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Abstract

This study aims to develop a real-time safety equipment detection and multi-object tracking framework for
power grid construction scenarios. To this end, a dedicated dataset, E-hat, is constructed by combining a public
safety helmet dataset with newly collected images from real-world power grid construction environments. Based on
a pretrained lightweight you only look once version (YOLOv11n) detector, this paper introduces scenario-oriented
input enhancement strategies, including hue-saturation-value (HSV) perturbation, Mosaic augmentation, and Mixup
augmentation, to improve robustness under complex lighting, dense background interference, and partial occlusion.
In addition, the detector is integrated with the BoT-SORT algorithm to form a detection-tracking-warning pipeline
for continuous worker monitoring, hazardous area intrusion recognition, and unsafe behavior warning. Experimental
results show that the proposed system achieves 92.7% precision, 93.4% mAP@0.5, and 183 frames per second (FPS)

on the E-hat dataset. Real-world video tests further demonstrate multiple object tracking accuracy (MOTA) values

up to 97.71%, demonstrating its practical potential in power safety management.
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1. Introduction

In power production and construction, worker safety is a fundamental requirement for safety management. Power grid
companies generally require all personnel to wear personal protective equipment (PPE) properly when entering substations,
power grid construction scenarios, and other operation sites. This requirement is closely related to the characteristics of power
operation environments, where workers may be exposed to falling objects, electrical discharges, complex personnel mobility,
and other hazards. As the most basic PPE, safety helmets can mitigate the impact of falling objects and reduce the risk of head

injuries in accidents [1-2].

In complex power operational scenarios, dense equipment layouts, high-altitude operations, and severe environmental
interference further increase safety risks. According to public statistics, 54 power safety accidents and 54 casualties were
reported nationwide in 2019; falls from heights and electrical shocks were among the major causes, with many cases involving
failure to wear or improper use of safety equipment [2-3]. In practical operations, protective gear frequently undergoes
accidental dislodgement, temporary unmonitored removal, or remains undetected in multi-person collaborative scenarios.
Therefore, real-time detection and warning of unsafe wearing behaviors are of great significance for reducing accidents and

improving on-site safety management.

Traditional manual inspection is commonly adopted for safety equipment detection, exhibiting obvious drawbacks,

including insufficient inspection coverage, response delays, and high manual misdetection rates [4]. With the rapid
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development of computer vision, object detection has become an important technical means for intelligent safety monitoring.
Compared with manual inspection, vision-based methods are more efficient and adaptable to complex environments, especially

under changing illumination, partial occlusion, and other challenging conditions in a power scenario [4-5].

Among object detection methods, two-stage detectors typically provide high accuracy by first generating candidate
regions and then refining them, but they incur high computational costs. Such methods have been applied to safety equipment
detection, including region-based convolutional neural networks (R-CNN) and Fast R-CNN [6-7]. Chen et al. [8] improved
Faster R-CNN for power construction sites by introducing Retinex image enhancement and K-means++-based anchor
generation, which enhances robustness to lighting variations and improves small-object detection performance. Related work
also addresses the error accumulation problem caused by detecting pedestrians first and then the safety equipment [9]. These
studies demonstrate the feasibility of deep learning-based safety monitoring, but their computational burden limits real-time

deployment in practical power environments.

To better balance accuracy and efficiency, researchers have increasingly adopted one-stage detectors represented by the
you only look once (YOLO) series [8, 10-11]. These methods directly predict object categories and locations from input images,
making them more suitable for real-time applications. Existing studies have applied YOLO-based models to safety helmet
detection in different scenarios. For example, Zhou et al. [12] modified YOLOV5 for a two-class safety equipment detection
task and improved both speed and accuracy. Tan et al. [13] enhanced YOLOV5 by increasing the detection scale and replacing
conventional non-maximum suppression with distance-iou non-maximum suppression (DIoU-NMS), thereby improving
detection accuracy and real-time performance. Jiang et al. [14] proposed an improved YOLOv8n-based self-inspection
algorithm for field operation scenarios. Their study mainly emphasized small-target real-time detection and the lightweight
deployment potential of the model on edge computing devices, thereby providing technical support for practical on-site

operation monitoring.

Additionally, Lin et al. [15] improved YOLOVS8 by introducing a slim-neck structure, coordinate attention, a small-object
detection layer, and mosaic augmentation to strengthen robustness in complex backgrounds. Furthermore, YOLO11 provides
improved architecture and training strategies while maintaining a favorable balance between accuracy and efficiency for real-
time vision tasks [16]. Although these studies demonstrate the feasibility of deep learning-based helmet detection, most of
them focus on frame-level detection only. These works offer limited consideration of continuous worker tracking, hazardous
area intrusion warning, and scenario adaptation to power grid construction environments. Moreover, many existing studies
focus on generic construction or industrial settings rather than highly specific power operation scenarios characterized by dense

equipment layout, strong reflection, complex backgrounds, and strict real-time monitoring requirements.

Besides detection, multi-object tracking is also essential for safety management in real video scenes. This is because on-
site safety supervision involves not only identifying workers and their equipment in single frames but also tracking their
trajectories continuously over time [17]. Traditional tracking methods, including color-based, template-matching, and feature-
point-based approaches, each has specific advantages but is often sensitive to illumination changes, deformation, or occlusion.
Deep learning-based tracking methods have improved robustness and generalization, but they also require efficient detector
support in practical deployment. In power grid construction sites, workers may enter hazardous areas or perform unsafe actions,
and these behaviors cannot be fully captured by frame-level detection alone. Therefore, integrating a real-time detector with a
reliable multi-object tracking algorithm is necessary for continuous worker monitoring and timely warning in practical safety

scenarios.

