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Abstract

With the expansion of high-voltage power grids and the increase of environmental
complexity, obstacle detection on high-voltage lines has become an important task to en-
sure the safety of power systems. Traditional methods rely on manual feature extraction,
which is difficult to deal with complex environments. Although deep learning meth-
ods improve the detection accuracy, the demand for computing resources is too high to
meet the requirements of real-time and lightweight. To this end, this paper proposed
an ultra-lightweight High-Voltage Line Obstacle detection model HVLO-YOLO. To
achieve a better balance between detection accuracy and computational cost, three spe-
cialized lightweight modules are introduced: (1) a CSP-Partial Convolution with Four-
Group module that enhances feature extraction efficiency by selectively applying partial
convolution and multi-branch group strategies; (2) a Partial Convolution DownSampler
module that preserves critical information during spatial resolution reduction through
a dual-branch design combining max-pooling and partial convolution; and (3) a Partial
Convolution Detection Head module that focuses computational resources on key feature
regions through selective lightweight aggregation. These modules collaboratively reduce
computational burden, minimize parameter count, and enhance obstacle detection accu-
racy under complex environments. Extensive experiments conducted on two benchmark
datasets demonstrate that HVLO-YOLO achieves competitive detection accuracy while
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significantly reducing model complexity compared to state-of-the-art models. Our code
is publicly available at https://github.com/JEFfersusu/HVLO-YOLO.

1 Introduction

The safe and stable operation of high-voltage power grids is critical for modern society. As
the power network expands and the surrounding environments become increasingly com-
plex, high-voltage lines, serving as key infrastructure for energy transmission, face growing
risks from external obstacles such as birds, flying debris, drones, and trees [9, 11]. These
obstacles not only threaten the continuous supply of electricity but can also trigger severe
safety accidents, posing significant risks to public security. Therefore, efficient and real-time
obstacle detection on high-voltage lines, particularly through video surveillance and drone
imagery, has become an urgent necessity for the power industry.

While traditional obstacle detection methods based on hand-crafted features have achieved
satisfactory results in simple scenes, they often struggle in complex backgrounds, failing to
generalize to the diverse and dynamic environments encountered by high-voltage lines [21].
The emergence of deep learning methods, capable of automatically extracting multi-level
features, has significantly improved detection performance [1, 2, 8, 22]. However, these
methods usually involve deep architectures with high computational requirements, which
are difficult to achieve efficient detection requirements. Thus, achieving lightweight and
accurate high-voltage line obstacle detection thus remains a pressing research challenge.

Current research efforts in high-voltage line obstacle detection can be broadly catego-
rized based on their primary strategies for addressing key challenges such as input qual-
ity enhancement, feature representation improvement, data diversity expansion, and model
efficiency optimization. Specifically, they can be grouped into four major technical ap-
proaches: (1) Image preprocessing methods [12, 18], which enhance input quality through
techniques like denoising, edge detection, and contrast adjustment. While mitigating en-
vironmental noise from lighting and weather conditions, these methods rely on low-level
information manipulation and struggle to generalize across complex, diverse scenarios. (2)
Transformer-based detection methods [23], which model global context to overcome local
feature limitations, significantly improving robustness against background clutter and vary-
ing object scales. However, their high computational and memory demands make real-time
or resource-limited applications challenging. (3) Synthetic data generation methods [4, 29],
which expand training diversity by simulating high-fidelity obstacle scenarios, thereby en-
hancing model generalization. Yet, domain gaps between synthetic and real-world distribu-
tions often limit detection performance in practice. (4) Hybrid lightweight models [26, 31],
which combine strategies such as lightweight backbone design, noise reduction, and efficient
feature aggregation to balance accuracy and efficiency, though aggressive simplification may
still compromise detection precision.

Overall, although each existing technical line contributes to advancing obstacle detec-
tion, several fundamental challenges remain unresolved. Specifically, existing methods com-
monly suffer from: (1) overly complex backbone networks with redundant computations, (2)
inefficient downsampling structures that lead to feature degradation, and (3) detection heads
with high computational overhead that impede real-time detection. These bottlenecks col-
lectively hinder the achievement of highly accurate and efficient obstacle detection under
practical resource constraints.

