ﬂ buildings

Article

HFE-YOLO: Hybrid Feature Enhancement with Multi-Attention
Mechanisms for Construction Site Object Detection

Teerapun Saeheaw

check for
updates

Academic Editor: Antonio Caggiano

Received: 24 October 2025
Revised: 21 November 2025
Accepted: 24 November 2025
Published: 26 November 2025

Citation: Saeheaw, T. HFE-YOLO:
Hybrid Feature Enhancement with
Multi-Attention Mechanisms for
Construction Site Object Detection.
Buildings 2025, 15, 4274.
https://doi.org/10.3390/
buildings15234274

Copyright: © 2025 by the author.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

Department of Teacher Training in Mechanical Engineering, King Mongkut’s University of Technology North
Bangkok, Bangkok 10800, Thailand; teerapun.s@fte kmutnb.ac.th

Abstract

Construction sites require integrated monitoring of equipment and structural safety. This
study systematically compares four feature enhancement mechanisms at the YOLOv11ln
backbone-neck transition: HFE-YOLO (hybrid multi-attention), FPN-YOLO (feature pyra-
mid), C2F-YOLO (cross-stage partial), and Identity-YOLO (baseline). Evaluation utilized
two datasets with contrasting class distributions: ConstructSight (eight equipment classes,
severe imbalance) and SafeGuard (five safety classes, balanced distribution). All models
were trained for 200 epochs using identical configurations to ensure controlled comparison.
On the imbalanced CS dataset, HFE-YOLO achieves superior performance (95.0% mAP@50,
82.6% mAP@50-95), followed by FPN-YOLO (94.8%, 82.4%), Identity-YOLO (92.5%, 74.4%),
and C2F-YOLO (92.4%, 72.1%). On the balanced SG dataset, performance differences com-
press substantially: HFE-YOLO (96.8%, 79.4%), C2F-YOLO (96.6%, 78.2%), Identity-YOLO
(96.3%, 78.1%), and FPN-YOLO (96.1%, 76.1%). HFE-YOLO provides 8.2 percentage points
mAP@50-95 improvement over the baseline on imbalanced data versus 1.3 percentage
points on balanced data. Enhancement mechanism effectiveness varies substantially be-
tween dataset distributions, with sophisticated mechanisms providing greater benefits
for imbalanced scenarios. These findings offer insights for architecture selection based on
dataset distribution characteristics.

Keywords: feature enhancement; YOLOv11; multi-attention; class imbalance; construction
monitoring; object detection

1. Introduction

Construction sites represent complex operational environments where the simultane-
ous monitoring of heavy equipment and structural safety compliance presents significant
challenges for workplace safety management. The construction industry faces persistent
safety challenges, with equipment-related incidents and structural safety violations repre-
senting significant risk factors for workplace accidents. Heavy equipment-related safety
accidents account for a significant proportion of construction fatalities, necessitating more
effective monitoring approaches [1].

Traditional monitoring methods, including manual inspections and conventional
video surveillance, often lack real-time performance and comprehensive coverage, making
them inefficient for effective site supervision [2,3].

Recent advances in computer vision have shown measurable progress in automated
construction site monitoring, with deep learning approaches achieving detection accu-
racies ranging from 73.2 to 98.93% mAP@0.5—including 98.93% for heavy equipment
detection [1], 97.9% for scaffolding safety compliance [4], and 97.03% for machinery swarm
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operations [5]—establishing the viability of automated monitoring systems (Table 1). Object
detection architectures, particularly the YOLO series and transformer-based approaches,
have demonstrated significant capabilities in detecting construction equipment and moni-
toring safety compliance elements in real-time [6,7].

Construction monitoring research demonstrates diverse methodological approaches
addressing different aspects of the monitoring challenge. Algorithmic optimization studies
focus on architecture enhancement and real-time processing capabilities [8-10]. Comple-
mentary systems integration research addresses end-to-end monitoring workflows through
Building Information Modeling (BIM) integration with computer vision for automated
progress monitoring [11], regulatory compliance frameworks for automated monitoring
deployment addressing privacy and workplace surveillance requirements [12,13], and
digital twin approaches combining wearable sensors with 4D BIM for real-time risk mon-
itoring [14]. These methodological approaches provide comprehensive foundation for
construction monitoring system development, combining algorithmic performance opti-
mization with practical deployment frameworks.

Advanced architectural developments have shown promising results for complex
detection scenarios. Attention mechanisms have shown effectiveness in refining spatial
feature encoding for construction scenarios [15,16]. Feature Pyramid Network (FPN) archi-
tectures enable multi-scale processing capabilities essential for detecting objects of varying
sizes within construction environments [17,18]. Cross-Stage Partial (CSP) connections have
shown potential in optimizing gradient flow and computational efficiency in deep detection
networks [19].

Automated construction monitoring deployment operates within regulatory frame-
works governing workplace surveillance, data protection, and occupational safety that
significantly influence research methodologies. The General Data Protection Regulation
(GDPR) Article 88 establishes requirements for processing employee data in employment
contexts, mandating Member State rules for ‘monitoring systems at the workplace’ to safe-
guard worker dignity and fundamental rights [13-20]. Framework Directive 89/391/EEC
establishes occupational safety obligations requiring systematic risk assessments and moni-
toring systems in alignment with prevention principles [21,22]. Construction Sites Directive
92/57 /EEC implements these principles for temporary or mobile construction sites, mandat-
ing safety coordinators, health and safety plans, and coordination of prevention measures
across contractors [23]. The EU Artificial Intelligence Act [24] classifies Al systems for
worker management as high-risk applications requiring conformity assessments, technical
documentation, and transparency provisions.

These regulatory requirements fundamentally shape both legal and technical research
approaches. Legal research focuses on compliance frameworks, privacy protection mecha-
nisms, and regulatory interpretation across jurisdictions [12,13]. Technical research must
address system transparency, explainable Al requirements, and documented performance
validation essential for regulatory compliance [11,14]. The present study’s controlled
architectural comparison methodology directly addresses these dual requirements by
providing systematic performance documentation and transparent enhancement mecha-
nism evaluation, establishing an empirical foundation for both technical optimization and
regulatory-compliant deployment strategies.

Despite these technological advances, systematic analysis of seventeen recent construc-
tion monitoring studies reveals important limitations in addressing integrated equipment
detection and structural safety monitoring as unified challenges (Table 1). Current ap-
proaches face three primary limitations: methodological constraints, equipment coverage
gaps, and safety monitoring integration challenges.
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Methodological constraints emerge in architectural evaluation approaches. Prior stud-
ies predominantly implement enhancement mechanisms within complete architectural
modifications without isolating specific component contributions. For instance, recent
work employs efficient channel attention modules [25], small object detection mecha-
nisms [9], or multi-task frameworks [26] alongside multiple architectural modifications,
making it difficult to attribute performance improvements to specific enhancement compo-
nents versus base architecture changes. He et al. [27] employ YOLOv11x-Seg with C3K2
modules and C2PSA attention for segmentation tasks, while Zhang et al. [10] implement
MSP-YOLO based on YOLOv12n with multiple enhancement mechanisms. These studies
typically modify multiple architectural components simultaneously, precluding controlled
assessment of individual enhancement contributions. Furthermore, architectural eval-
uations predominantly employ single datasets with specific distribution characteristics,
limiting understanding of how enhancement effectiveness varies across different class
distribution scenarios.

