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Abstract—The fragmentation of energy infrastructure creates
an Asset Visibility Gap, constraining digital twin construction
and smart grid scheduling. While UAV imagery bridges this
gap, precise perception faces challenges from feature dissipa-
tion of tiny assets and boundary aliasing in dense arrays. To
address this, we propose HFA-YOLO, a lightweight detection
framework based on YOLOV11 tailored for heterogeneous energy
assets. The model reconstructs the feature pathway via three
mechanisms: First, Space-to-Depth Convolution (SPD-Conv) es-
tablishes a lossless down-sampling channel to mitigate feature
dissipation. Second, a Detail-Enhanced Unit (DEU) leverages
gradient priors to sharpen boundaries and decouple dense com-
ponents. Finally, a Hybrid Feature Aggregation (HFA) module
employs frequency-spatial filtering to enhance weak features
and suppress environmental noise. Experiments across photo-
voltaic, transmission tower, wind turbine, and VisDrone2019
scenarios demonstrate superior generalization. With only 3.06M
parameters, the method achieves an optimal accuracy-efficiency
trade-off, realizing mAPS50 gains of 2.12%, 4.91%, 1.40%, and
4.18% in photovoltaic, transmission tower, wind turbine, and
VisDrone2019 scenarios, respectively, compared to the baseline.
Ablation studies verify the effectiveness of each component. HFA-
YOLO offers a robust solution for the visibility bottleneck of
energy assets. The source code is publicly available at https:
//github.com/HermitKin/HFA-YOLO.

Index Terms—Tiny Object Detection, YOLOv11, Feature Ag-
gregation, UAV Inspection, Energy Infrastructure

I. INTRODUCTION

The rapid proliferation of heterogeneous energy infrastruc-
ture, including distributed photovoltaics (PV), transmission
towers, and wind turbines, introduces critical perception blind
spots for grid operators due to asset dispersion and envi-
ronmental complexity. Accurate auditing and defect detection
of these assets are pivotal for downstream tasks such as
power generation forecasting and maintenance scheduling.
While Unmanned Aerial Vehicles (UAVs) have become the
pivot for automated inspection, enabling remote and high-
frequency monitoring, the transition from raw aerial imagery
to actionable data is severely constrained by three intrinsic
bottlenecks in aerial visual signals.

Feature Dissipation degrades high-frequency details of
minute targets during CNN down-sampling, causing small
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Fig. 1. Accuracy-Efficiency Comparison. Our HFA-YOLO series (red)
dominates the Pareto frontier on the PV dataset, significantly outperforming
existing mainstream and lightweight detectors.

components (e.g., insulators) to vanish in deep layers. Bound-
ary Blurring in dense scenarios (e.g., PV arrays) creates
semantic adhesion, leading to counting errors and localization
drift due to insufficient sub-pixel gradient sensitivity. SNR
Imbalance in complex industrial backgrounds causes weakly
textured targets (e.g., wind turbine blades) to be overwhelmed
by interferences like specular reflections, inducing high false
alarm rates.

General deep learning models struggle to balance noise
suppression with fine-grained detail preservation, and their
computational overhead exceeds aerial edge computing con-
straints. Consequently, the YOLO series remains the de facto
choice for efficient perception. However, while YOLOv11 [1]
provides a robust baseline, it lacks the architectural specializa-
tion needed for the specific signal degradation and frequency
aliasing inherent to energy infrastructure.

To address the conflict between limited edge computing
power and the need for high-precision detection of dense, tiny
objects, we propose HFA-YOLO. By reconstructing the feature
pathway via a frequency-aware perspective, it achieves an
optimal parameter-accuracy trade-off. Extensive experiments
across three core energy datasets demonstrate that HFA-YOLO
consistently outperforms state-of-the-art YOLO variants (v8—



v13) and lightweight models across all scales. As visualized
in Fig. 1, our approach defines a new Pareto frontier of
the performance-efficiency curve. Our main contributions are
summarized as follows:

« We integrate Space-to-Depth Convolution (SPD-
Conv) [2] to replace standard strided convolutions, ensur-
ing lossless preservation and transmission of fine-grained
details to mitigate feature vanishing for tiny targets.

o We propose a Detail Enhancement Unit (DEU) [3] that
explicitly models gradient priors to sharpen local edge
representations, effectively resolving boundary adhesion
in dense object arrays.

o We design a Hybrid Feature Aggregation (HFA) mod-
ule [4] for frequency-spatial collaborative filtering. It acts
as a dynamic global filter to suppress complex industrial
noise and enhance weak target structures.

