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Abstract

Power transmission line monitoring is critical for grid stability. However, existing object
detection methods remain challenged by small-scale fittings in aerial transmission-line im-
ages because of feature sparsity, complex backgrounds, and computational constraints. In
this paper, a YOLO-based dynamic adaptive sparse hierarchical network (DASH-YOLO) is
proposed to address these issues. DASH-YOLO integrates dynamic adaptive computation
with hierarchical attention to improve small-fitting feature representation while reducing
redundant computation. Specifically, a Dynamic Sparse Hyper Graph (DSHG) module is
introduced to regulate feature interaction density according to scene complexity, allowing
relational modeling to focus on informative feature nodes. In addition, a Hierarchical Atten-
tion (HA) module adopts a coarse-to-fine refinement strategy to enhance global semantic
awareness and local spatial precision. Experiments on a real-world transmission-line fitting
dataset show that DASH-YOLO achieves 90.37% mAP@0.5 and 74.74% mAP@0.5:0.95,
improving over YOLOvV8x by 4.63 and 4.62 percentage points, respectively, while also
reaching 90.80% recall, 85.49% precision, and 62.99 FPS under the same validation protocol.

Keywords: small object detection; transmission line fittings; dynamic sparse hypergraph;
hierarchical attention

MSC: 68T45

1. Introduction

The reliable operation of power transmission infrastructure is fundamental to mod-
ern society, as transmission line failures can lead to large-scale blackouts and significant
economic losses. Regular inspection and maintenance of transmission line components,
particularly small fittings such as various types of wire clamps, dampers and connectors,
are essential for ensuring grid stability. Traditional manual inspection methods, although
effective, suffer from high labor costs, safety risks, limited coverage, and inconsistent
inspection quality [1]. With the development of unmanned aerial vehicles (UAVs) equipped
with high-resolution cameras, transmission line inspection has been significantly enhanced
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by enabling rapid and large-scale monitoring [2]. However, accurate detection of small
fittings in aerial images remains a challenging task.

Small object detection in transmission line imagery has three primary challenges. First,
the inherent scale disparity between small fittings and high-resolution inspection images
results in limited pixel representation, inducing severe feature sparsity in deep network
layers as spatial resolution progressively decreases [3]. Second, complex backgrounds
typical of transmission line environments introduce substantial noise and false positive
sources, including tree branches, birds, atmospheric conditions, and structural components
that share visual similarities with genuine fittings [4]. Third, the limited visual information
of small objects fundamentally constrains detection performance, as available features
decrease quadratically while relative noise increases with diminishing object size [5].

To address these challenges, researchers have proposed various approaches. Multi-
scale feature fusion techniques such as Feature Pyramid Networks (FPNs) [6] and Path
Aggregation Networks (PANets) [7] are designed to preserve spatial details while inte-
grating semantic information. Attention mechanisms including CBAM [8], ECA [9], and
GAM [10] have been incorporated to enhance feature discrimination. Recent YOLO-based
detectors have further improved the balance for UAV inspection scenarios. However,
existing methods still face critical limitations as follows. First, uniform attention mecha-
nisms fail to adapt to varying scene complexity, leading to computational waste in simple
regions and insufficient processing in complex areas [11]. Second, traditional multi-scale
fusion strategies struggle with effective information aggregation across disparate scales [12].
Third, the trade-off between detection accuracy and inference speed remains inadequately
balanced for real-time applications.

To overcome these limitations, this paper proposes DASH-YOLO, a dynamic adaptive
sparse hierarchical network for small fitting detection in transmission-line inspection
images. The key novelty of DASH-YOLO is that it does not simply add a generic attention
block to YOLOvVS8X; instead, it introduces a complexity-aware relational modeling strategy
and a coarse-to-fine attention refinement strategy. Specifically, the Dynamic Sparse Hyper
Graph (DSHG) module reshapes the deepest feature map into spatial nodes and uses a
small set of learnable hyperedge prototypes to aggregate and propagate long-range feature
relationships. A learned complexity score further generates a density coefficient that
adaptively controls the residual contribution of hypergraph-enhanced features. In this way,
the model can strengthen complex scenes containing small fittings while avoiding dense
pairwise interaction over all spatial positions. Subsequently, the Hierarchical Attention
(HA) module first obtains low-resolution global semantic guidance and then performs
full-resolution local refinement using depth-wise spatial attention. The refined features
are finally fed into a standard multi-scale detection head for bounding box regression and
classification. The main contributions of this work are summarized as follows:

(1) A Dynamic Sparse Hyper Graph module (DSHG) is proposed to model higher-
order and long-range dependencies among spatial feature nodes through learnable hy-
peredge prototypes. Compared with dense pairwise interaction, the proposed prototype-
mediated propagation provides efficient relational reasoning and is further modulated by a
learned density gate.

(2) A Hierarchical Attention (HA) mechanism is designed to combine global semantic
guidance and local spatial refinement in a coarse-to-fine manner, thereby improving the
discrimination and localization of small fittings under complex backgrounds.

(3) A high-resolution transmission-line fitting dataset with detailed annotations is
constructed to support systematic evaluation of small fitting detection in real-world UAV
inspection scenarios.
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2. Related Works
2.1. Evolution of Power Line Inspection Methods

Power transmission line inspection has evolved dramatically over the past decade,
transitioning from labor-intensive manual methods to sophisticated automated systems.
Early computer vision approaches relied on handcrafted features and traditional machine
learning classifiers [13], achieving limited success due to the complexity of real-world
scenarios. The introduction of deep learning revolutionized transmission line inspection,
with Faster R-CNN [14] and Mask R-CNN-based methods [15] achieving notable improve-
ments in detection accuracy. Zhang et al. proposed an enhanced R-CNN framework [16]
specifically designed for insulator detection, incorporating multi-scale feature fusion and
contextual information. However, two-stage detectors suffer from computational overhead,
making real-time deployment challenging for UAV-based inspection systems.

The YOLO family [17-22] has emerged as a preferred choice for real-time power
line inspection due to its single-stage architecture and excellent balance. Recent works
have adapted YOLO variants for transmission line component detection, incorporating
domain-specific optimizations such as specialized anchor designs and attention mech-
anisms [23]. Despite these advances, detecting small fittings remains challenging, as
standard architectures struggle to maintain sufficient spatial resolution while capturing
semantic information [24].

More recent domain-specific studies further indicate that transmission-line inspection
is not merely a generic small-object detection task. Power-line asset datasets such as
STN PLAD include towers, insulators, spacers, tower plates, and Stockbridge dampers
captured from high-resolution UAV images, showing large variations in scale, orientation,
illumination, and background clutter [25]. Recent component-detection work has also
adapted YOLO models with anchor refinement, attention modules, and focal loss to detect
key transmission-line components under class imbalance and small-target conditions [26].
Compared with these studies, the present work focuses on fine-grained fittings, including
clamps, dampers, and multiple connector categories, where the targets are visually similar
and often occupy only a small image area. Therefore, DASH-YOLO is positioned as a
fitting-oriented detector rather than a general power-line asset detector.