To address these challenges, this paper proposes HVLO-YOLO, an ultra-lightweight
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object detection framework specifically tailored for high-voltage line obstacle scenarios.
HVLO-YOLO introduces three novel modules: (1) the CSP-Partial Convolution with Four
Group (CP4) module, which enhances feature extraction under lightweight conditions through
partial and group convolutions; (2) the Partial Convolution DownSampler (PDown) module,
which achieves efficient downsampling via parallel branches while preserving semantic in-
formation; and (3) the Partial Convolution Detection Head (PDetect) module, a selective
lightweight detection head that reduces computational burden without sacrificing detection
accuracy. Each component directly targets the bottlenecks identified in previous methods,
ensuring a balanced trade-off between model efficiency and detection precision.

In addition to mainstream YOLO-based methods, prior works such as ShuffleNet [14]
and GhostNet [13] have explored similar efficiency strategies through channel shuffling,
group convolution, and ghost feature generation. Compared to these, our proposed CP4
module introduces recursive partial convolution [5] with group-based selective processing,
enabling progressive feature enrichment under strict computational budgets. Unlike Ghost
modules that synthesize features using linear operations, CP4 leverages spatial convolutional
context while minimizing redundancy. Similarly, while PDown and PDetect also follow
divide-and-conquer principles, they are specifically designed to address the unique needs of
spatial resolution and localized detection under real-time constraints.

The overall contributions of this paper are as follows:

» To enhance feature extraction under strict efficiency constraints, we propose the CP4
module, which integrates Partial Convolution with a FourGroup strategy for better
lightweight representation.

¢ The PDown module adopts a parallel path design to accelerate downsampling, effec-
tively feature preservation and computational efficiency.

* For the detection head, we design PDetect, a streamlined yet powerful structure that
maintains high detection accuracy while significantly lowering resource consumption.

» Comprehensive experiments on both the High-Voltage Line Obstacle dataset and COCO
validate HVLO-YOLO’s real-time performance and robust generalization across dif-
ferent scenarios.

2 Method

This section presents the architecture of HVLO-YOLO and details the design of its three core
lightweight modules: CP4, PDown, and PDetect. HVLO-YOLO follows a classic three-stage
object detection pipeline, i.e., Backbone for feature extraction, Neck for multi-scale feature
fusion, and Head for prediction, where each stage is equipped with a specialized lightweight
module to address specific challenges. Specifically, CP4 enhances efficient feature extraction
under resource constraints, PDown preserves critical semantic information during downsam-
pling, and PDetect enables precise and lightweight object prediction. The overall framework
is illustrated in Figure 1.

2.1 CSP-Partial Convolution with FourGroup (CP4) Module

Efficient feature extraction is critical for lightweight detectors. Conventional convolutional
backbones either excessively reduce model parameters at the expense of feature richness
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Figure 1: Overall framework of HVLO-YOLO. CP4 enhances feature extraction in Back-
bone and Neck, PDown enables efficient downsampling in Backbone and Neck, and PDetect
improves lightweight detection in Head, achieving accurate high-voltage obstacle detection
with low computational cost.

or rely on heavy modules that burden computational cost. To address this trade-off, we pro-
pose CP4, aiming to maximize feature diversity while maintaining lightweight characteristics
through a selective and recursive convolution mechanism.

As illustrated in Figure 1, given an input feature map X € RE*#*W CP4 first evenly
divides it into four groups: one group XM s processed by a 3 x 3 convolution to enhance
local spatial information, while the other three groups X XG) X are directly preserved.
The outputs are concatenated and passed through a 1 x 1 convolution for feature fusion:

Y() — W, x Concat (w3 x X('),X(2)7X<3>,X(4)). (1)

where W3 and W/ denote the 3 x 3 and 1 X 1 convolutional kernels, respectively. To further
enhance the feature hierarchy, CP4 recursively applies a split-selective convolution mecha-
nism at each iteration ¢ > 2:

YO = W » Concat (Y<’*‘>, SplitConv (Y(H))) , @)

where SplitConv(-) denotes a selective split-and-convolve operation that divides the input
feature map into multiple channel groups, applies convolution to a subset of them, and pre-
serves the rest through identity mapping. The outputs are then concatenated along the chan-
nel dimension.