« Extensive experiments on three energy datasets and
the VisDrone2019 benchmark confirm that HFA-YOLO
achieves an optimal balance between parameter efficiency
and detection accuracy, proving its robustness for aerial
edge deployment.

II. RELATED WORK

A. Evolution of Object Detection and Aerial Adaptation Chal-
lenges

Object detection has evolved from high-precision two-stage
algorithms (Faster R-CNN) to fast single-stage models (YOLO
series [5]). Recent iterations (YOLOvS, YOLOv11) leverage
anchor-free mechanisms and decoupled heads to optimize
the latency-accuracy trade-off, maturing alongside the Feature
Pyramid Network (FPN) paradigm [6]. Recently, spectral
properties are also being explored to enhance complex texture
modeling.

However, designed for natural scenes, these general-purpose
models face a “scale gap” in aerial imagery, where tiny
targets suffer from Feature Vanishing. Aerial-optimized meth-
ods address this via cropping strategies (ClusDet [7]), fea-
ture complementary mapping (FBRT-YOLO [8]), or dynamic
convolutions [9], [10]. Yet, relying primarily on geometric
alignment, they lack explicit mechanisms to suppress high-
frequency environmental noise (e.g., shadows, reflections).
Consequently, they fail the real-time robustness demands of
UAV edge devices.

B. Specific Pain Points in Energy Infrastructure Perception

In intelligent energy systems, perception tasks have shifted
to fine-grained quantitative asset mapping for PVs, transmis-
sion towers, and wind turbines. However, existing models
overlook two core challenges: “dense adhesion” and “weak
feature interference.”

In transmission inspections [11], minute fittings are fre-
quently overwhelmed by complex backgrounds, causing
missed detections [12]. For asset mapping, standard convolu-
tions lack the sub-pixel gradient sensitivity needed to separate
closely arranged PV modules or tower structures, resulting
in severe counting errors [13], [14]. While segmentation

approaches attempt to mitigate this, their computational costs
prohibit edge deployment. Additionally, low-texture targets
(e.g., reflective PV panels, white turbine blades) carry minimal
semantics and suffer from illumination interferences [15], [16]
that existing spatial attention mechanisms fail to filter.

A unified framework addressing tiny object recovery, dense
array separation, and frequency-domain noise suppression
remains absent. HFA-YOLO fills this gap, achieving high-
precision perception of multi-source energy assets via a
frequency-spatial collaborative recovery mechanism.

III. METHOD

A. Overall Network Architecture

Tailored to the constraints of energy infrastructure inspec-
tion, we propose HFA-YOLO (Fig. 2). Built upon YOLOv11,
HFA-YOLO reconstructs the feature perception pathway
through a tripartite architecture. SPD-Conv enables lossless
feature down-sampling. DEU applies differential operators
to sharpen boundaries in dense arrays. Concurrently, HFA
leverages frequency-spatial synergistic filtering to suppress
environmental noise.

B. Space-to-Depth Convolution (SPD-Conv)

To achieve lossless dimensionality reduction and preserve
fine-grained spatial information, we deploy the Space-to-Depth
Convolution [2] in the backbone and feature fusion paths, as
illustrated in Fig. 3. This module couples a space-to-depth
transformation with a non-strided convolution to establish a
bijective mapping, losslessly projecting high-resolution spatial
details into the channel domain. The SPD layer adopts a
“space-to-channel” strategy. Given input X € RHXCXW it
slices spatial pixels with a scale factor of 2, generating four
sub-feature maps concatenated into X’. The formulation is
defined as:

X;_;‘); = Concat (Xm,na Xm-l—l,ny Xm,n+1a Xm+1,n+1) (1)

where i € [0, Z — 1] and j € [0, %} — 1] are spatial indices.
We define base sampling indices as m = 2¢ and n = 2j.
This mathematically reversible transformation introduces no
truncation, ensuring edges and high-frequency textures of
minute targets are fully preserved in the expanded channel
space.