To further clarify the position of the present study relative to representative prior work, a concise comparison is provided
in Table 1, which is specifically designed to serve as a literature-level comparison to clarify the scope of this research against

these benchmarks.
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Table 1 Key differences between representative prior studies and the present study

. . . . Key difference from the
Study Technical emphasis Scene type Tracking | Warning present study
. YOLOV8+DeepSQRT General Generic PPE tracking, not
Mahadi personal protective . - . .2
) . PPE/construction Yes Limited power-grid-specific
etal. [1] | equipment (PPE) tracking monitorin monitorin
and detection g g
Chen et Improved Faster R-CNN Power No No Detector-level improvement
al. [8] for helmet detection construction site for frame-level detection
Zhou et Lightweight YOLOV5 General/limited Efficient frame-level helmet
- No No :
al. [12] helmet detection scene detection
Tanetal. | Improved YOLOV5 with Gen_eral_ Focus on detector accuracy
construction/indus No No
[13] DloU-NMS : and speed
trial scenes
Linetal. Improved YOLOV8 ina Generic complex- Robust frame-level helmet
background No No -
[15] complex background detection
scenes
Pretrained YOLOVLAN _ Scenarlo—o_rlented d_etectlon—
. L Power grid tracking-warning
Present with scenario-oriented . . )
. construction Yes Yes framework with dedicated
study input enhancement and : id-rel q
BoT-SORT integration scenarios power-grid-relevant data
and engineering validation

As shown in Table 1, representative prior studies mainly focus on detector-level optimization for frame-level helmet
detection under general construction, industrial, or limited scenario settings. In contrast, the present study targets a power-grid-
specific safety-monitoring scenario characterized by dense equipment layout, strong reflection, complex backgrounds, and
stricter real-time warning requirements. The contribution of this work should therefore be understood at the system level rather
than as a fundamentally new detector or tracker architecture. Specifically, the present study emphasizes scenario-oriented
dataset construction, lightweight detector adaptation based on pretrained YOLOv11n. Furthermore, we integrate detection,
tracking, and warning into a unified trajectory-aware framework for hazardous-area intrusion recognition and persistent no-

helmet warning. The main contributions of this study are summarized as follows:

(1) A dedicated safety helmet detection dataset, E-hat, is constructed for power grid construction scenarios by integrating the
public safety helmet wearing dataset (SHWD) with newly collected field images from real power operation sites.

(2) A scenario-adapted lightweight detection configuration, termed YOLOv11n-IE (YOLOv1ln via image augmentation-
enhanced strategy), is established based on pretrained YOLOv11n. This configuration incorporates power-scene-oriented
input enhancement strategies, including hue-saturation-value (HSV) perturbation, mosaic augmentation, and Mixup
augmentation, to improve robustness in complex power environments.

(3) By integrating the detector with the bag of tricks for the simple online and real-time tracking (BoT-SORT) algorithm, a
real-time detection-tracking-warning pipeline is established for continuous worker tracking, hazardous area intrusion
recognition, and unsafe behavior warning.

(4) Extensive experiments, including comparative studies, ablation analysis, and real-world video validation, demonstrate that
the proposed system achieves a favorable balance between detection accuracy, tracking effectiveness, and real-time

performance.

The remainder of this paper is organized as follows. Section 2 presents the overall framework of the proposed system,
including the YOLOv11n-IE detection model, the detector-tracker integration based on BoT-SORT, and the training
configuration. Section 3 describes the experimental setup and provides comprehensive evaluations, including detection
performance, ablation studies, tracking results, and real-world application analysis. Section 4 concludes the paper and discusses

limitations and future research directions.
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2. Methods

This section describes the proposed safety monitoring method for power grid construction scenarios. The framework
follows a detection-tracking-warning pipeline based on YOLOv11n and BoT-SORT The system integrates safety equipment
detection, target tracking, hazardous-area intrusion recognition, and unsafe-behavior warning to enable continuous safety

monitoring in complex power environments.

2.1. Overall framework

This study proposes a practical detection-tracking-warning framework for safety monitoring in power grid construction
scenarios. Fig. 1 illustrates the overall workflow of the proposed framework. The processing pipeline consists of several key
stages. In the initialization stage, the system is initialized with a pretrained YOLOv11n model and the BoT-SORT tracking
module. For each incoming video stream, individual frames are sequentially extracted as input. Subsequently, the YOLOv11n-
IE detector performs safety equipment detection, producing bounding boxes, category labels, and confidence scores for each
worker and their protective gear. These detection results are then fed into the BoT-SORT tracker, which associates objects
across consecutive frames and assigns consistent identity labels, thereby forming continuous motion trajectories. Based on the
obtained trajectories and spatial information, the system further performs hazardous-area intrusion detection and unsafe

behavior analysis. When predefined safety rules are violated, the system triggers an alarm output in real time.
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Fig. 1 Multi-target tracking and detection for power grid construction personnel
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This integrated pipeline enables continuous monitoring, tracking, and safety assessment in complex power grid
construction environments. To formally describe the detection-tracking process, let I;denote the input video frame at time step

t. The detector produces a set of detections for each frame, which is formulated as:
D ={(b.c.s)li=12..N,} (1)

where b; represents the bounding box coordinates of the i-th object, ci denotes the predicted category label, s; is the

corresponding confidence score, and N is the number of detected objects in frame t.

These detections are then passed to the tracking module, which performs data association across consecutive frames to
generate a set of trajectories:

T={z;|j=12..m| )

where each trajectory zj consists of a sequence of observations corresponding to the same object over time, and m denotes the
total number of tracked targets in the current video sequence. Based on the obtained trajectories and spatial-temporal
information, the system performs hazard analysis, including hazardous area intrusion detection and unsafe behavior recognition.

When predefined safety constraints are violated, an alarm signal is triggered.

2.2. Definition of YOLOv11n-IE

YOLOvV11 is a recent member of the YOLO series designed for real-time object detection. In this study, the framework
adopts it as the detector backbone because of its favorable balance between detection accuracy and inference efficiency. Herein,
YOLOv11n-1E does not denote a newly redesigned YOLOv11 architecture. Instead, it refers to a scenario-adapted detection
configuration built upon the pretrained YOLOv11n model. The backbone, neck, and head remain identical to those of the
original YOLOv11n detector. However, the adaptation is mainly achieved through input-side enhancement strategies,
including HSV perturbation, mosaic augmentation, and Mixup augmentation, together with the corresponding training

configuration for power grid construction scenarios.