Through recursive partial processing and multi-branch fusion, CP4 progressively en-
riches semantic features at different scales while keeping the number of parameters and
operations low. This design ensures that the Backbone maintains both efficiency and repre-
sentational power, providing a solid foundation for downstream detection tasks in resource-
constrained environments.

2.2 Partial Convolution DownSampler (PDown) Module

Downsampling plays a vital role in reducing feature map resolution and expanding receptive
fields. However, independent conventional downsampling methods such as max pooling or
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strided convolution often cause severe semantic information loss, especially harming small
object detection and degrading feature integrity. To alleviate this, we design PDown to per-
form resolution reduction while preserving critical semantic details through a dual-branch
selective processing mechanism.
Given the input feature map X, PDown first applies average pooling to obtain a smooth
expression version:
Xavg = AvgPool(X). 3)

Two parallel paths are then constructed: The first path performs max pooling followed by
partial convolution:

Ypant = Wi x Concat (W3 x xﬁl)xfﬁ)) : @)

where Xjax = MaxPool(X,ye). The second path applies partial convolution directly to the
average-pooled features:

Ypan2 = Wi x Concat (W3 x XL X2 ) . (5)
Finally, outputs from the two paths are concatenated:
Y = Concat (Ypani, Ypat2) - (6)

By combining global contextual smoothing and localized strong responses through dual-
path selective processing, PDown effectively maintains semantic richness while achieving
efficient downsampling. This design mitigates feature degradation during spatial resolution
reduction, enabling better information flow into subsequent detection stages.

2.3 Partial Convolution Detection Head (PDetect) Module

The detection head is critical for precise localization and classification. However, tradi-
tional dense prediction heads often involve heavy convolutional operations. These opera-
tions increase computational cost and hinder deployment in resource-constrained environ-
ments. Moreover, uniformly processing all spatial regions ignores the fact that only a small
portion of regions are crucial for detection. To tackle this, we propose PDetect, a selective
lightweight head that focuses computational resources on important regions while reducing
redundant processing.

Given an input feature map X, PDetect first splits it into multiple branches: (1) The top
and bottom branches apply lightweight 3 x 3 convolutions to efficiently enhance key features.
(2)The middle branches are passed through via identity mapping to save computation. Each
local aggregation is computed as:

v

local

| = Concat (w3 wx X0 X+ x(+2) ) : 7
All branches are then concatenated and fused via a convolution to produce the final output:

Y — W, x Concat (Y“> y® ) (8)

local® *local”* " *

By selectively applying convolution to key regions and preserving others through iden-
tity mapping, PDetect drastically reduces computational burden while maintaining detection
accuracy. This design enables HVLO-YOLO to achieve real-time object detection under
strict resource constraints without compromising precision.
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2.4 Loss Function

For bounding box regression, we use the Complete IoU (CloU) loss [30]:

2 gt
p~ (b,b) _av)’

Loy =1- (IoU - ©

where p(-) is the Euclidean distance between box centers, and ¢ is the diagonal length of the
minimum enclosing box. The aspect ratio term v and its weight ¢ are:

* (arctan ™ arctan i o Y (10)
= — | arctan — — arctan — =
- het n) o (1—IoU) +v’

where (w, ) and (w8 h&") denote the predicted and ground-truth box sizes.
For classification, we apply the cross-entropy loss [16]:

C
Les = _Zyilog(yi)a (11
=1

L

where C is the number of classes, y; is the one-hot label, and ; is the predicted probability.

3 Experiments

In this section, a brief overview of the experimental datasets and setup is first provided. Next,
experimental results and analyses will be introduced in turn.

3.1 Datasets

The High-Voltage Line Obstacle Dataset contains approximately 1300 images annotated
with precise bounding boxes. The obstacles are categorized into four types: nests, kites,
garbage, and balloons. The dataset maintains a consistent training/testing split across all cat-
egories and provides sufficient diversity to support effective model training and evaluation.

COCO [10] dataset is a key computer vision benchmark widely used for the training and
validation of object detection models. The dataset provides more than 200,000 meticulously
annotated images, divided into training sets, validation sets, and test sets, covering 80 object
classes and more than 250,000 object instances.

