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Abstract

To address the challenges of small targets, severe background clutter, and high deployment
cost in UAV-based power-line defect detection, this paper proposes a lightweight defect
detection model based on an improved YOLOvS8n. In the downsampling stage, we design
an improved lightweight adaptive downsampling module (ADownPro) to replace part
of conventional convolutions, which uses a dual-branch parallel structure for stronger
feature interaction and depthwise separable convolutions (DSConv) for complexity reduc-
tion. In the feature extraction stage, an integration of cross-stage partial connections and
partial convolution (CSPPC) is proposed to replace the C2F module for efficient multi-scale
feature fusion. In the detection head, mixed local channel attention (MLCA), which com-
bines channel-spatial information and local-global contextual features, is introduced to
strengthen defect-focused representations under complex backgrounds. For the loss func-
tion, a scale-annealed mixed-quality EloU loss (SAMQ-EIoU) is proposed by combining
iso-center scale transformation, scale factor annealing and focal-style quality reweighting
to improve localization accuracy at high IoU thresholds. Experiments on a constructed
dataset covering six typical defect categories show that the improved YOLOvS8n achieves
91.4% mAP@0.50 and 64.5% mAP@0.50:0.95, with only 1.59 M parameters and 4.9 GFLOPs.
Compared with mainstream detectors, the proposed model achieves a better balance be-
tween detection accuracy and lightweight design. In particular, compared with the recently
proposed YOLOv8n-DSN and IDD-YOLO, it improves mAP@0.50 by 0.6% and 0.8%, and
mAP@0.50:0.95 by 1.2% and 4.8%, respectively, while further reducing the parameter count
by 1.00 M and 1.26 M, and the FLOPs by 1.7 G and 0.2 G. Moreover, the cross-dataset
evaluation on the public UPID and SFID datasets further demonstrate the robustness and
generalization ability of the proposed method.

Keywords: improved YOLOvVS8n; lightweight model; power line defect detection; attention
mechanism; loss function

1. Introduction

Overhead power lines are critical components of power systems, and their condition
directly affects grid security and stability [1]. Defects in key components such as insu-
lators, dampers, and grading rings may trigger protective trips, short circuits or other
serious incidents [2]. Traditional manual inspection suffers from limited coverage and low
efficiency [3] and thus falls short of meeting the growing demand for refined operation and
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maintenance. In recent years, artificial intelligence (AI) [4], especially the object detection
methods based on deep learning, has received extensive attention in the field of intelligent
inspection of power lines. Compared with traditional manual inspection, AI methods can
automatically extract defect features from aerial images taken by drones and achieve rapid
identification, thereby improving the efficiency and accuracy of inspection.

Accurate power line defect detection from UAV-acquired images faces multiple chal-
lenges. On the one hand, defect types are diverse and most defects are small-scale. As a
result, details are easily lost during downsampling [5], which leads to missed detections
and false alarms. On the other hand, influenced by complex backgrounds such as forests,
sky, and towers, defect regions often exhibit low contrast and indistinct boundaries [6],
which hinders consistent model attention to critical regions.

Moreover, although mainstream detection algorithms, including R-CNN and the
YOLO series, have achieved progress in detection accuracy, their model sizes remain
relatively large. According to publicly available official results, Faster R-CNN ResNet50-
FPN has approximately 42 M parameters and 134 GFLOPs. Even relatively lightweight
models such as YOLOv8n and YOLO11n still require about 3.2 M/8.7 GFLOPs and
2.6 M /6.5 GFLOPs in terms of parameter count and computational cost, respectively [7-12].
Meanwhile, common UAV onboard edge platforms such as VOXL 2 and Jetson Xavier
NX provide public AI computing capabilities of 15+ TOPS and 21 TOPS, respectively,
constrained by power consumption, weight and storage resources. Therefore, deploying
existing detection models on resource-constrained edge platforms still faces considerable
challenges in terms of computational scale [13].

To tackle these challenges, many researchers have proposed different optimization
strategies. To improve small-object detection accuracy, Yao et al. [14] designed a C2F-DM
module which combined local and global information based on YOLOv8 and proposed a
BGFPN feature pyramid network with dual-layer routing attention. However, its parameter
count increased to 28M, leading to elevated model complexity and limited suitability for
real-time edge deployment. Lou et al. [15] proposed an MDC downsampling module to
better preserve contextual information and improved YOLOVS's feature fusion network.
On the VisDrone dataset (smalls-size objects), their model improved mAP, precision, and
recall by 2.5%, 1.9% and 2.1%, respectively, while the overall improvement remains limited
on the PASCAL VOC2007 dataset (normal-size objects).

To improve model lightweightness, Hong et al. [16] replaced the backbone C2F blocks
with a lightweight C2F-DSConv module and incorporated GSConv and a VOV-GSCSP
structure into the neck, which reduced computational cost to 6.6 GFLOPs. However,
its detection accuracy and robustness remained unsatisfactory. Gao et al. [17] reduced
the parameter count to 3.92 M and computational cost to 10.9 GFLOPs by removing the
medium and large scale detection layers and introducing SPDConv. Nevertheless, the
mAP@0.50 and mAP@0.50:0.95 dropped to 95.0% and 51.4%, compared with 95.6% and
53.4% before SPDConv was introduced, suggesting that aggressive lightweighting may
impair localization quality, especially at high IoU thresholds.

To balance detection accuracy and model lightweightness, Tang et al. [18] proposed
YOLO-SS by optimizing the backbone, redesigning the loss function, and introducing
an asymmetric sample-weighting strategy. It achieved accurate small-object detection
with mAP@0.50 improving by 13.4% over YOLOvV6L and recall reaching 0.641, while
maintaining low computational cost. Despite these improvements, it was mainly designed
for dense small-object scenarios, and its generalizability to natural scenes remained unclear.
Lu et al. [19] built an insulator defect detector IDD-YOLO by incorporating a lightweight
attention mechanism LCSA and GhostNet in the backbone to enhance feature extraction,
and adopting GSConv and C3Ghost in the neck to reduce redundant parameters. Their
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final model achieved 66.2% mAP@0.50 and 38.5% mAP@0.50:0.95 on the ID-2024 dataset
with only 2.85 M parameters and 5.1 GFLOPs, and further reached 99.4% mAP@0.50 and
87.2% mAP@0.50:0.95 on the SFID dataset. However, its dataset was mainly collected
under clear-weather conditions and did not sufficiently cover other varying operating
conditions, which limited generalization. Moreover, the model was still relatively large,
posing challenges for deployment on edge devices.