Subsequently, to address channel redundancy and extract
cross-channel semantics, a stride-1 standard convolution is
appended:

Y = Feon(X') = o(BN(W x X' + b)) ()

where W € RCoutx4CxEXE represents weights. This layer
serves a dual function: compressing channels from 4C' to Cy,;
for efficiency, and transforming pixel information into seman-
tic features via linear combinations, allowing the network to
trace back full-resolution details in deep layers.
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Fig. 2. Overview of the proposed HFA-YOLO network. It consists of three main improvements: SPD-Conv, DEU, and HFA module.
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Fig. 3. The structure of Space-to-Depth Convolution. It illustrates the space-
to-depth transformation that losslessly down-samples the feature map by
remapping spatial pixels to the channel dimension, followed by a non-strided
convolution.
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Fig. 4. Schematic illustration of the Detail-Enhanced Unit (DEU). It shows the
parallel branches including the standard convolution and the four differential
operators (central, horizontal, vertical, and diagonal), which are fused during
inference via structural re-parameterization.

C. Detail-Enhanced Unit (DEU)

Inspired by DEANet [3], we design the Detail-Enhanced
Unit, as shown in Fig. 4, to mitigate deep feature texture
loss. It addresses feature smoothing in high-density scenarios,
preventing object adhesion or missed detections caused by
blurred boundaries. DEU reconstructs the feature interac-
tion mechanism. To maintain gradient stability, DEU retains

residual connections while introducing a kernel-level omni-
dimensional gradient perception mechanism. It explicitly de-
couples the core convolution into five distinct weight compo-
nents. An intensity perception term (W) captures the basic
semantic topology. Meanwhile, four directional gradient terms
(central W4, horizontal W}, 4, vertical W4, and diagonal W4
differences) act as learnable edge filters. The equivalent kernel
is defined as:
>

ke{cd,hd,vd,ad}

Wiused = Wista + O - Wy, 3)

where 6 represents balancing coefficients. Physically, these op-
erators act as learnable edge filters, capturing subtle variations
of dense targets in all directions.

Furthermore, DEU employs Structural Re-parameterization.
Via linear superposition, the multi-branch topology collapses
into a standard 3 x 3 kernel Wy, 4.q during inference. This en-
hances boundary detection and reduces localization drift while
maintaining inference speed, balancing feature enhancement
with zero extra computational cost.

D. Hybrid Feature Aggregation (HFA)

Addressing background clutter and semantic ambiguity, we
design the Hybrid Feature Aggregation module based on
OmniKernel [4] architecture (depicted in Fig. 5). Functioning
as a Global Semantic Filter, HFA extracts key fine-grained
features by filtering noise from complex environments.

To balance high-order interactions with efficiency, HFA
employs a Channel Partitioning Strategy. The input feature
X € REXHEXW is partitioned along the channel dimension
at a 1:3 ratio. Only 25% of the channels are routed into the
evolution path to extract core semantics, while the remain-
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Fig. 5. The detailed schematic of the proposed Hybrid Feature Aggregation
module. It illustrates the channel partitioning strategy, the parallel processing
branches, and the dynamic gating fusion mechanism.

ing 75% bypass this transformation via identity mapping to
preserve high-fidelity context.