2.2. Small Object Detection Techniques

The challenge of detecting small objects has spawned extensive research into special-
ized architectures and training strategies. Feature Pyramid Networks (FPNs) pioneered
top-down multi-scale fusion to enhance spatial resolution in deep layers, while Path Ag-
gregation Network (PANet) and Bidirectional FPN (BiFPN) [27] improved cross-scale
information flow via bidirectional pathways. These methods are widely adopted in YOLO-
based power line inspection systems (e.g., YOLOv5/v8 neck architectures) but process
all spatial regions uniformly, leading to excessive computation on uninformative back-
grounds (e.g., sky regions in transmission line imagery) while underprioritizing critical
fitting areas [28].

Recent advances in attention mechanisms have shown particular efficacy for small
object detection. The integration of Efficient Multi-Scale Attention (EMA) [29] modules
and Spatial Awareness Modules (SAM) [30] has enhanced feature discrimination for small
targets. Dynamic convolution approaches adapt kernel parameters [31] based on input
features, providing content-aware processing. However, these methods typically apply at-
tention uniformly across all spatial locations, failing to account for varying scene complexity
and leading to computational inefficiency.

Multi-scale hybrid attention approaches have shown particular promise, effectively
utilizing similarity relationships between objects of various sizes to guide small object
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detection [32]. The hierarchical application of attention at different feature scales enables
progressive refinement, though existing implementations often lack explicit mechanisms
for handling the extreme scale variations characteristic of transmission line imagery [33].

2.3. Attention Mechanisms in Object Detection

Attention mechanisms have emerged as powerful tools for enhancing feature discrim-
ination in object detection tasks. Channel attention modules like Squeeze-and-Excitation
(SE) [34] blocks recalibrate channel-wise feature responses, emphasizing informative chan-
nels while suppressing less relevant ones. Spatial attention mechanisms including Convo-
lutional Block Attention Module (CBAM) [35] and Global Context Network (GCNet) [36]
model spatial dependencies to highlight salient regions. Recent works have explored coor-
dinate attention [37] and efficient channel attention [38], achieving improved performance
with reduced computational cost. Hybrid attention mechanisms that combine channel
and spatial attention have become prevalent for their comprehensive feature enhancement
capabilities [39].

Graph-based attention mechanisms provide a complementary perspective, modeling
feature relationships as graph structures to capture long-range dependencies. Graph Con-
volutional Networks (GCNs) [40] and their variants have been applied to object detection,
enabling explicit reasoning about feature interactions. Hypergraph neural networks extend
this concept by modeling higher-order correlations, which are particularly relevant for
capturing complex structural relationships among objects in cluttered scenes [41]. However,
traditional graph attention mechanisms suffer from two key limitations, typically em-
ploying dense connectivity patterns that scale poorly to high-resolution feature maps and
lacking adaptive mechanisms to allocate computation according to scene complexity [42].

Our work addresses these limitations by introducing sparse hypergraph represen-
tations that capture higher-order feature relationships with low computational cost and
by implementing dynamic sparsity adaptation based on local scene characteristics. This
approach enables effective small object detection without the overhead of dense attention
mechanisms. Compared with existing attention modules such as CBAM, ECA, coordinate
attention, and global-context attention, the proposed DSHG module explicitly treats spa-
tial positions as nodes and performs relational propagation through learnable hyperedge
prototypes. Compared with dense graph or non-local reasoning, the proposed design
avoids constructing an N X N pairwise affinity matrix and instead uses K prototypes,
where K < N. Compared with dynamic convolution, which adapts convolutional kernels
according to input features, DSHG adapts the residual contribution of prototype-mediated
relational features according to a learned complexity score. Therefore, DASH-YOLO differs
from a simple module combination by coupling complexity-aware relational reasoning
with hierarchical attention refinement for small fitting detection.

3. Proposed Method

For clarity, the main tensor notations used in this section are defined as follows. A
feature map is denoted by X € RBXCxHXW where B,C,H, and W represent the batch size,
number of channels, height, and width, respectively. The number of spatial positions
is N = H x W. Matrix multiplication is denoted by standard matrix product notation,
T denotes transposition, ® denotes element-wise multiplication, and reshape(-) denotes
tensor reshaping without changing the order of elements. When a scalar or vector coefficient
is applied to a feature map, broadcasting follows the standard PyTorch convention. For

RBxlxlxl

example, the density coefficient d € RE*! is reshaped to d € and then broadcast

along the channel and spatial dimensions during residual fusion.
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3.1. Overall Architecture

DASH-YOLO derives from the YOLOv8x architecture and incorporates dedicated
strategies to enhance deep feature extraction. The network consists of three key modifica-
tions. First, the backbone network integrates a Dynamic Sparse Hyper Graph mechanism
to enhance deep feature representation. Second, a Hierarchical Attention module is applied
immediately after the backbone to refine the deepest feature map. Third, the neck archi-
tecture employs adjusted C2f module configurations to improve feature recombination.
Figure 1 illustrates the overall architecture. The following provides a detailed description
of each component and its functionality. In the implemented architecture, the DSHG and
HA modules are inserted after the final C2f block of the YOLOv8x backbone. For an input
image of size 640 x 640, the final backbone feature corresponds to the P5 level with a stride
of 32, i.e., a spatial size of 20 x 20 and 1024 channels. The DSHG module is configured
with 16 learnable hyperedge prototypes and a density range of [0.3, 1.0]. The output of
DSHG is then refined by the HA module with a global attention downsampling ratio of
0.25. The neck follows the standard top-down and bottom-up multi-scale fusion path and
outputs P3, P4, and P5 detection features.

Input Backbone Neck Head

Detect
Layer

(UpSample) Concat )

(_cr (_c —»

P4

Output

Figure 1. Overall architecture of DASH-YOLO.

The backbone integrates a Dynamic Sparse Hyper Graph mechanism at the deepest
feature extraction stage to process the P5 feature map. This mechanism models complex
feature relationships and long-range dependencies while maintaining computational ef-
ficiency through adaptive density control. By selectively enhancing informative feature
interactions, it improves the representation of small and complex objects. The backbone
outputs multi-scale features {P3, P4, P5}, providing complementary spatial and seman-
tic information across different resolutions. The P5 feature is subsequently refined by a
Hierarchical Attention module, which adaptively emphasizes discriminative regions and
suppresses irrelevant responses, further strengthening feature representation. The neck
architecture adopts C2f modules with disabled shortcut connections to promote effective
feature recombination across scales. This design facilitates the integration of fine-grained
spatial details with high-level semantic information while preserving high-resolution fea-
tures. Through multi-scale fusion and feature propagation, the neck enhances robustness
for object detection across varying object sizes and complex backgrounds.
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3.2. Dynamic Sparse Hyper Graph Module

Traditional attention mechanisms in object detection suffer from quadratic computa-
tional complexity with respect to spatial resolution, which severely limits their applicability
to high-resolution feature maps required for accurate small object detection. To overcome
this limitation, we proposed the Dynamic Sparse Hypergraph (DSHG) module, which
efficiently models long-range feature dependencies by constructing adaptive sparse hyper-
graph representations, thereby significantly reducing computational overhead.