In summary, recent representative methods still face three key issues. First, con-
ventional detectors often have relatively large parameter count (2.8542 M) and high
computational cost (5.1-134 GFLOPs), which limit edge deployment. Second, the detection
performance is limited in complex backgrounds and small-object recognition, which eas-
ily leads to false alarms and missed detections. Third, the localization accuracy still has
deficiencies under a high IoU threshold. To address these issues, this paper proposes a
lightweight power line defect detection algorithm based on an improved YOLOv8n. Our
main contributions are as follows:

1.  Inthe downsampling stage, an improved lightweight adaptive downsampling module,
ADownPro, is proposed to replace part of the conventional convolutions. It adopts a
dual-branch parallel structure to enhance feature interaction and reduce detail loss,
while integrating depthwise separable convolution (DSConv) to control the parameter
count and computational cost, thereby improving training and inference efficiency.

2. In the feature extraction stage, a lightweight module integrating cross-stage partial
connections and partial convolution (CSPPC) is designed to replace the conventional
C2F module. It enables feature flow and combination across stages while reducing
redundant computation.

3. Inthe detection head, a lightweight mixed local channel attention (MLCA) mechanism
is introduced. By combining channel and spatial information as well as local and global
features, it strengthens the response to defect regions under complex backgrounds
and improves detection accuracy.

4. For the loss function, a scale-annealed mixed-quality EloU loss (SAMQ-EIoU) is
proposed. It combines an iso-center scale transformation, a scale-factor annealing
schedule, and a focal-style quality reweighting strategy. This enables progressive
optimization from coarse to fine localization, improving localization accuracy at high
IoU thresholds.

2. Methodology
2.1. Overall Network Structure

YOLOVS is a one-stage object detection model proposed by the Ultralytics team in
2023 [20]. It consists of three components: backbone, neck, and head. The backbone is
responsible for feature extraction, the neck fuses multi-scale features from the backbone,
and the head converts the fused feature maps into the final detection results. The network
structure of the standard YOLOVS is shown in Figure 1a.

The YOLOvVS family offers five configurations according to model scale and resource
consumption: x, 1, m, s, and n [21]. YOLOvS8n is the most lightweight version. It deliv-
ers competitive detection performance with substantially fewer parameters and lower
computational cost, which facilitates deployment on resource-constrained edge devices
and real-time applications. In this paper, we use YOLOv8n as the baseline and its key
components are further improved.

Based on this baseline, a lightweight ADownPro module is designed to reduce infor-
mation loss of small-scale defects and improve efficiency during feature downsampling. A
lightweight CSPPC module is introduced to replace the C2F modules to enhance multi-scale
feature fusion. A lightweight attention mechanism MLCA is embedded into the detection
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head to strengthen the focus on defect regions under complex backgrounds. The overall
network structure of improved YOLOVS is shown in Figure 1b.
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(a) (b)
Figure 1. Standard and improved YOLOv8 model network structure. (a) Standard YOLOv8 model;
(b) Improved YOLOvV8 model.

As is shown in Figure 1: (1) In the backbone and neck, the C2F modules of the standard
YOLOVS are marked in light orange, whereas the CSPPC modules of the improved YOLOv8
are marked in dark orange. (2) In the backbone and neck, the original downsampling Conv
modules are marked in light green, whereas the downsampling ADownPro modules are
marked in dark green. (3) In the head, the standard YOLOVS8 does not include an attention
mechanism, whereas the improved YOLOvVS introduces the MLCA attention module.

2.2. Improved Lightweight Downsampling Module: ADownPro

In the original YOLOv8n, downsampling relies on conventional stride-2 convolu-
tions, generating feature maps at 1/8, 1/16, and 1/32 of the input resolution. However,
power-line defects in UAV images are mostly small, and aggressive downsampling can
easily remove the fine details required for accurate recognition. In addition, conventional
convolutions introduce substantial parameters and computation, which hampers real-time
deployment on resource-constrained edge devices such as UAVs.

In light of the above, this paper proposes ADownPro to replace part of the conventional
convolutions, with the aim of balancing detection accuracy and model lightweightness. In
ADownPro, the input feature map is initially processed by average pooling to suppress
noise. Then, a dual-branch parallel structure is employed. In the first branch, max pooling
is used to extract global features, followed by a 1 x 1 convolution to capture local features.
In the second branch, a lightweight DSConv module [22] is adopted for feature extraction.
DSConv consists of a depthwise convolution (DWConv) and a pointwise convolution (PW-
Conv): DWConv independently extracts local spatial features within each channel, while
PWConv enables cross-channel feature interaction. Finally, the outputs of the two branches
are concatenated to generate the final output of the ADownPro module.

Figure 2 shows the structure of the ADownPro module, where Cinput and Coutput,
respectively, denote the channel numbers of the input and output feature maps, k denotes
the kernel size, s denotes the convolution stride, and p denotes the padding value.
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Figure 2. Structure of the ADownPro module.

Compared with the conventional convolution, our proposed ADownPro structure has
three main advantages: (1) A dual-branch parallel design facilitates contextual feature inter-
action and reduces detail loss during downsampling, thereby improving the perception of
small-scale power-line defects. (2) Branch 1 combines max pooling witha 1 x 1 convolution
to reduce model complexity and improve training and inference efficiency. (3) Branch 2 re-
places standard convolution with lightweight DSConv, which further reduces the number
of parameters and computational cost while maintaining feature extraction capability.

Specifically, we compare the parameters of the original ADown module (Papown),
the proposed ADownPro module (PapownPro) and the conventional convolution module
(Pconv)- Their expressions are given in Equations (1)—(3):

o Cinput Coutput o> Cinput Coutput

ADown 3 5 > + ) > ( )
g =% g g
= %Cirlpu’f + %Cinputcoutput
Pconv = K> - Cinput * Coutput (3)
Further, the ratios PApown/Pconv and PapownPro/ Pcony are given as follows:

Papown/ Pcony = 10/4K? 4)

P Pegny = — 1
ADownPro/ Conv — m + @ (5)

Conventional convolutions typically use k = 3. In this case, the ratio PApown / Pconv 18
5/18, whereas PApownPro/ Pcony is only about 1/18, indicating that ADownPro has a clear
advantage in terms of lightweight design.

