in areas such as sentiment 
analysis, social media filters, robot navigation, identification, and 
access security. It is most commonly used in smartphone unlocking 
and social media effects, while during the 2020–2022 pandemic it 
was also employed for monitoring meeting attendance and mask 
usage. Major challenges include lighting variations, pose changes, 
occlusions, background complexity, low resolution, and facial 
expressions. There are many studies in the literature that address 
these challenges, compare and analyze algorithms, and test new 
areas of use during the pandemic [32–34].

Crowd anomaly detection is the process of detecting unusual move-
ments, events, and individuals that deviate from the normal behav-
ior patterns of the crowd. It is applied in environments such as 

stadiums, public transportation, and shopping malls to detect sus-
picious activities or panic situations. However, real-time processing 
and varying environmental conditions pose significant challenges. 
Several studies address these issues through comparative analyses 
of algorithms [35, 36].

Dangerous object (firearm, knife, etc.) detection is the process of 
automatic detection of dangerous objects that may threaten the 
public. It is often used to secure crowded areas and prevent poten-
tial hazards. Major challenges include occlusion, small object size, 
and the need for real-time detection. Existing studies address these 
issues through algorithm comparisons and proposed solutions 
[5, 37, 38].

Autonomous driving is the process by which a vehicle can move 
on its own without human intervention, using only sensors, cam-
eras, radar, and artificial intelligence algorithms. However, adverse 
weather, poor lighting, or unexpected obstacles may impair perfor-
mance due to insufficient sensor data. Reliable maps, robust soft-
ware, and supportive infrastructure are essential, while challenges 
such as ethical concerns, legal gaps, insurance, and infrastructure 
remain unresolved. Studies in this field address tasks such as pothole 
and wetland detection and traffic light recognition [39–42].

Other OD applications:

•	 Industrial robots and drones that perform operations such as qual-
ity control [43–45], montage [46], package loading, and sorting 
[47, 48] are used for identifying surrounding objects, determining 
their positions, and interacting with them.

•	 Surgical robots capable of diagnosing specific diseases, under-
standing anatomical structures, and performing interventions 
[49,  50].

TABLE I.  COMPARATIVE ANALYSIS OF YOLO VERSIONS ACROSS DIFFERENT APPLICATION DOMAIN

Application Domain Original YOLO Versions Used
Hybrid YOLO Versions 
Proposed in the Studies Main Challenges Sources

Pedestrian detection YOLOv2, YOLOv3, YOLOv8n RA-YOLO, YOLO-RAD, YOLO-R Background similarity, occlusion, speed [29–31]

Face detection YOLOv3 variant, YOLO v5 Custom YOLOv3, FMD-YOLO Mask, angle, lighting, resolution [32–34]

Crowd anomaly detection YOLOv3, YOLOv3 tiny, YOLOv5 – Real-time constraints, crowded scenes [35, 36]

Dangerous object detection YOLOv3, YOLOv4, YOLOv5 – Small object size, occlusion, real-time detection [5], [37, 38]

Autonomous driving YOLOv4 tiny, YOLOv5, YOLOv6, 
YOLOv7, YOLOv8

TSD-YOLO Lighting, weather, ethics, OD complexity [39–42]

Industrial YOLOv3, YOLOv5, YOLOv8 – Object diversity, environmental variability [43–48]

Healthy YOLOv5 – Environment variability and complexity of 
anatomical structures

[49, 50]

Agricultural YOLOv3, YOLOv3 tiny, YOLOv4, 
YOLOv5

– Light shadow, branch closure and leaf overlap [51-53].

Smart home YOLOv5 – Correct interpretation of movements, speed, 
complex indoor conditions (light, obstacles, 
variety of movement)

[55, 56].

Image-based search and 
retrieval

YOLOv3 – Fast and accurate matching in large-scale visual 
databases

[57]

Defense industries YOLOv3, YOLOv4 – Camouflaged objects, low visibility and moving 
environments

[57-59]
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•	 Agricultural robots harvesting fruits and vegetables, detecting dis-
eases, pests, and water deficiencies [51–54].

•	 Smart home systems that can detect and categorize mobility [55, 
56].

•	 Image-based searches are used in search engines [57].
•	 Applications in the aviation and defense industries for detecting 

targeted objects or regions [57–59].

