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Abstract: To address issues in outdoor power facility detection such as strong environmental
interference, large variations in target scale, and slender structures being easily obscured by the
background, this paper reconstructs a power facility detection dataset and proposes an improved
framework for outdoor power facility detection based on YOLOvlin. The proposed method
systematically redesigns the network architecture and feature modeling approach in terms of multi-scale
feature modeling, orientation-aware modeling for slender targets, and robust feature modeling under
complex backgrounds. In particular, the feature modeling strategy for handling complex background
interference is further enhanced. Experimental results demonstrate that the proposed method
significantly outperforms the baseline model on the self-constructed power facility dataset, with
mAP@0.5 and mAP@0.5:0.95 increased by 4.3% and 10.3%, respectively. Meanwhile, it achieves
comparable performance to YOLOvI In on several public datasets, demonstrating strong generalization
capability and providing solid evidence that the proposed architecture can more effectively accomplish
intelligent detection of outdoor power facilities.
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1. Introduction

With the rapid development of China’s economy, the scale of the power system has been continuously
expanding, yet some early-stage facilities have entered an “aging” phase, resulting in weakened resilience.
The security of power facilities is also an important component of national strategic security'!]. Prolonged
exposure to the natural environment accelerates hardware aging and corrosion, making operation and
maintenance increasingly difficult. If such hidden hazards trigger accidents, they could lead to significant
economic losses and casualties [/, posing a severe threat to national and societal security. In the face of
these challenges, it is particularly urgent and important to introduce efficient visual monitoring
technologies for real-time inspection and hazard detection of power infrastructure.

Regarding research on power facility detection, numerous studies have been conducted. Traditional
algorithms and machine learning methods include using Scale Invariant Feature Transform (SIFT) for
feature extraction and support vector machines (SVM) for classification and recognition of power
equipment !, converting sound signals into images for subsequent recognition [, and employing multi-
task sparse representation-based methods for power equipment image recognition 1.

In today’s intelligent inspection of outdoor power equipment, methods that integrate multimodal data,
such as multimodal approaches, 3D point clouds [®7], and LiDAR ™, have gained significant attention.
Reference P proposed an efficient method for extracting 3D targets of transmission facilities from UAV-
acquired point cloud data. Reference ' introduced a segmentation method for substation LiDAR point
clouds based on point neighborhood structures, while reference ['!! presented a substation equipment
recognition approach combining plane detection and point cloud registration. Considering the high cost
and deployment difficulties of 3D point clouds and LiDAR, as well as the susceptibility of traditional
machine vision algorithms to false positives, deep learning techniques—with their low cost and strong
feature extraction capabilities—have gradually emerged as the mainstream choice in current object
detection research.
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Deep learning-based object detection can be mainly divided into two categories: two-stage algorithms
represented by R-CNN [121 and Fast R-CNN [31 which offer high accuracy but are computationally
intensive and thus challenging for real-time applications on mobile devices; and single-stage algorithms
represented by the YOLO series 415 and SSD ['®l, which are simpler and easier to deploy but often
suffer from limited native accuracy when dealing with dense occlusions and large scale variations in
outdoor power facilities.

Research on power equipment recognition using deep learning has become a hotspot in the field.
Zhou et al. ') proposed a power equipment image recognition method using a dual-channel
convolutional neural network (DC-CNN) combined with a random forest (RF) classifier, but the
inference speed was limited by the classifier’s performance. Xu et al. ['® integrated Long Short-Term
Memory (LSTM) networks into the Faster R-CNN framework for power equipment detection, which,
however, further increased model parameters and computational burden. Hao et al. ['! compared
YOLOv3 and Faster R-CNN for high-voltage transmission tower detection and evaluated their
performance under various metrics, revealing the shortcomings of early YOLO versions in localization
accuracy. Wu et al. 2% improved YOLOV5 to address the challenge of small-object recognition in
complex substation scenes by introducing deformable convolution modules into the backbone network
and replacing PANet with a simple and effective BiFPN structure in the neck. Wang et al. ! enhanced
the YOLOv5m model by adding a dynamic head module to unify scale awareness, spatial awareness,
and task awareness in the detection head and proposed a novel NWD-ClIoU loss function. However, these
improvements often trade inference speed for increased accuracy. Yang et al. 2! modified YOLOv7 for
insulator defect detection under extreme weather.