3.2 Experimental Setup

Experiments were conducted on a Windows 11 system with a single NVIDIA RTX 3080 Ti
GPU. PyTorch 2.0.1 with CUDA 11.8 and Python 3.8 were used. All models were trained un-
der identical settings with images resized to 640x640x 3, a batch size of 8, and 300 epochs.

To comprehensively evaluate the detection performance of the proposed HVLO-YOLO
model for high-voltage line obstacle scenarios, comparative experiments were conducted
against a series of advanced object detection models, these include YOLOvS8-n [7], YOLOVS-
s, YOLOv8-m, YOLOV9-t [25], YOLOV9-s, YOLOV9-m, YOLOv10-n [24], YOLOV10-s,

https://aistudio.baidu.com/datasetdetail/223069
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YOLOvV10-m, YOLOv10-b, YOLOvV10-1, YOLOvV10-x, RT-DETR-1 [28], RT-DETR-x, RT-
DETR-ResNet50, and RT-DETR-ResNet101.

In these evaluations, four core detection metrics were adopted: precision (P), recall (R),
mAPS50, and mAP50:95 [20]. To assess the model’s efficiency, the number of parameters
(Params), floating point operations (FLOPs), and model size were also measured.

3.3 Experimental Results and Discussion

In order to verify the superior performance of the HVLO-YOLO object detection model
proposed in this paper, a series of validations were conducted on the above two datasets, and
several evaluation metrics mentioned above were used for evaluation and analyses.

Specifically, this section first conducts a comparison experiment with the proposed model
HVLO-YOLO, proving the superiority and high efficiency of the proposed model. Then
the results of the proposed model are evaluated, including the analysis of model recognition
results analysis and confusion matrix. Then the universal version of the HVLO-YOLO model
is verified on the COCO dataset. Finally, the effectiveness of the three lightweight modules
proposed in this paper is verified by ablation study.

3.3.1 Performance Analysis

As shown in Table 1, the proposed HVLO-YOLO achieves a mAP50 of 89.9% and mAP50:95
of 67.6%, while maintaining an extremely lightweight design with only 1.0M parameters, 2.3
GFLOPs, and a model size of 2.2 MB.

Compared with the YOLOVS series, HVLO-YOLO achieves higher mAP than YOLOv8
series, while using less than one-third the parameters and significantly fewer FLOPs. For
instance, HVLO-YOLO requires only 2.3 GFLOPs, compared to 8.1 GFLOPs for YOLOvS-
n and 28.4 GFLOPs for YOLOVS-s, making it much more suitable for real-time applications
on resource-constrained devices.

Table 1: Detailed comparative results of the contrast experiments. Red font represents base-
line models. The rise and fall of the metric is compared to the best baseline models. The
bolded values in each column represent the best performance.

Model P(%) R(%) mAP50(%) mAP50:95(%) Params(M) FLOPs(G) Model Size (MB)
YOLOVS-1 957 766 846 63.1 30 8.1 63
YOLOVS-s 90.1 815 86.8 65.2 11.13 284 225
YOLOVS-m 927 780 85.1 65.4 25.84 78.7 52.0
YOLOV9-t 970 775 88.4 67.1 2.0 7.6 47
YOLOV9-s 9.9 806 88.4 70.2 6.0 20.8 12.9
YOLOV9-m 9.6 820 88.8 70.8 20.0 76.5 40.8
YOLOV10-n 847 771 82.8 62.8 27 82 5.8
YOLOV10-s 904 807 85.3 67.2 73 212 15.1

YOLOV10-m 89.0  78.7 86.2 67.6 157 59.5 319
YOLOV10-b 912 830 88.2 70.9 19.6 93.6 39.8
YOLOV10-1 951 778 87.4 69.6 249 122.0 50.6
YOLOV10-x 971 803 89.8 715 316 169.8 64.1
RT-DETR-1 885 859 87.3 69.7 32.0 103.4 66.2
RT-DETR-x 9.5 779 84.5 66.8 65.5 2225 1354
RT-DETR-ResNet50 | 91.9 849 87.4 69.6 419 125.6 86.0
RT-DETR-ResNet10l | 92.0  84.1 85.1 69.4 60.9 186.2 1242
917 829 89.9 676 1.0 23 22
HVLO-YOLO (ours) 54 415 405

