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ABSTRACT
In modern computer recognition, the YOLO algorithm is a widely used approach due to its real-time performance, simplicity in 
structure, and low memory consumption, outperforming R-CNN. The ED-YOLO algorithm is an improved version of YOLOv4, 
offering significant performance enhancements. This paper provides a concise introduction to ED-YOLO and discusses its 
importance in powerline recognition. Subsequently, the paper delves into the key components and technical details of the ED-
YOLO algorithm, focusing on the addition of channel attention mechanisms and the incorporation of depthwise separable 
convolutions into PANet. Challenges and solutions for its application are analyzed, alongside a summary of recent advancements 
and future directions in powerline recognition. The aim of this paper is to offer researchers a comprehensive overview of 
unmanned aerial vehicle (UAV)-based powerline recognition using ED-YOLO, promoting further research and application in this 
field.
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1　Introduction

In today's society, UAVs have been increasingly utilized across various fields due to their high level of intelligence and 
automation, assisting or replacing humans in accomplishing numerous tasks. In logistics, companies like SF Express utilize 
drones for automated delivery and pickup. In agriculture, drones are employed for spraying pesticides and monitoring 
crop growth. During emergency rescue operations, UAVs can remotely deliver relief materials during disaster 
management.

In the power sector, the ongoing expansion and increasing complexity of power networks pose challenges to 
traditional powerline inspection methods, including inefficiency, safety risks, and high labor costs. UAVs have emerged as 
a critical solution for powerline inspections due to their compact size, ease of deployment, and cost-effectiveness [1]. 
However, the autonomous obstacle avoidance and damaged powerline recognition technologies for UAVs still require 
deeper exploration. This paper investigates the fundamental principles and key techniques for UAV-based damaged 
powerline recognition, analyzes the algorithm's performance in practical applications, and discusses the latest 
developments and future directions of ED-YOLO. By providing a comprehensive review of the ED-YOLO algorithm, this 
paper aims to assist researchers in gaining a thorough understanding of this powerful tool to advance further studies and 
applications in the field.

2　Related Technologies

2.1　YOLO Algorithm Principles

YOLOv4 [2], proposed by Alexey Bochkovskiy et al. in 2020, is the latest version of the YOLO (You Only Look Once) series 
of algorithms. Renowned for its remarkable speed and accuracy in object detection, YOLOv4 is built on two main 
contributions:

2.1.1　Efficient and Robust Detection Model

YOLOv4 introduced a highly efficient detection model, enabling the training of ultra-fast and accurate detectors on 
GPUs like 1080 Ti or 2080 Ti.

2.1.2　Integration of Advanced Techniques

YOLOv4 incorporates numerous state-of-the-art techniques such as Mosaic data augmentation and cosine learning 
rate decay. These advancements significantly enhance YOLOv4's efficiency and robustness.

The YOLOv4 network structure is divided into four modules: Input, Backbone, Neck, and Head. The Backbone employs 
the CSPDarknet53 network, which builds upon Darknet53 by using a Cross-Stage Partial (CSP) structure, enhancing 



Kai Wei

feature extraction efficiency. The Neck includes components like Spatial Pyramid Pooling (SPP) and Path Aggregation 
Network (PAN) to collect features from different stages and improve detection for objects of varying sizes. The Head 
predicts object classes and bounding boxes.

Additionally, YOLOv4 employs optimization techniques such as data augmentation, Warmup strategies, and cosine 
annealing, which increase data diversity, stabilize the model, and prevent overfitting.

2.2　ED-YOLO Algorithm Principles

2.2.1　Channel Attention Mechanism

Performance is enhanced by incorporating a channel attention mechanism. After the CSPX residual module (CSP_unit), 
an ECA (Efficient Channel Attention) module calculates the weight information for feature maps along channel 
dimensions. This mechanism enhances the network's ability to distinguish between objects and backgrounds with 
minimal computational cost. The ECA module identifies important feature channels to emphasize and suppresses less 
useful ones, thus filtering and amplifying relevant information from fused features [3].

2.2.2　Depthwise Separable Convolutions in PANet

In PANet, the CBL block with five consecutive convolutions is replaced with depthwise separable convolutions. This 
substitution addresses the high computational cost of traditional convolutions, reducing parameters and model size 
while improving execution speed [4].

2.2.3　Loss Function[5]

The YOLOv4 loss function optimizes parameters by balancing localization, classification, and confidence losses, 
ensuring accurate detection of object locations, categories, and presence. It comprises three main components:

Localization Loss:
The CIOU loss is used to calculate the location regression loss, and the formula is as follows:

LCIOU = 1 − IOU +
ρ2 (b,bgt )

C2
+ αν

Among them, IOU is the intersection over union of the predicted bounding box and the ground truth bounding box. b 
and bgt respectively represent the center points of the predicted box and the ground truth box, indicating the calculation 
of the Euclidean distance between the two center points, that is, the square of the Euclidean distance between the center 
points of the predicted box and the ground truth box. C represents the diagonal distance of the smallest closed region 
that can contain both the predicted box and the ground truth box simultaneously.
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 are the aspect ratios of the ground truth box and the predicted 

box respectively.
Use the binary cross-entropy loss to calculate the object confidence loss. The formula is as follows:

Lconf =−∑
i = 0

S2 ∑
j = 0

B
[Iobj

ij log(Cij )+(1 − Iobj
ij )log(1 − Cij )] Among them, S2 represents the number of grids. B represents the number of 

Figure 1　Comparison between CSPX of ED-YOLO Algorithm and CSPX of Ordinary YOLO Algorithm
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bounding boxes predicted by each grid. Iobj
ij  is an indicator function. When there is an object in the j-th bounding box of 

the i-th grid, Iobj
ij = 1. Otherwise, it is 0. Cij represents the object confidence predicted by the j-th bounding box of the i-th 

grid.
Similarly, use the binary cross-entropy loss to calculate the classification loss. The formula is as follows:

Lcls =−∑
i = 0

S2 ∑
j = 0

B
Iobj

ij ∑
c = 1

C
[pc

ijlog(pc
ij )+(1 − pc

ij )log(1 − pc
ij )]

Among them, C represents the number of object categories. pc
ij is an indicator function. When the object in the j-th 

bounding box of the i-th grid belongs to the c-th category, pc
ij = 1. Otherwise, it is 0.

pc
ij represents the probability that the j-th bounding box of the i-th grid is predicted to belong to the c-th category.