Specifically, the mosaic data augmentation technique generates synthetic images containing multiple targets and complex
backgrounds by randomly cropping and stitching four images. This approach allows the model to learn diverse scene layouts
during the training phase. This technique not only significantly increases the richness of small-target samples but also
strengthens the model’s feature extraction capability for complex compositions. It achieves this by simulating occlusion and
overlapping states of targets in real scenes. Consequently, this strategy is particularly suitable for safety equipment detection
tasks under multi-device interference in complex power scenarios. Additionally, the framework introduces the Mixup
augmentation technique, which enhances the model’s adaptability to complex scenes. This technique mixes and linearly

interpolates two images and their annotation labels, further optimizing detection accuracy and robustness.

Furthermore, three-channel perturbations of brightness, contrast, and saturation are introduced on the basis of the RGB
color space. and complex lighting conditions, such as strong light, backlighting, and cloudy days, are simulated by randomly
adjusting relevant parameters. This technique enables model input samples to cover more diversified lighting-variant images.
Therefore, it significantly improves detection stability in complex scenarios, such as strong light reflection in substations and

high illumination during high-altitude operations.

These enhancement strategies are selected according to the visual characteristics of power grid construction scenarios.
HSV perturbation is mainly used to simulate complex environmental illumination conditions, such as strong reflection,

backlighting, and overcast weather. Mosaic augmentation enhances model robustness against dense backgrounds, small objects,
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and multi-person layouts. Mixup augmentation improves the model’s tolerance to ambiguous boundaries and hard-to-detect
samples. Therefore, the augmentation design is not arbitrary. Instead, it directly addresses the practical challenges of safety

equipment detection in power scenarios.

The design of the proposed framework is based on three considerations. First, power grid construction scenes often exhibit
intense illumination variation, dense equipment layout, and partial occlusion. Therefore, the framework introduces training-
time input enhancement to improve detector robustness under domain-specific visual perturbations. Second, frame-level
detector outputs are susceptible to transient false positives and false negatives. To mitigate this volatility, the system
incorporates trajectory-level association through BoT-SORT, which exploits temporal consistency to stabilize target identity
and reduce frame-level fluctuation. Third, the system does not make warning decisions from isolated single-frame observations,
but from temporally accumulated evidence along the same trajectory. This trajectory-level decision mechanism improves the

reliability of hazardous area intrusion warning and persistent no-helmet warning in practical monitoring scenarios.

Fig. 2 shows the detector-side structure used in the present study. It should be noted that YOLOv11n-IE does not represent
a newly redesigned detector architecture; rather, it retains the original YOLOv11n backbone, neck, and head, while the
practical adaptation relies primarily on scenario-oriented training-time input enhancement. Therefore, Fig. 2 illustrates the
detector backbone deployed within the framework, whereas the actual methodological adaptation of this study lies in the

combination of this detector with scenario-oriented enhancement and the downstream tracking-warning pipeline.
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Fig. 2 Framework of the YOLOv11 model

(1) Backbone: the backbone is responsible for extracting multi-scale feature maps from raw image data. It progressively
captures high-order features of targets by stacking CBS, C3k2, and C2PSA modules. The C3K2 block, an evolved version
of the cross stage partial (CSP) bottleneck structure, splits feature maps and applies a series of smaller 3x3 convolutional
kernels. This design reduces parameter count while enhancing feature representation, thereby maintaining the model’s
ability to capture key image features efficiently.

(2) Neck: the neck component acts as an intermediate processing stage, using dedicated layers to aggregate and enhance
feature representations at different scales. It constructs a convolutional pyramid with Upsample, C3k2, and CBS modules,
blending shallow features extracted by the backbone to enable the network to learn prominent target features. The neck
design in YOLOV11 further optimizes feature fusion and information flow, making the model better suited for multi-scale

target detection tasks.
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(3) Head: the head component generates final target localization and classification outputs based on the feature maps
processed by the neck. It consists of two branches: a “2many” branch (mapping model features to multiple output results)
and a “2one” branch (aggregating multiple features or prediction results into a unified output), followed by non-maximum
suppression-free training and inference. The head’s structure varies according to the specific visual task, such as object

detection, pose detection, or instance segmentation.

YOLOv11’s head design prioritizes prediction accuracy and efficiency, ensuring rapid and precise target detection in
real-time applications. Through architectural innovations and engineering optimizations, YOLOv1l achieves multi-

dimensional performance breakthroughs, which include the following key aspects:

(1) Enhanced feature extraction: an improved backbone and neck structure boost feature extraction accuracy and robustness,
enabling more efficient target detection in complex scenes.

(2) Optimized efficiency: a refined architecture and optimized training workflow maintain high accuracy while delivering
faster inference speeds, successfully balancing detection efficiency and precision.

(3) Reduced parameter overhead: YOLOv11m achieves a higher mAP on the COCO dataset with 22% fewer parameters than
YOLOvV8m, significantly enhancing computational efficiency without sacrificing accuracy.

(4) Versatile deployment and task support: the model supports multiple environments (including edge devices, cloud
platforms, and NVIDIA GPU-accelerated systems), adapting to diverse hardware requirements. Furthermore, it can handle
object detection, instance segmentation, image classification, pose estimation, and oriented object detection, providing a
unified solution for complex scene requirements.

(5) Real-time danger warning: high-precision target detection enables timely anomaly detection and alerting, which is critical

for real-time application scenarios such as security monitoring and hazard warning.

2.3. Detector-tracker integration

YOLO-based detectors focus on frame-level object localization and classification, providing bounding boxes and category
labels for each input frame. In contrast, tracking algorithms such as BoT-SORT perform cross-frame association by linking

detection results over time and assigning consistent identity labels to targets.

In the proposed framework, YOLOv11n-IE is employed to detect safety equipment on workers by frame. Output detection
results are delivered to the BoT-SORT module, which associates cross-frame bounding boxes and stabilizes target identities

to form an integrated detection-tracking pipeline.

