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Abstract: In the field of smart grid monitoring, real-time defect detection for overhead transmission
lines is crucial for ensuring the safety and stability of power systems. This paper proposes a defect
detection model for overhead transmission lines based on an improved YOLOv8n model, named
ABG-YOLOv8n. The model incorporates four key improvements: Lightweight convolutional neural
networks and spatial–channel reconstructed convolutional modules are integrated into the backbone
network and feature fusion network, respectively. A bidirectional feature pyramid network is
employed to achieve multi-scale feature fusion, and the ASFF mechanism is used to enhance the
sensitivity of YOLOv8n’s detection head. Finally, comprehensive comparative experiments were
conducted with multiple models to validate the effectiveness of the proposed method based on the
obtained prediction curves and various performance metrics. The validation results indicate that the
proposed ABG-YOLOv8n model achieves a 4.5% improvement in mean average precision compared
to the original YOLOv8n model, with corresponding increases of 3.6% in accuracy and 2.0% in recall.
Additionally, the ABG-YOLOv8n model demonstrates superior detection performance compared to
other enhanced YOLO models.

Keywords: lightweighting; bidirectional paths; spatial and channel reconstruction; cross-scale feature
fusion; ASFF mechanism

1. Introduction

Overhead transmission lines are a crucial component of the power system, and their
stable operation is essential to ensuring the safe and reliable delivery of electricity [1]. How-
ever, being exposed to external environments, these lines are susceptible to various external
factors that can lead to defects, thereby affecting the stability of the power supply [2,3]. As
a result, regular inspection and maintenance of overhead transmission lines have become
key tasks for power companies and relevant authorities [4,5].

Traditional methods for inspecting overhead transmission lines mainly rely on manual
inspection, which is not only time-consuming and labor-intensive but may also pose
certain safety risks [6]. Moreover, the efficiency and accuracy of manual inspection are
limited by the experience and skill level of the inspectors, making it difficult to efficiently
and comprehensively identify potential issues [7]. With advancements in science and
technology, automated detection methods based on computer vision and deep learning
have gradually become a research hotspot [8]. By utilizing image processing and feature
recognition techniques, these methods can detect various defects and anomalies in overhead
transmission lines in a relatively short period, significantly improving inspection efficiency
and accuracy. These approaches are gradually becoming the mainstream method for load
forecasting in power systems [9,10].

In summary, the defect detection scheme for overhead transmission lines incorporating
deep learning methods has more excellent performance compared with the traditional
method [6,11]. Thus, it is an inevitable research trend to incorporate improved detection
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algorithms into traditional detection methods to enhance the efficiency and accuracy of
defect detection [12,13].

Automated detection methods based on computer vision and deep learning have
been widely used in various fields in recent years, such as autonomous driving, security
monitoring and medical image analysis [14]. With the development of deep learning, more
improvements and innovations have been introduced into the algorithms, making them
continuously improve in accuracy and efficiency. An improved Faster RCNN algorithm
was proposed in [15] for the problem of defect detection of connector solder joints inside
electronic products, using clustering to generate anchor frames and combining with ResNet-
101 for migration learning, but the average detection accuracy only reaches 88%, which
is slightly insufficient. Aiming at the problem of face local attribute detection in complex
environments, a method based on an improved SSD network structure which optimizes the
network structure to enhance the face local attribute detection ability was proposed in [16],
but the inference speed of the improved model is reduced, which affects the real-time scene
effect. An improved feature pyramid network (SA-FPN) proposed in [17] for the problem
of human detection in crowded scenarios significantly improves the performance of the
detector but does not completely eliminate the false alarms.

Compared to the above algorithms, the YOLO family of models is known for its
unique single-stage detection mechanism, which is able to significantly reduce inference
times while maintaining high accuracy [18].