In summary, compared with the conventional convolution and original ADown mod-
ule, ADownPro achieves better small-object detection performance with lower computa-
tional overhead. Therefore, it is adopted as the downsampling unit in this paper.

2.3. Lightweight Feature Extraction Module: CSPPC

In the backbone and neck of YOLOvV8n, the C2F module is responsible for feature
extraction and fusion. Nevertheless, its considerable computational complexity results in
redundant operations and increased memory consumption, thereby posing performance
bottlenecks. [23]. Therefore, a lightweight CSPPC module is designed in this paper to
replace the conventional C2F module.

The CSPPC module is built on cross-stage partial connections (CSP) and incorporates
a partial convolution (PConv) strategy. CSP transmits feature information across different
stages of the network, reducing redundant computation and optimizing information flow,
thereby enhancing feature representation. PConv performs convolution on only part
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of channels in the feature map and keeps the remaining channels unchanged, which
substantially lowers the parameters and computation on irrelevant regions. A comparison
between PConv and conventional convolution is shown in Figure 3, where /1, w, and ¢
denote the height, width, and number of channels of the input feature map, respectively;
¢p denotes the number of channels involved in convolution (i.e., the partial channels);
* denotes the convolution operation.

______________________ N Y

Output: ,‘ Output :

Identity ! : I
— ] |
| [

Fi:lters — : ih f :
im B N 7 |
k w ;! w w )

(a) (b)
Figure 3. Comparison between PConv and conventional convolution. (a) PConv; (b) Conven-

tional convolution.

The computational cost of PConv (Fpcony) and conventional convolution (Fcony) are
given in Equations (6) and (7):

FPConV:h'w'kz'C% (6)

FCorw:h'w'kz'C2 @)
The ratio Fpcony/ Fcony 1S:

Fpcony/ Feonv = C%J/CZ 8)

When ¢, /c is 1/4, the computational cost of PConv is only 1/16 of the computational
cost of conventional convolution.

It should be noted that compared with conventional full-channel convolution, PConv
reduces the channel range covered by convolution, which may weaken the feature extrac-
tion capability of some channels. However, these non-convolved channels are directly
preserved through an identity path and are reintroduced into the output representation
during the subsequent fusion stage. Therefore, the effect of PConv on feature representa-
tion is not simply information deletion, but rather a division of features into two parts: a
convolution-enhanced branch and an original-preserved branch. The former is responsible
for extracting more discriminative local spatial features, while the latter preserves the
original feature information and the cross-stage feature flow.

Furthermore, the structure of the CSPPC module is shown in Figure 4, which consists
of several submodules, including Conv, Split, PConv, and Concat.

As is shown in Figure 4, the input feature map first passes through a 1 x 1 convolution
to perform an initial adjustment and compression of channel information, producing an
intermediate feature representation. The feature map is then divided into two parts along
the channel dimension by the Split module. One part is directly preserved for subsequent
feature fusion, while the other part passes through two successive PConv operations to
extract more discriminative local spatial features.

On the one hand, this structure preserves cross-stage feature flow through the Split-
Concat mechanism, thereby reducing repeated gradients and redundant computation. On
the other hand, by using PConv for efficient spatial feature extraction on partial channels, it
reduces the parameter count and computational cost while still maintaining effective feature
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representation capability. Therefore, the CSPPC module improves network efficiency while
balancing lightweight design and feature extraction capability, and enhances the robustness
and detection accuracy of the model under complex backgrounds.
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Figure 4. Structure of the CSPPC module.

2.4. Lightweight Attention Mechanism Module: MLCA

In power line defect detection, UAV-acquired images are often affected by complex
backgrounds, and defects typically appear only in local regions. Introducing an attention
mechanism helps the model focus on critical areas, thereby improving defect recognition.

However, most existing attention mechanisms mainly emphasize channel information
while neglecting spatial information [24], which often introduce considerable parameters
and computational cost. To balance accuracy and model complexity, a lightweight MLCA
module is incorporated to improve the defect detection network.

MLCA integrates channel and spatial information, as well as local and global features.
With a low computational overhead, it strengthens the model’s focus on salient regions and
facilitates the detection of subtle power line defects, such as insulator or damper defects.
Figure 5 illustrates the principle of the MLCA module.

(ks,ks,C) ) (h ZU/C)
¢ |(LL0) convid (LLC) uNaP UNAP 7
% _— % 7 EB 1
(ks,ks,C)/ :’:;// |
ESSERREESSEaER o Output
(1,1,C><ks><ks) (1,1,C><ks><ks) (ks,ks,C) a BB h—>
R p IRERsa Z (h,w,c)
e%; ) ‘/?47 Convld % Reshape Y
tf///)/ —_— —_— t

Figure 5. Principle of the MLCA module.

As shown in Figure 5, the input feature map is first converted into a ks x ks X ¢ vector
via local average pooling (LAP) to capture local spatial information. Next, a dual-branch
structure is adopted: one branch applies global average pooling (GAP), and the other
performs a reshape operation to generate a 1D vector, which are used to extract global
information and local spatial information, respectively. Furthermore, features are extracted
using a 1D convolution (Conv1ld), and two ks x ks X ¢ vectors are recovered through un-
average pooling (UNAP) and reshape operations. Finally, the outputs of the two branches
are fused to form hybrid attention, and UNAP is used to restore the feature map to the
original input size.
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According to Figure 1b, the lightweight MLCA module is integrated into the detection
head and applied to the P3, P4, and P5 feature maps. This design facilitates adaptive
emphasis on key regions of targets at different scales while suppressing interference from
complex backgrounds, thereby improving overall accuracy and robustness.