When compared with YOLOvV9 and YOLOv10, HVLO-YOLO offers a compelling bal-
ance between performance and efficiency. It outperforms YOLOvV9-t and YOLOv10-n in


Citation
Citation
{Zhao, Lv, Xu, Wei, Wang, Dang, Liu, and Chen} 2024

Citation
Citation
{Sapkota, Flores-Calero, Qureshi, Badgujar, Nepal, Poulose, Zeno, Vaddevolu, Khan, Shoman, Yan, and Karkee} 2025


8 PAN ET AL: HVLO-YOLO

mAPS50, while using fewer parameters and lower FLOPs. Notably, compared to the state-of-
the-art real-time model YOLOv10-x, HVLO-YOLO achieves a comparable mAP50 (89.9%
vs. 89.8%), but with 31.6 times fewer parameters and 73.8 times fewer FLOPs.

These results highlight that HVLO-YOLO, through its integrated lightweight compo-
nents, CP4 for efficient feature extraction, PDown for fast downsampling, and PDetect for
streamlined prediction, achieves excellent detection accuracy with ultra-low computational
cost, making it well-suited for real-time high-voltage line obstacle detection in real-world,
resource-limited scenarios.

0

Figure 2: Comparison with the detection results of the baseline models.

As shown in Figure 2, the detection results comparison highlights the superiority of the
proposed HVLO-YOLO model over YOLOv9-t and YOLOv10-n. Across various challeng-
ing scenarios, such as dense power lines, background clutter, and object occlusion, HVLO-
YOLO consistently produces more accurate and complete bounding boxes, while signifi-
cantly reducing false detections and missed objects. This improvement is attributed to the
CP4 module’s ability to enhance feature representation under lightweight constraints, the
PDown module’s effective multi-path downsampling that preserves critical information, and
the PDetect module’s selective convolution design that focuses computational effort on im-
portant regions. Together, these modules enable HVLO-YOLO to maintain high detection
precision and robustness even in complex and noisy environments.
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Figure 3: Comparison with the confusion matrix of the baseline models. From left to right
are YOLOvV9-t, YOLOv10-n and our model.

As shown in Figure 3, compared to YOLOV9-t and YOLOvV10-n, our model achieves
higher accuracy across most categories, especially for "balloon" (0.94) and "trash" (0.73),
while significantly reducing misclassifications such as confusing "kite" with "trash". Overall,
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it demonstrates more balanced and robust performance in distinguishing between similar and
background classes.

3.3.2 Universal Object Detection Experiment

In order to validate the performance of our proposed ultra-lightweight model HVLO-YOLO
for generic object detection, this paper compared it with advanced and popular lightweight
models on COCO, and the results are shown in the above Table 2.

Table 2: Detailed comparison of models for universal object detection.

Model mAP50 (%) mAP 50:95(%) Params (M) Model Size (MB)
NanoDet-m [19] 36.5 21.6 0.95 1.8
YOLO-Fastest-1.1-x1 [6] 354 20.8 0.93 3.7
YOLOV4-t [3] 38.0 232 6.1 232
MobileDets [27] 42.8 28.1 4.9 13.8
Mobile-ViT-SSDLite [17] 41.1 26.3 2.7 6.3
FastestDet [15] 284 14.6 0.3 1.2
YOLOVS-n [7] 49.1 28.4 1.9 39
YOLOvV8-n [7] 51.9 37.3 3.2 6.2
YOLOVY-t [25] 52.2 38.3 2.0 4.4
YOLOvV10-n [24] 53.2 38.5 23 5.7
HVLO-YOLO (ours) 39.3 25.5 1.0 2.3

The results show that the HVLO-YOLO model achieves 39.3% mAP50 and 25.5%
mAP50:95. Compared with other popular ultralight models, such as NanoDet-m, YOLO-
Fastest-1.1-x1, and MobileDets, the HVLO-YOLO model demonstrates not only superior
mAP performance but also notable advantages in terms of model size and parameter ef-
ficiency. Specifically, it requires only 1.0M parameters and has a compact model size of
2.3MB, highlighting its efficiency in comparison to other models. This excellent balance of
performance and efficiency makes the HVLO-YOLO model an ideal choice for resource-
constrained environments that require fast and accurate object detection.