Despite these optimizations, existing methods still lack robustness when faced with severe multi-
view scale variations, high target-background integration, or extreme weather conditions such as heavy
rain or snow. To address these challenges, this study first constructs and augments a power facility dataset
with rain and snow-enhanced samples to mitigate the lack of extreme weather data. Based on the
lightweight YOLOvl11n as a baseline, we propose an improved framework for outdoor power facility
detection with the following systematic strategies:

= To suppress strong interference from complex backgrounds such as trees and buildings, multi-scale
cross-attention (MCA) 31 is deeply integrated into the feature extraction network, forming the
C3k2_MCA structure, whose multi-scale channel interaction effectively reduces background noise.

= To address the challenges of extracting features from transmission towers and other equipment with
varying shapes and scales, the C2PSA structure is reconstructed using deformable large kernel attention
(D-LKA) 4, enhancing adaptability to geometric deformations under different viewpoints.

= To improve edge information capture for slender targets such as utility poles, we propose a modified
scheme that combines standard deviation pooling with a stochastic dual-stream strategy, reconstructing
the Monte Carlo attention (MCA(ttn) [>*) mechanism to significantly enhance sensitivity to high-frequency
features of elongated structures.

= To improve localization convergence in complex scenes, the WloU v3 29 loss function is employed
with its dynamic non-monotonic focusing mechanism to optimize bounding box regression, effectively
balancing gradient contributions from samples of different quality and thereby improving detection
accuracy

2. YOLOv11

YOLOVI1 is the latest computer vision model released by Ultralytics in 2024. It represents an
architectural upgrade based on YOLOVS and supports multiple tasks, including object detection and
instance segmentation. Its network architecture, shown in Figure 1, continues the end-to-end single-stage
detection paradigm, completing localization and classification simultancously within a unified
framework:
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Figure 1: YOLOvII network model.

Compared with its predecessors, YOLOvV11 introduces the following optimizations: (1) replacing the
C2f module in the backbone with the C3k2 module to enhance feature extraction while maintaining a
lightweight design; (2) retaining the SPPF module for efficient multi-scale feature aggregation; (3)
introducing the C2PSA module to improve attention to key regions; and (4) optimizing the Neck
connections to reduce memory usage and accelerate inference. Overall, YOLOv11 achieves higher
detection accuracy and better generalization performance through architectural reconstruction while
reducing the number of parameters.

3. Improved YOLOVv11 Algorithm
3.1. MCA Module

For outdoor scenarios, where power facilities such as transmission towers and power lines often
exhibit large scale variations and prominent elongated geometries, this study introduces the Multi-Scale
Cross-Axis Attention (MCA) mechanism to enhance the networks perception of spatial structures. Unlike
traditional axial attention, which is limited to a single dimension, the MCA strategy constructs a dual-
parallel architecture to aggregate contextual features along both horizontal and vertical directions,
effectively capturing global dependencies. The mechanism employs two sets of directional strip
convolutions (1xk convolution for the horizontal path and kx1 convolution for the vertical path) to adapt
to the diverse extension directions of power facilities and extract morphological details across different
receptive fields. The overall architecture of the module is shown in Figure 2.
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Figure 2: The overall architecture of the MCA module.
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For a given feature map x e R, multi-scale strip convolutions are employed for encoding, and
the formulation is as follows:

F_=Conv,, (z > ,ConvlD; (Norm(F))) 1)

Here, ConviD; denotes the strip one-dimensional convolution applied along the x-axis, Norm
represents layer normalization, and £, is the resulting output. The convolution kernels are set to
different widths, such as 7, 11, and 22, to capture multi-scale features. Similarly, ¥, can be computed

using the same approach. For the upper branch, the cross-attention between F, and F, is calculated
to obtain £ , which is formulated as follows:

F, = Attention (F,,F,, F,) )

Here, Attention represents the multi-head cross-axis attention computed along the x-axis, while the
lower branch applies a similar computation along the y-axis to obtain F,. The final output feature is
given by the sum of the two:

F,

out

= Conv,,(F)) + Conv,,, (F,) 3)

This multi-scale cross-axis design endows the model with strong feature modeling capability. On the
one hand, multi-scale convolutions jointly capture local textures and global semantics, mitigating the
issue of slender targets being overwhelmed by complex backgrounds. On the other hand, the bidirectional
cross-attention mechanism establishes robust spatial correlations, enabling the model to more flexibly
handle power facilities with clear directional characteristics. To efficiently adapt this mechanism to
outdoor power facility detection, an embedded fusion strategy is adopted in this study to deeply
reconstruct the original C3k2 feature extraction unit in YOLOvV11, resulting in the proposed C3k2 MCA
structure. Through this tightly integrated feature fusion approach, the structure reduces input channel
redundancy and maintains computational efficiency while significantly enhancing the model’s sensitivity
to slender targets such as transmission towers, thereby achieving high-precision detection in complex
outdoor environments.

3.2. D-LKA Module

To address the severe scale variations and background interference in outdoor power facility detection,
this study introduces the Deformable Large Kernel Attention (D-LKA) mechanism, which fundamentally
combines the broad receptive field of large-kernel convolutions with the geometric adaptability of
deformable convolutions. To achieve “deformable” perception, D-LKA breaks through the fixed grid
limitation of standard convolution by introducing learnable offsets. This mechanism employs lightweight
convolutions to dynamically predict the spatial offsets of sampling points in the (x) and (y) directions,
and obtains the shifted feature values through bilinear interpolation. Such an adaptive sampling strategy
enables the convolution kernel to flexibly adjust its shape, thereby closely fitting the physical structures
of irregular targets such as transmission towers. On this basis, D-LKA adopts a combination of depthwise
separable convolution (DW-Conv) and depthwise separable dilated convolution to efficiently construct
a large receptive field.

The parameter count and computational complexity of D-LKA are calculated as follows. For a two-
dimensional input, the kernel size of the depthwise separable convolution is given by:

DW =(2d -1)x(2d -1) 4)
The number of parameters is given by:
KT s
P(K,d)=C( =~ | +(2d -1’ +3+ 0O
¢ )
The number of floating-point operations is given by:

F(K,d)=P(K,d)x HxW 6)

The D-LKA module structure integrates residual connections to ensure effective feature propagation.
Its computation is formulated as follows:
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=D - LKA- Attn(LN(x,))) + x,, 7
=MLP(LN(x))) + x, (8)
MLP = Conv,(GeLU (Conv,(Conv,(x)))) ©9)

Here, x, represents the input features, LN denotes layer normalization, D-LKA-Attn is the
deformable large kernel attention, Convd corresponds to the depthwise convolution, Conv, is the linear
layer, and GeLU represents the activation function. The 2D implementation is illustrated in Figure 3:
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Figure 3: 2D data-Based D-LKA network architecture.

To address the original model’s limited capability in perceiving large-scale targets in power facility
recognition tasks, this study specifically reconstructs the C2PSA unit in YOLOVI11, resulting in the
C2PSA_DLKA structure. The original C2PSA unit is constrained by fixed convolution sizes, making it
difficult to capture long-range dependencies. By embedding the D-LKA mechanism, the effective
receptive field is significantly expanded through the advantages of large kernels, enabling the network
to capture richer environmental context. At the same time, leveraging the adaptive sampling
characteristics of deformable convolutions, the network can flexibly adjust its attention regions according
to the actual shapes of targets such as transmission towers, thereby achieving more precise feature
focusing and recognition in complex outdoor scenarios.