Table I summarizes the challenges faced by different YOLO in 
these scenarios and which versions are preferred. Accordingly, it is 
observed that YOLOv3 and YOLOv5 models are generally preferred 
and have successful results.

IV. DISCUSSION

YOLO pioneered One-Stage by integrating region proposal into 
image processing. From YOLOv1 to YOLOv8, it has progressively 
evolved by enhancing speed, accuracy, and architectural efficiency 
through innovations such as anchor boxes, FPN, PAN, CSPDarknet, 
and E-ELAN. YOLOv9–v11 further advanced the field with PGI, 
GELAN, Double Label Hopping, efficiency–accuracy strategies, 
and novel blocks. The incorporation of attention mechanisms in 
YOLOv10 and YOLOv11 enhanced feature extraction and detection 
performance, while hybrid models like ViT-YOLO and YOLO-former, 
combining YOLOv4 with transformer architectures, expanded the 
framework’s capabilities. The key features of these versions are sum-
marized in Table II.

In order to objectively compare the object classification of the mod-
els in the YOLO, the performance results in the original papers were 
considered. Care was taken to ensure that the datasets and evalua-
tion metrics used in the studies were common.

Original studies show that YOLOv1 and YOLOv2 were trained and 
evaluated on VOC 2007 and VOC 2012, while YOLOv3–v11 were 
evaluated on the COCO 2017. Each model was tested on 640 images 

TABLE II.  COMPARISON OF YOLO ARCHITECTURES

YOLO Version Backbone Neck Anchor

YOLOv1 GoogleNet – No

YOLOv2 DarkNet19 – Yes

YOLOv3 DarkNet53 FPN Yes

YOLOv4 CSPDarkNet53 SPP & PAN Yes

YOLOv5 CSPDarkNet53 SPP & PAN Yes

YOLOv6 EfficientRep Rep-PAN No

YOLOv7 EELAN PAN No

YOLOv8 C2f + CSPDarkNet53 PAN No

YOLOv9 GELAN PAN No

YOLOv10 CSPNet PAN No

YOLOv11 C3K2 SPFF No

ViT-YOLO MHSA-Darknet BiFPN Yes

YOLO-former CSAM SPP & PAN Yes

TABLE III.  YOLO PERFORMANCE RESULTS FROM ORIGINAL ARTICLES

Dataset Model #Param (M) Test Size mAPval (%)

VOC 2007 YOLOv1 – – 63.4

YOLOv2 – – 78.6

COCO 2017 YOLOv3 – – 33.0

YOLOv4 – 640 49.7

YOLOv4-P7 – 1536 73.4

YOLOv5n 1.9 640 28.0

YOLOv5s 7.2 640 37.4

YOLOv5m 21.2 640 45.4

YOLOv5l 46.5 640 49.0

YOLOv6-N 4.7 640 35.9

YOLOv6-T 15.0 640 40.3

YOLOv6-S 18.5 640 43.5

YOLOv6-M 34.9 640 49.5

YOLOv6-L 59.6 640 52.5

YOLOv7 36.9 640 51.2

YOLOv7-x 71.3 640 52.9

YOLOv8n 3.2 640 37.3

YOLOv8s 11.2 640 44.9

YOLOv8m 25.9 640 50.6

YOLOv8l 43.7 640 52.9

YOLOv8x 68.2 640 53.9

YOLOv9-T 2.0 640 38.3

YOLOv9-S 7.1 640 46.8

YOLOv9-M 20.0 640 51.4

YOLOv9-C 25.3 640 53.0

YOLOv9-E 57.3 640 55.6

YOLOv10-N 2.3 640 38.5

YOLOv10-S 7.2 640 46.3

YOLOv10-M 15.4 640 51.1

YOLOv10-L 24.4 640 53.2

YOLOv10-X 29.5 640 54.4

YOLOv11-N 2.6 640 39.5

YOLOv11-S 9.4 640 47.0

YOLOv11-M 20.1 640 51.5

YOLOv11-L 25.3 640 53.4

YOLOv11-X 56.9 640 54.7

VisDrone2019 ViT-YOLO – 1610 63.15

COCO and PascalVOC YOLO-former – 4952 86.01
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taken from the relevant dataset. The results show that performance 
has improved progressively, and that models of different sizes have 
been introduced starting with YOLOv5 to address the accuracy-
speed trade-off issue. A comparison of the performance results from 
the original papers is shown in Table III.

