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Abstract: Substations play a crucial role in the proper operation of power systems. Online fault
diagnosis of substation equipment is critical for improving the safety and intelligence of power
systems. Detecting the target equipment from an infrared image of substation equipment constitutes
a pivotal step in online fault diagnosis. To address the challenges of missed detection, false detection,
and low detection accuracy in the infrared image object detection in substation equipment, this paper
proposes an infrared image object detection algorithm for substation equipment based on an improved
YOLOv8n. Firstly, the DCNC2f module is built by combining deformable convolution with the C2f
module, and the C2f module in the backbone is replaced by the DCNC2f module to enhance the ability
of the model to extract relevant equipment features. Subsequently, the multi-scale convolutional
attention module is introduced to improve the ability of the model to capture multi-scale information
and enhance detection accuracy. The experimental results on the infrared image dataset of the
substation equipment demonstrate that the improved YOLOv8n model achieves mAP@0.5 and
mAP@0.5:0.95 of 92.7% and 68.5%, respectively, representing a 2.6% and 3.9% improvement over the
baseline model. The improved model significantly enhances object detection accuracy and exhibits
superior performance in infrared image object detection in substation equipment.

Keywords: substation equipment; object detection; YOLOv8n; DCNC2f; multi-scale convolutional
attention module

1. Introduction

Amidst the rapid development of a new power system, enhancing the intelligence of
the power grid has become a critical research priority. Considering their pivotal role in the
transmission and transformation processes of the power grid, it is essential to delve into the
intelligent operation and maintenance of substations [1,2]. The primary goal of intelligence
is to safeguard the stability and safety of the power system. The secure and dependable
functioning of substations serves as a critical assurance for the overall stability of the power
grid. Over time, substation equipment may develop faults. Failure to promptly detect and
address these issues can lead to more serious consequences such as fires or explosions,
which can disrupt the normal operation of the power grid. Hence, it is imperative to carry
out inspections and fault diagnoses of substation equipment [3]. Substation equipment
faults often manifest through abnormal temperatures, and the utilization of infrared thermal
imaging technology is commonly the primary method for evaluating the condition of
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substation equipment. This technology enables inspections to be conducted without direct
contact with the equipment and without interrupting the power supply [4]. To alleviate the
workload of inspection personnel and enhance inspection efficiency, substations employ
inspection robots and surveillance cameras to capture images of equipment for fault
diagnosis [5]. Currently, fault diagnosis based on inspection images still requires manual
assessment by skilled technicians. This method relies on the expertise of professionals,
resulting in reduced accuracy and efficiency. Moreover, it is unable to accommodate
the expansion of the substation scale and the increasing volume of data at this stage [6].
Therefore, it is essential to research intelligent image processing techniques to enhance the
current situation.

Extracting target devices from substation equipment is a crucial step in diagnosing
faults using infrared images. Numerous existing methods rely on object detection al-
gorithms to acquire equipment category information and delineate the equipment area.
Subsequently, the positional information of the equipment is leveraged to extract tem-
perature details from the infrared images, which are then combined with the equipment
category information to facilitate subsequent fault diagnosis [7]. Enhancing the object detec-
tion precision of substation equipment is crucial for improving the accuracy of subsequent
fault diagnosis. Therefore, methods to enhance the object detection precision of substation
equipment represent a research focus in the field of electric power.