Inside the evolution path, a “frequency-spatial” dual cali-
bration strategy is applied. It sequentially employs Frequency
Channel Attention (FCA) to capture global frequency context
via FFT, and Spatial Channel Attention (SCA) to enhance local
responses:

FCA : af = COI]V1><1(C}AP()(Q))7
Xfca = f—l(af ® f(X())) (4)
SCA: a, = Convix1(GAP(Xeq)),

Xsca =as© Xfca

Purified features X,., enter a multi-branch system. Spa-
tially, anisotropic kernels {Bj,..., B4} with scales {1 X
1,1 x 31,31 x 1,31 x 31} capture long-range contexts. In the
frequency domain, Frequency-domain Gated Modulation and
Interaction (FGMI) serves as the fifth branch Bs5. Following
the Convolution Theorem, FGMI interacts in spectral space
via FFT, capturing global low-frequency energy with linear
complexity:

Yigmi = a ®Re (F71(F(X1) © F(X2)))
+ ﬁ @ XSCG.
where F denotes 2D FFT, ® is the Hadamard Product, and
«, 3 are learnable parameters.
Finally, branches are aggregated via Dynamic Gating Fu-

sion. Softmax generates normalized weights v to guide the
fusion of diverse receptive fields with residual connections:

®)

evi

5
Vi = 5 L. Ykemel = ReLU (XO + Z% © Bz)
Zj:l e~ i=1
(6)

The aggregated feature Ykeme iS concatenated with the re-
served 75% high-fidelity channels, unifying local details and
macroscopic views.

IV. EXPERIMENTS

This section evaluates the proposed HFA-YOLO framework.
We first detail the datasets (three energy scenarios and the
VisDrone2019 benchmark), evaluation metrics, and implemen-
tation settings. Next, quantitative and qualitative comparisons

with state-of-the-art detectors, alongside inference speed anal-
ysis, demonstrate our optimal accuracy-efficiency trade-off for
real-time edge deployment. Finally, ablation and sensitivity
analyses validate the synergistic contributions of the proposed
modules and structural configurations.

A. Datasets and Evaluation Metrics

To evaluate performance across heterogeneous scenarios,
we utilized three energy datasets (Photovoltaics, Transmis-
sion Tower, Wind Turbine) alongside the VisDrone2019
benchmark. These datasets serve as a robust testbed for
challenges including tiny object loss, dense adhesion, and
weak feature interference. To ensure rigorous evaluation
and reproducibility, the precise image distributions for
training, validation, and testing sets are detailed as fol-
lows: Photovoltaics (4,365/1,215/304), Transmission Tower
(412/93/64), Wind Turbine (5,709/1,631/816), and Vis-
Drone2019 (6,471/548/1,610). Following standard COCO pro-
tocols, we report mean Average Precision (mAPs5y and
mAPs5.95), Precision (P), Recall (R), and parameter count
(Params) to comprehensively assess the accuracy-efficiency
trade-off.

B. Implementation Details

Experiments were implemented in PyTorch on an NVIDIA
RTX 4070S GPU using YOLOv11n as the baseline. The model
was trained for 300 epochs via SGD with an initial learning
rate of 0.01, linear learning rate decay, a weight decay of
0.0005, and a batch size of 32. Input images were resized to
640 x 640.

C. Comparative Experiments

As evidenced in Table I, HFA-YOLO establishes a new
state-of-the-art across all model scales. Notably, HFA-YOLO-
N surpasses the strong baseline YOLOvVI1I-N by 2.12% in
mAPsy and 2.42% in mAPsy.9; with a marginal parameter
increase of 0.48M. This validates that frequency-domain en-
hancement captures the fine-grained semantics of dense PV
components more effectively than general-purpose architec-
tures. Furthermore, our method achieves a superior accuracy-
efficiency trade-off compared to specialized lightweight de-
tectors. While FBRT-YOLO achieves extreme compression
(0.97M), it lags behind ours by 2.28% in mAPsg.95 due
to compromised feature representation. Similarly, our model
outperforms YOLO-ASF [17] by 2.22% in m APs, confirm-
ing that the frequency-spatial collaborative filtering in HFA
handles specular reflections more robustly than pure spatial
attention mechanisms.