2.5. SAMQ-EIoU Loss Function

The original YOLOv8n adopts CloU as the bounding box loss, which jointly considers
the overlap between the predicted and ground-truth boxes, the center distance, and the
aspect-ratio difference [25]. However, the aspect-ratio term in CloU mainly measures
aspect-ratio consistency and tends to degenerate when the aspect ratios are similar. It
also fails to explicitly model the absolute errors in width and height, which may limit
optimization efficiency. Therefore, EloU is adopted as the regression backbone in this paper,
introducing explicit constraints on the width and height errors to improve optimization
efficiency. The EloU loss (Lgje17) is shown as follows:

Lerou = Liou + Lais + Lasp ©9)
L[ou =1-1ToU (10)
2 bpred, pst

L = ) a1

2 red t 2 (1,pred 1,4t

_ ot ws) 7 (R, RS
Lasp = 2 2 (12)

w h

In the equations: IoU denotes the intersection-over-union between the predicted and
ground-truth boxes; Lj,i; denotes the IoU loss; Ly;; denotes the distance loss; Lysp denotes the
aspect-ratio loss; p(-) denotes the Euclidean distance; prred qpred and hP'ed denote the center
coordinates, width and height of the predicted box, respectively; b8!, w! and h8' denote
the center coordinates, width and height of the ground-truth box, respectively; c denotes
the diagonal length of the smallest enclosing rectangle covering both the predicted and
ground-truth boxes; ¢y, and ¢, denote the width and height constants, respectively.

Small defect targets and complex backgrounds in power line imagery often lead to
a dominance of low-quality predicted boxes during training, which dominate gradient
updates. This causes the model to focus more on “roughly placing the predicted box
near the target” (coarse alignment) but struggle to “accurately fit the predicted box to the
object boundaries” (fine localization), thereby limiting localization performance at high
IoU thresholds. To address this issue, we propose the SAMQ-EIoU loss. By integrating
an iso-center scale transformation, a scale-factor annealing schedule [26], and a focal-style
quality reweighting strategy [27], it dynamically adjusts the regression contributions of
predicted boxes with different qualities, gradually shifting the training focus from coarse
alignment to fine localization.

First, inspired by UloU, an iso-center scale transformation is applied to the predicted
and ground-truth boxes, and a new IoU, is computed in the scaled domain, as shown in
Equations (13) and (14):

T:(B) = (x,y,rw,rh) (13)

ToU, = IoU(Tr(Bmd),Tr(Bgt)) (14)

In the equations: T,(-) denotes the scale transformation operation; B denotes a bound-
ing box; x, y, w and h denote the x-coordinate of the box center, the y-coordinate of the
box center, the width of the box, and the height of the box, respectively; r denotes the
scale factor; IoU(-) denotes the intersection-over-union operation; BP"d and BS! denote the
predicted box and the ground-truth box, respectively.
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Second, to enable progressive optimization from coarse alignment to fine localization,
an annealing schedule is applied to the scale factor r. At the early stage of training, a larger
r is used to reduce the penalty of 1 — Ioll,, so that optimization focuses primarily on coarse
alignment. As training proceeds, r is gradually decreased to mainly increase 1 — IolU,
for high-quality samples, thereby strengthening fine localization. The scale factor is set

as follows:
r(t) =rs+ (re —75)B(t) (15)
iy = LT ¢ o 1) (16)

In the equations: t denotes the current training epoch; r; and 7, denote the initial and
final value of the scale factor, respectively; 5(t) denotes the cosine annealing scheduling
function; T denotes the total number of training epochs.

Third, to mitigate the imbalance in regression contributions from samples of different
qualities, a focal-style quality reweighting strategy is introduced. A weighting function
w(t) is used to reallocate each sample’s loss contribution as follows:

w(t) = (1-p(t)(1 - IoUr)'y + ﬁ(t)(lollr)'y (17)

In the equation: v is the focusing factor that controls the strength of reweighting.

For low-quality samples, IoU, is relatively small and (1-IoU,)" is relatively large. With
a small B(t) at the early stage of training, the weight w(t) is biased toward low-quality
samples. This increases their loss weights and gradient contributions, driving predicted
boxes to quickly converge toward the ground truth. As training proceeds, B(t) gradually
increases and the weight smoothly shifts from the low-quality term to the high-quality
term (IoU,)?, so that high-quality samples with larger loU, receive higher weights, further
strengthening boundary alignment and fine localization.

Finaly, the proposed SAMQ-EIoU regression loss is given by Equation (18):

Lsamo-efou = w(t) - [(1 = IoUy) + Lyis + Lasp] (18)

This design adjusts the IoU loss in the scaled domain through scale-factor annealing
and combines it with focal-style weighting for quality-guided gradient allocation. Con-
sequently, it promotes fine regression of high-quality predicted boxes while maintaining
training stability, thereby improving localization accuracy and robustness for power line
defects at high IoU thresholds.

3. Case Study
3.1. Data Preparation and Experimental Environment

The dataset in this study consists of two parts: one collected by our research group
using UAVs, and the other obtained from public online sources. In total, the dataset contains
6050 images covering six typical defect categories: insulator stringdrop, insulator breakage,
insulator flashover, damper defect, nest, and grading ring tilt. Representative samples are
shown in Figure 6.

To mitigate class imbalance and improve model generalization, multiple data aug-
mentation strategies are applied to categories with limited training samples, including
horizontal flipping, vertical flipping, random cropping, brightness transformation, ran-
dom rotation, and the addition of salt-and-pepper noise. After augmentation, the dataset
contains 6165 images. Figure 7 illustrates an example of data augmentation results.

This paper uses Labellmg to annotate defect bounding boxes, and the labels are saved
in TXT format. The numbers of labeled boxes for each category are shown in Figure 8.

https:/ /doi.org/10.3390/s26072112
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Figure 6. Representative samples of power line defect images.

- Horizontal flipping Vertical flipping Random cropping

Brightness transformation Random rotation  Salt and pepper noise
(a) (b)

Figure 7. Illustration of data augmentation results. (a) Original image; (b) Data augmentation.

4000 |- 3961 Before data augmentation
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378 2425 2435 2310
2000 | 201
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1000 | ﬁ H
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insulator insulator insulator ~damper . grading
nes
stringdrop breakage flashover  defect ring tilt

Figure 8. Numbers of labeled boxes for each category before and after data augmentation.