Currently, detecting substation equipment in infrared images is commonly achieved
through deep learning methods, with numerous researchers conducting relevant stud-
ies in this field. Wang et al. [8] utilized an enhanced version of YOLOv5 for identifying
substation equipment in complex backgrounds. Their approach introduced ghost con-
volution to the backbone network of YOLOv5 to streamline the network. Additionally,
they integrated ECA (efficient channel attention) [9] to enhance the target features. Finally,
they improved the accuracy and accelerated convergence of the network by enhancing the
feature-capturing ability through improvements in NMS (non-maximum suppression) and
the loss function. Zhao et al. [10] tackled the challenge of limited complex background
samples for substation equipment by employing a denoising diffusion probability model
to create samples with intricate backgrounds. Subsequently, they enhanced YOLOv6 by
integrating MHSA (multi-head self-attention) [11] and the EVC module (explicit visual
center) [12], ultimately leading to a notable improvement in the detection accuracy of
substation equipment. Deng et al. [13] enhanced YOLOv7-tiny by incorporating Ghost-
NetV2 BottleNeck [14]. They further strengthened the feature extraction capability by
introducing the coordinate attention mechanism. In addition, they replaced the CIOU Loss
with SIoU Loss to accelerate model convergence and improve localization accuracy. These
improvements not only achieved a lightweight design but also significantly enhanced the
recognition accuracy of the substation equipment. Zheng et al. [15] made improvements
to the FSSD (Feature Pyramid Single Shot MultiBox Detector) [16] object detection model.
The feature enhancement module is introduced into the shallow layer of the model, and
the feature mapping obtained from the feature extraction network is used to reconstruct
the feature fusion network. Additionally, they utilized clustering algorithms to enable
adaptive changes in the aspect ratios of anchor boxes, facilitating the detection of two types
of substation equipment. Ou et al. [17] employed an enhanced Faster R-CNN model to auto-
matically detect five types of substation equipment. They simplified the feature extraction
network, VGG16, by removing certain deep convolutional layers and proposed two novel
anchor boxes specifically designed for lengthening devices to improve detection accuracy.
These enhancements led to improved detection precision and speed for the model. Zheng
et al. [18] employed the Iresgroup [19] structure as the backbone network for CenterNet [20]
to enhance the feature extraction capability of the model. In addition, they further enhanced
the feature learning ability of the model by using group convolution structure and hyper-
parameter optimization, thus improving the detection ability of substation equipment in
infrared images. Wu et al. [21] proposed ISE-YOLO to solve the problem of poor detection
of small target devices, designed a global–local fusion feature extraction module based
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on YOLOv5, proposed a multi-granularity subsampler, and introduced heavy parameter
decoupling to improve model detection accuracy. They obtained a map@0.5 of 80.6 with
a parameters (Params) of 27.3 M. Wu et al. [22] upgraded the feature extraction network
of Faster R-CNN from a ResNet to an InResNet structure to enhance feature extraction
capability. In addition, they upgraded activation functions and data normalization methods
and introduced a dense join structure in ResNet. These improvements allow the model
to better identify and locate substation equipment. Sheng et al. [23] proposed a detection
method for substation electrical equipment based on MobileNet. They enhanced the data
set by clipping and flipping and introduced an ROI selection method based on infrared
image hotspot sensitivity to improve the accuracy of equipment identification. Lu et al. [24]
introduced coordinate attention in YOLOv8 to improve the feature fusion capability of the
network, replaced the CIoU loss function with SIoU to reduce the misjudgment rate of the
model, and finally added a small target detection head to improve the detection accuracy
of the model for small targets.

The above works employ deep learning models for object detection in infrared images
of substation equipment, aligning with the theme of substation automation. All the afore-
mentioned studies have enhanced detection performance, with the majority achieving a
detection accuracy (mAP@0.5) exceeding 90%. Nevertheless, there are underlying issues
that warrant further attention and resolution. In practical applications, there is a desire
for the algorithm complexity (Params, FLOPs) to strike a good balance while ensuring the
detection accuracy of the algorithm. Unfortunately, many studies do not provide explana-
tions about the complexity of the algorithm, creating hindrances to its practical application
and deployment. In this paper, the complexity of the algorithm is explained, kept at a low
level, and the detection accuracy is improved, addressing the following two problems:

(1) There is the challenge of high similarity between classes because the main structure of
different substation equipment is often similar, which can lead to false detection.

(2) The scale of substation equipment in infrared images varies greatly because of the dif-
ferent sizes of substation equipment and the shooting distance. Insufficient extraction
of multi-scale information will result in missing detection.

Aiming at the above problems, this paper proposes an infrared image object detection
algorithm for substation equipment based on an improved YOLOv8n, which can effectively
improve the accuracy of substation equipment detection. The unique contributions of this
paper are as follows:

(1) To solve the problem of false detection caused by high similarity between different
classes of substation equipment, a DCNC2f module was established with deformable
convolution to improve the feature extraction capability of the model, and to enhance
the integrity and effectiveness of the extracted features. The degree of differentiation
between the features of different devices is increased, alleviating the problem of
false detection.