The core motivation of the DSHG module lies in the observation that different spatial
regions exhibit varying levels of structural complexity. Homogeneous background re-
gions require only limited feature interaction, whereas regions containing small or densely
distributed objects benefit from richer relational modeling. Instead of applying uniform
attention across the entire feature map, the proposed DSHG module dynamically allo-
cates computational resources according to regional complexity. As illustrated in Figure 2,
the DSHG module comprises two synergistic components: a Complexity Predictor that
evaluates regional feature complexity and a Simplified Hypergraph Interaction Layer
that performs efficient feature propagation. Through an adaptive weighted residual fu-
sion mechanism, these components generate the final enhanced feature map, where the
dynamic weight modulates the contribution of hypergraph-enhanced features based on
scene complexity. This adaptive density control strategy enables the module to dynami-
cally regulate feature interaction strength according to regional characteristics, ensuring
optimal feature enhancement while maintaining computational efficiency across diverse
detection scenarios.

Output
| |
density
Y 1x1x1
t i [ Enhanced ]
Complexity Score Features

Complexity Predictor

Input

Figure 2. The overall architecture of Dynamic Sparse Hyper Graph.
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The theoretical intuition for applying sparse hypergraph to small fitting detection is
based on three properties of small object features in UAV inspection images. First, after
backbone downsampling, each fitting is represented by only a few weak spatial activations,
making isolated local evidence unreliable. Second, fittings are not distributed indepen-
dently: clamps, rings, plates, conductors, and tower structures form repeated high-order
co-occurrence patterns along transmission-line geometry. Third, most pixels belong to
sky, vegetation, towers, or conductors, so dense pairwise attention over all spatial nodes
introduces many redundant background interactions. The proposed hyper-graph repre-
sentation addresses these properties by connecting multiple semantically related spatial
nodes through a small set of learnable prototypes. A hyperedge can collect several weak
responses from the same fitting or from structurally related fittings and then redistribute
the aggregated context back to spatial nodes. Thus, DSHG enhances small-object features
through higher-order context while avoiding the quadratic cost and background sensitivity
of dense node-to-node interaction.

3.2.1. Complexity Predictor

The complexity predictor is designed as the core component of the adaptive computa-
tion framework, providing an efficient mechanism for scene complexity assessment. Given
an input feature map X € RBXCxHXW where B,C,H, and W denote the batch size, channel
number, height, and width, respectively, the complexity predictor outputs a normalized
complexity score s € RE*1. The predictor first applies global average pooling to obtain a
channel descriptor g € REXC. The descriptor is then passed through two fully connected
layers with a ReLU activation between them. The hidden dimension is set to (C/4); for the
P5 feature used in DASH-YOLO, (C = 1024), and the hidden dimension is therefore 256.
Finally, a sigmoid function maps the output to the interval [0, 1]:

s = U(Wzé(ng + b]) + bz) (1)

where W; € RE/4XC W, € R¥C/4 b, and b, are learnable biases, J(-) denotes ReLU,
and o (-) denotes the sigmoid function. A larger value of s indicates that the input feature
contains richer structural information and therefore requires stronger hypergraph-enhanced
residual refinement.

This predictor’s lightweight nature enables seamless integration into deep architec-
tures without introducing significant computational overhead, while providing reliable
complexity priors that guide adaptive resource allocation throughout the network.

3.2.2. Stable Prototype-Based Hyper Graph Interaction Layer

To model long-range and higher-order feature relationships efficiently, the DSHG
module employs a stable prototype-based hypergraph interaction layer. The input feature
map X € REXCXHXW js first reshaped into a node sequence:

V = reshape(X) € RE*N*C N =Hx W ()

where each node corresponds to one spatial position of the feature map. Layer normal-
ization is then applied along the channel dimension to obtain V. The layer maintains K
learnable hyperedge prototypes (P € RK*C). In our implementation, K = 16, which is
much smaller than the number of spatial nodes.

The first propagation stage aggregates node features into hyperedge features. The
node-to-hyperedge affinity is computed as

vPT
A, = Softmaxy ( 3)
e

https://doi.org/10.3390 /math14142507


https://doi.org/10.3390/math14142507

Mathematics 2026, 14, 2507

8 of 25

where A, € REXN*K and Softmax is performed along the node dimension for each
hyperedge. The hyperedge representation is then obtained by weighted aggregation:

E=ALV, EegRB¥KxC

The second propagation stage sends information from hyperedges back to spatial
nodes. The hyperedge-to-node affinity is calculated by

VET
Apy, = Softmaxyg [ — 4
n K( e ) 4)
where A, € RE*N*K and Softmax is performed along the hyperedge dimension. The
propagated node features are

V, = Ap,E, 'V, € REXN*C (5)

Finally, V), is transformed by an MLP consisting of LayerNorm, a linear projection
from C to 2C, GELU activation, and a linear projection from 2C back to C. The output is
reshaped to the original feature-map format:

H(X) = reshape(MLP(V,)) € REXCxHxW "

Intuitively, each hyperedge prototype represents a latent interaction pattern shared
by multiple spatial positions. Instead of comparing every node with every other node,
the model first summarizes related nodes through a small set of prototypes and then
redistributes the aggregated information back to all positions. This node-to-hyperedge-to-
node route captures long-range dependencies while avoiding the quadratic cost of dense
pairwise attention. The main interaction cost is proportional to O(NKC), whereas dense
pairwise attention requires O(N2C). For a P5 feature map of size 20 x 20, N = 400 and
K = 16, reducing the interaction scale from 4002 pairwise relations to 400 x 16 prototype-
mediated relations.

3.2.3. Dynamic Sparse Hyper Graph

The complexity score predicted by the complexity predictor is used to generate a
density coefficient.
d = dyin + (dmax - dmin)s @)

where dpin = 0.3 and dmax = 1.0 in our implementation. Since s € REX1 the density
coefficient d is broadcast to R®*1*1x1 during residual fusion. The final output of the DSHG
module is formulated as

Y=X+d-H(X) (8)

where H(X) denotes the hypergraph-enhanced feature generated by the prototype-based
hypergraph interaction layer. The density coefficient does not change the tensor shape; it
controls the strength of the hypergraph residual branch. When the predicted complexity
is low, the module preserves more of the original feature and suppresses unnecessary
relational enhancement. When the predicted complexity is high, the hypergraph-enhanced
feature receives a larger residual weight, allowing the detector to emphasize long-range
and higher-order dependencies in difficult scenes.

3.3. Hierarchical Attention Module

Standard attention mechanisms are unable to simultaneously capture global semantic
context and preserve fine-grained spatial details, which limits their effectiveness for small
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object detection. These miniature fittings occupy only a tiny fraction of the image area, yet
their accurate detection requires both contextual understanding and pixel-level precision.
To address this limitation, a Hierarchical Attention (HA) module is proposed, employing a
coarse-to-fine refinement strategy that selectively enhances semantically relevant regions
while suppressing irrelevant background features.