As can be seen from Figure 8, a total of 14,306 defect instances are annotated before
augmentation, and the class distribution becomes more balanced after augmentation,
reaching 14,927 defect instances.

Further, the dataset is split into the training, validation, and test sets at a ratio of 8:1:1,
corresponding to 4933 training images, 616 validation images, and 616 test images.

Moreover, our experimental environment and hyperparameter settings are listed in
Tables 1 and 2. All experiments are conducted under the same configuration.

https://doi.org/10.3390/s26072112
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Table 1. Experimental environment.

Item Specification
Operating system Windows 11
CPU 12th Gen Intel(R) Core(TM) i5-12490F
GPU NVIDIA GeForce RTX 4060
Python Python 3.8.20
CUDA 11.8

Table 2. Experimental hyperparameter settings.

Hyperparameter Value
Input image resolution 640 x 640
Epoch 300
Batch size 32
Optimizer SGD
Initial learning rate 0.01
Momentum 0.9

3.2. Evaluation Metrics

To evaluate detection accuracy, this paper uses precision (P), recall (R), average preci-
sion (AP), and mean average precision (mAP) as evaluation metrics. Their definitions are
given as follows:

Tp
P= 19
Tp + Fp (19)
Tp
R= 20
Tp + FN ( )
1
AP, = / P(R)dR @1)
0
1 N
mAP = =Y AD, (22)
N i=1

In the equations: Tp, Fp and Fy denote the numbers of true positives (predicted
positive and actually positive), false positives (predicted positive but actually negative),
and false negatives (predicted negative but actually positive), respectively; AP; denotes the
average precision of the i-th class; P(R) denotes the precision-recall curve; N denotes the
total number of classes in the dataset.

For the metric mAP, mAP@0.50 and mAP@0.50:0.95 are used to reflect detection
performance at different levels of localization accuracy. Specifically, mAP@0.50 denotes the
mAP at an IoU threshold of 0.50, while mAP@0.50:0.95 denotes the mean mAP averaged
over loU thresholds from 0.5 to 0.95 with a step size of 0.05, which provides a comprehensive
assessment of fine localization performance at high IoU thresholds.

To evaluate lightweight level, this paper adopts the number of parameters (Params),
floating-point operations (FLOPs) and frames per second (FPS) as metrics. Their formula-
tions are given as follows:

Params = K(cHW + 1) (23)
FLOPs = nhwcKHW (24)
FPS = Nframe/ Frotal (25)

In the equations: n denotes the number of input feature maps; h, w and c denote the
height, width and number of channels of the input feature map, respectively; K, H, and W
denote the number, height, and width of convolution kernels, respectively; N.,me denotes
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the total number of frames; t,, denotes the total time required for model preprocessing,
inference and post-processing.

Although the increase in Params and FLOPs can enhance model capacity, it comes
with higher computational cost, harder training, and greater overfitting risk.

3.3. Detection Results and Analysis

This section analyzes the detection results of the improved YOLOvS8n on the con-
structed dataset and compares them with those of the original YOLOv8n. The AP@0.50 for
each class and the overall mMAP@0.50 and mAP@0.50:0.95 are shown in Table 3.

Table 3. Comparison of detection accuracy between improved YOLOv8n and YOLOv8n.

AP@0.50/%

Model Insulator Insulator Insulator ~Damper . . Grading mAP@0.50/% mAP@0.50:0.95/%
Stringdrop  Breakage Flashover Defect Ring Tilt
YOLOv8n 83.7 749 82.5 97.9 99.1 90.5 88.3 56.6
Improved
YOLOVSn (Ours) 83.9 782 89.2 98.1 99.3 99.5 91.4 64.5

Predicted

As can be seen from Table 3, the improved YOLOv8n increases mAP@0.50 from 88.3%
to 91.4% (+3.1%) and mAP@0.50:0.95 from 56.6% to 64.5% (+7.9%). This indicates that
the proposed method enhances overall defect detection, and the improvement is more
substantial at higher IoU thresholds, reflecting stronger fine localization capability. At the
class level, the AP@0.50 for grading ring tilt improves by 9.0%, and insulator breakage and
insulator flashover improve by 3.3% and 6.7%, respectively. The remaining categories show
smaller gains, and an overall stable improvement trend is maintained.

Figure 9 presents the confusion matrices for the original and improved YOLOv8n
models. The results reveal higher diagonal and lower off-diagonal values for our model,
suggesting improved class discrimination.

1.0
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Figure 9. Comparison of confusion matrices between improved YOLOv8n and YOLOv8n.
(a) YOLOvVSn; (b) Improved YOLOVSn.

3.4. Ablation Experiment
3.4.1. Ablation Experiment on the Proposed Module

To verify the effectiveness of each module in the improved YOLOv8n, an ablation
experiment is conducted with the original YOLOv8n as the baseline. Under the same

training procedure, environment and hyperparameter settings, we adopt the control vari-
able method to sequentially add ADownPro, CSPPC, MLCA and SAMQ-EIoU loss. The
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contribution of each module to model performance is quantitatively evaluated. The results
of the ablation experiment are reported in Table 4.

Table 4. Results of the ablation experiment.

SAMOQO- P R mAP@ Params

YOLOv8n ADownPro CSPPC MLCA EloU /% 1% mAP@0.50/% 0.50:0.95/% M FLOPs/G  FPS
Vv 1 919 84.0 88.3 56.6 3.01 8.2 130.3

vV Vv 923 84.6 89.4 57.0 2.47 7.1 136.9

Vv Vv v 921 845 88.8 56.8 1.58 49 157.4

v v Vv 932 857 89.8 59.2 1.59 49 151.8

v v v v v 940 866 91.4 64.5 1.59 49 152.1

1,/ denotes that the corresponding module has been added.

As shown in Table 4, after introducing ADownPro into the baseline YOLOvV8n, the
Params decreases from 3.01 M to 2.47 M, the FLOPs decreases from 8.2 G to 7.1 G, and
the FPS increases from 130.3 to 136.9. Meanwhile, mAP@0.50 increases from 88.3% to
89.4%, and mAP@0.50:0.95 increases from 56.6% to 57.0%. These results indicate that
ADownPro can preserve key information of small defect targets and effectively reduce the
computational overhead during downsampling.

