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[Abstract]

In this paper presents a comparative analysis of the performance between the latest object detection
model, YOLOv10, and its previous versions. YOLOvI(Q introduces NMS-Free training, an enhanced
model architecture, and an efficiency-centric design, resulting in outstanding performance. Experimental
results using the COCO dataset demonstrate that YOLOvV10-N maintains high accuracy of 39.5% and
low latency of 1.84ms, despite having only 2.3M parameters and 6.7G floating-point operations
(FLOPs). The key performance metrics used include the number of model parameters, FLOPs, average
precision (AP), and latency. The analysis confirms the effectiveness of YOLOvIO as a real-time object
detection model across various applications. Future research directions include testing on diverse

datasets, further model optimization, and expanding application scenarios. These efforts aim to further
enhance YOLOV10's versatility and efficiency.
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I. Introduction
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II. Preliminaries

1. Related works
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Table 1. Characteristics of YOLO Models[11]
Ver | Lunch Feature
- Feature map extraction based on CNN
1 2016 |~ Application of Bounding Box

- Application of Darknet-19 model

- Single size object detection

- Improvement of shortcomings of v1

- Introduction of Batch Normalization technique

2 2017 | - Application of Darknet-53 model

- Detection of various object sizes

- Issues in recognizing some objects

- Application of FPN to improve small object
detection performance

- Application of 3 Bounding Boxes

- Application of SPP-back to improve positioning

- Improved processing speed using GPU
(real-time object detection possible)

- Improvement of v3's performance and
processing speed (Application of CSPNet)

- Improved small object detection
(Application of PANet)

- Increased accuracy using GPU

- Application of Mosaic Argument technique
for data augmentation and model
regularization

- Announced by Ultralytics based on PyTorch

- 2 to 4 times improvement in speed and
accuracy compared to v4

- Support for lightweight models (mobile, edge)

- Support for both CPU and GPU

- Application of AutoML functionality

- Increased speed and accuracy of vb

6 2022 | - Added pose estimation functionality

- Applied RepPAN to enhance PAN

- Expanded based on v4

7 2022 | - Proposed expansion and
real-time object detection

- Application of state-of-the-art SOTA model

- Advanced detection, segmentation, pose
estimation, and tracking functionalities

- Support for Vision Al tasks

3 | 2018

4 | 2020

5 | 2020

scaling for

8 | 2023
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IV. Experience
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- Import Opencv 2H0I

n|=

- Import NumP: =
- Import YOLO

ultralytics

- Load YoLovie D%

- If no frame is read,

r each detection result:
- Get the bounding boxes
- For each bounding bx

- Get EtE (x1, y1, x2, y2) 1
the bounding
the bounding

- Draw a rectangle on the frame using the ZtE

- Write the &|0|%E LI2|E on the frame near the rectangle

the detection result

the bounding box

- Show the frame the drawn bounding boxes

the loop

pressed,

. Import necessary libraries
- Import matplotlib.pyplot plt
- Import seaborn sns

2. Create a dictionary to hold sample data

. Convert the dictionary to a pandas DataFrame

. Set up a 2x2 grid for plotting the graphs
. Plot Params vs AP
- Create a scatter plot with Params (M) on the x-axis
AP (val, %) on the y-axis
- Add a title labels to the axes

6. Plot FLOPs vs AP
- Create a scatter plot with FLOPs (G) on the x-axis
snd AP (val, %) on the y-axis
- Add a title ¢ labels to the axes

. Plot Params vs Latency
- Create a scatter plot wi Params (M) on the x-axis
i Latency (ms) on the y-axis
- Add a title labels to the axes

. Plot FLOPs vs Latency
- Create a scatter plot FLOPs (G) on the x-axis
ind Latency (ms) on the y-axis
- Add a title = labels to the axes

). Adjust the layout of the plots for better visualization

1@. Display the plots

Fig. 2. Train Model Pesudo Code
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FLOPs vs Latency
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Table 2. Performance comparison table

Model Parama FLOPs AP Latency

(M) (G) (val,%) (ms)
v6-N 4.7 114 37.0 2.69
Gold-N 5.6 12.1 39.6 2.92
v8-N 3.2 8.7 37.3 6.16
v10-N 23 6.7 39.5 1.84
v10-s 123 21.6 46.3 2.49
v10-M 214 59.1 51.1 474
v10-B 35.7 92.0 52.5 5.74
v10-L 48.9 120.3 53.2 7.28
v10-X 678 160.4 54.0 10.70
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VI. Conclusions
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