Equipment detection research has concentrated predominantly on commonly visible
equipment such as excavators and dump trucks, systematically underrepresenting spe-
cialized machinery including diesel generators, tower hoist lifts, and tractors essential for
comprehensive site coverage. Analysis of major datasets reveals this pattern: MOCS covers
thirteen equipment types but achieves only 51.04% mAP across 41,668 images [28], while
ACID addresses ten machinery classes across 10,000 images with 89.2% mAP [8]. Recent
specialized studies further narrow this scope: Shin et al. [1] evaluate nine equipment types
achieving 98.93% mAP across 10,294 images, while Eum et al. [29] address only five heavy
equipment classes achieving 89.72% mAP across 21,772 images. These approaches typically
address limited equipment types without incorporating structural safety elements [27,30].

The most significant gap emerges in structural safety compliance monitoring, where
major construction monitoring datasets provide extensive equipment coverage yet sys-
tematically exclude structural safety features. The SODA dataset includes scaffold as a
material category within comprehensive 4M1E framework coverage across 19,846 images,
yet lacks safety compliance specifications for guardrail presence or outrigger deployment
despite systematic multi-site data collection [31]. MOCS dataset encompasses 13 moving
object categories across 174 construction sites and 41,668 images, mentioning scaffold work
in documentation but providing no scaffolding safety monitoring classes [28]. Among
seventeen recent studies (2021-2025), only Abbas et al. [4] explicitly addresses scaffolding
structural safety through guardrail detection and outrigger configuration verification across
4868 images, achieving 97.9% mAP yet representing isolated research without integration
with comprehensive equipment detection systems.

Table 1 presents a comparative analysis of representative datasets demonstrating this
systematic gap in equipment-safety integration.

Table 1. Comparative analysis of dataset attributes for construction monitoring research.

Dataset/Study Total Images Equipment Safety-Related Safety Annotation Equlpment-.Safety
Classes Classes Type Integration
ACID [8] 10,000 10 (machinery) 0 None No
MOCS [28] 41,668 13 (moving objects) 0 None No
12 (equipment + 3 (worker, helmet, Partial (no
SODA [31] 19,846 materials) @ vest) PPE only structural safety)
[1] 10,294 ? (heavy 0 None No
equipment)
[26] 51,630 b 6 (equipment) © 2 (workers, PPE only No (multi-task but

helmets) no structural)
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Table 1. Cont.
Dataset/Study Total Images Equipment Safety-Related Safety Annotation Equlpment-.Safety
Classes Classes Type Integration
[32] 44,295 5 (heavy 0 None No
equipment)
[29] 21,772 > (heavy 0 None No
equipment)
5 (guardrails, Safety-only (no
41 4868 0 scaffolds, helmets) Structural + PPE equipment)
. 8 (specialized 5 (structural + Yes (unified
d
This Study 14,840 equipment) PPE) Structural + PPE framework)

Notes: * SODA contains 15 total classes: 12 equipment and material categories (board, wood, rebar, brick, scaffold,
handcart, cutter, electric box, hopper, hook, fence, slogan) and 3 safety-related classes (worker, helmet, vest). b Liu
et al. [26] combine three datasets: SODA (19,846 images), MOCS (23,404 images), and Excavator Pose Dataset
(8380 images). © Liu et al. [26] equipment classes include: excavators, cranes, trucks, loaders, concrete mixers, and
additional equipment from combined datasets. Workers and helmets represent safety-related classes. ¢ This study
combines the ConstructSight dataset (2195 images) and SafeGuard dataset (12,645 images).

Equipment classes include machinery and vehicles; safety-related classes include
both PPE and structural safety features (e.g., guardrails, scaffold configurations);
equipment-safety integration indicates whether datasets address both categories within a
unified framework.

As demonstrated in Table 1, among nine representative studies spanning 2021-2025, no
prior work addresses both comprehensive equipment detection and structural safety com-
pliance within a unified framework, with datasets either focusing exclusively on equipment
(ACID [8], MOCS [1,28,29,32]: zero safety classes) or limiting safety monitoring to PPE with-
out structural features (SODA [26,31]: PPE only). This systematic exclusion of integrated
equipment-safety monitoring represents a fundamental gap in current research approaches.

This comparative investigation addresses three research questions derived from these
identified gaps:

RQ1 (Enhancement Mechanism Effectiveness): Do feature enhancement mechanisms
at the backbone—neck transition point provide measurable performance improvements,
and how does effectiveness vary across different enhancement approaches?

RQ2 (Distribution-Dependent Performance): How does enhancement mechanism
effectiveness vary between datasets with contrasting class distribution characteristics?

RQ3 (Integrated Monitoring Capability): Can a unified architectural framework effec-
tively address both equipment detection and structural safety compliance monitoring?

These research questions guide the experimental design and analytical framework
presented in subsequent sections.

This study systematically compares four architectural variants at the backbone-neck
transition layer of YOLOv11n: HFE-YOLO employing hybrid multi-attention processing
through Channel Block Attention Module (CBAM), triplet attention, and spatial attention;
FPN-YOLO implementing lightweight FPN architecture; C2F-YOLO utilizing CSP con-
nections; and Identity-YOLO providing a minimal intervention baseline for controlled
comparison. Unlike prior construction monitoring studies that evaluate complete architec-
tural modifications or compare different base models (Table 1), this investigation isolates
enhancement mechanism effectiveness at the backbone-neck interface while maintaining
identical backbone, neck, and head components across all variants, enabling direct quantifi-
cation of enhancement contributions independent of other architectural variations. This
controlled isolation approach contrasts with existing comparative studies that modify mul-
tiple architectural components simultaneously [10,25,26], enabling precise attribution of
performance improvements to specific enhancement mechanisms. The evaluation utilizes
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two specialized datasets—ConstructSight covering eight equipment classes with severe
class imbalance, and SafeGuard addressing five structural safety compliance classes with
balanced distribution—enabling systematic comparison of architectural effectiveness under
distinct distribution scenarios.

2. Theoretical Background and Related Work
2.1. Object Detection Foundations

Modern object detection architectures build upon fundamental computer vision prin-
ciples established through decades of research. Two-stage detection frameworks, pioneered
by Girshick et al. [33] with R-CNN, introduced region proposal mechanisms that separate
object localization from classification tasks. This paradigm was later unified in single-stage
approaches through YOLO [34] and SSD [35], which directly predict bounding boxes and
class probabilities in single network passes.

Feature pyramid architectures represent critical theoretical advancement in handling
multi-scale object detection challenges. Lin et al. [17] demonstrated that hierarchical feature
representations enable effective detection across object scales by combining semantically
strong deep features with spatially precise shallow features. This theoretical framework
underlies most contemporary detection architectures including YOLO variants.

Attention mechanisms derive from the transformer architecture principle that different
spatial regions contribute unequally to detection performance [36]. Channel attention,
formalized by Hu et al. [37] through squeeze-and-excitation networks, enables adaptive
feature recalibration by modeling interdependencies between feature channels. Spatial
attention complements this by emphasizing informative spatial locations while suppressing
irrelevant background regions [38].