On this basis, after replacing the C2F modules with CSPPC, the Params drops substan-
tially to 1.58 M, the FLOPs is further reduced to 4.9 G, and the FPS further increases to 157.4,
while mAP@0.50 and mAP@0.50:0.95 change only slightly to 88.8% and 56.8%, respectively.
This indicates that the main role of CSPPC is to reduce redundant computation through
more efficient feature extraction.

After introducing MLCA, mAP@0.50 and mAP@0.50:0.95 increase to 89.8% and 59.2%,
respectively, while Params and FLOPs remain nearly unchanged. The FPS decreases slightly
from 157.4 to 151.8. This shows that MLCA can effectively enhance the model’s focus on
key regions with almost no additional computational cost, thereby compensating for the
possible loss of feature representation caused by the preceding CSPPC.

Finally, after introducing SAMQ-EIoU, mAP@0.50 increases from 89.8% to 91.4%, and
mAP@0.50:0.95 increases significantly from 59.2% to 64.5%. At the same time, the Params,
FLOPs and FPS remains almost unchanged. These results indicate that SAMQ-EIoU can
effectively optimize the bounding-box regression process at the loss-function level, especially
improving localization accuracy and bounding-box fitting quality under high IoU thresholds.

Overall, ADownPro and CSPPC mainly undertake the tasks of model lightweighting
and preservation of small-target features, MLCA mainly serves feature enhancement under
complex backgrounds, and SAMQ-EIoU mainly focuses on fine localization optimization
under high IoU thresholds. Therefore, these four modules complement each other in three
aspects, namely lightweight design, small-defect detection, and fine localization.

3.4.2. Ablation Experiment on Data Augmentation

To verify the influence of different data augmentation strategies on model detection
performance, we further conducted a data augmentation ablation study. Under the same
network structure, training strategy, experimental environment, and hyperparameter set-
tings, the detection performance under different augmentation combinations was compared
and analyzed.

Starting from the dataset without data augmentation (None), we gradually introduced
horizontal flipping (M1), vertical flipping (M2), random cropping (M3), brightness transfor-
mation (M4), random rotation (M5), and salt-and-pepper noise (M6). Under each setting,
mAP@0.50 and mAP@0.50:0.95 were recorded. The results are shown in Table 5.
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Table 5. Results of the data augmentation ablation experiment.
None M1 M2 M3 M4 M5 Meé mAP@0.50/%  mAP@0.50:0.95/%
vV 87.3 59.8
v v 87.8 60.4
J v J 88.9 61.8
Vv 4 Vv N4 90.4 62.5
Vi Vi Vv Vi 90.2 62.4
vV Vv vV vV Vv Vv 91.1 63.9
vV vV Vv Vv Vv Vv Vv 914 64.5

* \/ denotes that the corresponding module has been added.

As shown in Table 5, compared with the setting without data augmentation, the overall
detection performance of the model improved after introducing augmentation strategies.
Although mAP@0.50 and mAP@0.50:0.95 showed slight fluctuations during the gradual
introduction of different augmentation methods, the model achieved the best detection
performance under the complete augmentation strategy. This indicates that the effects of
different augmentation methods on model performance are not exactly the same, but a
reasonable combination of multiple augmentation strategies can effectively improve the
overall detection capability of the model. Since different augmentation methods have differ-
ent working mechanisms, their combined use can improve the training sample distribution
from multiple aspects, thereby leading to more stable performance gains.

3.5. Comparative Experiment

To validate the superiority of the proposed method, comparative experiments are con-
ducted on the constructed power line defect dataset. The compared methods include sev-
eral mainstream object detectors, namely Faster R-CNN, YOLOv5n, YOLOv8n, YOLOvSs,
YOLOvV10n, and YOLOv11n, as well as the recently proposed lightweight defect detection
methods YOLOv8n-DSN [16] and IDD-YOLO [19].

3.5.1. Comparative Experiment Results

To ensure fairness, all models were trained and evaluated under the same training
procedure, environment and hyperparameter settings. The experimental environment and
hyperparameter settings are given in Tables 1 and 2 in Section 3.1, respectively. For the
YOLO-series methods, except for the hyperparameters listed in Table 2, the remaining
structure-related settings follow the official default configurations. For Faster R-CNN,
the backbone is set to ResNet-50-FPN, the RPN fg IoU threshold is 0.7, the RPN bg IoU
threshold is 0.3, the RPN batch size per image is 256, the RPN positive fraction is 0.5, the
box_fg_iou_thresh is 0.5, the box_bg_iou_thresh is 0.5, the box_positive_fraction is 0.25,
and the box_batch_size_per_image is 512.

The results of comparative experiments are reported in Table 6.

Table 6. Results of comparative experiments.

Model P/% R/% mAP@0.50/% mAP@0.50:0.95/% Params/M  FLOPs/G FPS

Faster R-CNN 88.2 79.3 83.6 51.9 41.46 109.0 11.7
YOLOv5n 89.3 80.9 86.4 53.5 1.77 4.2 109.1
YOLOv8n 91.9 84.0 88.3 56.6 3.01 8.2 130.3
YOLOvS8s 92.9 86.3 90.2 61.8 11.11 28.5 52.6
YOLOv10n 90.0 80.5 85.4 53.2 2.70 8.4 107.9
YOLOv1ln 90.1 81.8 87.5 54.6 2.58 6.4 127.3
YOLOv8n-DSN 93.4 86.0 90.8 63.3 2.59 6.6 144.6
IDD-YOLO 93.1 85.1 90.6 59.7 2.85 5.1 113.2
Improved YOLOv8n (Ours)  94.0 86.6 914 64.5 1.59 49 152.1
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As shown in Table 6, in terms of detection accuracy, the improved YOLOv8n achieves
the best performance among all compared methods, reaching 91.4% mAP@0.50 and
64.5% mAP@0.50:0.95. Compared with YOLOv10n and YOLOv11n, the proposed method
improves mAP@0.50 by 6.0% and 3.9%, respectively, and improves mAP@0.50:0.95 by 11.3%
and 9.9%, respectively. Compared with the recently proposed YOLOv8n-DSN and IDD-
YOLO, the proposed method still improves mAP@0.50 by 0.6% and 0.8%, respectively, and
mAP@0.50:0.95 by 1.2% and 4.8%, respectively. These results indicate that, in power-line
defect detection scenarios characterized by both complex backgrounds and small targets,
the proposed method has more obvious comprehensive advantages in both defect detection
capability and fine localization capability.