3.3. MCAttn Module and Its Improvement

Traditional attention mechanisms, such as the SE method "), have limited capability for cross-scale
feature interaction and often struggle to meet the fine-grained detection requirements of very small-scale
power facilities in outdoor scenarios. The Monte Carlo Attention (MCAttn) mechanism draws inspiration
from Monte Carlo integration and uses a random sampling strategy to approximate the global attention
distribution while maintaining computational efficiency.

In the MCAttn module, the attention generation process is based on a randomly sampled pooling
strategy to obtain an attention map that is robust to variations in input feature scales. The method first
aggregates features across three different pooled tensors and then randomly selects one 1x1 attention
map as the final scale-invariant attention representation. Given an input tensor, the computation of the
attention map x is as follows:
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A,(x) =Y B (x,i) f(x,i)
=l (10)

Here, 4,(x) denotes the output attention map, i represents the size of the attention map, f(x.i) is
the average pooling function, and » indicates the number of pooled output tensors. F(x.i) satisfies

n

conditions 2 A(.)=1 and [[R(x)=0 to generate the attention map.Its basic architecture is shown in

1

i=1 i

Figure 4:

Figure 4: The working architecture of the MCAttn module.

However, directly applying this original design to power facility detection reveals significant
shortcomings. On the one hand, the average pooling operation at its core tends to “smooth out” slender
features such as power lines amidst large background noise. On the other hand, the original random pixel
shuffle disrupts the critical geometric continuity of targets like transmission lines. Therefore, this study
reconstructs the MCAttn module and proposes a dual-stream improved architecture incorporating
standard deviation awareness. The detailed improvement process is illustrated in Figure 5:

Global AvgPool Global StdPool
Conv 1x1 Conv 1x1
Sigmoid Sigmoid

Weight Avg Weight Std

Stochastic Switch

(1)Only Weight Avg
(2)Only Weight Std Weight Avg + Weight Std
(3)Weight Avg + Weught Std

Fusion

Output
Tensor

New McAttn Process

Figure 5: Flowchart of the improved MCAttn module.
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First, to preserve the complete spatial structure of power facilities, we discarded the destructive
random pixel shuffle used in the original mechanism. More importantly, to address the challenge that
“thin lines are prone to disappearing” this study constructs a dual-stream parallel pathway based on
“mean-standard deviation”: while retaining the original mean branch to perceive the overall background
distribution, an additional global standard deviation pooling branch is introduced. Because pixel values
along the edges of power lines and insulators fluctuate sharply compared to the relatively flat background,
standard deviation statistics can sensitively capture these high-frequency edge signals, thereby effectively
“extracting” small targets from complex backgrounds.

This improved design not only preserves the lightweight advantage of the original mechanism,
making it suitable for deployment on edge devices such as UAVs, but also fundamentally compensates
for its shortcomings in maintaining the geometric integrity of slender targets. Experiments show that after
integrating this improved architecture, the model achieves significantly enhanced robustness and
accuracy in detecting small-scale power facilities under conditions of drastic illumination changes and
complex outdoor backgrounds.

3.4. WloU v3 Loss Function

In constructing datasets for outdoor power facility detection, the training set inevitably contains a
certain proportion of low-quality samples—such as tower bases with blurred boundaries or insulators
occluded by power lines—due to motion blur from UAV imaging, tree occlusions, and subjective
annotation biases. Traditional object detection regression losses, such as CloU and SloU, typically
employ static weighting strategies, which tend to overemphasize these difficult-to-regress low-quality
samples. This can generate harmful gradient interference that misguides the model’s convergence and
simultaneously suppresses feature learning from high-quality samples.

To address this, this study introduces WIloU v3 (Wise-IoU v3) as an optimization strategy for
bounding box regression. The core of this approach lies in its dynamic non-monotonic focusing
mechanism, designed to intelligently evaluate anchor quality and allocate gradient gains in a more
balanced and effective manner.