2.2. Multi-Task Learning Framework

Multi-task learning theory, established by Caruana [39], demonstrates that related
tasks can benefit from shared feature representations when underlying data distributions
share common structure. In construction monitoring contexts, equipment detection and
safety compliance monitoring represent related visual recognition tasks that may benefit
from shared feature representations.

Research in multi-task learning indicates that unified architectures can achieve su-
perior performance compared to separate specialized models when tasks exhibit comple-
mentary learning signals, though task interference can occur when learning objectives
conflict [40]. This requires careful architecture design to balance shared and task-specific
feature processing.

2.3. Construction Monitoring Approaches

Construction monitoring encompasses diverse methodological approaches beyond
computer vision. Sensor-based structural health monitoring represents a parallel research
domain, with notable advances including partial model-based damage identification using
stiffness separation methods for long-span steel truss bridges [41], computational effi-
ciency improvements through stiffness separation approaches for truss structure damage
identification [42], and optimization of sensor placement strategies for structural dam-
age detection [43]. These sensor-based methodologies employ physical instrumentation
and mathematical modeling for post-construction damage assessment, complementing
vision-based approaches that focus on construction activity monitoring and real-time visual
detection applications.
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(a) Complete Architecture Overview i

3. Methodology
3.1. YOLOw11 Architecture Overview

YOLOV11 incorporates architectural innovations across multiple model sizes including
nano (n), small (s), medium (m), large (1), and extra-large (x) variants [44]. The YOLOv1ln
model was selected as the baseline for this study due to its computational efficiency
characteristics suitable for real-time deployment in construction site monitoring [45]. With
only 4.7M parameters and 9.3 GFLOPs, YOLOv11n achieves 43.2% mAP@0.5:0.95 on
COCO dataset [46], representing a 1.4% mAP improvement over YOLOv10n alongside
reduced inference latency [46]. While larger variants (s/m/1/x) offer higher accuracy, their
increased computational demands compromise real-time processing capabilities essential
for resource-constrained edge device deployment [46].

The backbone employs C3k2 blocks as refined CSP bottlenecks and incorporates SPPF
for spatial pyramid pooling, followed by C2PSA for spatial attention enhancement [44].
The neck utilizes C3k2 blocks for multi-scale feature aggregation, while the head processes
refined features through detection layers to generate final predictions [44].

3.2. Enhancement Mechanisms

Figure 1a illustrates the complete YOLOv11n architecture employed across all experi-
mental variants, comprising backbone (Layers 0-9), enhancement module (Layer 10), neck
(Layers 11-22), and detection head (Layer 23). Layer 10 represents the sole architectural
variation point, with all other components remaining identical across variants.

! (b) Layer 10 Enhancement Mechanisms
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Figure 1. YOLOv11n architecture with Layer 10 enhancement variants.

The backbone—neck transition point (Layer 10) was selected as the enhancement

location based on three architectural considerations supported by object detection theory.
First, this position represents the critical interface where high-level semantic features from
the backbone must be transformed for multi-scale processing in the neck, making it a natural
point for feature enhancement operations [17]. Second, the backbone-neck transition
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operates on intermediate feature dimensions [256, 20, 20] that balance computational
efficiency with representational capacity, enabling effective attention mechanisms without
excessive computational overhead compared to earlier high-resolution layers [38]. Third,
this location enables controlled comparison of enhancement mechanisms while maintaining
consistent feature extraction (Layers 0-9) and multi-scale aggregation pipelines (Layers
11-22) across all experimental variants, isolating the contribution of specific enhancement
approaches independent of other architectural variations.

3.2.1. HFE-YOLO: Multi-Attention Processing

The proposed HFE-YOLO architecture introduces a Hybrid Feature Enhancement
(HFE) module at Layer 10 of the YOLOv11n backbone, positioned at the backbone-neck
transition point. HFE-YOLO operates on feature tensors of shape [batch, 256, 20, 20]
output from Layer 9 (SPPF), where 256 represents the number of feature channels encoding
semantic information, and 20 x 20 denotes the spatial resolution (height x width) of
the feature maps at this hierarchical level for 640 x 640 input images. This intermediate
resolution—representing a 32 x down sampling from the input—balances computational
tractability with sufficient spatial granularity for object localization, as established in
feature pyramid literature [17]. The selection of this specific layer stems from its position
as the semantic-to-spatial transformation interface: Layer 9 completes high-level semantic
feature extraction through spatial pyramid pooling, while subsequent neck layers (11-22)
perform multi-scale feature aggregation for detection. The HFE module’s multi-attention
mechanisms operate on these 256-channel features to refine spatial feature encoding in
three dimensions: channel attention recalibrates feature importance across the 256 channels
based on global context [38], triplet attention models cross-dimensional dependencies
across channel-height-width axes [47], and spatial attention emphasizes informative spatial
locations within the 20 x 20 feature maps while suppressing irrelevant background regions.
This hierarchical refinement enhances feature discriminability for subsequent multi-scale
detection, particularly benefiting minority class detection in imbalanced scenarios where
subtle feature distinctions become critical.

As detailed in Figure 1b, the HFE module implements hierarchical attention processing
through three complementary mechanisms. The channel attention component captures
inter-channel relationships, while triplet attention handles cross-dimensional interactions
through parallel branches. Spatial attention focuses on spatially informative regions, and
the final residual connection ensures stable gradient propagation. This hierarchical design
enables feature enhancement across channel, spatial, and cross-dimensional aspects.

3.2.2. Identity-YOLO: Minimal Intervention Baseline

Identity-YOLO serves as a controlled baseline for evaluating Layer 10 enhancement
mechanisms. To ensure fair comparison across all experimental variants, this study adopts a
unified architectural framework where all models incorporate a processing module at Layer
10, positioned between the backbone (Layers 0-9) and neck (Layers 11-22). This design
differs from the original YOLOv11n architecture, which directly connects the backbone to
the neck without an intermediate processing layer.

As detailed in Figure 1b, the Identity-YOLO architecture maintains the standard
YOLOv11n backbone and neck structure while introducing an IdentityNeck module at
Layer 10. The IdentityNeck implements a pure identity mapping function (return x) that
performs no computational operations on the input features of dimension [256, 20, 20]. This
pass-through mechanism preserves the original feature representations without transforma-
tion, effectively replicating the information flow of standard YOLOv11n while maintaining
architectural consistency with the other experimental variants.
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The computational characteristics of Identity-YOLO establish it as an appropriate
minimal intervention baseline. The IdentityNeck module contains zero trainable parame-
ters and introduces negligible computational overhead (functionally equivalent to a direct
connection), ensuring that any performance differences observed between Identity-YOLO
and enhanced variants can be attributed solely to the enhancement mechanisms rather than
to architectural inconsistencies or parameter budget differences. This controlled experimen-
tal design enables direct assessment of enhancement effectiveness while maintaining full
compatibility with the YOLOv11n feature extraction and prediction pipeline.

The minimal intervention approach provides a reference point that isolates the contri-
bution of feature enhancement processing at the backbone—neck transition. By eliminating
enhancement operations while preserving the overall architectural framework, Identity-
YOLO demonstrates the performance achievable through the standard YOLOv11n feature
hierarchy when enhancement mechanisms are absent. This baseline enables quantitative
evaluation of whether increased architectural complexity at Layer 10 yields proportional
performance improvements across different dataset characteristics.