(2) Aiming at the missing detection caused by the scale change in the substation equip-
ment in infrared images, a multi-scale attention mechanism is introduced to improve
the detection ability of the model for multi-scale equipment and reduce the occurrence
of missing detection.

(3) The proposed algorithm is compared with other advanced object detection algo-
rithms, demonstrating superior performance in detecting substation equipment in
infrared images.

2. Materials and Methods
2.1. The Principle of YOLOv8

YOLOv8 is an optimized algorithm based on YOLOv5, which currently supports
multiple tasks in object detection, image classification, and instance segmentation [25].
YOLOv8 comprises three main components: the backbone network, the neck network, and
the head network. The YOLOv8n structural diagram is shown in Figure 1.
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Figure 1. The structure of the YOLOv8n.

The backbone network comprises the CBS module, the C2f module, and the SPPF
module. The CBS module integrates convolution, batch normalization, and SiLU activation
functions to aid in down-sampling and feature extraction. Inspired by the ELAN module
of YOLOv7, the C2f module utilizes the bottleneck module to extract features and then
concatenates these features to generate more comprehensive feature representations. The
SPPF module initially employs 1 × 1 Conv to reduce the feature map dimension, followed
by three maximum pooling operations for features at various scales. Subsequently, the
results are merged to achieve the fusion of local and global features.

The neck network is responsible for processing the feature maps extracted by the
backbone at different scales. The left branch fuses the high features into the shallow
features through a top–down approach, while the right branch transmits the more accurate
position signals from the shallow layer of the network into the deep features through the
introduction of a bottom–up path. This structure achieves the fusion and complementation
of deep and shallow features and enhances the integrity of the features.

The head network employs a decoupled head structure, which consists of three detec-
tion layers with different-sized feature maps. Each detection layer is equipped with two
branches, respectively, for object classification and target detection. The object classification
is measured by varifocal loss, and the target detection is measured by CIoU and distributed
focus loss. This design allows for more accurate detection by leveraging multiple scales
and branches for predicting both the targets and their corresponding categories.

At present, YOLO series algorithms are the mainstream object detection algorithms,
among which YOLOv5, YOLOv7 [26], YOLOv8, and YOLOv9 [27] are more typical al-
gorithms. However, the YOLOv5 algorithm is inferior to YOLOv8 in terms of detection
accuracy. YOLOv7 and YOLOv9 require more computing resources than YOLOv8. In
this paper, YOLOv8 is selected as the baseline model for the research into substation
equipment detection.

2.2. Improved YOLOv8 Algorithm

At present, there are many improved versions of the object detection algorithm
YOLOv8. Hao et al. [28] introduced a transformer into the YOLOv8 backbone, replaced the
neck with an attention-directed bidirectional feature pyramid network, and used RIoU to
improve the loss function. This improved target detection algorithm has a better detection
effect on the remote sensing of small targets than YOLOv8. Wang et al. [29] introduced
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BiFormer and the focal FasterNet into YOLOv8 to upgrade the backbone and introduced
Wise-IoUv3 to achieve better results in object detection of UAV aerial shooting scenes. Yang
et al. [30] replaced part of the C2f module with an LW-Swin transformer in the neck part
and proposed the LS-YOLOv8s model, which has a better detection effect than YOLOv8
in strawberry ripeness detection. All these variant algorithms have improved YOLOv8
structurally and obtained better results than YOLOv8 in their respective application sce-
narios. However, similar experiments and applications are lacking in infrared image
detection of substation equipment. Therefore, a unique upgraded version of the YOLOv8
algorithm should be designed for the application of infrared image object detection of
substation equipment.