The basic IoU is defined as follows: given a predicted bounding box B, and a ground-truth box 3.,
their intersection over union is:

_18,N3,]
1B, V5| (11
The total loss of WIoU v3 is defined as:
Ly =% Ly, (12)

Here, (r) denotes the dynamic regression weight, which adjusts the contribution of different samples
during training. The weight is computed as follows:
B
r= W (13)
Here, £ is the outlier degree metric used to evaluate the quality of the anchor box, and ¢ and &
are key hyperparameters that control the distribution of gradient gains.

In this study, the dynamic focusing parameters are set to «=1.9 and ¢=3. This configuration
constructs a robust “non-monotonic” gradient gain curve: it maintains strong attention to high-quality
samples to improve regression accuracy while allowing the gradient gains of low-quality samples (e.g.,
blurred or anomalously annotated instances) to decay rapidly. This mechanism aligns well with the
heterogeneous quality of outdoor power facility datasets, effectively blocking harmful gradient
propagation from low-quality data and ensuring that the model focuses on extracting geometric features
from valid samples. As a result, it significantly enhances detection performance and convergence stability
in complex background scenarios.
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4. Experiments
4.1. Dataset

Based on multiple power facility-related data sources, this study constructs a dataset for power facility
detection. The original dataset contains a total of 1,242 images, covering typical targets such as
transmission towers, utility poles, and insulators under different scenarios, shooting angles, and scale
variations. To address the issue of inconsistent and non-standard annotations in the original data that are
not fully suitable for object detection tasks, all images were re-annotated in a unified format, forming the
base power facility dataset.

To enhance scene diversity under complex weather and environmental conditions, 228 additional
images of rainy scenes were synthesized based on the original samples, resulting in a base dataset of
1,470 images. On this basis, various data augmentation strategies were applied to further expand the
dataset, including horizontal and vertical flipping, center cropping and scaling, random brightness
adjustment, random contrast adjustment, and Gaussian noise injection. These six augmentation methods
effectively enriched the sample distribution across different viewpoints and environmental conditions.
After augmentation, the dataset size increased from 1,470 to 8,820 images. Finally, the dataset was split
into training, validation, and test sets in an 7:1:2 ratio for subsequent model training and performance
evaluation. Examples of the dataset images are shown in Figure 6:

Figure 6: Sample images from the dataset.

4.2. Experimental Environment and Parameter Configuration

4.2.1. Experimental Environment Configuration

This experiment was conducted on the Windows 11 operating system. The detailed hardware
configuration is shown in the Table1 below:

Table 1: Experimental environment configuration.

Parameters Configuration
CPU i7-13700H
GPU NIVIDIA RTX 4060 8GB
Operating System Windows11 64
Deep Learing Framework Pytorch2.0.0
Python 3.8.0
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4.2.2. Experimental Parameter Configuration

This experiment uses the following parameters: (1) epochs: the total number of training iterations; (2)
batch: the number of samples used to compute gradients for each parameter update; (3) imgsz: the input
image size; (4) workers: the number of threads used for data loading; (5) device: the device specified for
training/inference, where 0 indicates a single GPU; (6) optimizer: the type of optimizer used for
parameter updates; and (7) 1rO: the initial learning rate at the start of training.

The detailed experimental parameter settings are shown in the Table2 below:

Table 2: Experimental parameter configuration.

Parameters Settings
Epochs 120
batch 16
imgsz 640

workers 10
device 0
optimizer SGD
1r0 0.01

4.3. Model Evaluation Metrics

To verify the effectiveness and stability of the model, the trained model was evaluated in terms of
performance. By adopting multiple commonly used evaluation metrics, the overall performance of the
model was quantitatively analyzed from aspects such as detection accuracy, prediction consistency, and
recognition performance across different object categories. The specific evaluation metrics are as follows:

= Mean Average Precision (mAP): mAP is the most commonly used comprehensive performance
metric in object detection, measuring the overall detection accuracy of the model across all categories. It
reflects the model’s predictive capability under different evaluation criteria. There are two standards for
mAP: mAP@0.5 and mAP@0.5:0.95. mAP@0.5 indicates that a detection is considered correct when
the overlap (IoU) between the predicted box and the ground-truth box exceeds 50%. In contrast,
mAP@0.5:0.95 represents the average mAP over IoU thresholds ranging from 0.5 to 0.95, providing a
more comprehensive assessment of detection accuracy.