In terms of lightweight performance, the proposed method has only 1.59 M Params
and 4.9 G FLOPs, which are significantly lower than those of the other models. Compared
with YOLOvVS8n, the Params is reduced by 1.42 M and the FLOPs are reduced by 3.3 G.
Even compared with the latest lightweight methods YOLOv8n-DSN and IDD-YOLO, the
proposed method still reduces the Params by 1.00 M and 1.26 M, respectively, and reduces
the FLOPs by 1.7 G and 0.2 G, respectively. These results demonstrate that the proposed
model is able to achieve better detection performance with lower parameter count and
computational overhead. Besides, the proposed method achieves 152.1 FPS, which is the
highest among all compared methods.

To conclude, the improved YOLOvS8n achieves a better balance between accuracy and
lightweight design, and can better meet the practical requirements of power transmission
and distribution line defect detection due to inference speed.

3.5.2. Robustness and Stability Analysis

To further verify the robustness and stability of the experimental results, under the
same training procedure, environment, and hyperparameter settings, each compared
method was trained independently five times, and the mAP@0.50 and mAP@0.50:0.95 on
the validation set were recorded. The distributions of the repeated experimental results are
shown in Figure 10.
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Figure 10. Distributions of the repeated experimental results.
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As shown in Figure 10, the proposed method achieves the highest median values
for both mAP@0.50 and mAP@0.50:0.95, while also showing a relatively small variation
range. The standard deviations over the five runs are only 0.20 and 0.22, respectively. These
results indicate that the proposed method not only achieves better detection accuracy, but
also shows good stability across multiple independent training runs. In contrast, although
some compared models can obtain relatively high metrics in a single run, their median
values are clearly lower than those of the proposed method. This further verifies the overall
advantage of the proposed method in both detection performance and result robustness.

3.5.3. Convergence Curves and Detection Results

Figure 11 shows training convergence curves of P, R, mAP@0.50 and mAP@0.50:0.95
on the validation set for the proposed model and the compared methods. P curves fluctuate
noticeably at the early stage and become stable in the middle and late periods. Our
proposed model is located above the curve group, indicating stronger suppression of false
detections for defect targets under complex backgrounds. In the R curve, the proposed
model maintains a higher recall level across most epochs, suggesting more complete
defect detection with fewer missed cases. For the mAP@0.50 and mAP@0.50:0.95 curve,
the proposed model not only has a higher upper limit of convergence, but also shows a
more obvious advantage on mAP@0.50:0.95, reflecting improved bounding-box regression
quality and fine localization capability at higher IoU thresholds.
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Figure 11. Training convergence curves of P, R, mAP@0.50 and mAP@0.50:0.95 for the improved
YOLOV8n and the compared models.

Figure 12 presents the detection results of the improved YOLOvS8n and the compared
models. In general, Faster R-CNN and some lightweight models are more prone to missed
detections and false positives, and their predicted boxes show more noticeable localization
offsets. For example, in damper defect and nest scenes with forest backgrounds, back-
ground textures and line structures interfere with each other, causing some models to
produce redundant boxes or fail to fully cover the target regions. In contrast, our improved
YOLOv8n delivers more stable performance across categories. It detects small defects more
reliably, and its predicted boxes align more closely with object contours. Redundant boxes
are reduced, and confidence scores are more consistent. In particular, for slender-structure
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targets such as insulator breakage and insulator flashover, as well as confusing cases such as
grading ring tilt, the improved model more accurately localizes key regions and suppresses
background interference, demonstrating stronger fine localization capability.

insulator insulator insulator grading ring
. damper defect nest
stringdrop breakage flashover

Original

Faster
R-CNN

insulator breakage 0.76

YOLOv5n - NPT

YOLOv8n

YOLOvS8s

YOLOv10n

YOLOv1ln

YOLOvS8n
-DSN

IDD-YOLO

Improved
YOLOV8n

Figure 12. Detection results of the improved YOLOv8n and the compared models.
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3.6. Visualization Analysis

To visually compare how different attention mechanisms focus on feature regions, we
replace MLCA in the improved model with SE, ECA and CBAM, respectively. A model
without any attention mechanism (None) is also included for reference. Figure 13 presents
heatmaps for 6 defect categories under different attention settings.

None

Figure 13. Heatmap comparison of different attention mechanisms.

As shown in Figure 13, the attention regions of None are relatively scattered and easily
disturbed by complex backgrounds such as towers and vegetation. SE and ECA improve
the focus on defect regions by optimizing the channel weight allocation, but their attention
is still insufficiently concentrated in small-scale defect cases such as damper defect and
grading ring tilt. CBAM combines channel and spatial attention and localizes defect regions
more accurately. However, in highly cluttered scenes such as nest, part of the attention may
still be assigned to non-target areas.

In contrast, MLCA shows more stable focusing behavior across defect categories. Its
hot regions more concentratedly cover the defect core and key structures, while responses
to surrounding backgrounds are more strongly suppressed. Heatmaps show that the target
areas are brighter and the background areas are darker. These observations indicate that, by
integrating local and global information and jointly modeling channel and spatial attention,
MLCA helps to highlight the defect features in complex backgrounds and reduce irrele-
vant interference, thereby improving the stability and robustness of defect discrimination
across scales.
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3.7. Cross-Dataset Evaluation

To further verify the generalization ability of the proposed model, cross-dataset eval-
uation was conducted on the publicly available UPID [28] and SFID [6] datasets. Both
datasets were constructed for power-insulator defect detection, where UPID corresponds
to clear-weather scenes and SFID corresponds to foggy scenes. To ensure a fair comparison,
the experimental settings on the public datasets were kept consistent with those used on our
dataset, including the same experimental environment and hyperparameter configurations.
The results of cross-dataset evaluation are presented in Table 7.

Table 7. Results of cross-dataset evaluation.