Ref. [19] proposed an improved deep learning algorithm for the problem of insufficient
performance in small target detection, utilizing the high efficiency of YOLOv3 in target
detection to enhance the intelligent detection of pinhole defects in transmission lines.
Ref. [20] proposed an improved YOLOv5 method for the problem of anti-breakage detection
in transmission lines by replacing the CSPdarknet53 module with MobilenetV3 to enhance
the feasibility of the application in edge equipment and demonstrated a considerable
detection performance. Ref. [21] proposed an improved DCP-YOLOv8 method for the
problem of multi-type defect detection in transmission lines. The method enhances the
extraction of defect features by deformable convolution, but the model is not lightweight
enough to be deployed in edge computing devices.

In order to improve defect detection for overhead transmission lines, this paper
proposes an overhead transmission line defect detection model based on the improved
YOLOv8n model, named ABG-YOLOv8n. The application advantages of the model are
as follows:

1. Huawei’s mobile model GhostNetV2 is used to replace the feature extraction network
of YOLOv8n, which can significantly reduce the network parameters and computation
amount compared to other feature extraction networks while maintaining good feature
expression capability.

2. A Bidirectional Feature Pyramid Network (BiFPN) is used in the feature fusion layer to
replace the Path Aggregation Network (PANet) in YOLOv8n, which further improves
the performance of the model in multi-scale target detection and makes the detection
results more accurate.

3. Spatial and Channel Reconstruction Convolution (SCConv) is used to replace the
standard convolutional layer in YOLOv8n, which enhances the feature expression
capability by processing spatial and channel information simultaneously, improves the
detection accuracy and robustness, and captures the spatial relationship and channel
features of the object more effectively.

The combination of BiFPN + SCConv does not increase the complexity of the model and
it significantly enhances the model’s detection capability compared to other combinations.

4. The ASFF mechanism is introduced in the detection head part, which dynamically
adjusts the weights of feature maps of different scales, thus better combining the
feature information of various sizes in target detection and improving the model’s
sensitivity to targets of different sizes and the detection accuracy.
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The above improvements can effectively enhance the detection capability of the model
and are suitable for deployment in resource-constrained edge computing devices to im-
prove transmission line detection efficiency.

This paper is divided into three parts: The first part is the introduction, which intro-
duces the limitations of the traditional transmission line detection methods and introduces
the detection algorithm proposed in this paper. The second part describes the model
improvement method in detail, and the third part introduces the experimental process and
the experimental results.

2. Methods

This paper proposes a defect detection method for overhead transmission lines based
on an improved YOLOv8n model to maintain the stable operation of the power system.
First, Huawei’s mobile model GhostNetV2 is used to replace the original YOLOv8n fea-
ture extraction network, reducing the network parameters and computational load. The
BiFPN is employed to replace YOLOv8n’s PANet, improving the model’s accuracy in
multi-scale object detection. SCConv is introduced to replace some convolutional layers in
YOLOv8n, capturing object spatial relationships and channel features more effectively. Fi-
nally, the ASFF mechanism is incorporated to enhance the model’s sensitivity and accuracy
in detecting objects of different sizes.

2.1. YOLOv8n Model Network Architecture

YOLOv8n is the eighth-generation model in the YOLO series, designed to provide
faster inference speeds and lower computational requirements while maintaining high
accuracy [21,22], making it suitable for deployment on resource-constrained devices such
as edge and mobile devices. The architecture of YOLOv8n inherits the design principles of
previous YOLO generations while introducing new improvements that make the network
more efficient and accurate. The network structure is shown in Figure 1.
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Overall, YOLOv8n is an efficient object detection model. Through its lightweight
architecture design, it strikes a good balance between performance and computational
resource demands.

2.2. Improved Training Model

This paper proposes an improved version of the YOLOv8n model, named ABG-
YOLOv8n, which effectively enhances the detection accuracy of the model while making
it more lightweight, reducing the consumption of computational resources. The network
structure of the improved model is shown in Figure 2.
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2.2.1. DFC Attention Mechanism

Huawei’s mobile model GhostNetV2 serves as the new backbone network for the
ABG-YOLOv8n model. Compared to the original backbone network, it is more lightweight,
reducing the consumption of computational resources.