3.2.3. FPN-YOLO: Feature Pyramid Enhancement

FPN-YOLO implements a lightweight FPN enhancement mechanism at Layer 10,
designed to improve multi-scale feature representation through efficient feature reduction
and fusion operations. Feature pyramid architectures have demonstrated effectiveness for
multi-scale object detection by building feature hierarchies with lateral connections [17].
As detailed in Figure 1b, the FPNDenseLite module replaces the standard transition layer
with a streamlined pyramid processing pipeline that maintains computational efficiency
while enhancing feature expressiveness. The architecture preserves the original YOLOv11n
backbone and neck structure while introducing targeted feature pyramid operations at the
critical backbone-neck interface.

The FPNDenseLite approach implements structured convolution-based processing
through a three-stage pipeline: channel reduction, feature expansion with spatial context
modeling, and multi-stream fusion. This design emphasizes computational efficiency by
utilizing standard convolution operations and nearest-neighbor interpolation, making
it suitable for resource-constrained scenarios where moderate feature enhancement is
required without the complexity of attention-based mechanisms.

3.2.4. C2F-YOLO: Cross-Stage Partial Enhancement

C2F-YOLO incorporates a CSP enhancement mechanism at Layer 10 through the
C2fNeck module, which implements efficient bottleneck processing with gradient flow
optimization. The CSP design principle enables efficient gradient propagation while
reducing computational redundancy [48]. As detailed in Figure 1b, the C2fNeck architecture
employs a three-stage processing pipeline consisting of channel reduction, CSP processing,
and channel expansion operations. The C2fNeck module implements CSP processing
with n = 2 blocks and expansion ratio of 0.5, creating a bottleneck structure that reduces
computational complexity while preserving essential feature information.

The final expansion stage employs a 1 x 1 convolution operation that transforms the
processed 128-channel features back to the target output dimensionality of [256, 20, 20]. This
channel expansion serves as a learned projection mechanism that integrates the CSP features
into a unified representation suitable for subsequent neck processing. The C2fNeck design
achieves feature enhancement through efficient bottleneck processing while maintaining
computational tractability compared to more complex attention mechanisms.
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3.2.5. Comparative Analysis and Architectural Trade-Offs

The four feature enhancement variants presented in Table 2 demonstrate distinct ar-
chitectural philosophies for backbone—neck transition processing, each addressing different
aspects of feature representation and computational complexity. The comparative analysis
reveals fundamental trade-offs between feature preservation, enhancement sophistication,
and processing demands based on their implementation characteristics.

Table 2. Comparative analysis of Layer 10 feature enhancement variants.

Model Enhancement Type Key Operations Strengths Limitations
CBAM (r = 16) + Triplet Multi-dimensional Hicher
HFE-YOLO Multi-attention (k=7) + Spatial + attention, Sequential &

computational cost

Residual processing
. . . Minimal overhead, No feature
Identity-YOLO Pass-through Identity mapping Direct gradient flow enhancement
Reduce (128)—Expand Structured Limited attention
FPN-YOLO Lightweight FPN (256)— Interp + Concat processing, mechanisms
(384) —Fuse(256) Multi-stream fusion
_ Bottleneck design,
C2F-YOLO Cross-stage partial Reduce (128) = C2f (1 =2, Structured Modera.te
exp = 0.5)=Expand (256) . complexity
processing

3.3. Datasets and Distribution Characteristics

This study evaluates the proposed models using two publicly available datasets
from Roboflow Universe across complementary construction monitoring scenarios with
fundamentally different class distribution characteristics. The Construction Project Moni-
toring dataset [49] addresses equipment detection tasks, while the MobileScaffoldingCheck
dataset [50] focuses on safety compliance monitoring. These datasets are referred to
as ConstructSight (CS) and SafeGuard (SG), respectively, throughout this study. Both
datasets are publicly accessible with complete annotations: the CS dataset is avail-
able at https://universe.roboflow.com/ai-in-civil/02.-construction-project-monitoring
(accessed on 20 June 2025) and the SG dataset at https://universe.roboflow.com/
combinedmobilescaffolding /mobilescaffoldingcheck (accessed on 20 June 2025).

The selection of these datasets was driven by their contrasting distribution charac-
teristics. The CS dataset exhibits pronounced class imbalance (manpower: 60.4%, diesel
generator: 1.8%) characteristic of realistic construction monitoring scenarios. Construction
monitoring research demonstrates persistent performance variations across equipment cat-
egories despite high overall accuracy, attributed to class-specific detection challenges and
limited training representation in underrepresented categories [1,29,30]. These distribution
characteristics allow evaluation of enhancement mechanisms under the studied conditions.

An overview of both datasets is provided to establish their characteristics. Table 3
provides an overview of both datasets, including the number of classes, images, instances,
and object types. The CS dataset consists of 2195 images containing 7980 instances across
eight construction equipment classes, while the SG dataset comprises 12,645 images with
26,601 instances across five safety-related classes.

Both datasets were preprocessed using standard object detection pipelines. For the
CS dataset, images were resized to 640 x 640 pixels using stretch resizing with auto-
orientation applied. Data augmentation included brightness adjustment (£15%) and
blur (up to 0.5 px), generating two augmented versions per training example. For the
SG dataset, images were resized to 640 x 640 pixels using fit resizing with black edges
to preserve aspect ratios, with auto-orientation applied. More extensive augmentation
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was applied including horizontal flipping, hue adjustment (£25°), saturation adjustment
(£25%), brightness adjustment (+25%), and exposure adjustment (+25%), generating three
augmented versions per training example. The augmentation strategies were selected to
match dataset characteristics, with CS requiring moderate augmentation for equipment
detection and SG employing extensive augmentation to improve generalization across
diverse safety violation scenarios.

Table 3. Overview of datasets for construction equipment detection and safety compliance.

Task Dataset # Classes # Images # Instances Object Classes
. . Backhoe, concrete mixer, diesel
Equlpn}ent ConstructSight 8 2195 7980 generator, dump truck, excavator,
Detection (CS) =
manpower, tower hoist lift, tractor
Missing guardrail, mobile
Safety SafeGuard scaffold (no outrigger), mobile
Compliance (SG) 5 12,645 26,601 scaffold (outrigger), worker with

helmet, worker without helmet

Detailed statistics for the CS dataset are presented in Table 4. The train/val/test split
ratio of 87.9/6.7/5.4% ensures sufficient training samples while maintaining representative
validation and test sets. The average instances per image is 3.64 (calculated as total instances
divided by total images). While the test set size (118 images) is smaller than conventional
20-30% allocations, it provides statistically adequate evaluation for object detection given
the 455 total instances distributed across eight classes (7-291 instances per class), enabling
reliable mAP calculation across precision-recall curves. This split configuration reflects the
dataset’s original design [49] and follows established practices in domain-specific object
detection research where dataset availability constraints necessitate maximizing training
data while maintaining evaluation validity [51].

Table 4. Dataset statistics for CS dataset.