Due to the presence of complex backgrounds, high inter-class similarity, and signifi-
cant scale variations in infrared images of substation equipment, YOLOv8n faces challenges
such as missed detection, false detection, and low accuracy. To address the aforementioned
challenges, this paper proposes improvements to YOLOv8n. Initially, deformable convo-
lution is incorporated to create a DCNC2f module, which replaces all the C2f modules
in the backbone with the upgraded DCNC2f module. This enhancement is designed to
enhance the model’s capability to extract target features, thereby improving its ability to
recognize highly similar devices. Furthermore, the proposed approach strengthens the ex-
traction of multi-scale information by incorporating the multi-scale convolutional attention
mechanism behind the SPPF module. This mechanism enhances the ability of the model to
capture features at different scales, thereby improving its detection accuracy for substation
equipment. Moreover, this mechanism enhances the strip feature extraction capability
tailored for strip substation equipment, thereby further improving the model’s accuracy in
detecting this specific type of equipment. The structure of the improved YOLOv8n model
is illustrated in Figure 2.
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The detailed operational process of the enhanced YOLOv8n is outlined as follows:
Initially, the infrared image of the equipment, sized at 640 × 640, is input into the back-
bone network. Subsequently, a feature map of 320 × 320 is derived after down-sampling
by the CBS module. Then, a CBS module and n DCNC2f modules are used for down-
sampling and feature extraction, and the process is repeated four times to obtain feature
maps with the sizes of 160 × 160, 80 × 80, 40 × 40, and 20 × 20, respectively. Upon
entering the 20 × 20 feature map into the SPPF module, a feature map with enriched
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semantic features is obtained through pooling and feature fusion. Subsequently, an MSCA
module is incorporated to enhance the extraction of multi-scale information, completing
the feature extraction process. The feature maps of sizes 20 × 20, 40 × 40, and 80 × 80
extracted by the backbone are then forwarded to the neck for the fusion of feature infor-
mation at different scales. The 20 × 20 feature map is upsampled to generate a 40 × 40
feature map. This feature map is then fused with the 40 × 40 feature map extracted
by the backbone. The C2f module is used to enhance the feature representation capa-
bility. After that, the feature map is again upsampled to obtain a feature map of size
80 × 80, which is fused with the backbone-extracted feature map of size 80 × 80 and sent
to the C2f module to further enhance the feature representation capability. The above
process completes the top–down fusion of multi-scale features. Similarly, the feature fu-
sion from bottom to top is accomplished through the right branch of the neck. Finally,
three output branches of the neck are sent to the detection head for loss calculation and
result prediction.

2.2.1. Improvement of the C2f Module

To address the issue of high similarity between classes of substation equipment and the
potential false detection caused by insufficient feature extraction [31], this paper proposes
the integration of deformable convolution in constructing a DCNC2f module to replace
the C2f module in the backbone stage. This enhancement effectively improves the feature
extraction capability of the model. Traditional convolutional operations have fixed sizes
and shapes for the receptive field when extracting target features [32]. This limitation
prevents the full extraction of features from devices with irregular contour shapes. In
contrast, deformable convolution [33] introduces additional bias to flexibly adjust the shape
and size of the receptive field. As a result, the extracted features can more accurately match
the real shape and size of the target device, leading to its improved representation.

Deformable convolution introduces an offset to the conventional convolution calcu-
lation to extract more pertinent features and expand the receptive field. The formula for
deformable convolution is as follows:

y(p0) =
N

∑
n=1

w(pn) · x(p0 + pn + ∆pn) (1)

where x and y are the input feature map and output feature map, respectively, N and n
are the total numbers of sampling points and sampling position points, p0 is the current
position of the output feature map, pn and w(pn) are the nth sampling position and its
corresponding weight, respectively, and ∆pn is the offset corresponding to the nth position.

However, the above version of deformable convolution has the problem that the
receptive field exceeds the target range. To solve this problem, Zhu et al. proposed
deformable convolution DCNv2 [34], which reduces the extraction of irrelevant regional
features and strengthens the target-related feature extraction capability. Its formula is:

y(p0) =
N

∑
n=1

w(pn) · x(p0 + pn + ∆pn) · ∆mn (2)

where ∆mn is the modulation scalar at the nth position, taking values in the range [0, 1].
Replacing the standard convolution in the bottleneck of the C2f module with DCNv2 to

form the DCNC2f module, and subsequently upgrading all the C2f modules in the backbone
to DCNC2f, can enhance the ability of the model to extract features from the device. This
enhancement leads to the extraction of more relevant features, thereby increasing the
differentiation between different features of various devices. The implementation process
of the DCNC2f is as follows:

y0,1 = Split(SilU(BN(Conv(x)))) (3)
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First, the input image, x, is aggregated by convolution, BatchNorm, and the SiLU
activation function, and then split into y0 and y1 in the channel dimension.