GhostNetV2 introduces a hardware-friendly attention mechanism called the DFC
(Direction-Focused Convolution) attention mechanism. DFC is based on fully connected
layers and is designed to execute quickly on general hardware while capturing long-range
dependencies between pixels.

The information flow in the DFC attention mechanism is mainly divided into three
parts: input feature decomposition, directional feature calibration, and attention map gen-
eration. The input feature map is decomposed into vertical and horizontal directional
components. For each direction, a separate calibration process refines the feature repre-
sentation, including scaling and stretching of the features to better capture information
in the specific direction. Finally, the results from the vertical and horizontal directional
calibrations are combined to generate a comprehensive attention map.

The feature representation of the input feature map in the vertical direction is expressed
by Equation (1).

a′hw =
H

∑
h′=1

FH
h,h′w ⊙ Zh′w (1)

where FH
h,h′w represents the feature calibration function in the vertical direction and Zh′w

represents the corresponding output feature.
The feature representation of the input feature map in the horizontal direction is

expressed by Equation (2).

ahw =
H

∑
h′=1

FW
w,hw′ ⊙ a′hw′ (2)

where FW
w,hw′ represents the feature calibration function in the horizontal direction and a′hw′

represents the corresponding output feature.

2.2.2. Bidirectional Feature Pyramid Network

The ABG-YOLOv8n model introduces the BiFPN to replace the PANet in the feature
fusion network of YOLOv8n, improving the model’s performance in detecting targets at
complex scales.

BiFPN is an efficient feature pyramid network that introduces bidirectional paths
and cross-scale connections within the traditional feature pyramid structure. This allows
features to be fused in both top-down and bottom-up directions, effectively combining
features from different scales. The structure of the BiFPN network is shown in Figure 3.
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In the top-down path, high-level features are progressively passed down to lower
levels, where each level’s features are fused with the current features through upsampling
and a 1 × 1 convolution, enhancing the semantic information of high-level features while
preserving the spatial accuracy of lower-level features. In the bottom-up path, the low-level,
high-resolution features are processed and passed up to higher levels, with each level’s fea-
tures being fused with the higher level’s features through downsampling, ensuring that the
detailed low-level features can enhance the semantic information of the high-level features.

BiFPN specifically introduces a learnable weight coefficient to adjust the influence
of different source features during the fusion process. The specific formula is shown in
Equation (3).

O =
n

∑
i

wi × Ii (3)

where O is the output feature, Ii represents the input features obtained from different
sources, and wi is the corresponding learnable weight.

2.2.3. Spatial and Channel Reconstruction Convolution

The ABG-YOLOv8n model introduces Spatial and Channel Reconstruction Convolu-
tion (SCConv) to replace the standard convolution layers in the YOLOv8n model, improving
the model’s accuracy and robustness in detection.

SCConv can simultaneously process the shape, structure, color, and depth information
of the image, making it not only suitable for image processing in complex scenes but also
yielding significant improvements in small object detection and normal object detection.
SCConv consists of two units: the Spatial Reconstruction Unit (SRU) and the Channel
Reconstruction Unit (CRU). The Spatial Reconstruction Unit reduces spatial redundancy
through separation and reconstruction methods, while the Channel Reconstruction Unit
reduces channel redundancy using a split–transform–merge strategy. The structure diagram
of SCConv is shown in Figure 4.
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The Spatial Reconstruction Unit (SRU) is responsible for reducing redundancy in the
spatial dimensions of the feature map. It processes input features through four steps, as
described below.

1. Group Normalization: The input features are normalized to reduce scale differences
between different feature maps. The normalization formulas are as follows.
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GN(x) = γ
x − µ√
σ2 + ε

+ β (4)

wr = {ωi} =
ri

∑C
j=1 rj

, i, j = 1, 2 ∼ C (5)

where C and γ are learnable parameters that measure the variance of the pixels within each
batch and channel. These parameters are normalized between (0, 1) using Equation (4).