The observed performance improvement parallel to the number 
of parameters is shown in Fig. 15. However, when the comparison 
between versions is made, it is seen that not only the parameter 
increase but also the structural changes of the model affect the per-
formance. For example, YOLOv6-N achieves 35.9% mAP with 4.7M 
parameters, while YOLOv9-T achieves 38.3% mAP with only 2.0M 
parameters. Thus, YOLOv9-T is approximately 2 times faster due to 
having 2.7M fewer parameters, and it also achieves ~2.5% higher 
performance.

On the other hand, YOLOv11-M achieves a higher mAP despite hav-
ing 22% fewer parameters than YOLOv8-M, making it suitable for 
resource-constrained devices. Although YOLOv11 offers more exten-
sive features, the mAP improvement is low (0.1–0.5) when compared 
to YOLOv10. In this case, YOLOv10 may continue to be the prefer-
ence since the excess of parameters causes a loss in speed and cost. 
Of course, YOLOv11 may be preferred for problems where even an 
improvement of 0.1 is valuable.

Since ViT-YOLO and YOLO-former were tested on different data-
sets, direct comparison with other models may not be meaningful. 
However, relative to the datasets used in their studies, ViT-YOLO out-
performs YOLOv4-P7 by 4.21%, while YOLO-former exceeds YOLOv4 
by only 0.64%. This indicates that the performance gain of YOLO-
former is minimal when compared to later versions such as YOLOv10 
or v11, while ViT-YOLO can achieve similar success.

V. YOLO IN THE FUTURE

Since 2016, it is now an undeniable fact that different versions of the 
YOLO series continue to develop. Accordingly, as a result of the lit-
erature review, the following are the recommendations that can be 
applied for the development of the YOLO algorithm and the views 
on possible future areas of work:

1.	 The transformer architecture [26], which has produced successful 
solutions in different fields in recent years, has been used in ViT-
YOLO and YOLO-former models to obtain hybrid structures. With 
the integration of this structure into new models, hybrid models 
can be developed for reading and translating the text on the tar-
get objects or searching for a text/sign/poster in the image.

2.	 YOLOv10 uses a partial self-attention mechanism and YOLOv11 
uses spatial attention mechanisms. In addition, in the new 
models, the channel attention mechanism [60], can be used to 
weight each color channel to emphasize the channels impor-
tant for detection and suppress the less important ones. In this 
way, OD success can be increased by creating effective feature 
maps.

3.	 Optimizing the detection problem of small objects can be 
realized.

4.	 Compact and fast algorithms that can be used more effi-
ciently in the internet of things (IoT) and mobile devices can be 
developed.

5.	 Applications in the literature such as health, security, autono-
mous driving, smart city, etc. can be used in real life to improve 
the quality of human life.

VI. CONCLUSION

YOLO is a real-time OD algorithm consisting of multiple convolution 
layers. Thanks to its One-Stage detector feature, this algorithm works 
fast and has high performance and has high potential for industrial 
applications. For this reason, it is frequently used in recent studies, 
especially in the fields of autonomous driving and security, and per-
forms better than other algorithms. This algorithm, which attracts 
attention with its performance in its field, is analyzed in detail from 
YOLOv1 to YOLOv11 in this study.

In 2016, YOLO, which revolutionized the field of OD, improved and 
changed its predecessors and continues to be dynamically devel-
oped. Developed algorithms have been harmonized with new archi-
tectures and strategies to produce more successful results. Especially 
as of YOLOv5, different sub-versions of the models have been cre-
ated, and the model selection according to the hardware requirement 
has enabled its use in low hardware capacity devices such as IoT and 

Fig. 15.  Parameter-performance correlation from YOLOv5 to YOLOv11.
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mobile devices. In addition, presenting the models in the PyTorch 
framework has facilitated access to implementation. These easy-to-use 
models have been used in many areas and enriched the literature. At 
this point, in addition to frequently used areas such as autonomous 
driving, security, pedestrian detection, and face detection, the addition 
of agriculture, health, and marketing areas has expanded the literature.

In the future, it is thought that the development of the latest YOLO 
by combining it with important structures such as transformer archi-
tecture and channel attention mechanism can increase the success 
of detection performance. Future developments in this field are 
expected to positively affect human life, especially when integrated 
into smart city systems.
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