= Precision: Precision reflects the reliability of the model’s predictions, indicating the proportion of
true positive samples among all samples predicted as positive. It is calculated as follows:

TP

Precision =—————
TP+ FP (14)

= Recall: Recall measures the model’s detection capability, indicating the proportion of true positive
samples correctly identified by the model among all actual positive samples. It is calculated as follows:

TP
TP+ FN (15)

Recall =

= F1-Score: The F1-Score is the harmonic mean of precision and recall, used to balance the trade-off
between the two. By using the harmonic mean, it reflects the model’s overall performance in both
accurately identifying positive samples and completely detecting all positive samples. The F1-Score is
more sensitive to low values; when either precision or recall is low, the F1-Score decreases significantly.
Therefore, it effectively represents the model’s balance between these two dimensions. It is calculated as
follows:

_ 2x Precisionx Recall

F1
Precision + Recall (16)

4.4. Training Process Visualization

To analyze the convergence behavior and stability of the proposed model during training, its
performance variations throughout the training process were visualized and recorded. During training,
the changes in key performance indicators were continuously monitored and plotted against the training
epochs, as shown in Figure 7. This visualization provides a dynamic perspective on the model’s feature
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learning, gradient updating, and overall convergence process, offering an intuitive reference for
subsequent performance analysis.

train/box_loss train/cls_loss train/dfl_loss metrics/precision(B) metrics/recall(B)
301 a —e— results | 4.0 M
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Figure 7: Curves of the model s performance metrics over training epochs during the training process
4.5. Ablation Study

In object detection tasks, improvements in model performance arise from the synergistic operation of
various modules. To investigate the specific impact of each proposed improvement on the performance
of the YOLOv11n model, a series of ablation studies were designed and conducted. By selectively adding
or removing different components based on the baseline model, the effects of each module on the model’s
performance metrics can be explicitly analyzed. The detailed experimental results are shown in Table 3:

Table 3: Results of the ablation experiment.

mAP50-
Base | C3k2 MCA | MCAtn | C2PSA_DLKA mA/I:/iO@ 9/(()’/@ /f;) /&, i/l
0

v 91.8 63.8 | 924 | 826 | 872
v v 93.3 664 | 92.7 | 802 | 86.0
v v 94.8 692 | 933 | 83.9 | 884
v v 92.7 67.7 | 922 | 833 | 875
v v v 94.9 707 | 943 | 875 | 90.8
v v v 93.4 67.9 | 91.1 | 856 | 883
v v v 94.5 705 | 93.9 | 872 | 893
v v v v 96.1 741 | 938 | 91.9 | 92.8

As shown in the table, the baseline model already achieved high detection performance on the power
facility dataset, with mAP50 and mAP50-90 reaching 91.8% and 63.8%, respectively. Upon introducing
the C3k2 MCA module, both metrics improved by 1.5% and 2.6%, indicating that enhanced multi-scale
feature interaction contributes significantly to higher detection accuracy. The individual addition of the
MCAttn module yielded even more substantial gains, with mAP50 rising to 94.8%, particularly effective
in reducing missed detections in complex scenarios.