3.3.3 Ablation Study

In this ablation study, we evaluated the specific impact of the three core modules, i.e., CP4,
PDown, and PDetect, on the object detection model’s performance, both individually and in
various combinations. By analyzing key metrics such as precision, recall, and mAP (mAP50
and mAP50:95) at different IoU thresholds, the results are shown in Table 3.

Table 3: Detailed results of ablation study. The baseline model is YOLOv8-n.

CP4 PDown PDetect | P(%) R (%) mAP50(%) mAP50:95(%) Params(M) FLOPs(G) Model Size (MB)
95.7 76.6 84.6 63.1 3.0 8.1 6.3
v 97.2 82.8 87.0 67.1 2.12 59 45
v v 89.6 82.3 89.1 65.6 1.04 2.6 2.3
v v 98.4 80.2 84.6 64.6 1.54 33 33
v 94.4 83.1 88.5 69.4 2.47 7.1 52
v v 92.8 80.6 88.1 66.5 1.89 44 4.0
v 96.7 77.9 86.2 66.1 242 5.5 5.1
v v v 91.7 82.9 89.9 67.6 1.0 23 2.2

The ablation study reveals distinct contributions from each module. The baseline YOLOv8-
n achieves solid performance, but with higher complexity. Introducing CP4 alone signif-
icantly enhances precision and mAP while reducing parameters, showing its strength in
feature extraction. Adding PDown to CP4 further improves mAP50 to 89.1% with major
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efficiency gains, though precision drops slightly. Combining CP4 + PDetect yields the high-
est precision, indicating PDetect’s role in precise localization, despite lower recall. PDown
alone achieves the best recall and highest mAP50:95, excelling in scale-aware detection.
PDown + PDetect maintains solid overall accuracy, balancing recall and precision. PDetect
alone boosts precision but lags in recall and mAP. Ultimately, the full combination of CP4
+ PDown + PDetect delivers the best trade-off, achieving 89.9% mAP50 with only 1.0M
parameters and 2.2MB model size, demonstrating strong performance and compactness.

3.3.4 Error Analysis

During the experiment, although the HVLO-YOLO model showed good performance in the
detection of high-voltage line obstacles, it still had some limitations. Firstly, the interfer-
ence of complex background will have a certain impact on the detection effect, the model is
prone to false detection or missed detection. Secondly, despite the multi-scale feature fusion
strategy, the detection ability of small objects at long distances still needs to be further im-
proved. The class imbalance problem in the dataset also affects the detection effect of some
categories, resulting in the model’s high detection accuracy for "bird’s nest" obstacles, but
its detection performance for "garbage" and "balloon" obstacles is slightly weak. Finally, the
model is not robust enough under extreme lighting or weather conditions, and the accuracy
of object detection is reduced under complex lighting conditions.

4 Conclusion

This paper proposed HVLO-YOLO model, an ultra-lightweight object detection framework
for efficiently detecting obstacles on high-voltage lines. By introducing three specialized
lightweight modules, i.e., CP4, PDown, and PDetect, the proposed model achieves signif-
icant computational reduction while maintaining high detection accuracy. Specifically, the
CP4 module enhances feature extraction efficiency through partial convolution and Four-
Group parallelization, effectively capturing multi-scale features with minimal computation.
The PDown module employs a dual-branch downsampling strategy that combines max pool-
ing and partial convolution to preserve key feature information during resolution reduction.
Meanwhile, the PDetect module selectively aggregates important spatial features in the de-
tection head, focusing computational resources on critical regions and improving detection
precision without increasing model size. Experimental results show that HVLO-YOLO is su-
perior to the existing models in terms of detection performance and computational efficiency,
and is suitable for real-time, resource-constrained high-voltage line obstacle detection appli-
cations. Furthermore, the generalized obstacle detection task on the COCO dataset shows
a significant reduction in model size and computational complexity while maintaining high
mAP values.

Despite its efficiency, HVLO-YOLO still faces challenges in handling complex textures
and tiny objects, mainly due to its fixed partial convolution design. Future work will explore
adaptive partial convolutions and dynamic feature selection to improve robustness. Addi-
tionally, the limited dataset size restricts generalizability. Evaluating the model on larger,
real-world datasets will be essential to validate its scalability and reliability.
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