2. Weight Generation: Using normalization and the sigmoid activation function, weights
are generated from the normalized feature map. The weight generation formula is
as follows.

W = Gate(Sigmoid(Wr(GN(X)))) (6)

3. Feature Separation: The input features are separated into multiple sub-feature sets
based on the generated weights.

4. Feature Reconstruction: The separated features undergo transformation and recombi-
nation, producing spatially refined feature outputs.

The Channel Reconstruction Unit (CRU) is responsible for further refining the features
by enhancing interactions between channels and improving information fusion. This is
achieved through the following three steps:

1. Segmentation: The input feature map is divided into two parts, allowing different
processing for each component in subsequent steps. The segmentation expressions are
as follows:

xuP = Conv1×1(xw, αC) (7)

xlow = Conv1×1(xw, (1 − α)C) (8)

where αC and (1 − α)C represent the number of channels used.
2. Transformation: Using global convolution (GWC) and pointwise convolution (PWC),

xuP and xlow are transformed. The transformation expression is as follows:

Y = PWC(GWC(X)) (9)

3. Fusion: Y1 and Y2 are importance-weighted using Pooling and the SoftMax function,
then combined through element-wise multiplication and addition to form the final
channel-refined feature Y. The fusion expressions are as follows:

S = So f tMax(Pooling(Y)) (10)

Y = S1 ⊗ Y1 + S2 ⊗ Y2 (11)

where S represents the scaling factor and ⊗ denotes element-wise multiplication.

2.2.4. ASFF Mechanism

The Adaptive Spatial Feature Fusion (ASFF) mechanism is a feature fusion technique
used in object detection networks. Its primary purpose is to enhance the fusion of informa-
tion between features at different scales, thereby improving the accuracy and robustness of
object detection. The working principle of ASFF is illustrated in Figure 5.

ASFF is mainly implemented through the following three steps for dynamic feature
fusion.

1. Adaptive Scale Feature Extraction: For multiple feature layers in the object detection
network, ASFF first processes each feature layer to ensure effective feature fusion.

2. Adaptive Weight Learning: Using the SoftMax function, the model learns the weights
between different feature layers, dynamically adjusting their influence during the final
feature fusion.
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3. Feature Fusion and Prediction: After adjusting the weights, the feature layers are com-
bined through weighted summation. The fused features are then used for subsequent
object detection tasks.
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3. Experimental Results and Analysis
3.1. Data Processing and Model Prediction

The experimental hardware environment is shown in Table 1. The software environ-
ment includes Python 3.9, PyTorch 1.12.1, CUDA 11.6, and CUDNN v8.9.7.

Table 1. Experimental hardware environment.

Hardware Model Quantity

CPU Intel(R)Core(TM) i7-14650HX 1
Memory Samsung 16G DDR5 2
Graphics GeForce RTX 4060 1
Hard disk Western Digital 1TB 1

The hyperparameter settings for the experiment are shown in Table 2. The Image
Size affects both the training accuracy and speed. The Batch Size determines the number
of training samples used in each model update. Epoch refers to the number of complete
passes through the training dataset. The Optimizer controls how the model’s parameters
are updated. The Number of Workers represents the number of parallel processes used
for data loading during training. The Learning Rate determines the speed at which the
network updates its weights during training. Patience is used to control early stopping or
learning rate adjustment when the model’s performance does not improve within the set
number of epochs.

Table 2. Hyperparameter settings.

Name Value

Image Size 640
Batch Size 16

Epochs 100
Optimizer SGD

Number of Workers 8
Learning Rate 0.01

Patience 50

A total of 2615 images were used in the experiment, of which 2120 were collected by the
research team using a drone while the rest were obtained from the Internet. The experiment
included four types of defect detection, namely, tower, transmission line, insulator, and
vibration hammer, and the detection categories are shown in Table 3.