BD( f ) = SilU(BN(DCNv2(SilU(BN(Dcnv2( f ))))))⊕ f
y2 = BD(y1)
y3 = BD(y2)
. . .
yn = BD(yn−1)

(4)

Then, y1 is sent to the n bottleneck for further feature extraction. The feature extraction
process of the bottleneck is reduced to function BD (f ), and the input f is added to itself
after two DCNV2-BatchNorm-SiLU operations; DCNV2 has a stronger feature extraction
ability than Conv, so the introduction of DCNV2 enhances the feature extraction ability
of the model. In addition, n is the setting parameter, and it can be seen from the DCNC2f
module in Figure 2.

y = Silu(BN(Conv(Concat(y0, y1, y2, . . . , yn)) (5)

Finally, { y0, y1,..., yn} is connected, and the final output feature graph, y, is obtained
by aggregating the information through Conv-BatchNorm-SiLU.

The structure of the DCNC2f module is depicted in Figure 3.
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2.2.2. Multi-Scale Convolutional Attention

To mitigate the issue of missed detection caused by the significant scale variation
in substation equipment, a multi-scale convolutional attention (MSCA) mechanism [35]
is introduced to capture more effective multi-scale information and enhance the feature
expression capability. This improvement aims to enhance detection accuracy in multi-
scale targets.

The MSCA mechanism primarily consolidates local information through a deep con-
volutional module, then utilizes a multi-branch deep convolutional module to capture
multi-scale information, and finally employs a 1 × 1 convolutional module to represent
the relationship between different channels. The mathematical formula for the MSCA is
as follows:

Att= Conv1×1(
3
∑

i=0
Scalei(DW − Conv(F))

F′ = Att ⊗ F
(6)

where F is the input feature map, Att and F′ are the attention weight and output, re-
spectively, DW-Conv represents the deep convolution operation, Scalei indicates the i-th
branch, Scale0 is an identity connection, and the remaining three branches are depthwise



Energies 2024, 17, 4359 8 of 15

separable convolutions. Conv1×1 represents 1 × 1 convolution. ⊗ is element-by-element
matrix multiplication.

Firstly, the input feature, F, undergoes a depthwise convolution with a 5 × 5 convo-
lutional kernel for local information aggregation. This operation helps capture the local
structure and detailed features, resulting in the generation of the feature map, F′.

Secondly, the feature map, F′, undergoes multi-scale context information extraction
using a multi-branch depth strip convolution structure. This process generates multi-scale
feature maps F′

1, F′
2, and F′

3. The multi-branch depthwise convolutional structure employs
three different sizes of depth-separable convolutional kernels, specifically 21 × 21, 11 × 11,
and 7 × 7, to capture feature information at different scales, respectively. Each of the three
convolutional kernels is decomposed into two strip convolutional kernels. For example, a
21 × 21 convolutional kernel is decomposed into 1 × 21 and 21 × 1 convolutional kernels.
The strip convolutional kernel serves the dual purpose of extracting the strip features and
reducing the computational load. Lastly, the feature maps of the three different scales
and feature, F, are summed and superimposed before information aggregation by 1 × 1
convolution. The output of the convolution is then utilized as the attention weights to
reweight the input F, thereby extracting multi-scale information and enhancing the feature
expression capability. The structure of the MSCA is depicted in Figure 4.
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3. Experimental Results and Analysis

The dataset utilized for the experiment comprises five types of substation equipment:
insulators, bushings, lightning arresters, current transformers, and voltage transformers,
totaling 1519 substation equipment images. The dataset is divided into a training set with
1064 images, a validation set with 227 images, and a test set with 228 images. An example
of five types of transformer equipment is shown in Figure 5.

In the experimental process, the input image size set in this paper is 640 × 640, the
training batch size is 4, and the training period spans a total of 100 epochs. The model is
optimized using the SGD optimizer, with the initial learning rate set to 0.01, the momentum
set to 0.937, and the weight decay rate set to 0.0005. The parameters of the experimental
platform are detailed in Table 1.
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Table 1. The parameters of the experimental platform.