It should be noted that this study retains the original internal architecture of BoT-SORT and directly integrates it into the
proposed system as a reliable tracking module for power grid worker monitoring. Adopting the unmodified off-the-shelf BoT-
SORT serves as a stable, reproducible tracking baseline. This choice enables our research to concentrate on verifying the
practical performance of trajectory-based early warning for power grid monitoring instead of developing a novel tracking
algorithm. The obtained trajectories are further utilized to realize hazardous area intrusion identification and unsafe behavior

alerts.

2.4. Training configuration

All experiments in this study are conducted under a unified training configuration to ensure fair comparison among
different models. The YOLOv11n backbone is initialized with pretrained weights from the COCO dataset. The input image
resolution is set to 640x640. The framework trains the model using the Adam optimizer with an initial learning rate of 0.001.
A cosine annealing learning rate schedule is adopted to improve training stability. The batch size is set to 64, and the total

number of training epochs is 200. The dataset is randomly split into training and validation sets with a ratio of 8:2.
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During training, the proposed input enhancement strategies, including HSV perturbation, mosaic augmentation, and
Mixup augmentation, are applied to improve the robustness of the detector. Conversely, during inference, all augmentation
operations are disabled to ensure consistent and objective evaluation. Moreover, the default BoT-SORT implementation and
parameter settings are used throughout this study. Table 2 presents the specific configuration of the model parameters.
Crucially, all compared YOLO variants are trained under the exact same data split, input resolution, optimizer type, learning
rate schedule, and number of epochs to guarantee absolute consistency across evaluations.

Table 2 Specific parameter settings for YOLOv11n-1E model

Input size 640% 640 Augmentation HSV+Mosaic+Mixup
Label helmet/no-helmet Pre-training dataset COCO
Training cycles 200 Batch size 64
Optimizer Adam Initial learning rate 0.001
Scheduler Cosine Annealing Train/val split 8:2

Furthermore, the YOLOv11n detector is optimized using the default detection objective of the adopted implementation,
which can be written in the general form as:

Ldet = )lbox I‘box + /lcls Ltls + ﬂ‘reg Lreg (3)

where Lget denotes the detector training loss; Luox and Apox represent the bounding-box regression term and corresponding
weight coefficient; Lys and Aqs denot e the classification term and corresponding weight; as well as Lreg and Areq represent the
localization refinement term and corresponding weight. The weighting coefficients follow the default implementation setting
of the adopted YOLOV11n training framework.

3. Results

This section presents the experimental results and performance analysis of the proposed framework. Specifically, this
section is organized as follows: (i) introducing the construction of the E-hat dataset, including its data sources, annotation
process, and relevance to power grid construction scenarios; (ii) describing the experimental environment and evaluation
metrics to clarify the basis for quantitative assessment; (iii) analyzing the training process and detection performance of
YOLOv11n-IE are analyzed through loss curves, metric evolution, and visual prediction results; (iv) conducting comparative
experiments with several lightweight YOLO variants to evaluate the accuracy, efficiency, and real-time performance of the
proposed detector under the same settings; (v) performing ablation experiments to examine the contribution of different input
enhancement strategies; and (vi) presenting real-world video tests to verify the effectiveness of the integrated detection-

tracking-warning pipeline in worker tracking, hazardous-area intrusion recognition, and unsafe-behavior warning.

3.1. Construction of safety equipment detection dataset for power scenarios

In power industry safety production management, safety equipment wearing detection is a core measure to protect workers’
lives. However, the lack of publicly available datasets for safety equipment detection in complex power scenarios (e.g.,
substations, patrol environments) poses challenges for model training [18]. To address this issue, a dedicated dataset for

complex power scenarios, designated as E-hat, by integrating the public SHWD with real-world power scenario images.

The E-hat dataset is composed of two parts:

(1) The public dataset SHWD: this component contains 7,581 images of substation and industrial scenes, covering 9,044
safety helmet-wearing targets (positive samples) and 111,514 non-wearing targets (negative samples).

(2) The newly added special power scenario data (New_added): this component consists of 295 on-site images with significant
power industry characteristics, obtained by field-collecting typical scenarios such as high-low voltage switchgear areas,

transformer operation areas, and high-altitude hoisting operations.
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Through data fusion, a total of 7,876 images form the complete dataset, which are divided into a training set (6,301 images)
and a validation set (1,575 images) at an 8:2 ratio. These reliable data provide a rich foundation for downstream model training.

Table 3 details the composition of each part of the dataset.

Table 3 Statistics of various indicators in the dataset

Dataset Number of images | Positive samples | Negative samples | All samples
SHWD 7581 9044 111514 120558
New_added 295 724 36 760
E-hat 7876 9768 111550 121318

In the data preprocessing stage, the framework uses the Labellmg tool to carefully annotate the original images. The
annotation format follows the visual object classes (VOC) standard, clearly classified into two categories: wearing a safety
helmet (“helmet”) and not wearing a safety helmet (‘“no-helmet”). Subsequently, the annotated data is converted into the
training format of the YOLOV11 dataset to meet the requirements of model training.

It should be noted that the newly collected power-specific subset remains relatively limited in size. Therefore, the purpose
of constructing E-hat is not to claim complete coverage of all possible power grid construction conditions, but to enhance
scenario relevance under realistic data availability constraints. By combining a public safety helmet dataset with real field

images, the dataset aims to improve the detector’s adaptation to practical power-scene characteristics.

Furthermore, the class distribution of E-hat is imbalanced, especially in the public subset, where non-helmet/person
instances are much more frequent than helmet instances. In this study, class imbalance is not addressed through a specially
redesigned loss function. Instead, it is mitigated mainly through three practical strategies: pretrained initialization to improve
representation stability, scenario-oriented augmentation to enhance data diversity, and multi-metric evaluation so that
performance is not assessed by a single metric alone. Together, these strategies help improve the robustness of the detector
under imbalanced data conditions. Nevertheless, the current handling of class imbalance remains limited, and future work

should further explore larger and more balanced data collection or dedicated imbalance-aware optimization strategies.