Class Train Val Test Total %
Backhoe 502 20 34 556 7.0
Concrete Mixer 356 34 21 411 52
Diesel Generator 124 10 7 141 1.8
Dump Truck 592 51 26 669 8.4
Excavator 526 52 27 605 7.6
Manpower 4108 417 291 4816 60.4
Tower Hoist Lift 206 25 12 243 3.0
Tractor 470 32 37 539 6.8
Total Instances 6884 641 455 7980 100.0
Total Images 1930 147 118 2195 —
Split Ratio (%) 87.9 6.7 54 100.0 —
Avg Inst./Image 3.57 4.36 3.86 3.64 —

The SG dataset statistics are shown in Table 5. Unlike the CS dataset, the SG dataset
demonstrates a more balanced class distribution, with class frequencies ranging from 15.2%
(missing guardrail) to 25.9% (worker with helmet). The dataset employs a train/val/test
split ratio of 92.4/3.8/3.8%, with a higher training proportion to provide sufficient samples
for learning diverse safety violation patterns. The average of 2.10 instances per image is
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lower than the CS dataset, reflecting the nature of safety violation detection where specific
violations may occur less frequently within individual frames.

Table 5. Dataset statistics for SG dataset.

Class Train Val Test Total Y%
Missing Guardrail 3723 146 169 4038 15.2
?’i}’fgﬁfﬁgﬁ?ﬁ 3897 176 114 4187 15.7
Mz’ggfrisgcggr‘;ld 4435 186 173 4794 18.0
Worker with Helmet 6124 328 442 6894 259
Worker without Helmet 5983 224 481 6688 25.1
Total Instances 24,162 1060 1379 26,601 100.0

Total Images 11,679 483 483 12,645 —

Split Ratio (%) 92.4 3.8 3.8 100.0 —

Avg Inst./Image 2.07 2.19 2.86 2.10 —

The SG dataset employs a 92.4/3.8/3.8% split ratio, allocating a higher proportion to
training compared to the CS dataset to accommodate the larger dataset scale and diverse
safety violation patterns. The test set (483 images, 1379 instances) provides robust evalu-
ation capability with substantially higher instance counts than the CS dataset, ensuring
adequate per-class representation (114481 instances per class) for reliable performance
assessment. The smaller test percentage (3.8% vs. CS 5.4%) is offset by the larger absolute
instance count, maintaining evaluation validity through instance-level adequacy consistent
with domain-specific object detection practices [51]. This dual-dataset design with comple-
mentary split configurations enables architectural comparison across different data scales
while maintaining statistically adequate evaluation for both imbalanced (CS) and balanced
(SG) distribution scenarios.

3.4. Experimental Environment

All experiments were conducted on a workstation equipped with an Intel Xeon W-
2265 CPU, NVIDIA RTX 3090 GPU with 24 GB memory, and 64 GB system RAM, running
Windows 11 operating system. The implementation utilized Python 3.9.7 with PyTorch
2.2.2 deep learning framework and CUDA 11.8 for GPU acceleration. Additional depen-
dencies include NumPy 1.24.3, OpenCV 4.8.0, and Matplotlib 3.7.1 for data processing
and visualization.

All models were trained for 200 epochs with a batch size of 16 and input resolution of
640 x 640 pixels in RGB format. The initial learning rate was set to 0.01 with automatic
optimizer selection between AdamW and SGD based on model characteristics.

3.5. Performance Metrics

The performance of the proposed models is evaluated using standard object detec-
tion metrics that assess both localization accuracy and classification performance. These
metrics follow the COCO evaluation protocol [52] and are widely adopted in the object
detection community.
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3.5.1. Intersection over Union (IoU)

IoU measures the overlap between predicted and ground truth bounding boxes (Equation (1)):

Area(Bprgd N Bgt)

TIoU =
Area (Bmd U Bgt)

1)

where B4 represents the predicted bounding box and Bg; represents the ground truth
bounding box.

3.5.2. Precision and Recall

Precision quantifies the proportion of correct detections among all predictions (Equation (2)):

TP

P .. _ s
recision TP + FP

(2)
Recall measures the proportion of ground truth objects that are successfully detected
(Equation (3)):
TP

Recall = m (3)

where TP (True Positives) represents correctly detected objects, FP (False Positives) repre-
sents incorrect detections, and FN (False Negatives) represents missed objects. A detection
is considered a true positive when IoU > threshold (typically 0.5).

3.5.3. Average Precision (AP) and Mean Average Precision (mAP)

Average precision (AP) summarizes the precision-recall curve for a single class (Equation (4)):

1
AP:/O p(r)dr 4)

where p(r) represents precision as a function of recall. In practice, AP is computed as the
area under the precision-recall curve using the interpolated precision at each recall level.

Mean average precision (mAP) extends AP to multiple classes by averaging across all
object categories (Equation (5)):

1 N
mAP = N; AP; (5)

where N is the number of classes and AP; is the average precision for class i.

3.5.4. mAP@50 and mAP@50-95

Two primary mAP variants are reported in this study. mAP@50 represents mean
average precision at IoU threshold of 0.5, providing standard detection accuracy evaluation.
mAP@50-95 represents mean average precision averaged over loU thresholds from 0.5 to
0.95 with step size 0.05, providing a more stringent evaluation of localization quality. The
mAP@50-95 metric is calculated as Equation (6):

(=]

.95
mAP@t (6)
t=0.5

1

AP@50-95 =
mAP@50-95 = -

where t represents IoU thresholds {0.5, 0.55, 0.60, .. ., 0.95}.
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(a) train/box_loss

3.5.5. Loss Functions

The model training employs a composite loss function combining three components
(Equation (7)):

Liotar = ApoxLvox + AcisLeis + AagiLag )

where Ly, is the bounding box regression loss based on the Complete IoU (CloU) metric,
which accounts for overlap area, center distance, and aspect ratio, L, is the classification
loss using binary cross-entropy for multi-class prediction, Lyy; is the distribution focal loss
for box refinement through distribution modeling, Ayox = 7.5, A¢js = 0.5, and A45 = 1.5.

These loss weights follow the default YOLOvV11 configuration. The relatively higher
box loss weight emphasizes accurate localization, appropriate for construction site moni-
toring applications requiring accurate object localization.

4. Experimental Results
4.1. Performance on CS Dataset

The training and validation curves for all models on the CS dataset are presented in
Figure 2. All models demonstrate consistent convergence, with training losses decreasing

steadily across epochs. Among the loss components, box loss and DFL loss show faster
convergence compared to classification loss.
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Figure 2. Training and validation loss comparison on CS dataset.

Performance metrics across training epochs are shown in Figure 3. All models achieve
high precision (>0.91) and recall (>0.89) values, showing good detection performance. The
mAP@50 metric converges to values exceeding 0.92 for all models.
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Figure 3. Performance metrics comparison on CS dataset.

Table 6 presents the performance summary for all models on the CS dataset. HFE-
YOLO achieves the best overall performance, ranking first in all four metrics: precision
(0.959), recall (0.912), mAP@50 (0.950), and mAP@50-95 (0.826), closely followed by FPN-
YOLO (0.824 mAP@50-95). Results show improved performance with multi-attention mech-
anisms [38,47] and multi-scale feature fusion through structured pyramid processing [17]
for the imbalanced CS dataset. Identity-YOLO and C2F-YOLO show lower performance,
with mAP@50-95 of 0.744 and 0.721, respectively.

Table 6. Model performance summary on CS dataset.