Parameter Configure

Operating System Ubuntu 18.04
Deep Learning Framework Pytorch 1.11.3

CPU Intel(R) Xeon(R) Gold 6148 CPU
GPU NVIDIA GeForce RTX 3090, 24 GB

Graphics Card Memory 24 G
Programming Language Python 3.8

3.1. Evaluation Indicators

The experiments utilize mean average precision (mAP), number of model parameters
(Params), and floating point of operations (FLOPs) as evaluation metrics for assessing
object detection performance. Mean average precision is calculated based on precision (P)
and recall (R), as follows:

P =
TP

TP + FP
× 100% (7)

R =
TP

TP + FN
× 100% (8)

AP =

1∫
0

P(R)dR (9)

mAP =
1
n

n

∑
i=1

AP(i)× 100% (10)

In the evaluation metrics formula, n represents the number of categories, TP repre-
sents the number of successfully detected targets, FP represents the number of incorrectly
detected targets, and FN represents the number of correct targets not detected.

Specifically, mAP@0.5 calculates the average precision (AP) for each class at an IoU of
0.5 and then computes the average of these AP values. On the other hand, mAP@0.5:0.95
calculates the average mAP across different IoU thresholds ranging from 0.5 to 0.95, with a
step size of 0.05.

3.2. Ablation Experiments

To validate the effectiveness of the proposed improvement scheme, this section con-
ducts a series of ablation experiments to verify the impact of the DCNC2f module and the
MSCA module, respectively, using YOLOv8n as the baseline. The experimental results are
presented in Table 2.

From the experimental results presented in Table 2, it can be observed that after
upgrading the C2f module to the DCNC2f module in YOLOv8n, there is a 1.5% increase in
mAP@0.5 and a 3.5% increase in mAP@0.5:0.95 in terms of detection accuracy. Additionally,
in terms of algorithmic complexity, a 0.17 M increase in Params implies that the spatial
complexity of the algorithm increases, whereas a 0.4 G reduction in FLOPs suggests that
the computational complexity of the algorithm decreases. The incorporation of deformable
convolutions enhances the ability of the model to extract relevant features and reduces
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the issue of false detection caused by the high similarity between different classes of
substation equipment.

Table 2. Results of the ablation study. The symbol "
√

" indicates that the module is selected.

YOLOv8n DCNC2f MSCA mAP@0.5/% mAP@0.5:0.95/% Params/M FLOPs/G
√

90.1 64.6 3.00 8.2√ √
91.6 68.1 3.17 7.8√ √
91.5 67.5 3.10 8.2√ √ √
92.7 68.5 3.26 7.8

By incorporating the MSCA module alone into the baseline model, there was an
enhancement in the capability of the model to extract multi-scale feature information and
improve the representation of important features. This improvement strategy resulted in
a 1.4% increase in mAP@0.5 and a 2.9% increase in mAP@0.5:0.95, which means that the
model has a stronger ability to detect objects.

After incorporating the two enhanced strategies into the improved YOLOv8n, com-
pared to the baseline model YOLOv8n, there is a 2.6% increase in mAP@0.5 and a 3.9%
increase in mAP@0.5:0.95. This means that the improved YOLOv8n in the paper has a
more powerful capability to detect objects, and the improved YOLOv8 can detect and
identify target devices from infrared images more accurately. Additionally, the 0.4 G
reduction in FLOPs means that the computational complexity of the model is reduced,
signifying an improvement in the computational efficiency of the model. The 0.26 M
increase in Params indicates a slight increase in the spatial complexity of the model,
which theoretically results in higher demands on GPU memory during training. The
primary task in the detection of substation equipment is to enhance the detection ac-
curacy, and Params and FLOPs need to maintain a relatively balanced value, thus, a
minor increase in Params is acceptable. In conclusion, the improved algorithm proposed
in this paper is effective, which effectively improves the accuracy of substation equip-
ment detection and has reference value for the development of online detection tasks for
substation equipment.

To verify the statistical significance of the improved results, the minimum confidence
thresholds were set to 0.001, 0.01, 0.1, and 0.5, respectively, and the experiments and
analyses were carried out at different confidence intervals. The experimental results are
shown in Table 3. In all subsequent tables, “Ours” indicates the improved YOLOv8n.