Within the HA module, a Global Attention Net identifies contextually significant
regions through hierarchical downsampling and upsampling, selectively retaining the
most informative portions of the feature map, whereas a Local Attention Net performs
pixel-level refinement using depth-wise separable convolution to preserve fine spatial
details. The outputs of these two branches are integrated via a residual fusion mechanism,
producing attention enhanced features that combine contextual awareness with spatial
precision. The overall architecture of the HA module is illustrated in Figure 3, highlighting
the interaction between the global and local attention pathways. This design substantially
reduces computational overhead compared to full-resolution attention while maintaining
critical spatial details required for small fitting detection.

For reproducibility, the input of the HA module is denoted as X;, € REXCXHXW The
global branch first downsamples X}, by a scale factor of 0.25 using bilinear interpolation.
The downsampled feature is processed by two 1 x 1 convolutions, where the channel
dimension is reduced from C to C/8 and then projected to a single-channel attention map.
After sigmoid activation, the attention map is upsampled back to H x W and multiplied
with the input feature. The local branch then applies a 3 x 3 depth-wise convolution
followed by sigmoid activation to generate spatial modulation weights at full resolution.
The final HA output is obtained by residual fusion:

Y, = Xj, + Local Attn(X;, ® Ay) 9)

where A, € REXIXHXW ig the global attention map, and ® denotes element-wise multipli-
cation. This implementation uses continuous attention modulation rather than hard region
selection, which keeps the operation differentiable and stable during training.

_________________________________________________

Global Attention Net

| o B o

(D interpolate

Figure 3. The overall architecture of Hierarchical Attention module.

3.3.1. Global Attention Net

The Global Attention Net is designed to efficiently model global contextual informa-
tion while avoiding the high computational cost associated with direct high resolution
processing. Instead of operating on the original feature resolution, the proposed module
adopts a downsample and upsample architecture, which enables effective global context
aggregation with significantly reduced computational complexity.

The input of the Hierarchical Attention module is the output feature map from the
DSHG module in Figure 1. For notational clarity in the following analysis, this input
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feature map is denoted as Y € RE*H*W the spatial resolution is first reduced via bilinear
downsampling with a fixed scale factor s = 0.25, yielding

Y7 = Downsample(Y;s) (10)

where the downsampling ratio is empirically selected to balance computational efficiency
and semantic information preservation. This spatial compression reduces the feature map
resolution while retaining critical contextual cues necessary for global attention modeling.
The compressed feature map is then processed through a two-stage transformation pipeline.

First, a 1 x 1 convolution with a weight matrix Wy € R(C/8)xCx1x1 g applied to reduce
channel dimensionality while preserving semantic capacity, resulting in

Y, = Convyyg (Y1, Wr) (11)

Second, another 1 x 1 convolution generates a single channel attention representation
M; € RXGEH)XEW) followed by a sigmoid activation:

M1 = O'(COTl‘lel (Yz )) (12)

where o(-) denotes the sigmoid activation function. The resulting attention map is
subsequently upsampled to the original spatial resolution via bilinear interpolation:

Mg = Upsample(M; ,H x W) (13)

where H x W denotes the spatial resolution of Y. Yielding a smooth and spatially consistent
global guidance map M, € RP>HXW,

Through this hierarchical design, global contextual information is captured at a re-
duced spatial resolution, leading to substantial computational savings compared to direct
high-resolution attention mechanisms. Meanwhile, the use of fully differentiable operations
ensures stable gradient propagation during training. The resulting global guidance map
effectively highlights semantically significant regions, providing reliable global context

cues for subsequent feature enhancement stages.

3.3.2. Local Attention Net

The Local Attention Net implements fine grained spatial feature refinement through
an efficient depth-wise separable convolution mechanism. Given an input feature map
X € REXHXW the module applies a 3 x 3 depth-wise separable convolution followed by a
sigmoid activation to generate spatially adaptive modulation weights:

A = o(DepthwiseConvsxs (Y)) (14)

Compared with standard convolution, this operation significantly reduces compu-
tational complexity from O(C-K?) to O(K?), where K denotes the kernel size. For
example, when C = 1024 and K = 3, the relative computation cost is reduced to
9/(1024 4+ 9) ~ 0.0088, corresponding to approximately 99.1% computational savings,
while preserving full spatial resolution.

RCXHXW

The resulting spatial attention weights A € precisely model the semantic

importance distribution across all spatial positions. The module completes the refinement
process through element wise multiplication:

M(Y)=Y®A (15)
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This operation enhances discriminative local responses while suppressing background
noise, without altering the spatial structure of the feature map. Owing to the channel-wise
independence of depth-wise convolution, fine spatial details are preserved throughout the
refinement process, particularly critical for small object localization, enabling precise local
enhancement with minimal additional computational overhead.

3.3.3. Hierarchical Attention

The Hierarchical Attention (HA) module integrates global semantic guidance and
local spatial refinement into a unified feature enhancement framework through a two-stage
coarse-to-fine cascade. The module first employs the global guidance map M to screen the
input features:

Y, =Y ®M,,Y; € REHXW (16)

This global screening process selectively retains semantically informative regions,
while effectively filtering out redundant information. The filtered features are then refined
through fine grained local attention:

Y, = My(Y)) (17)

The coarse to fine processing strategy avoids full-image refinement, enabling efficient
allocation of computational resources while enhancing feature discriminability in regions
critical for small object detection.

The final output is obtained via a residual fusion strategy:

Z=Y+Y, (18)

The residual design ensures stable optimization and preserves original feature in-
formation, allowing the module to gracefully degenerate to an identity mapping when
refinement is unnecessary. By combining global semantic filtering with localized spatial en-
hancement, the proposed HA module achieves an effective balance between computational
efficiency and representation capacity, particularly benefiting dense scenes and small object
detection scenarios without introducing substantial computational overhead.

3.4. Training Strategy and Loss Function

The training objective adopts the standard YOLO multi-component loss function
that jointly optimizes localization accuracy and classification performance. Loss design
is especially relevant for small-object detection because tiny localization errors can cause
large IoU fluctuations, and long-tailed categories may be under-optimized. Prior work has
addressed these issues using focal loss to reduce the dominance of easy negatives, IoU-
based localization losses to improve bounding-box regression, and distribution focal loss
for more precise box boundary modeling. In this study, however, no additional small-object-
specific loss term, class-dependent weight, or focal-loss modification were introduced. This
design choice keeps the comparison focused on the proposed architectural changes, namely
DSHG and HA, rather than mixing architectural gains with loss reweighting.

Liotat = Abox * Lyox +Acts - Las +Aapr - Lagp (19)

where Ay, Ags, and Ay denote the loss gains for bounding-box regression, classifi-
cation, and distribution focal loss, respectively. Unless otherwise stated, we used the
standard YOLO loss gains Apyy = 7.5, A = 0.5, and A45; = 1.5. No additional small-
object-specific loss term or custom class-dependent weighting was introduced, so that the
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performance gains can be attributed to the proposed architectural modifications rather than
to loss reweighting.