Model Precision Recall mAP@50 mAP@50-95
HFE-YOLO 0.959 0.912 0.950 0.826
FPN-YOLO 0.950 0.907 0.948 0.824

Identity-

YOLO 0.939 0.890 0.925 0.744

C2F-YOLO 0.913 0.897 0.924 0.721

Figure 4 presents the precision-recall curves for per-class performance evaluation on
the CS dataset. The curves reveal significant performance variation across different object
categories, corresponding to the impact of class imbalance in the training data. As shown in
Figure 4a, HFE-YOLO achieves the highest overall mAP@0.5 of 0.951, with most equipment
classes demonstrating AP values exceeding 0.99. However, the manpower class exhibits
notably lower performance with AP of 0.743, despite representing 60.4% of the training
instances. This performance gap persists across all model variants, as demonstrated in
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Figure 4b—d, where Identity-YOLO, FPN-YOLQO, and C2F-YOLO achieve manpower AP
values of 0.694, 0.758, and 0.656, respectively.
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Figure 4. Per-class precision-recall curves on CS dataset.

The equipment classes show consistently high performance across all models, with
backhoe, diesel generator, dump truck, and excavator achieving AP values above 0.98 in
most cases. Figure 4c shows that FPN-YOLO achieves particularly strong performance
on equipment classes, with several classes reaching AP of 0.995. The tower hoist lift
class presents moderate detection difficulty, with AP values ranging from 0.807 (Identity-
YOLO in Figure 4b) to 0.904 (HFE-YOLO in Figure 4a), indicating intermediate complexity
in visual features and pose variations. The precision-recall curves demonstrate that all
models maintain high precision across most recall levels for equipment classes, while
the manpower class shows steeper precision degradation as recall increases, suggesting
challenges in detecting all worker instances while maintaining classification confidence.

Figure 5 presents qualitative detection results on a representative evaluation image
from the CS dataset, comparing the output of all four models. The visualization demon-
strates that all architectures successfully detect major equipment such as excavators and
dump trucks with high confidence scores (>0.9), while showing varying performance on
smaller objects and personnel detection.
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Figure 5. Representative detection results on CS dataset. Detection results from (a) HFE-YOLO,
(b) Identity-YOLO, (c¢) FPN-YOLO, and (d) C2F-YOLO on the same image. Colored bounding boxes
indicate detected objects with class labels and confidence scores.

4.2. Performance on SG Dataset

Figure 6 presents the training and validation loss curves for the SG dataset. The
convergence patterns differ notably from the CS dataset, with all models showing more
stable validation losses throughout training. This behavior coincides with the more bal-
anced class distribution in the SG dataset. The loss components converge at similar rates,
suggesting that both localization and classification tasks are equally challenging for safety

violation detection.
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Figure 6. Training and validation loss comparison on SG dataset.

The performance metrics evolution is illustrated in Figure 7. Models achieve higher
precision and recall on the SG dataset compared to the CS dataset, with precision exceed-
ing 0.94 and most models surpassing 0.94 for recall. The mAP@50 values consistently
surpass 0.96 for HFE-YOLO and FPN-YOLO during training, indicating strong detection
performance. However, the mAP@50-95 values (0.78-0.80) are similar to those observed on
the CS dataset, suggesting consistent challenges in tight bounding box predictions across
both domains.
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Figure 7. Performance metrics comparison on SG dataset.
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Table 7 presents the performance summary for the SG dataset. HFE-YOLO achieves
superior performance across all metrics, attaining the highest precision (0.964), recall (0.956),
mAP@50 (0.968), and mAP@50-95 (0.794). C2F-YOLO and Identity-YOLO demonstrate
competitive performance with mAP@50-95 of 0.782 and 0.781, respectively.

Table 7. Model performance summary on SG dataset.

Model Precision Recall mAP@50 mAP@50-95
HFE-YOLO 0.964 0.956 0.968 0.794
FPN-YOLO 0.962 0.940 0.961 0.761
C2F-YOLO 0.958 0.948 0.966 0.782

Identity-YOLO 0.949 0.948 0.963 0.781

Notably, FPN-YOLO achieves lower performance (0.761 mAP@50-95) on the balanced
SG dataset compared to the imbalanced CS dataset, indicating sensitivity to class distri-
bution characteristics. All models demonstrate notably higher precision and recall values
compared to the CS dataset, with precision exceeding 0.94 across all architectures. This
improvement accompanies the more balanced class distribution (15.2-25.9%) and focused
safety violation categories in the SG dataset.

Figure 8 presents the precision-recall curves for all models on the SG dataset, illustrat-
ing per-class detection performance and the overall mAP@50 metric. HFE-YOLO achieves
mAP@50 of 0.968, Identity-YOLO achieves 0.963, FPN-YOLO achieves 0.961, and C2F-YOLO
achieves 0.966, all showing consistent performance across safety violation categories.
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Figure 8. Per-class precision-recall curves on SG dataset.
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On evaluation, all models achieve high performance, with mAP@50-95 values ranging
from 0.761 to 0.794—narrower than the 0.721-0.826 range observed on the CS dataset. This
compression of performance differences indicates that enhancement mechanisms show
greater benefit on the imbalanced dataset compared to the balanced dataset.

Representative detection examples from the SG dataset evaluation samples are shown
in Figure 9. The models successfully detect various safety violations including missing
guardrails, scaffold configurations, and worker helmet compliance. Multiple detections per
image reflect the average of 2.10 instances per image in the SG dataset.

R

0_irg)
il 0.9

:

(c) FPN-YOLO (d) C2F-YOLO

Figure 9. Representative detection results on SG dataset. Examples show model predictions with
confidence scores for safety violation detection including missing guardrail (blue), mobile scaffold
configurations (cyan), and worker helmet compliance (turquoise).

4.3. Enhancement Mechanism Comparison at Layer 10

This section presents a controlled comparison of four enhancement strategies at the
backbone-neck transition point (Layer 10), evaluated against Identity-YOLO as a minimal
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intervention baseline. All architectures share identical backbone (Layers 0-9), neck (Layers
11-22), and head (Layer 23) structures, differing only in Layer 10 processing. This con-
trolled design enables direct assessment of enhancement mechanism effectiveness while
maintaining consistent feature extraction and prediction pipelines.

4.3.1. CS Enhancement Comparison

Table 8 presents the enhancement mechanism comparison on the CS dataset using
performance metrics, quantifying the performance contribution of each strategy relative
to the Identity-YOLO baseline. The results reveal substantial performance variations
depending on the enhancement approach, with differences ranging from —2.3 percentage
points to +8.2 percentage points in mAP@50-95.

Table 8. Enhancement mechanism comparison on CS dataset.