Table 3. Statistical significance verification experiment.

Confidence Model mAP@0.50/% mAP@0.50:0.95/% Params/M FLOPs/G

0.001
YOLOv8n 89.8 63.1 3.00 8.2

Ours 92.4 66.7 3.26 7.8

0.01
YOLOv8n 90.1 64.6 3.10 8.2

Ours 92.7 68.5 3.26 7.8

0.1
YOLOv8n 90.0 66.6 3.00 8.2

Ours 92.5 69.6 3.26 7.8

0.5
YOLOv8n 85.3 65.6 3.00 8.2

Ours 89.7 69.6 3.26 7.8

In Table 3, with a minimum confidence threshold of 0.001, the proposed algorithm
exhibits an increase of 2.6% in mAP@0.50 and 3.6% in mAP@0.50:0.95 compared to the
baseline model. When the minimum confidence threshold is set to 0.01, the proposed
algorithm shows an increase of 2.6% in mAP@0.50 and 3.9% in mAP@0.50:0.95. Similarly, for
a minimum confidence threshold of 0.1, the proposed algorithm achieves a 2.5% increase in
mAP@0.50 and 3.0% in mAP@0.50:0.95. Furthermore, at a minimum confidence threshold
of 0.5, the proposed algorithm demonstrates a 4.4% increase in mAP@0.50 and a 4.0%
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increase in mAP@0.50:0.95 compared to the baseline model. These results indicate the
effectiveness of the proposed algorithm across various confidence intervals, underscoring
its validity and improvement.

3.3. Comparative Experiments

In this subsection, a series of comparison experiments are conducted with the current
mainstream object detection algorithms to further verify the effectiveness and advancement
of the proposed algorithm. The main comparison algorithms include YOLOv5n, YOLOv7-
tiny, YOLOv8n, YOLOv9, the literature [13], the literature [24], and YOLOv10n [36]. The
experimental results are presented in Table 4.

Table 4. The comparison results.

Model mAP@0.5% mAP@0.5:0.95% Params/M FLOPs/G

YOLOv5n 86.0 56.4 1.76 4.1
YOLOv7-tiny 85.7 54.7 6.02 13.1

YOLOv9 90.6 67.9 60.50 263.9
YOLOv8n 90.1 64.6 3.00 8.2

YOLOv10n 81.7 55.6 2.69 8.2
Literature [13] 83.2 47.6 4.50 12.8
Literature [24] 91.2 66.7 10.63 36.7

Ours 92.7 68.5 3.26 7.8

The following conclusions can be derived from the analysis presented in Table 4.
Compared to YOLOv5n, the proposed algorithm in this paper achieves a 6.7% improve-
ment in mAP@0.5 and a 12.1% improvement in mAP@0.5:0.95, demonstrating significant
advantages in detection accuracy. Compared with YOLOv7-tiny, the proposed algorithm
achieved a 7.0% and 13.8% increase in mAP@0.5 and mAP@0.5:0.95, with a reduction of
2.76 M Params and 5.3 G FLOPs. The detection accuracy of YOLOv7-tiny was lower than
that of the proposed algorithm, while the model complexity was much higher. Compared
with YOLOv9, the proposed algorithm demonstrates a 2.1% advantage in mAP@0.5 and
a 0.9% advantage in mAP@0.5:0.95. The Params and FLOPs decreased by 57.24 M and
256.1 G, respectively. Overall, the proposed algorithm exhibits higher accuracy and lower
complexity in substation equipment detection compared to YOLOv9. Compared with
YOLOv8n, the mAP@0.5 and mAP@0.5:0.95 of the proposed algorithm improve by 2.6%
and 3.9%, respectively, while maintaining similar model complexity. In comparison to the
latest algorithm, YOLOv10n, mAP@0.50 and mAP@0.50:0.95 of YOLOv10n are 11.0% and
12.9% lower than the algorithms proposed in this paper, indicating that YOLOv10n is not
suitable for target detection in infrared images of substation equipment.