To improve small object detection performance, a set of targeted data augmentation
strategies was employed. Mosaic augmentation was used to increase small object density
and contextual diversity through multi-image composition, while copy—paste augmenta-
tion explicitly replicated small instances to enhance instance-level diversity. In addition,
adaptive Rand Augment was applied with photometric distortions and horizontal flipping
to improve robustness against appearance variations. To avoid excessive perturbations in
later training stages, mosaic augmentation was disabled after the early epochs, preserving
early gains in small-object representation while reducing the risk of overfitting.

The model was trained for 1000 epochs using the AdamW optimizer, with an initial
learning rate of 0.01, linearly decayed to 1 x 10~%, and a short warmup phase to stabilize
early optimization. A weight decay of 5 x 10~* was applied for regularization. All
experiments were conducted with a fixed input resolution of 640 pixels.

4. Experimental Evaluation
4.1. Dataset Construction

A dedicated dataset for transmission-line fitting detection was constructed to address
the lack of publicly available benchmarks for this specific inspection scenario. The dataset
comprises 820 high-resolution UAV images with a spatial resolution of 4000 x 3000 pixels.
The images were captured using a DJI Phantom 4 Pro UAV (SZ DJI Technology Co., Ltd.,
Shenzhen, China) during routine transmission-line inspection missions across multiple
regions of China, encompassing diverse terrains such as mountainous areas, urban regions,
forests, and plains. To ensure the representativeness of real-world inspection scenarios, the
acquisition process covered extensive variations in illumination, season, weather, inspection
distance, and background complexity, thereby comprehensively reflecting practical UAV
inspection conditions.

The dataset encompassed 15,929 fitting instances corresponding to ten common types
of transmission line fittings, functionally categorized into three groups: clamps, dampers,
and connectors. Clamps included parallel groove, grounding, suspension, and strain
clamps; dampers consisted solely of anti-vibration hammers; and connectors covered U-
type hanging rings, adjusting plates, ball head hanging rings, bowl head hanging plates,
and right-angle hanging plates. In terms of class distribution, connectors accounted for
52.9% of the samples, followed by clamps at 44.7%, while dampers represented only 2.4%.
This distribution was consistent with real-world inspection scenarios, where dampers are
sparsely deployed at specific locations, whereas clamps and connectors are extensively used
as core load-bearing and linking components. Table 1 further provides the exact instance
counts for all ten fitting categories, highlighting the pronounced long-tailed imbalance at
the fine-grained class level. Such fine-grained imbalance is important for interpreting the
validation results, because rare categories and visually similar connector classes may be
more susceptible to missed detections or inter-class confusion during model evaluation.

Table 1. Exact instance counts of the ten fitting categories.

ID Fitting Type Instances Avg.Size(px?)
1 Anti-vibration Hammer 393 15,595.73
2 Parallel Groove Clamp 1309 4636.06
3 Grounding Clamp 676 30,304.17
4 Suspension Clamp 3888 10,109.26
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Table 1. Cont.

ID Fitting Type Instances Avg.Size(px?)
5 Strain Clamp 1244 56,791.44
6 U-type Hanging Ring 651 9596.03
7 Adjusting Plate 698 79,492.93
8 Ball Head Hanging Ring 2393 3295.17
9 Bowl Head Hanging Plate 2277 7631.04
10 Right Angle Hanging Plate 2400 11,328.9

All images were manually annotated with bounding boxes and category labels under
strict quality-control procedures. The annotation guideline required each bounding box to
tightly enclose the visible region of a fitting while excluding adjacent conductors, insulators,
and background structures as much as possible. For partially occluded fittings, annotators
labeled the visible object extent when the category could be identified with confidence;
severely blurred or ambiguous objects were flagged for expert review. The labels were
exported from CVAT and subsequently checked by experienced power-grid inspection
engineers. Disagreements in object extent or category assignment were discussed and
corrected through consensus review before the final annotation files were used for training
and evaluation. As an additional consistency check between the final manual annotations
and the trained detector, predictions generated by the best DASH-YOLO checkpoint on the
validation set were matched to the ground-truth boxes using an IoU threshold of 0.5. The
matched bounding boxes achieved a mean IoU of 0.8729, and the category assignments
reached a Cohen’s Kappa coefficient of 0.9989, indicating highly consistent localization
and category prediction for matched objects. Based on these annotations, Figure 4 illus-
trated the normalized width and height distribution of transmission line fittings, revealing
pronounced scale sparsity with the majority of targets densely clustered in the small-size
region. This distribution indicates that most fittings occupy only a very small proportion of
the image area. Such extreme small-object characteristics directly motivated the adoption of
the proposed Hierarchical Attention mechanism, which is specifically designed to preserve
and enhance micro-scale features.
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Figure 4. Distribution of width and height of transmission line fittings.
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For model training and validation, the dataset was split at the image level into training
and validation subsets at an 80:20 ratio using a fixed random seed. Because each image can
contain multiple fitting categories, the split was checked against the category distribution
to avoid severe category imbalance between subsets. The experimental results are based on
this fixed training-validation split. Although k-fold cross-validation could provide a more
comprehensive assessment of model robustness, it was beyond the scope of the present
study and will be considered in future work.

Data availability: Due to power grid security and privacy constraints, full dataset
cannot be fully public, and the dataset is available on request from the authors after signing
confidentiality agreements.

4.2. Experimental Setup

All experiments were conducted on a workstation equipped with an NVIDIA RTX
3090 GPU, an Intel i7-12700F processor, and 32 GB of RAM. The models were implemented
using PyTorch 2.2 with CUDA 11.8 and cuDNN 8.7.0 to enable GPU acceleration.

For fair comparison, all models were trained for 1000 epochs using the AdamW
optimizer with an initial learning rate of 0.01, which was linearly decayed to 0.0001. A
weight decay of 5 x 10~* and a momentum of 0.937 were applied. Training was per-
formed with a batch size of 32 using the default Ultralytics random seed (seed = 0) with
deterministic mode enabled. To improve training stability and data diversity, warmup,
automatic mixed-precision training, adaptive RandAugment with photometric distortions,
horizontal flipping, and validation-based best-checkpoint selection were adopted. The
same train/validation split, input resolution, optimization settings, data augmentation
strategy, and evaluation protocol were used for all compared methods.

The original UAV images have a resolution of 4000 x 3000 pixels, whereas the train-
ing and validation experiments in this paper use the standard 640 x 640 YOLO input.
During training and validation, images are resized with aspect-ratio-preserving letterbox
preprocessing. For deployment on raw high-resolution images, direct resizing of the whole
image may further shrink very small fittings. Therefore, practical inference should use
sliding-window or tiled prediction with overlap, followed by non-maximum suppression
or weighted box fusion across tile boundaries. The FPS presented in Table 2 corresponds to
a single 640 x 640 input on the stated workstation; end-to-end latency on raw 4000 — 3000
images depends on the number of tiles and image-overlap setting.

Table 2. Performance comparison with state-of-the-art methods.