Model Enhancement Type mAP@50-95 A vs. Identity  Precision Recall mAP@50
Identity-YOLO  Minimal (pass-through) 0.744 reference 0.939 0.890 0.925
C2F-YOLO Cross-stage partial 0.721 —0.023 0913 0.897 0.924
FPN-YOLO Feature pyramid 0.824 +0.080 0.950 0.907 0.948
HFE-YOLO Multi-attention 0.826 +0.082 0.959 0.912 0.950
HFE-YOLO achieves the highest mAP@50-95 of 0.826 (+8.2 percentage points), with
FPN-YOLO achieving the second-highest performance (0.824, +8.0 percentage points). This
substantial gain shows improved performance with multi-attention mechanisms [38,47] and
multi-scale feature fusion through structured pyramid processing [17] for the imbalanced
CS dataset.
Notably, C2F-YOLO exhibits degraded performance compared to Identity-YOLO
(—2.3 percentage points), suggesting that CSP bottleneck processing may be suboptimal
for highly imbalanced datasets where the majority class (manpower, 60.4%) dominates the
feature space.
4.3.2. SG Enhancement Comparison
Table 9 presents the enhancement mechanism comparison on the SG dataset using
performance metrics, revealing markedly different effectiveness patterns compared to the
CS dataset.
Table 9. Enhancement mechanism comparison on SG dataset.
Model Enhancement Type mAP@50-95 A vs. Identity  Precision Recall mAP@50
Identity-YOLO  Minimal (pass-through) 0.781 reference 0.949 0.948 0.963
C2F-YOLO Cross-stage partial 0.782 +0.001 0.958 0.948 0.966
FPN-YOLO Feature pyramid 0.761 —0.020 0.962 0.940 0.961
HFE-YOLO Multi-attention 0.794 +0.013 0.964 0.956 0.968

These compressed performance differences on the balanced SG dataset (1.3 percentage
point range from Identity to HFE) contrast sharply with the CS dataset results (8.2 per-
centage point gap for HFE-YOLO), indicating that enhancement mechanism selection has
substantially reduced importance on balanced datasets.
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4.3.3. Enhancement Mechanism Analysis

The comparative evaluation reveals key findings regarding enhancement mechanism
effectiveness across different dataset characteristics. A notable finding concerns baseline
performance on balanced datasets. Identity-YOLO achieves competitive performance on
the balanced SG dataset (0.782 mAP@50-95, 0.963 precision, 0.958 recall), approaching so-
phisticated enhancement variants within 1.7% relative difference. This result suggests that
the minimal intervention baseline achieved competitive performance on the balanced SG
dataset. The strong baseline performance suggests that computational resources allocated
to complex enhancement mechanisms may yield diminishing returns on well-balanced
datasets, where simpler architectures can achieve comparable detection quality with lower
computational overhead. In contrast, CSP-based enhancement shows limited effectiveness
across both datasets. C2F-YOLO consistently underperforms or marginally exceeds the
Identity-YOLO baseline across both datasets (—2.3 percentage points on CS, +0.1 on SG),
despite implementing established CSP design principles [48]. The bottleneck structure with
n = 2 blocks and 0.5 expansion ratio appears insufficient for effective feature enhancement
at the backbone-neck transition point.

5. Discussion
5.1. Enhancement Mechanism Effectiveness

The systematic comparison provides insights into backbone-neck transition enhance-
ment based on dataset distribution characteristics, extending prior work on attention
mechanisms in object detection [10,25].

The empirical findings provide direct evidence addressing RQ1 (Enhancement Mecha-
nism Effectiveness) and RQ2 (Distribution-Dependent Performance), demonstrating that
enhancement effectiveness depends fundamentally on data distribution characteristics
rather than representing universal architectural improvements.

These findings reveal several key patterns. First, enhancement mechanisms demon-
strate varying effectiveness across dataset characteristics. On the imbalanced CS dataset,
feature pyramid and multi-attention enhancements provide substantial improvements
(+8.0 and +8.2 percentage points), while on the balanced SG dataset, the same mechanisms
yield modest gains (+1.3 percentage points for HFE-YOLO). These findings align with class
imbalance literature showing that sophisticated architectures provide greater benefits when
class distributions are skewed [53-55].

The implications for architecture selection are clear. For the evaluated scenarios with
severe class imbalance, sophisticated enhancement mechanisms demonstrated substantial
improvements on the tested datasets. The effectiveness of multi-scale processing through
feature pyramid architectures corroborates findings from Lin et al. [17] regarding FPN
effectiveness, while multi-dimensional attention results support recent work on attention
mechanisms for object detection [38,47].

The superior performance of structured feature transformation approaches compared
to bottleneck-based processing on these specific datasets indicates different effectiveness
patterns for the evaluated architectures. At the backbone-neck transition point where
features must support multi-scale detection across pyramid levels, preservation and refine-
ment operations showed better performance than compression strategies in this study.

The C2F-YOLO performance pattern warrants specific analysis. On the imbalanced
CS dataset, C2F-YOLO achieves 72.1% mAP@50-95, underperforming the Identity-YOLO
baseline (74.4%) by 2.3 percentage points despite implementing established CSP design
principles [48]. This degradation likely stems from the bottleneck architecture’s feature
compression characteristics. The C2fNeck module employs channel reduction to 128 di-
mensions (50% compression ratio) followed by CSP processing with n = 2 blocks, creating
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an information bottleneck at the critical backbone-neck transition point. For severely im-
balanced datasets where the majority class (manpower: 60.4%) dominates the feature space,
this compression may disproportionately suppress minority class representations essential
for detecting underrepresented equipment categories. The bottleneck design, while effec-
tive for computational efficiency in balanced scenarios [48], appears suboptimal when class
imbalance introduces asymmetric feature importance distributions. In contrast, feature
preservation and refinement approaches—implemented by Identity-YOLO (zero compres-
sion) and enhancement mechanisms like FPN-YOLO and HFE-YOLO (expansion-based
processing)—maintain richer feature representations that better accommodate imbalanced
class distributions. This pattern suggests that architectural choices at critical transition
points should account for dataset distribution characteristics, with compression-based
approaches potentially requiring adaptive mechanisms to preserve minority class features
in imbalanced scenarios.

The C2F-YOLO negative result provides counter-evidence to established CSP effective-
ness [48], contributing valuable constraints for future enhancement mechanism selection in
imbalanced detection scenarios.

Conversely, for scenarios with balanced class distributions where all categories receive
adequate training representation, the minimal intervention baseline achieves a performance
approaching sophisticated enhancement variants. This compression of architectural differ-
ences supports the hypothesis that class distribution characteristics significantly influence
architectural choice effectiveness.

The consistent ranking preservation across datasets despite varying absolute im-
provements indicates that while enhancement magnitude varies, relative architectural
effectiveness remains stable. Based on the tested conditions, feature pyramid mechanisms
provide consistent performance across the evaluated datasets.

5.2. Class-Specific Performance

The per-class performance analysis reveals patterns that warrant further investigation,
building on class imbalance literature [53,54]. These patterns address RQ3 (Integrated
Monitoring Capability) by revealing fundamental differences in detection difficulty across
equipment and safety monitoring tasks within the unified architectural framework.

The analysis reveals distinct patterns across different distribution scenarios. On the
imbalanced dataset, the majority class exhibits substantially lower detection performance
compared to minority equipment classes despite dominating training instances. This
observation is consistent with findings in computer vision showing that class frequency
alone does not guarantee detection performance [17]. Worker detection faces challenges
including posture variations, movement variations, occlusion scenarios, and multi-scale
detection difficulties in complex construction environments [56-58].

In contrast, equipment classes with substantially lower training frequencies achieve
consistently high detection performance. These rigid mechanical objects maintain stable
geometric structures, distinctive color patterns, and characteristic shapes that remain
consistent across instances. This pattern aligns with object detection literature showing that
visual consistency often outweighs sample quantity [59].