Furthermore, the proposed algorithm is compared with existing substation equipment
detection algorithms. In comparison to the enhanced YOLOv7-tiny algorithm proposed in
the literature [13], the proposed algorithm achieves significantly higher detection accuracy,
with mAP@0.5 and mAP@0.5:0.95 being 9.5% and 20.9% higher, respectively. The proposed
algorithm exhibits reduced algorithm complexity, with Params and FLOPs decreased
by 1.24 M and 5 G, respectively. The overall complexity of the proposed algorithm is
lower. Compared to the enhanced YOLOv8s algorithm proposed in the literature [24],
the proposed algorithm demonstrates advantages of 1.5% and 1.8% in mAP@0.5 and
mAP@0.5:0.95, respectively. Additionally, the Params and FLOPs decrease by 7.37 M and
28.9 G. The detection accuracy and complexity of the proposed algorithm are superior to
those of the literature [24]. In comparison to these two algorithms, the proposed algorithm
not only outperforms them in terms of detection accuracy but also exhibits lower algorithm
complexity, rendering it more suitable for practical applications.

In summary, the algorithm proposed in this paper is advanced in infrared image target
detection in substation equipment.
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3.4. Visualisation of the Results of Different Methods

To further validate the effectiveness and advancement of the algorithm proposed
in this paper, this subsection visualizes the detection results of YOLOv5n, YOLOv7-tiny,
YOLOv8n, YOLOv9, YOLOv10n, the literature [13], the literature [24], and the algorithm
presented in this paper.

Figure 6 shows the detection results of various algorithms on insulators. YOLOv5n,
YOLOV9, YOLOv10n, the literature [13], the literature [24], and YOLOv8n all miss one
insulator, whereas the proposed algorithm achieves accurate detection of all the insulators
in the infrared images.
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As shown in Figure 7, in the detection of voltage transformers, YOLOv7-tiny, YOLOv9,
YOLOv10n, the literature [13], the literature [24], and YOLOv8n display missed detection
phenomena, while the proposed algorithm successfully detects all the voltage transformers
in the image.
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As shown in Figure 8, when the distinction between the arrester and the background
is very low, YOLOv9 and YOLOv8n detect part of the lightning arrester structure as an
insulator. YOLOv5, YOLOv7-tiny, YOLOv10n, and the literature [13] did not detect a
lightning arrester in the infrared image. However, the algorithm proposed in this paper
achieves the correct detection results and has high confidence.
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Figure 9 shows the detection results of bushing by various algorithms. YOLOv7-tiny,
YOLOv9, YOLOv10n, the literature [13], and YOLOv8n produce false detection. In addition,
YOLOv5n and the literature [24] fail to detect the target device. Conversely, the proposed
algorithm achieves the correct detection of the target device.
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As shown in Figure 10, for current transformer detection, YOLOv10n, the litera-
ture [13], and YOLOv8n encounter missed detection problems, whereas the algorithm
proposed in this paper successfully detects all the target devices in the infrared image with
the highest confidence level.
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4. Conclusions

This paper presents an infrared image detection algorithm based on an improved
YOLOv8n for substation equipment detection in infrared images. The algorithm incor-
porates the DCNv2 module into the C2f module in the backbone to enhance the feature
extraction capability of the network. Additionally, the MSCA module is added after the
SPPF module to improve the detection performance of the model for multi-scale targets.
The experiments were conducted on an infrared image dataset of substation equipment,
resulting in a mAP@0.5 of 92.7% and a mAP@0.5:0.95 of 68.5% for the proposed improved
YOLOv8n algorithm. Compared to the baseline model, there was a 2.6% and 3.9% improve-
ment in mAP@0.5 and mAP@0.5:0.95. The Params of the improved YOLOv8n algorithm
was 3.26 M, an increase of 0.26 M compared with the baseline model, and the FLOPs was
7.8 G, a decrease of 0.4 G compared with the baseline model. This algorithm surpasses the
baseline model and several mainstream detection algorithms in terms of detection accu-
racy while maintaining relatively low algorithm complexity. These attributes collectively
offer a novel approach for detecting substation equipment in infrared images. In practical
application and deployment, it is generally desired for the model to have a small number
of parameters and low computational complexity to minimize hardware requirements.
The algorithm proposed in this paper requires further research and improvement. While
maintaining the accuracy of the model, future research will focus on reducing the number
of model parameters and computational workload to minimize the demand for computing
resources, thus further enhancing its practical applicability.
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