3.2. Experimental environment and evaluation metrics

This study is conducted under the Ubuntu operating system environment, with an experimental platform constructed
based on Python 3.10.14 and the PyTorch 2.6.0 + cudal2.4 framework. The experimental equipment utilizes an NVIDIA RTX
3090 GPU (with 24G memory), and the safety equipment detection model is trained and tested on the newly constructed dataset

E-hat. The detailed detector training configuration is provided in Table 2 of Section 2.4.
To comprehensively evaluate model performance, a multi-dimensional evaluation system is constructed:

First, model performance evaluation: precision (P), recall (R), mean average precision (MAP@0.5), and the more strictly
mean average precision (mAP@0.5:0.95) are used as evaluation metrics. Precision reflects the proportion of predicted positive

samples that are truly positive, expressed as:

precision L
TP+ FP )

Recall represents the proportion of actual positive samples correctly identified by the model, formulated as:

recall = L
“TP+FN ()

Herein, mMAP@O0.5 is the mean of the average precision at the intersection-over-union (loU) threshold of 0.5, which is

used to measure the overall performance of the model under the standard loU threshold. Among them, Average Precision (AP)
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is the result obtained by integrating the area under the precision-recall (P-R) curve, which is used to measure the detection
performance of the model in a category. The loU is used to measure the degree of overlap between the predicted box and the

true box, and the formula is as follows:

_ The intersection area of the prediction box and the true box

loU
The union area of the prediction box and the true box

(6)

MAP@0.5:0.95 is the average mAP over loU thresholds ranging from 0.5 to 0.95 (step size 0.05), which is used to more

rigorously evaluate the robustness of the model under different degrees of overlap.

Second, model complexity assessment: The complexity of the model is evaluated through the number of parameters (M)
and the inference speed frames per second (FPS) to understand the computing resources required by the model and the actual

detection speed of the model. The FPS formula is as follows:

Total number of frames
FPS = : )
The consumed time

The parameter count reported in this study refers to the total number of learnable parameters of the detector. The FPS
values are measured on an NVIDIA RTX 3090 GPU under an input resolution of 640x640 during inference. The reported
speed corresponds to the detector running under the same experimental environment for all compared models. It should be
noted that the reported FPS values are measured under a single fixed software setting and are intended mainly to provide a

practical runtime reference for model comparison under the same environment.

3.3. Analysis of YOLOv11 model training results

Using the E-hat dataset, the YOLOv11n model with the parameters described is trained and tested. Fig. 3 presents both
the optimization process and the metric evolution during training. The loss curves show a generally consistent downward trend
for the training and validation sets, suggesting stable optimization under the adopted training setting. At the same time, the
precision, recall, mMAP@0.5, and mAP@0.5:0.95 curves gradually converge and become relatively stable in the later training
stage, indicating that the detector performance does not rely on isolated fluctuations at a single epoch. Therefore, Fig. 3

supports the claim that the adopted training configuration enables stable detector learning on E-hat.
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Fig. 3 Curves of training and test for the YOLOv11 model
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Among them, the validation set curve of mMAP@0.5:0.95 exhibits minimal fluctuations and is negligible after 150 epochs,
further verifying the stability of the model learning. This also jointly verifies the adaptability of the model architecture to the
training strategy, providing a reliable model basis for the engineering deployment of safety equipment detection tasks in power

scenarios.

In addition, through the systematic evaluation of the annotation quality of the validation set and the visual analysis of the
prediction results, this study finds that the real labels show a high degree of consistency with the prediction results. Fig. 4
presents qualitative examples of prediction results on the validation set. The figure is intended to visually compare ground-
truth annotations and model predictions in representative power-scene images. It shows that the detector can generally localize
target regions and distinguish helmet-wearing from non-helmet cases under typical scene conditions. Thus, Fig. 4 serves as

qualitative support for the quantitative detection results reported in the comparison tables.

As a result, almost all the labeled samples are successfully predicted, and the overall precision rate reaches 0.93. This
indicates that the model can capture the features of safety equipment during the learning proc0.93ess and accurately identify
them from complex power scenarios. The highly accurate prediction results further prove the reliability and effectiveness of

the model in this task, suggesting practical potential for safety equipment monitoring in actual power scenarios.
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Fig. 4 The true and predicted label results on the validation set

3.4. Comparative experiments

To better demonstrate the effectiveness of the proposed approach, this study considers both literature-level comparison
and fair same-setting quantitative comparison. The former is used to position the present study relative to representative recent
methods, whereas the latter is conducted among lightweight YOLO variants retrained on the same E-hat dataset and unified
experimental settings. This strategy is adopted because direct numerical comparison across published studies may be

influenced by differences in datasets, scene complexity, label definitions, and evaluation protocols.

Specifically, to evaluate the effectiveness of the proposed framework, comparative experiments are conducted using four
lightweight YOLO variants, namely YOLOv5n, YOLOv8n, YOLOvV10n, and YOLOv11n, under the same training settings
and evaluation criteria on the E-hat dataset. All models are trained with identical input resolution, optimization strategy, and
number of epochs to ensure a fair comparison. The evaluation metrics include P, R, mAP@0.5, mAP@0.5:0.95, model

parameter count, and FPS.