Energies 2024, 17, 5974 8 of 12

Table 3. Overhead transmission line inspection categories.

Testing Program Defect Type

Insulator Crack, broken
Damper Corrosion, deformation
Tower Corrosion, crack

Transmission line Broken wire, disconnection

The transmission line picture dataset was labeled with data using Makesense.ai soft-
ware; the defective areas were labeled and classified with data, the labeled rectangular box
parameters were obtained, the text file was exported, and finally the dataset was sliced and
divided into a training set, a validation set, and a test set in a ratio of 7:2:1. And it formatted
so that it can be used for ABG-YOLOv8n model training. The result of the data labeling
and slicing is shown in Figure 6, including images and rectangular box parameter labels.
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After the dataset was made, pycharm was used to train the model, and the trained
+weights file was used for model prediction. The distribution of sample labels is shown in
Figure 7.
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The confusion matrix is a summary of the prediction results, presented in matrix form
to display the classification accuracy. The horizontal axis represents the true class of the
data, while the vertical axis represents the predicted class by the neural network. In this
paper, the model’s detection performance on the dataset is shown by plotting the confusion
matrix, as illustrated in Figure 8. The background area is also treated as a category in the
evaluation, reflecting the interference of complex environments in the detection of multiple
types of defects.

From the confusion matrix, it can be seen that the improved model demonstrates a high
classification accuracy in recognizing various defects, with a more balanced classification
performance.
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3.2. Comparative Experiments

The YOLOv8n model was trained on the overhead transmission line dataset and
deployed on the RV1126 edge computing device. The experimental results revealed that
YOLOv8n performs poorly in detecting small and tiny objects and that the response time is
too long due to limited computing resources in the edge device. To address these two key
issues, the ABG-YOLOv8n model underwent a series of optimizations compared to the
original YOLOv8n architecture.

(1) The lightweight GhostNetV2 module was used to solve the problem of prolonged
response time when deploying the model on edge computing devices.

(2) SCConv replaced the standard convolutional layers to make the detection results
more precise.

(3) The BiFPN scheme was employed to address the difficulty in detecting small objects,
such as minor damage to dampers and insulators.

(4) The ASFF mechanism was introduced to further enhance the model’s detection accuracy.

The performance comparison between the YOLOv8n model and the ABG-YOLOv8n
model is shown in Figure 9. The figure displays the F1-Confidence curve, which eval-
uates the model’s performance across different categories using the F1 score at various
confidence thresholds.
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The experiment introduced other well-established models for comparison, as shown
in Table 4. Faster R-CNN [23] performed worse in terms of precision and recall compared
to the optimized YOLO models. The ABG-YOLOv8n model showed improvements in both
precision and recall when compared to other improved YOLO models.
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Table 4. Model parameter comparison.

Model P/% R/% mAP@.5/% mAP@0.5~0.95/%

Faster R-CNN [23] 88.7 87.1 79.6 40.1
Mask R-CNN 86.1 84.2 81.7 41.4

SSD 82.5 84.8 83.1 46.2
YOLOv8n 89.9 91.1 88.9 50.2

DCP-YOLOv8n [21] 92.1 93.4 90.1 52.2
ABG-YOLOv8n 93.5 93.1 93.4 52.8

The experiment introduced other lightweight backbone network modules for com-
parison, as shown in Table 5. GhostNetV2, while maintaining computational complexity,
effectively improved the detection accuracy and efficiency, making the model suitable for
deployment on devices with limited computational resources.

Table 5. Comparison of lightweight backbone network modules.

Module mAP@.5/% mAP@0.5~0.95/% FLOPs/G

MobileNetV3 89.8 48.1 11.7
G_Ghost 90.8 42.8 12.1

GhostNetV2 90.6 48.4 10.1

The experiment introduced other networks that could enhance detection accuracy
for comparison. As shown in Table 6, after integrating BiFPN and SCConv, YOLOv8n
significantly improved the model’s ability to detect small and fine-grained targets.