Model UPID SFID
ode mAP@0.50/%  mAP@0.50:0.95/%  mAP@0.50/%  mAP@0.50:0.95/%

Faster R-CNN 925 75.6 98.3 80.0
YOLOvV5n 94.2 76.5 98.7 80.9
YOLOvS8n 95.3 78.3 99.0 82.6
YOLOvS8s 96.4 81.3 99.2 85.5
YOLOv10n 93.6 76.4 98.6 80.7
YOLOv1ln 94.8 77.2 98.9 81.5
YOLOv8n-DSN 96.7 82.2 994 86.3
IDD-YOLO 96.6 82.0 994 86.1
Improved YOLOvV8n (Ours) 97.1 82.9 99.3 87.0

As shown in Table 7, on the UPID dataset, our improved algorithm achieves 97.1%
mAP@0.50 and 82.9% mAP@0.50:0.95, both of which are the best among all compared
methods. Compared with the baseline YOLOv8n, mAP@0.50 and mAP@0.50:0.95 are
improved by 1.8% and 4.6%, respectively. Compared with YOLOv8n-DSN and IDD-
YOLO, the proposed method still improves mAP@0.50 by 0.4% and 0.5%, and improves
mAP@0.50:0.95 by 0.7% and 0.9%, respectively. On the SFID dataset, the proposed method
also achieves excellent results, with 99.3% mAP@0.50 and 87.0% mAP@0.50:0.95. Since
SFID is a foggy-scene dataset further constructed on the basis of UPID, these results
indicate that the proposed method still maintains strong robustness under low-visibility
conditions, complex backgrounds, and synthetic fog environments, while exhibiting more
stable localization performance, especially under higher IoU thresholds.

4. Discussion

From the perspective of engineering application, the significance of the proposed
method is not limited to improving the performance metrics of a single detection model, but
also lies in its potential to be embedded into the UAV-based transmission and distribution
line inspection workflow. Afanaseva and Tulyakov [29] pointed out that an information
and control system for the condition monitoring of transmission and distribution lines is a
multi-stage and systematic engineering process. It should include requirement analysis,
architecture design, data acquisition, data processing and analysis, data visualization, as
well as system testing and implementation, and it may adopt a modular architecture or
service-oriented architecture to organize databases, communication systems, analytical
algorithms, and visualization tools.

From this system perspective, the improved YOLOvS8n defect detection algorithm
proposed in this paper can be embedded into a UAV-based power line monitoring system,
as shown in Figure 14:
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Figure 14. Application framework of the proposed method in a UAV-based power line monitor-
ing system.

Specifically, the UAV-based power line monitoring system consists of six connected stages:

(1) In the Data Acquisition Layer, UAVs equipped with visible-light imaging devices
are used to inspect and collect images of the transmission and distribution lines and their
key components.

(2) In the Data Transmission and Access Layer, the collected image data are transmitted
through wireless communication links to edge-computing nodes or back-end servers, where
data access and basic preprocessing are completed.

(3) In the Analysis Layer, the improved YOLOv8n model proposed in this paper is
used to detect and classify defect targets in the images, and outputs information such as
defect location, category, and confidence score.

(4) In the Result Storage Layer, the detection results are converted into structured
information that can support operation and maintenance (O&M) management, such as
defect category, confidence score, corresponding line section, tower number, equipment
position, and inspection time, and are then written into the monitoring database in a
unified format.

(5) In the Platform Visualization and Alert Layer, the information stored in the database
can be visualized through web-based or mobile platforms, forming defect lists, inspection
reports, annotated image results, and historical inspection records. The monitoring platform
can not only provide defect alarms, but also link with historical inspection records and
equipment archives to support maintenance personnel in formulating repair plans and
reinspection strategies.

(6) In the O&M Decision Layer, O&M personnel use the collected data and the outputs
displayed by the visualization interface to conduct defect verification, severity assess-
ment, and maintenance-priority ranking, and then formulate scientific and reasonable
maintenance plans.

The framework shown in Figure 14 also reflects a closed-loop O&M process. New
inspection data and manual verification results accumulated on the platform can be fed back
to the model training stage for sample supplementation, model updating, and algorithm
optimization, thereby forming a closed-loop workflow. Such a closed-loop design is
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also more consistent with the practical needs of long-term operation and continuous
optimization in transmission and distribution line monitoring systems.

In summary, Figure 14 illustrates the potential deployment framework of our proposed
method in a UAV-based transmission and distribution line inspection system, namely,
as an intelligent recognition and analysis module that works collaboratively with front-
end perception, data transmission, platform visualization, and back-end decision-support
modules. Therefore, the proposed work has potential applicability in real digital monitoring
scenarios for transmission and distribution lines.

5. Conclusions

This paper proposes a lightweight power line defect detection model based on an
improved YOLOv8n. Through case analysis, the following conclusions are obtained:

1.  For the network structure, in the downsampling stage, the ADownPro module is
designed to strengthen feature interaction while reducing computational cost. In the
feature extraction stage, the CSPPC module is introduced to replace part of the C2F
modules, reducing redundant computation and enhancing feature representation. In
the detection head, the MLCA attention mechanism is embedded to combine channel-
spatial and local-global information, thereby improving the focusing ability of defect
regions under complex backgrounds.

2. For the optimization objective, the SAMQ-EIoU loss function is proposed. By inte-
grating an iso-center scale transformation, scale-factor annealing, and a focal-style
quality reweighting strategy, the training process gradually shifts from coarse align-
ment to fine localization, thereby strengthening bounding-box regression at high
IoU thresholds.

3. Through comparison with existing methods, the proposed method achieves superior
detection accuracy and model lightweightness. It attains 91.4% mAP@0.50 and 64.5%
mAP@0.50:0.95, while reducing the parameters and FLOPs to 1.59 M and 4.9 G, respec-
tively. In addition, the cross-dataset evaluation on the public UPID and SFID datasets
further verify the robustness and generalization ability of the proposed method under
different data distributions and weather conditions. These results indicate strong po-
tential for UAV-based inspection of power transmission and distribution lines under
limited computational resources.

It should be noted that the algorithm proposed in this paper has not yet been deployed
and verified on real-edge devices, and further research will be conducted in this regard.
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