In this context, YOLOv11n denotes the baseline pretrained detector using the default training configuration, while
YOLOv11n-1E denotes the same pretrained YOLOv11n backbone further trained with the proposed scenario-oriented input
enhancement strategies for power grid construction scenarios. Table 4 shows the specific difference between the YOLOv11n
and YOLOv11n-IE models.
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Table 4 The specific difference between the YOLOv11n and YOLOv11n-1E models

Item YOLOv1ln YOLOv11n-IE
Backbone/Neck/Head Original YOLOv11n Original YOLOvV11n
Pretrained weights COCO COCO
Loss setting Default YOLOv11n setting Default YOLOv11n setting
Optimizer Adam Adam
Initial learning rate 0.001 0.001
Learning-rate schedule Cosine annealing Cosine annealing
Input size 640x640 640%x640
Batch size 64 64
Input enhancement No additional enhancement HSV+Mosaic+Mixup
Scenario adaptation General baseline Power grid construction scenario

The specific results are shown in Table 5. As a result, YOLOv11n achieves a more competitive performance than other
versions of YOLO. In particular, YOLOv11n-IE outperforms the benchmark model on four model performance metrics of P,
R, mMAP@0.5, and mAP@0.5:0.95, while 2.58 M of parameters is 14.1% less than YOLOVS8n. In addition, the detection speed
of the YOLOv11n-IE model is 5.47 ms, and the inference speed is 183, which is higher than that of the previous YOLO series
version comparison models, reflecting its real-time detection ability. Although the inference speed is slightly lower than that
of the pre-trained YOLOv11n model, the processing speed of the model can still meet the actual real-time monitoring
requirements. Compared with YOLOv11n, YOLOv11n-IE improves recall from 0.871 to 0.877 and mAP@0.5 from 0.926 to
0.934 with only a marginal speed drop from 186 to 183 FPS. The above indicator values reflect the powerful predictive
performance of YOLOv11n-IE.

Table 5 Results of comparative experiments

Model P R mAP@0.5 | mAP@0.5:0.95 Parameter (M) Inference speed (FPS)
YOLOV5n 0.914 | 0.860 0.919 0.571 2.503334 139
YOLOvV8n 0.914 | 0.866 0.923 0.591 3.006038 156
YOLOvV10n 0.910 | 0.848 0.916 0.578 2.695196 137
YOLOv1ln 0.926 | 0.871 0.926 0.588 2.582542 186

YOLOv1ln-IE | 0.927 | 0.877 0.934 0.594 2.582542 183

The superior performance of YOLOv11n-IE may be attributed to two aspects. First, compared with earlier lightweight
YOLO variants, YOLOv11n provides a more favorable balance between feature extraction efficiency and inference speed.
This balance is important for real-time deployment in power grid construction scenarios. Second, the scenario-oriented input
enhancement strategies further improve robustness to complex illumination, dense equipment backgrounds, small objects, and
partial occlusion. This is supported by the comparison between YOLOv11n and YOLOv11n-IE in Table 5, where the latter
achieves higher recall and mAP while maintaining nearly the same model size and inference speed. Therefore, the advantage
of YOLOv11n-IE lies not only in the baseline detector itself, but also in its adaptation to the visual characteristics of power

grid construction environments.

From a deployment perspective, YOLOv11n-IE achieves a favorable trade-off between complexity and performance.
Since the proposed detector retains the lightweight YOLOv11ln backbone unchanged, the parameter count remains low.
Meanwhile, the additional scenario-oriented enhancement strategies improve detection robustness without introducing extra
detector parameters. Although the integration of tracking and warning modules incurs system-level computation, the overall

framework still satisfies real-time requirements in practical power grid monitoring scenarios.

Despite the performance advantages, several limitations should be noted. First, severe occlusion may still lead to missed
detections or inaccurate helmet detection, especially when the head region is partially or fully blocked by equipment or other

workers. Second, the dataset used in this study, although enhanced with real power grid images, is still limited in scale and
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diversity, which may affect the generalization capability of the model in more complex real-world scenarios. These limitations
indicate that further improvements in occlusion handling and dataset expansion are necessary for practical deployment.

Furthermore, computational complexity should be understood from both the detector side and the system side.

From the detector perspective, YOLOv11n-IE keeps the same backbone, neck, and head as the baseline YOLOv11n;
therefore, it does not introduce additional detector parameters or architectural complexity at inference time. The proposed HSV
perturbation, mosaic augmentation, and Mixup augmentation are used only during training but are disabled during inference,
thereby avoiding any increase in detector-side runtime complexity in deployment. From the system perspective, the additional
computational overhead mainly comes from the BoT-SORT tracking module and the subsequent warning analysis based on
trajectories. Nevertheless, the overall framework still maintains real-time performance, as reflected by the reported FPS values
under the same evaluation environment. Therefore, the contribution of YOLOv11n-IE is to improve robustness under power-

grid-specific visual conditions without increasing detector-side model complexity.

3.5. Ablation experiments

To verify the impact of different image augmentation modules on the performance of safety equipment detection in power
grid construction scenarios, this study systematically conducted ablation experiments. These experiments are based on the E-
hat dataset within the YOLOv11 model framework. This is done to comprehensively evaluate the independent contributions
and synergistic effects of three major categories of strategies: HSV color space augmentation (including the hue (H), saturation

(S), and value (V) channels), mosaic multi-image mosaic, and Mixup blending augmentation.

Keeping other training parameters consistent (pre-trained YOLOv11n architecture, 640x640 input size, Adam optimizer,
and 200 training epochs), the H/S/V components of HSV augmentation and the mosaic and Mixup modules are removed.
Subsequently, seven ablation experiments are implemented to analyze the independent effects of these augmentation modules.
Specifically, the seven comparison models used in the experiments include the model YOLOv1lln (baseline, with no
augmentation), a model with the complete augmentation combination (YOLOv11n-IE), and five ablation groups (YOLOv11n-
h, YOLOv11n-s, YOLOv1ln-v, YOLOv1ln-m, and YOLOv11ln-mx). In addition, this study quantitatively assesses the
models based on four metrics: precision (P), recall (R), mMAP@0.5, and mAP@0.5:0.95. The specific results of the ablation

experiments are shown in Table 6.