Params

Method mAP@0.5 mAP@0.5:0.95 Recall Precision (MB) FLOPs (G) FPS (f/s)
Faster R-CNN 74.55 60.32 71.82 75.17 137.12 370.2 49.65
DETR 70.38 56.14 68.55 69.36 76.31 142.7 58.31
YOLOvV8x 85.74 70.12 85.91 79.67 68.18 129.14 57.59
YOLOvV10x 86.05 66.06 85.86 77.44 61.30 85.65 61.87
YOLOv13x 89.00 65.06 88.68 82.23 64.0 118.28 59.17
DASH-YOLO 90.37 74.74 90.80 85.49 65.73 95.73 62.99

4.3. Evaluation Metrics

To comprehensively evaluate detection accuracy and computational efficiency, stan-
dard object detection metrics are adopted together with efficiency-related indicators, with
particular emphasis on small-object detection performance.
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Detection performance is primarily assessed using mean Average Precision at an IoU
threshold of 0.5 and mean Average Precision averaged over IoU thresholds ranging from
0.5 to 0.95 with a step size of 0.05, which are calculated as

n
mAP@0.5 = %Z AP;(IoU > 0.5) (20)
i=1
1 10 n
mAP@0.5:0.95 = — Y Y~ Ap,® 21)
10n= 5

where 1 denotes the number of object categories and AP; represents the Average Precision of
the i-th category. AP, denotes the Average Precision of category at the i-th IoU threshold.

Precision and Recall are also employed to measure detection reliability and complete-
ness, respectively. They are defined as:

TP
iSi == 22
Precision(P) TP+ EP (22)
TP
Recall(R) = TP+ EN (23)

where TP, FP, and FN denote the numbers of true positives, false positives, and
false negatives.

In addition to accuracy-related metrics, computational efficiency is evaluated using
Frames Per Second (FPS), which measures the number of images processed per second
during inference and reflects real-time capability. And the computational complexity of
each model is measured in terms of FLOPs and the number of parameters, where FLOPs
indicate the total number of floating-point operations required for a single forward pass
under a fixed input resolution.

4.4. Comparison with State-of-the-Art Methods

To evaluate the effectiveness of DASH-YOLO, we conducted a comprehensive com-
parison with five state-of-the-art object detection methods, including two-stage detectors
Faster R-CNN, the transformer-based DETR, and YOLO family variants with YOLOvV8X,
YOLOv10x, YOLOv13x. All baseline models were trained under identical data splits and
augmentation strategies to ensure fair comparison. The quantitative comparison results of
different methods are summarized in Table 2.

In terms of detection performance, DASH-YOLO consistently outperforms all five
compared methods across the main evaluation metrics. Specifically, DASH-YOLO achieves
an improvement of 4.63 percentage points in mAP@0.5 over YOLOv8x, which serves as
a strong baseline, and still exceeds the best-performing existing model YOLOv13x by
1.37 percentage points. Under the stricter mAP@0.5:0.95 metric, DASH-YOLO demon-
strates even more pronounced gains, achieving improvements of 4.62 percentage points
over YOLOv8x and more than 8 percentage points over YOLOv13x, indicating substantially
enhanced localization accuracy. Compared with the remaining two-stage and transformer-
based detectors, DASH-YOLO yields even larger margins, confirming its robustness for
small and complex object detection in UAV imagery. In addition, DASH-YOLO achieves the
highest recall and precision among all evaluated methods, reflecting a balanced detection
behavior that effectively reduces both missed detections and false positives.

From the perspective of computational efficiency, DASH-YOLO improves the trade-off
rather than minimizing model size alone. Compared with YOLOv8x, DASH-YOLO reduces
FLOPs from 129.14 G to 95.73 G, corresponding to an approximately 25.9% reduction
under the 640 x 640 input setting. The parameter size remains comparable, decreasing
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slightly from 68.18 MB to 65.73 MB. Therefore, the efficiency improvement should be
interpreted mainly as a moderate FLOPs reduction and an inference-speed gain, not as a
drastic reduction in the total number of parameters. This reduction is primarily attributed
to the proposed adaptive sparse computation strategy, which prioritizes effective feature
interaction over redundant dense computation. Under the same testing environment,
DASH-YOLO achieves 62.99 FPS, compared with 57.59 FPS for YOLOv8x and 59.17 FPS for
YOLOvV13x, demonstrating a more favorable accuracy and efficiency trade-off than existing
state-of-the-art detectors.

The experimental results indicate that DASH-YOLO provides a clear validation-set
advantage over the evaluated YOLO variants and representative detectors from other
paradigms under the same training protocol. The method performs well in small fitting
scenarios while maintaining real-time inference at the 640 x 640 input resolution. Broader
claims about field deployment require additional multi-seed, cross-dataset, and raw-image
tiled-inference evaluation.

4.5. Statistical Reliability and Validation

Under the fixed-seed training setup described in Section 4.2, the convergence be-
havior was also monitored to assess optimization stability. As shown in Figure 5, the
training box, classification, and DFL losses decreased rapidly in the early epochs and
then converged gradually. The validation box and classification losses followed similar
decreasing trends, while precision, recall, mAP@0.5, mAP@0.75, and mAP@0.5:0.95 in-
creased steadily and approached stable plateaus. These curves indicate stable convergence
and no obvious late-stage divergence between training and validation behavior, suggesting
that the experimental validation-set improvements arise from a stable optimization process
rather than training fluctuation.
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Figure 5. Training and validation curves of DASH-YOLO over 1000 epochs.

The current evidence should be interpreted within this validation scope. Because
the study presents a single fixed-seed run on a fixed training/validation split, it does
not provide multi-seed standard deviations, confidence intervals, or independent test-set
significance estimates. In addition, public UAV or small-object datasets such as VisDrone
and COCO-small lack the same fine-grained transmission-line fitting categories, so direct
category-level external validation is not fully comparable. Therefore, validation focuses
on the proposed fitting dataset and its label space, while broader cross-dataset reliability
remains future work.
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4.6. Ablation Studies

To further investigate the contribution of each proposed module and clarify their re-
spective roles in performance improvement, we conducted a series of ablation experiments
based on YOLOv8x. All variants were trained and evaluated under identical settings to
ensure fair comparison. Table 3 summarized the quantitative results, based on which the
effects of the Dynamic Sparse Hyper Graph (DSHG) module and the Hierarchical Attention
(HA) module are analyzed separately.

Table 3. Ablation Study of Different Module.

Method mAP@0.5 mAP@0.5:0.95 Recall Precision P;‘I\rfgs FLOPs (G)  FPS (f/s)
yolov8x 85.74 70.12 85.91 79.67 68.18 129.14 57.59
yolov8x-DSHG 90.07 72.88 92.18 85.59 65.45 95.7 59.96
yolov8x-HA 89.66 72.12 90.80 84.59 64.10 95.26 60.47
DASH-YOLO 90.37 74.74 93.32 85.49 65.73 95.73 62.99

4.6.1. Ablation Study of the DSHG Module

Introducing the Dynamic Sparse Hyper Graph (DSHG) module into the YOLOv8x
baseline leads to a substantial performance improvement across multiple evaluation met-
rics. Compared with the baseline model, YOLOv8x-DSHG achieves a notable increase in
mAP@Q.5 from 85.74 to 90.07, accompanied by a clear enhancement in precision, which
rises from 79.67 to 85.59. This improvement indicates that the DSHG module is particularly
effective in refining feature representations and suppressing false positives by modeling
long-range and higher-order feature dependencies.