Based on the comparison experiment results, the ABG-YOLOv8n model effectively
addressed the key issues through a series of optimizations. A comparison of the detection
effects of the YOLOv8n model and the ABG-YOLOv8n model (b) is shown in Figure 10.

Table 6. Comparison of improved feature fusion network with other networks.

Module P/% R/% mAP@.5/% mAP@0.5~0.95/%

CCFM 91.7 89.4 87.1 83.5
Slim-Neck 90.6 90.1 86.7 83.0
HS-FPN 90.7 92.6 88.5 49.5
BiFPN 89.5 91.8 90.3 49.1

BiFPN + SDI 91.4 91.8 90.1 51.4
BiFPN + SCConv 92.7 92.1 92.5 51.2
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3.3. Ablation Experiment

An ablation experiment was conducted with YOLOv8n as the baseline, gradually
optimizing it, as shown in Table 7. The ABG-YOLOv8n model showed significant improve-
ments across various parameters. Replacing the backbone network with GhostNetV2 led to
a 3.3% increase in average precision and a 2.1% increase in mean precision. Additionally,
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integrating BiFPN and SCConv into the feature fusion network and incorporating the ASFF
mechanism in the detection head resulted in a 3.5% improvement in precision and a 2.2%
increase in recall.

According to the experimental data, the fully configured ABG-YOLOv8n model
demonstrated superior performance across all key metrics.

Table 7. Ablation experiment of ABG-YOLOv8n model.

GhostNetV2 BiFPN SCConv ASFF P/% R/% mAP@.5/% mAP@0.5~0.95/%
√ √

90.6 90.1 89.1 48.4√ √
91.5 91.8 91.3 49.1√ √ √
93.7 92.1 92.5 51.2√ √ √ √
93.5 93.1 93.4 50.1

In the table, the “
√

” symbol indicates that the module is incorporated into the algorithm. It shows which model
elements are included in the algorithm for each ablation experiment.

4. Conclusions

This paper presents a study on defect detection for overhead transmission lines based
on the improved YOLOv8n model. To address the issues of YOLOv8n’s poor detection
performance for small and tiny objects and its prolonged response time when deployed
on edge computing devices, due to limited computational resources, the ABG-YOLOv8n
model introduces several key improvements:

GhostNetV2, a lightweight model from Huawei’s mobile platform, was adopted to
replace the feature extraction network of YOLOv8n, significantly reducing the network
parameters and computational load while maintaining good feature representation capabil-
ities. In the feature fusion layer, BiFPN was used to replace PANet in YOLOv8n, further
improving the model’s performance in multi-scale object detection and making detection
results more precise. SCConv was employed instead of the standard convolution layers in
YOLOv8n, enhancing feature representation by processing spatial and channel information
simultaneously, improving detection accuracy and robustness, and more effectively captur-
ing spatial relationships and channel features of objects. The detection head introduced
the ASFF mechanism, which dynamically adjusts the weights of feature maps at different
scales, thereby better combining features of various sizes during object detection, improv-
ing the model’s sensitivity to targets of different sizes and detection accuracy. Finally, an
experimental platform and simulation models were built for comparative experiments with
several models.

After a series of experimental validations, the ABG-YOLOv8n model fully balances
detection performance and detection efficiency. Although the problem of inaccurate detec-
tion of small targets may occur at long distances, this can be remedied by deploying the
model on a UAV platform with the support of hardware devices.

The model can also be widely deployed in future detection application scenarios,
relying on the lightweight design of the model, which can be deployed on resource-
constrained edge computing devices such as Nvidia jetson and rknn. It can ensure both
detection in real time and detection accuracy.

In summary, the ABG-YOLOv8n model proposed in this paper significantly outper-
forms the YOLOv8n model, which is of great significance for future vision applications on
mobile and edge devices.
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