Table 6 Results of ablation experiments

Model H| S | V| Mosaic | Mixup P R mAP@0.5 | mAP@0.5:0.95
YOLOv1ln X X X X X 0.926 | 0.871 0.926 0.588
YOLOv1in-h | x |+ | N N 0.924 | 0.878 0.934 0.591
YOLOv1ins | \ | x | N N 0.928 | 0.875 0.931 0.593
YOLOvlln-v | vV | v | x N N 0.920 | 0.880 0.931 0.581
YOLOvlin-m | N | v | ¥ x N 0.929 | 0.871 0.932 0.589
YOLOv1in-mx | v | ¥ | N x 0.922 | 0.875 0.930 0.590
YOLOvIIn-IE | v | V | N N 0.927 | 0.877 0.934 0.594

The experimental results show that the fully augmented model achieves the highest mAP@0.5:0.95 (59.4%) and tied-best
mMAP@0.5 (93.4%), indicating that the combined augmentation strategies contribute positively to detection performance.
Although the baseline model achieves competitive precision (P, 0.926) and recall (R, 0.871) in a single scenario, its MAP@0.5
(92.6%) and mAP@0.5:0.95 (58.8%) remain lower than those of the fully augmented model. This difference further

demonstrates the improvement of data augmentation in detection capability under complex loU thresholds.

In terms of precision, the model with Mosaic augmentation removed (YOLOv11n-m) exhibits the highest performance.
This suggests that with Mosaic augmentation increases the diversity of the training data by concatenating multiple images

together. However, it may also introduce some irrelevant background information, thereby compromising detection precision.
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In comparison, the complete model achieves the best mAP@0.5:0.95 and maintains balanced precision and recall. This
indicates that the combination of augmentation techniques helps the model better learn equipment features in power grid

construction scenarios and improve detection comprehensiveness.

Regarding recall, the experimental group with the V channel removed (YOLOv11n-v) achieves the highest R value of
0.880. This implies that removing V-channel perturbation helps preserve brightness-related features and increases the detection
rate in some bright scenes; however, this comes at the expense of a 0.003 decrease in mMAP@0.5, from 0.934 to 0.931. Disabling
mixup results in a 0.004 decrease in MAP@0.5, from 0.934 to 0.930, and a 0.004 decrease in mMAP@0.5:0.95, from 0.594 to
0.590. In addition, precision decreases by 0.005, from 0.927 to 0.922. This reflects that mixup helps enhance the model’s
ability to distinguish between safety equipment-wearing and non-wearing states, thereby improving detection stability.

Compared with the baseline model, models augmented with the HSV color space, Mosaic multi-image mosaic, and Mixup
blending all exhibit higher performance. Overall, HSV augmentation, by adjusting hue, saturation, and brightness, helps the
model adapt to equipment detection under different colors and lighting conditions. Mosaic augmentation, by increasing the
diversity of training data, enhances the model’s generalization capability. Mixup augmentation, by mixing image features,
further strengthens the model’s robustness. These results provide valuable references for optimizing YOLOvI11 in practical

safety equipment detection and recognition applications in complex power grid construction scenarios.

Overall, the ablation results indicate that the performance gain does not come from a single enhancement module alone,
but from the complementary effects of multiple strategies. HSV augmentation mainly improves robustness under illumination
variation, mosaic contributes to the understanding of cluttered layouts and small objects, and mixup helps reduce overfitting
and improves tolerance to hard samples. The best overall performance of YOLOv11n-IE suggests that the full combination of
these strategies is more suitable for power grid construction scenarios than any partial configuration.

3.6. Analysis of multi-object tracking and detection results in power grid construction sites

In the field operations of power grid construction, multi-object tracking and detection technology is of great significance
for ensuring the safety of construction workers. By monitoring the locations and behaviors of workers in real time, it can
effectively prevent the occurrence of safety accidents and optimize the workflow. In this study, based on the features of safety
equipment and integrated with the pre-trained YOLOv11 model, this research conducts multi-object tracking and detection of
workers in power grid construction scenarios. Subsequently, a detailed analysis of the experimental results is performed. The
research data comes from two types of actual operation video sequences collected from the web in power grid scenarios.

Figs. 5-6 illustrate the two representative real-world video scenarios used for tracking evaluation. Specifically, scenario
1 (Fig. 5) records the process of two power grid construction workers entering the work area successively; scenario 2 (Fig. 6)
focuses on the continuous behavior of workers taking off their helmets, wiping sweat, and putting them back on. Therefore,
these two figures represent two different but complementary tracking challenges in practical power-grid monitoring. Each of
the two scenarios contains 200 video sequences (frames), providing a rich sample for verifying the performance of the model.
Moreover, the web-collected video sequences used for tracking and warning evaluation are not included in the training or

validation subsets of E-hat.

Fig. 5 Power grid construction scenario 1
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In this study, the pre-trained YOLOv11n-IE model is employed for inference, and the number of detected people/total
number of people, accuracy, multiple object tracking accuracy (MOTA), and FPS are selected as the basic evaluation criteria
to quantitatively assess the model’s actual performance in power grid scenarios. The specific calculation formula for MOTA
is as follows:

N
> FN, + FR+ IDSW,
MOTA=1--

Sor ©

where N is the total number of frames in the video sequence (200 frames in this paper). False Negative at frame t (FNt)
represents the number of missed detections in each frame. False Positive at frame t (FPt) represents the number of false
detections in each frame. ID Switch (IDSWt) indicates the number of times the ID switches between frames (the same target
is assigned different 1Ds in different frames). Ground Truth (GTt) represents the total number of true targets. t represents the
frame index, and MOTA calculates the cumulative error ratio across all frames. Table 7 presents the multi-object tracking

results under different scenarios.

Table 7 Multi-target tracking results in different power scenarios

The number of detected/total number of people Accuracy | MOTA | FPS
Scenarios 1 345/349 98.85% | 97.71% | 183
Scenarios 2 182/200 91% 86% 185

As can be seen from the results in Table 7, the accuracy of the multi-object tracking and detection by the model in this
video segment reaches over 90%, indicating that YOLOv11n-IE can be effectively applied to personnel tracking and detection
in real-world scenarios. Meanwhile, the MOTA values of the model in the two scenarios are 97.71% and 86%, respectively.
This performance shows that the model has good overall tracking performance in different working scenarios, and issues such
as detection errors, target loss, and ID switching have a relatively small impact on its performance. Overall, these results
suggest that YOLOv11n-IE has practical potential for worker tracking and detection in power grid scenarios. However, because
the current evaluation is based on only two short web-collected video sequences, further validation on larger and more diverse

real-site videos is still necessary.