In terms of recall, the DSHG-enhanced model also exhibits a significant gain, increasing
from 85.91 to 92.18, demonstrating that richer contextual interactions help the detector
capture more true targets, especially small and sparsely distributed objects. Meanwhile, the
introduction of DSHG does not impose additional computational burden. On the contrary,
both parameter size and FLOPs are reduced compared with the baseline, while inference
speed increases from 57.59 to 59.96 FPS. This suggests that the dynamic sparsification
mechanism enables more efficient feature interaction by selectively preserving informative
relations and discarding redundant computations.

Overall, these results confirm that the DSHG module not only improves detection
accuracy but also enhances computational efficiency, achieving a favorable balance between
effectiveness and efficiency through adaptive feature interaction modeling.

4.6.2. Ablation Study of the HA Module

When only the Hierarchical Attention module is integrated into the baseline, the re-
sulting YOLOv8x-HA variant also demonstrates consistent performance gains. Specifically,
mAP@0.5 increases to 89.66, while recall reaches the highest value among all single-module
variants at 93.32. This pronounced recall improvement highlights the HA module’s strength
in multi-scale feature fusion and progressive attention allocation, which facilitates more
comprehensive object coverage across different spatial resolutions.

Although the precision achieved by YOLOv8x-HA is slightly lower than that of the
DSHG-only variant, it still represents a clear improvement over the baseline, indicating
that hierarchical attention effectively enhances feature discrimination without introducing
excessive false detections. From an efficiency perspective, the HA module yields the lowest
parameter count and FLOPs among all configurations, while further boosting inference
speed to 60.47 FPS. This demonstrates that the hierarchical design efficiently reuses and
refines multi-level features rather than increasing computational complexity.
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These observations suggest that the HA module primarily contributes to improving
detection completeness and real-time performance, making it especially beneficial for
scenarios where high recall and fast inference are critical.

The ablation results indicate that DSHG and HA contribute complementary effects
rather than redundant improvements. The DSHG-only variant improves precision and
mAP by strengthening deep relational representations through prototype-mediated hyper-
graph propagation. The HA-only variant improves recall by combining global semantic
guidance with local spatial refinement, which helps recover weak small-object responses.
The full DASH-YOLO model achieves the best mAP@0.5:0.95 and the highest overall recall,
showing that the two modules act at different stages of feature enhancement. DSHG first
improves the semantic consistency of the deepest feature map, while HA further refines
spatially discriminative responses before multi-scale fusion. This staged design explains
why the full model performs better than either single-module variant under the same
training and evaluation protocol.

4.6.3. Hyper-Parameter Sensitivity Analysis

To improve transparency regarding the main hyper-parameters of the proposed DSHG
module, we provide an implementation-level sensitivity and complexity analysis. In the
implemented model, DSHG is inserted at the P5 stage with C = 1024, H = W = 20,
N = Hx W = 400, K = 16, and [dmin, dmax] = [0.3,1.0]. The number of hyperedge
prototypes K directly controls the capacity and cost of prototype-mediated relational
propagation. Since the node-to-hyperedge and hyperedge-to-node affinities both have size
N x K, the interaction scale grows linearly with K, i.e., O(NKC), rather than quadratically
with N. The density range controls only the residual strength d = dpnin + (dmax — dmin)S,
and therefore changes the feature modulation intensity without changing the tensor shape,
parameter count, or FLOPs of the hypergraph branch. The compression ratio of the
complexity predictor controls the hidden dimension of the two-layer predictor. In the
current setting, the predictor uses a C/4 hidden dimension, which corresponds to 262,657
learnable parameters when C = 1024. These implementation-level effects are summarized
in Table 4.

Table 4. Implementation-level sensitivity and complexity analysis of DSHG hyper-parameters.

Hyper-Parameter . . . Affected Interaction Scale on P5
Category Setting Main Implementation Effect Parameters (N = 400)
K=8 Fewer prototypes; lower relational 8192 N x K = 3200 affinities
capacity and interaction cost
Number of K=16 Balanced relational capacity and L
Prototypes (K) (Default) computational cost 16,384 N> K = 6400 affinities
K=32 More Prototypes; hlgher relational 32,768 N X K = 12,800
capacity and interaction cost affinities
Wider modulation range; weaker
[0.1,1.0] lower-bound enhancement for 0 (no change) No change
Residual simple scenes
Modulation Preserves moderate minimum
Range [0.3,1.0] hypergraph residual contribution 0 (no change) No change
(dmin, Amax) [0.5,1.0] Stronger minimum r'e51dual contribution; 0 (no change) No change
less suppression in simple scenes
. Ratio=1/2  ‘lidden dimension =512; larger 525,313 No change
Complexity predictor capacity
Predictor ' Ratio=1/4 HldQen dlmen51on = 256; balanced 262,657 No change
Compression (Default) predictor size and accuracy
Ratio Ratio = 1/8 Hidden dimension = 128; more 131,329 No change

compact predictor
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4.7. Category-Level Difficulty Analysis

Although per-category AP, precision, and recall statistics are not provided in this
study, a category-level difficulty analysis is presented based on the verified dataset statistics
in Table 1, including the instance counts and average bounding-box areas, together with
qualitative detection examples. Across repeated validation observations, the categories
with lower detection performance were consistently concentrated among small, sparse,
or visually similar fittings. Ball Head Hanging Ring and Parallel Groove Clamp have
the smallest average target areas, with average bounding-box areas of 3295.17 px? and
4636.06 px?, respectively, making them more vulnerable to feature loss after downsampling.
Anti-vibration Hammer has only 393 instances, representing the most data-scarce category
and thus a higher risk of missed detection under limited training samples. U-type Hanging
Ring and Bowl Head Hanging Plate are also challenging because they have relatively
small target sizes and visual similarity to ad-jacent connector categories. In contrast, larger
categories such as Adjusting Plate and Strain Clamp usually provide stronger spatial
cues, although they may still be confused under occlusion or cluttered backgrounds. This
analysis indicates that the relatively difficult fittings are mainly those with small physical
image size, limited sample frequency, and high inter-class visual similarity.

5. Visualization Analysis

To visually demonstrate the detection capabilities of DASH-YOLO and the inter-
nal operation mechanism of the proposed module, a comprehensive visual analysis is
provided, including feature visualizations, attention maps and detection results under
various situations.

5.1. Feature Map Visualization

To further understand how the DSHG module preserves feature integrity throughout
the network hierarchy, we analyzed the internal feature representations at different depth
levels. Figure 6 visualizes feature map activations at layer 14 for baseline YOLOv8x and
DASH-YOLO, comparing how different feature channels respond to small object targets.
Layer 14 represents a critical fusion stage in the neck module, where channel 0 encodes
edge-based structural features, channel 2 captures mid-level texture patterns, and channel
4 represents high-level semantic information for small object categories.