In contrast, on the balanced dataset, the worker helmet compliance class presents
the most challenging detection despite balanced representation. This finding is consistent
with fine-grained object detection literature emphasizing the difficulty of detecting small,
variable features [19]. Scaffold-related classes consistently achieve highest detection perfor-
mance, confirming that geometric structures with clear boundaries provide robust visual
cues as established in prior work [4].
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This finding validates the unified enhancement mechanism approach for RQ3, demon-
strating that structural safety monitoring does not inherently require specialized architec-
tures distinct from equipment detection when target objects possess geometric consistency.

5.3. Comparative Benchmarking with Prior Literature

To contextualize the experimental findings, this subsection benchmarks the results
against representative construction monitoring studies from Table 1, examining relative
performance positioning, computational characteristics, and methodological trade-offs not
addressed in the preceding analysis.

Performance positioning relative to specialized studies reveals competitive standing
within established ranges. For equipment detection, the 95.0% mAP@50 achieved on CS
dataset (eight classes, 2195 images) positions between Eum et al. [29] at 89.72% across
five heavy equipment classes (21,772 images) and Shin et al. [1] at 98.93% across nine
equipment classes (10,294 images). For safety compliance, the 96.8% mAP@50 on SG dataset
(five classes, 12,645 images) approaches Abbas et al. [4] at 97.9% for scaffolding safety
(five classes, 4868 images). These comparisons establish that the controlled architectural
comparison achieves detection accuracy within the performance envelope of specialized
single-task studies while addressing integrated equipment-safety monitoring.

Computational efficiency analysis reveals favorable characteristics for deployment sce-
narios. The YOLOv11n baseline provides 4.7 M parameters and 9.3 GFLOPs computational
demands, substantially lower than architectures employed in comparable studies. Shin
et al. [1] utilize YOLOVS5I with higher parameter counts, while Liu et al. [26] implement
multi-task YOLOVS requiring segmentation and pose estimation beyond detection capabili-
ties. The enhancement mechanisms evaluated introduce minimal overhead: HFE-YOLO's
multi-attention processing operates on 256-channel features at 20 x 20 resolution, maintain-
ing real-time processing capability while providing the documented 8.2 percentage point
improvement on imbalanced data. Recent deployment studies report 92.41 FPS [60] and
123.6 FPS [61] for specialized applications, establishing computational feasibility benchmarks
that YOLOv11n-based architectures can approach through efficient base architecture design.

Methodological trade-offs distinguish this investigation from prior work through
controlled isolation emphasis. Unlike studies comparing complete architectural modifi-
cations [25,27] or different base models (YOLOVS5I [1], YOLOv10 [29]), maintaining identical
backbone-neck-head components across all variants enables direct enhancement mechanism
attribution. Three specific trade-offs emerge: (1) architectural comparison priority over
absolute performance maximization, yielding mechanistic insights at the cost of potential
performance gains from specialized optimizations; (2) standard RGB input rather than depth
sensing [4] or LIDAR integration, favoring deployment flexibility over specialized sensing
capabilities; and (3) single enhancement position evaluation (Layer 10) rather than compre-
hensive modifications [10,19], providing controlled comparison at the expense of potential
synergistic benefits from multi-point enhancement.

The dual-dataset evaluation addressing contrasting class distributions represents a
methodological contribution absent from compared studies, which predominantly em-
ploy single datasets. This design quantifies distribution-dependent effectiveness (8.2 vs.
1.3 percentage points improvement magnitude), providing actionable guidance for architec-
ture selection based on application-specific data characteristics—an insight unavailable from
single-distribution evaluations predominant in the existing literature.

5.4. Broader Implications and Limitations

These findings have several broader implications for object detection research. The
observed distribution-dependent effectiveness patterns suggest that architecture selection
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should consider dataset characteristics rather than applying universal solutions, extending
work by Liu et al. [26] on multi-task frameworks.

However, several limitations should be acknowledged. The findings are derived from
two specific construction monitoring datasets representing distinct distribution charac-
teristics. While these datasets provide controlled comparison conditions, generalization
requires validation across broader construction monitoring scenarios. The study employs a
minimal intervention baseline rather than unmodified YOLOv11n architecture, which may
affect direct comparability with published benchmarks.

Additionally, the study focuses specifically on backbone-neck transition enhancement
without exploring other architectural components, limiting the scope of architectural
insights. Consistent performance plateaus at stricter IoU thresholds indicate persistent
challenges in precise bounding box localization across all tested architectures.

Based on these limitations, several promising research directions emerge: (1) evalua-
tion across diverse construction monitoring tasks including indoor renovation, night con-
struction, and adverse weather scenarios; (2) investigation of alternative enhancement posi-
tions within YOLO architectures; (3) development of adaptive enhancement mechanisms
that adjust based on detected class distribution characteristics; and (4) exploration of pose-
aware detection frameworks for improved worker detection in construction environments.

6. Conclusions

This study systematically evaluated four feature enhancement mechanisms at the
YOLOv11n backbone-neck transition using construction monitoring datasets with con-
trasting class distributions. The investigation provides empirical answers to three
research questions:

RQ1 (Enhancement Mechanism Effectiveness): Feature enhancement mechanisms
demonstrate varying effectiveness, with HFE-YOLO achieving superior performance
(mAP@50: 95.0% on ConstructSight, 96.8% on SafeGuard) followed by FPN-YOLO
(mAP@50: 94.8%, 96.1%), while CSP-based enhancement underperforms the baseline
on imbalanced data (—2.3 percentage points). Enhancement magnitude depends on both
mechanism type and data characteristics.

RQ2 (Distribution-Dependent Performance): Enhancement effectiveness shows strong
dependency on dataset distribution, with substantial improvements on imbalanced data
(+8.2 percentage points mAP@50-95 for HFE-YOLO on ConstructSight) compared to mod-
est gains on balanced distributions (+1.3 percentage points on SafeGuard). This six-fold
reduction in improvement magnitude indicates that architectural complexity should be
calibrated to dataset characteristics rather than universally applied.

RQ3 (Integrated Monitoring Capability): The same architectural framework demon-
strates effective performance across both equipment detection and safety compliance tasks
(95.0-96.8% mAP@50), establishing the viability of unified enhancement mechanisms for di-
verse construction monitoring applications without task-specific architectural adaptations.

These findings contribute empirical evidence regarding enhancement mechanism
selection based on dataset distribution characteristics and task requirements, offering
insights for researchers working with class-imbalanced detection tasks and integrated
construction monitoring systems.
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Table 1. Comprehensive literature review of construction site monitoring systems (2021-2025).
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icycle, car, motorcycle, bus, scissor 575,913 implementation equipment-safety
deployment . S . . .
lift, tower crane, aerial lift truck instances) integration
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Table 1. Cont.

Study Detection Base Architecture Key Tech.nlcal Classes Dataset (Size) mAP@0.5 (%) No’fable'e Limitations
Target Innovations Contribution
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ages 35 FPS validation

assignment




Buildings 2025, 15, 4274 27 of 30
Table 1. Cont.
Study Detection Base Architecture Key Tech.nlcal Classes Dataset (Size) mAP@0.5 (%) No’fable'e Limitations
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