The synergy between these modules is evident when they are combined. The integration of
C3k2 MCA and MCAttn further boosted the mAP50-90 to 70.7%. Ultimately, incorporating all proposed
improvements—C3k2 MCA, MCAttn, and C2PSA DLKA—resulted in the best overall performance.
The mAP50 and mAP50-90 rose to 96.1% and 74.1%, respectively, while the Recall (R) saw a significant
increase from 82.6% to 91.9%. These results demonstrate that the structural enhancements complement
each other effectively, significantly improving power facility detection performance and robustness while
maintaining high model efficiency.
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4.6. Comparison Experiments

In the comparison experiments, relevant analyses were conducted by comparing different methods’
models with the improved model proposed in this study. Several versions of object detection models were
selected for evaluation to reveal their performance differences in the power facility detection task and to
analyze their applicability and advantages. The detailed experimental results are presented in Table 4:

Table 4: Results of the method comparison experiment.

mAPS0@ | mAP50-90@ P R Fl
Methodology 1% % 1% 1% 1%
YOLOV3-tiny 93.4 69.8 941 89.1 915
YOLOV6 932 70.0 91.0 873 89.1
YOLOvSn 95.0 735 93.9 9.5 92.2
YOLOVOL 94.7 724 90.6 93.1 918
YOLOvIOn 9.4 70.9 83.6 86.4 85.0
SSD TE 66.5 87.4 832 853
Ours 9.1 74.1 938 91.9 92.8

As shown in the table, the proposed method achieves the best performance across all key metrics,
with mAP50 and mAP50-90 reaching 96.1% and 74.1%, respectively. It maintains a well-balanced
precision and recall (93.8% and 91.9%), indicating a significant advantage in detecting power facilities
under multi-scale variations and complex background conditions. Among the comparison models,
YOLOv8n and YOLOvV9t demonstrate strong competitiveness, with YOLOv8n achieving the second-
best mAP50 of 95.0%. YOLOv3-tiny and YOLOV®6 also perform respectably, both maintaining mAP50
scores above 93%.

In contrast, SSD performs significantly worse than the YOLO series across all metrics, with an
mAPS50 of only 88.3%, highlighting its limited adaptability to the intricate requirements of outdoor power
facility detection tasks. These results further validate that our proposed structural enhancements lead to
superior feature extraction and localization capabilities.

4.7. Visualization Analysis

To intuitively demonstrate the performance superiority of the proposed method in outdoor power
facility detection, a comparative visual analysis was conducted involving the baseline model and our
improved model. To evaluate the detection capabilities across diverse and challenging environments,
three representative images were selected from the dataset for visualization. The comparison results are
illustrated in Figure 8:

(a) (b) (©)

Figure 8: Comparison of results. (a) Oringal Image, (b) YOLOvIIn, (c) Ours.
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4.8. Validation on public datasets

To evaluate generalization ability, experiments were conducted on the KITTI and VisDrone datasets
compared with YOLOvl11n, and the results are shown in Table 5. The results show that the proposed
method achieves performance comparable to the baseline on KITTI, and slightly improves mAP@0.5,
precision, and recall on VisDrone while maintaining the same mAP@0.5:0.95. Although optimized for
outdoor power facility detection, the method still maintains performance comparable to YOLOv11ln on
public datasets, demonstrating good generalization capability.

Table 5: Results of different datasets.

mAP5S0@ mAP50-90@ P R F1

Dataset Models 1% 1% 1% % 1%
YOLOvl1In 84.2 57.3 89.7 77.9 83.4
KITTI Ours 83.8 56.5 88.5 77.2 82.5
VisDrone YOLOvl1In 23.3 12.1 33.0 25.3 28.7
Ours 23.9 12.1 35.2 25.8 29.8

5. Conclusions

This study addresses key challenges in outdoor power facility detection, such as strong environmental
interference, large variations in target scale, and slender structures being easily obscured by the
background. A reconstructed and augmented power facility detection dataset was developed, and an
improved YOLOv11n-based detection framework was proposed. By systematically enhancing feature
modeling and network architecture, the proposed method demonstrates notable advantages in multi-scale
feature modeling, orientation-aware detection of elongated targets, and robust feature extraction under
complex backgrounds. Experimental results show that the proposed approach significantly outperforms
the baseline model on the self-constructed dataset and maintains comparable performance to YOLOv11n
on several public datasets, validating its effectiveness and strong generalization capability. Overall, the
improved framework provides a high-precision, real-time solution for detecting outdoor power facilities,
offering a practical tool for intelligent inspection and safety assurance in power systems.
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