The comparison revealed distinct differences in activation patterns across network
depths. Both models exhibited comparable responses in shallow layers to low-level fea-
tures such as edges and textures. However, in deeper layers where small object features
typically diminish due to hierarchical downsampling, the proposed algorithm with the
DSHG module demonstrated significantly stronger and more localized activations. It
produced concentrated high-intensity regions around small targets such as transmission
line fittings, with clear focus on the target areas. In contrast, the baseline exhibited weaker
and more diffuse activations, particularly in channels 2 and 4 where features appeared less
discriminative and scattered. Channel-wise analysis revealed consistent advantages for
DSHG across all three channels. Channel 0 showed enhanced edge feature preservation
with pronounced high-activation regions at object boundaries. Channel 2 exhibited im-
proved texture pattern concentration, with activation intensities focusing around target
regions rather than dispersing across the feature map. Channel 4 displayed the most
striking difference, with multiple distinct high-intensity clusters precisely aligned with
small object locations.
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Baseline yolov8+DSHG
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Figure 6. Comparison of feature maps between the baseline of the 14th layer network output channels
0, 2, and 4 and theYOLOv8x + DSHG.

Mechanistically, the DSHG module enhances the preservation of these discriminative
features through adaptive sparse hypergraph interactions. This mechanism dynamically
prioritizes informative regions corresponding to small objects while suppressing irrelevant
background noise, effectively mitigating feature degradation in deeper layers without
introducing additional computational overhead. Collectively, these visual results confirm
that the Dynamic Sparse Hyper Graph module effectively maintains feature integrity for
small object detection, providing qualitative evidence for the superior performance of
DASH-YOLO over the baseline YOLOv8x.

5.2. Attention Map Visualization

Among the various visualization strategies, attention map visualization was employed
to analyze where the model allocates its focus during detection, thereby providing insights
into the feature selection behavior induced by the proposed module. Figure 7 presented
qualitative comparisons of Grad-CAM attention maps between the baseline YOLOv8x and
the Hierarchical Attention (HA) enhanced variant under diverse aerial inspection scenarios.

As shown in Figure 7a, in scenes containing sparsely distributed small fittings, the HA-
enhanced model produced more compact and target-focused activation patterns, whereas
the baseline model exhibited scattered responses across surrounding background regions.
This indicated that HA improved attention concentration on small and spatially isolated
components. In complex background scenes with partial occlusions (Figure 7b), the HA-
enhanced variant maintained more continuous and coherent attention responses over the
visible parts of the fittings, while the baseline attention maps showed fragmented and
unstable activations influenced by background structures. Similar behavior was observed
under low-light conditions (Figure 7c), where HA preserved structured attention patterns
aligned with salient object regions, whereas the baseline model suffered from increased
noise and attention diffusion. For dense target scenarios Figure 7d, the hierarchical atten-
tion mechanism demonstrated improved discrimination between closely spaced fittings by
distributing attention across multiple relevant regions without excessive background inter-
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ference. This behavior reflected the multi-scale nature of HA, in which global contextual
cues and local spatial details were jointly leveraged to enhance feature representation.

Input Baseline yolov8x+HA

Figure 7. Comparison of Grad-CAM heat maps in aerial images under various situations. (a) Sparse
fittings. (b) Complex backgrounds (c) Low-visibility conditions. (d) Dense fittings.

Collectively, the visual comparisons consistently showed that the proposed HA mech-
anism enhanced attention stability, spatial coherence, and target relevance across challeng-
ing inspection conditions. These qualitative results are consistent with the quantitative
improvements presented above, further suggesting that the HA module contributes to
stronger and more discriminative feature representation for small and visually complex
transmission-line fittings.

5.3. Detection Results Visualization

To further validate the practical effectiveness of DASH-YOLO in real-world trans-
mission line inspection scenarios, Figure 8 provided comprehensive qualitative detection
comparisons between DASH-YOLO and baseline YOLOvVS8Xx in four representative chal-
lenging scenarios, including scenes with densely distributed targets, sparsely distributed
targets, low-light environments, and complex backgrounds.

In dense scenes (Figure 8a) with multiple small fittings clustered along transmis-
sion lines, DASH-YOLO detected more annotated instances with tighter localization than
YOLOVS8x in the illustrated examples, including several partially occluded or background-
embedded targets. For sparse distribution scenarios (Figure 8b), DASH-YOLO showed
more stable bounding-box coverage, whereas the baseline model showed incomplete de-
tections. Under low-light conditions (Figure 8c), DASH-YOLO maintained clearer fitting
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responses than YOLOv8x in the selected examples. In complex scenes (Figure 8d) involving
structural clutter and diverse background interference, DASH-YOLO produced tighter
bounding boxes and fewer missed detections, indicating improved robustness within the
evaluated validation images.

Howi Head Hanging Fica

-
igl

B

| & Right Angle Hanging Plate 0.67

Baseline DASH-YOLO

Figure 8. Qualitative comparison of detection performance between baseline YOLOv8x and
DASH-YOLO under various scenarios: (a) dense target distribution; (b) sparse target distribution;
(c) low-light conditions; and (d) complex background interference.

These qualitative results suggest that DASH-YOLO improves detection behavior over
the YOLOvS8x baseline in the illustrated validation examples, especially for small targets,
adverse lighting, and cluttered backgrounds. Nevertheless, the visualization results are
qualitative and dataset-specific; they should be interpreted together with the quantitative
validation results and the stated limitations.

6. Conclusions

In this paper, DASH-YOLO is proposed as a deep learning framework for small fit-
ting detection in transmission-line inspection images. By integrating a Dynamic Sparse
Hyper Graph module for adaptive long-range dependency modeling and a Hierarchi-
cal Attention mechanism for progressive feature refinement, the proposed framework
improves the detection of small-scale fittings in complex aerial imagery. A dedicated
aerial inspection dataset covering ten typical fitting categories is constructed to support
systematic evaluation. Experimental results show that DASH-YOLO achieves 90.37%
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mAP@0.5, 74.74% mAP@0.5:0.95, 90.80% recall, and 85.49% precision, outperforming the
YOLOV8x baseline and the evaluated comparison methods. Meanwhile, the model main-
tains practical efficiency with 95.73 GFLOPs, 65.73 MB parameters, and 62.99 FPS at the
640 x 640 input resolution. These results indicate that DASH-YOLO provides an effective
accuracy-efficiency balance for UAV-assisted transmission-line fitting detection.

Although DASH-YOLO demonstrates favorable validation performance, several as-
pects can be further improved. The current DSHG module predicts a global density
coefficient for each feature map, which controls the overall residual strength but does not
yet provide spatially adaptive density modeling within the same image. In addition, the
hypergraph reasoning module is mainly applied to the deepest P5 feature level, while
extremely small fittings may benefit from additional lightweight relational modeling at
shallower high-resolution levels. Future work will investigate spatially adaptive density
prediction, multi-level lightweight hypergraph reasoning, temporal feature aggregation
for UAV video inspection, deployment-oriented compression, multi-seed statistical test-
ing, external small-object validation, and broader field evaluation under diverse weather,
illumination, sensor, altitude, and geographic conditions.
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