3.7. Analysis_of de_tection results for workers’ accidental entry into hazardous areas and hazardous behaviors in power grid

construction sites

After detecting worker safety equipment with YOLOv11n-1E, BoT-SORT generates continuous cross-frame worker
trajectories. Based on these trajectories, the system triggers two types of safety warnings: (i) an intrusion alert is activated
when a worker’s bounding-box center stays within manually predefined hazardous zones over consecutive frames. (ii) helmet-
violation warnings adopt persistent multi-frame trajectory-linked detection instead of single-frame judgment. Benefiting from
this detection-tracking-analysis pipeline, the system supports real-time localization and early warning of irregular on-site
behaviors to support grid construction safety management. Typical warning cases are shown in Fig.7 to demonstrate the

framework’s trajectory-aware warning advantage over conventional single-frame detection.
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(a) Workers’ accidental entry into hazardous areas (b) Hazardous behaviors of workers
Fig. 7 Case examples of power grid construction workers entering restricted hazard areas or performing unsafe operations

In the experimental part, video sequence data of workers in power grid construction sites accidentally entering hazardous
areas or engaging in hazardous behaviors (such as not wearing safety equipment and abnormal behaviors on the construction
site) are collected. The data include 100-frame video sequences for cases of accidental entry into hazardous areas and 50-frame
sequences for cases of hazardous behaviors. Based on this, the trained and optimized YOLOv11n-IE model is used to identify

and detect hazardous behaviors or accidental entry into hazardous areas in power grid construction sites and to issue warning

information.
Table 8 Detection results of workers entering dangerous areas or performing unsafe operations
Case The ”;‘L“rgg;rogfgte?;fg/ ol | Accuracy | MOTA FPS
Accidental Entry into Hazardous Areas 81/89 91.01% 87.64% 184
Hazardous Behaviors 39/45 86.67% 77.78% 183

The experimental results presents Table 8 show that in the detection of accidental entry into hazardous areas, 81 out of
89 actual cases are detected, with an accuracy rate of 91.01% and a MOTA value of 87.64%, and the frame rate reaches 184
FPS. In the detection of hazardous behaviors, 39 out of 45 cases are detected, with an accuracy rate of 86.67% and a MOTA
value of 77.78%, and the frame rate is 183 FPS. It can be seen that the YOLOv11n-IE model performs well in identifying

accidental entry into hazardous areas in power grid construction sites, with both high accuracy and real-time performance.

For hazardous behavior detection, the model can achieve effective identification, but there is still room for improvement
in accuracy and MOTA value. The main reasons are the large-area occlusions in the video sequences used in this study and
the relatively small number of frames selected in the video sequences. Subsequent work could further optimize the model
parameters or adjust the data collection strategy to enhance the performance of hazardous behavior detection and better ensure
the safety of power grid construction sites. Nevertheless, these warning results should be interpreted with caution, as the current
evaluations of hazardous areas and unsafe behaviors are based on a limited number of short video sequences. More extensive

real-world validation is required before drawing stronger conclusions about deployment-level robustness.

3.8. Failure cases and limitations

Although the proposed system achieves promising results in both worker tracking and hazardous-event warning, several
limitations remain. First, severe occlusion may cause partial or complete disappearance of helmet regions, leading to missed
detections or inconsistent helmet-wearing judgments. Second, in scenes with strong specular reflection, backlighting, or rapidly
changing illumination, the visual characteristics of the head region may be weakened, which affects detection reliability. Third,
multi-person overlap and motion crossing may still lead to identity switches in tracking. Fourth, the present study does not
include a dedicated comparison with alternative tracking baselines; therefore, the relative advantage of the BoT-SORT-based
tracking module over other tracker choices is not yet systematically verified under the current power-grid monitoring scenario.
Fifth, although real-world video experiments are conducted, the validation scale is still limited, because the current evaluation

is based on only a small number of short web-sourced video sequences and hazardous-behavior samples.
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Therefore, the current real-world results should be interpreted as preliminary evidence of practical feasibility rather than
comprehensive deployment-level validation. These limitations indicate that further studies should include broader on-site video
collection, larger-scale warning evaluation, and comparative experiments with different tracking baselines under the same
detector setting.

4. Conclusions

This study established a real-time detection-tracking-warning framework for safety monitoring of power grid construction
workers. The key findings are summarized as follows:

(1) A dedicated E-hat dataset was constructed by integrating public SHWD images with newly collected field images from
power operation scenarios, providing data support for helmet/no-helmet detection under complex backgrounds.

(2) Based on pretrained YOLOv1ln, a scenario-adapted configuration, YOLOv11n-IE, was established using HSV
perturbation, mosaic augmentation, and Mixup augmentation, while retaining the original YOLOv11n backbone, neck,
and head.

(3) Experimental results showed that YOLOv11n-IE achieved 92.7% precision, 93.4% mAP@0.5, and 183 FPS, indicating a
favorable balance between accuracy and real-time efficiency.

(4) Compared with other lightweight YOLO variants, the proposed configuration improved detection robustness without
increasing detector-side model parameters. Ablation experiments further confirmed the complementary effects of the three
augmentation strategies in handling illumination variation, dense backgrounds, small objects, and hard samples.

(5) By integrating BoT-SORT, the system extended frame-level detection to trajectory-level monitoring, enabling hazardous-

area intrusion recognition and persistent unsafe-behavior warning in real-world video tests.

Overall, these results suggest the practical potential of the proposed framework for intelligent safety management in
power grid construction sites.

However, the current study still has limitations, including limited power-specific data, small-scale real-world video
validation, possible degradation under severe occlusion or strong backlighting, and the lack of systematic comparison with
alternative trackers. Future work will focus on expanding real-site datasets, improving robustness under complex scenarios,

and evaluating different tracking modules under unified settings.
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