The total loss is the weighted sum of the above three losses. The formula is as follows:
Ltotal = λlocLloc + λconfLconf + λclsLcls Among themλloc, λconf and λcls are the weight coefficients of the position regression loss, 

the object confidence loss and the classification loss respectively.
These components together refine YOLOv4 ’ s ability to detect objects effectively and efficiently.

3　Research Progress

3.1　Early Stages of UAV Powerline Recognition

In its early stages during the 20th century, UAV technology was initially employed in military reconnaissance. These 
early UAVs featured relatively simple technology, primarily relying on radio control and mechanical systems. At that time, 
UAVs were not specifically designed for powerline recognition. Operators primarily observed photos or videos captured 
by UAVs to assess powerline conditions, leading to low recognition efficiency, poor accuracy, and difficulty in identifying 
minor defects or hazards.

3.2　Advances from the Late 20th Century to Early 21st Century

The rapid progress in computer science, wireless communication, and artificial intelligence in the late 20th and early 
21st centuries significantly enhanced UAV flight control, image acquisition, and intelligent analysis technologies. During 
this period, powerline recognition techniques began utilizing image processing methods, such as edge detection and line 
detection algorithms, to identify powerlines in aerial images.

3.3　Modern Developments

With the advent of artificial intelligence and the widespread application of deep learning algorithms, alongside 
advancements in sensor technologies like LiDAR and millimeter-wave radar, UAV-based powerline recognition has gained 
robust technical support. Current approaches primarily leverage deep learning-based image recognition techniques: 
Algorithms such as deep convolutional neural networks (CNNs) train on large datasets of powerline images to 
automatically extract features, enabling more accurate and efficient recognition. These methods can identify various 
issues such as broken strands, sagging that exceeds standards, or foreign objects on powerlines.

3.4　The Integration of Multi-sensor Data in Modern Technology

Additionally, multi-sensor fusion technology integrates data from LiDAR, millimeter-wave radar, and visible-light 
cameras: LiDAR and visible-light sensors extend human visual capabilities, allowing real-time detection of powerline 
positions with superior range-measurement capabilities. Includes the adaptive single-line laser-guided inspection 
technology innovated by the Ningxia Ultra-High Voltage Company. This technology combines LiDAR with visible-light 
vision for multi-source data fusion, enabling UAVs to accurately follow powerlines during flight.

4　Future Research Directions and Outlook

4.1　Artificial Intelligence and Machine Learning Optimization

4.1.1　Improved Object Detection Algorithms

While deep learning-based object detection algorithms are currently applied in UAV powerline recognition, challenges 
remain in complex environments, small targets, and occluded scenarios. Future research should focus on more efficient 
detection algorithms, such as improved versions of YOLO or Faster R-CNN, to enhance accuracy and speed in detecting 
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powerlines and related components.

4.1.2　Application of Reinforcement Learning

Reinforcement learning can enable UAVs to adapt recognition strategies and flight paths based on environmental 
conditions and tasks, improving inspection efficiency and autonomy. For instance, reinforcement learning could help 
UAVs automatically select optimal inspection routes and angles in complex terrains and weather conditions, ensuring 
clearer and more accurate powerline imagery.

4.2　High-Precision 3D Reconstruction and Modeling

4.2.1　Enhanced Point Cloud Data Processing

Research into high-precision point cloud processing algorithms can improve the 3D reconstruction and modeling of 
powerlines using data from LiDAR and other sensors. Enhancements in point cloud registration, filtering, and 
segmentation algorithms can eliminate noise and invalid points, resulting in more accurate extraction of powerline 
geometric features.

4.2.2　Semantic Understanding and Analysis

Beyond geometric reconstruction, future research should focus on semantic understanding and analysis of 3D models. 
Automatic identification of powerline types, materials, and connection components can provide richer data support for 
refined power system management and maintenance.

4.3　Real-Time Performance and Efficiency Enhancements

4.3.1　Hardware Optimization

Advances in UAV technology demand more powerful computing platforms and communication devices to support 
real-time powerline recognition and data transmission. High-performance embedded processors and GPUs can accelerate 
onboard data processing, reducing recognition latency.

4.3.2　Data Transmission and Compression

Efficient data transmission and compression technologies are crucial to ensure that large volumes of images and point 
cloud data captured by UAVs can be quickly and reliably transmitted to ground control centers or cloud platforms. 
Advanced video encoding standards and data compression algorithms can enhance transmission efficiency while 
reducing storage requirements.

5　Conclusion

This paper introduces the role and key steps of the ED-YOLO algorithm, summarizes recent research achievements in 
UAV powerline recognition, and outlines future research directions and prospects. In summary, with continuous 
improvements in computational capabilities and hardware advancements, the ED-YOLO algorithm will demonstrate 
increasing superiority in the field of powerline recognition. Its ongoing development and optimization will undoubtedly 
drive progress in UAV-based recognition technologies.
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