Table II validates robustness across Transmission Tower,
Wind Turbine, and VisDrone2019 datasets. Specifically, HFA-
YOLO boosts mAP5g by 4.91% for transmission towers
(suppressing false positives) and Recall by 2.48% for wind
turbines (enhancing edge perception). Furthermore, a 4.18%
mAP5o gain on the VisDrone2019 benchmark verifies its
strong generalization capabilities for universal aerial objects,
ruling out overfitting to specific energy data. These results
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Fig. 6. Qualitative comparison on photovoltaic panels, wind turbines, transmission towers, and VisDrone2019 (top to bottom). Columns show Ground Truth,
Grad-CAM heatmaps, and detection results. HFA-YOLO exhibits focused activation on tiny and dense targets compared to the baseline’s diffuse response.

Red circles indicate false negatives in the baseline successfully recovered by our method.

TABLE I
QUANTITATIVE COMPARISON ON THE PHOTOVOLTAIC PANEL VAL SET.

TABLE 11
GENERALIZATION VALIDATION AND EFFICIENCY COMPARISON ON
HETEROGENEOUS DATASETS

Model P (%) R (%) mAPsy (%) mAPsg.0s (%) Params (M)

Dataset Model P (%) R (%) mAPsy (%) mAPsp0s5 (%) FPS
YOLOVS-N 7901 77.85  82.52 63.59 2.69
YOLOVIO-N 7734 7701 8252 63.31 227 Photovoltaics Bascline 8048 7641 83.61 64.89 86549
YOLOVI2-N 7891 78.15 8357 64.48 251 Ours  83.05 82.09 8573 6731 59291
YOLOvI3N 7877 7526  82.33 63.29 2.45 Transmission Baseline 76.90 73.24  73.82 4217 10507
FBRT-YOLO [8] 76.63 79.57 83.04 65.03 0.97 Tower Ours  82.88 75.20 78.73 43.23 105.92
YOLO-ASF [17] 7955 78.12 8351 64.61 2.67 Wind Baseline 82.33 8228  87.39 6646  888.30
YOLOvVII-N 8048 7641  83.61 64.89 258 Turbine Ours  84.10 8476  88.79 67.08 62345
YOLOvIL-S 8053 7748 8296 65.38 9.41 VisDrone  Baseline 43.70 33.60  33.10 1920 23641
YOLOvII-M 8095 7842 8345 65.92 20.11 2019 Ours 4915 3651  37.28 2226 350.88
YOLOvII-L 8132 79.15  83.98 66.55 45.37
HFA-YOLO-N 8305 8209 8573 67.31 3.06
HFA-YOLO-S 83.65 8285  86.35 67.15 11.16 o - .
HFA-YOLO-M 8428 83.52 87.12 68.05 2373 Qualitative results in Fig. 6 corroborate the quantitative
HFA-YOLO-L 8495 84.15  87.88 68.92 53.54 advantages. HFA-YOLO generates focused heatmaps on PV

demonstrate that the architecture achieves precise perception
with a minimal parameter increase of 0.48M.

Furthermore, to address the strict latency constraints of UAV
edge computing, we evaluated inference efficiency (Table II).
Across all scenarios, HFA-YOLO maintains excellent real-
time processing speeds. Notably, on the highly dense Vis-
Drone benchmark, our method achieves 350.88 FPS end-to-
end, vastly outperforming the YOLOvIln baseline (236.41
FPS). This occurs because our method effectively suppresses
background noise and generates fewer redundant bounding
boxes, significantly accelerating the Non-Maximum Suppres-
sion (NMS) stage. Although the baseline exhibits higher
FPS on sparser datasets (e.g., Wind Turbine) with minimal
NMS overhead, HFA-YOLO consistently delivers ultra-real-
time efficiency suited for aerial deployment while securing
substantial accuracy gains.

arrays and turbines, enabling sub-pixel boundary decoupling
and noise suppression amidst ground clutter. In summary,
the proposed method resolves the perception bottleneck of
heterogeneous targets, bridging the asset visibility gap for
high-fidelity digital twins.

D. Ablation Studies

We conducted ablation studies on the VisDrone2019 valida-
tion set to verify the contribution of each proposed component:
SPD-Conv, DEU, and HFA. Quantitative results are detailed
in Table III. Integrating SPD-Conv yields a 0.80% mAPs5,
improvement (Row 2), confirming its efficacy in mitigating
fine-grained information loss during down-sampling. The HFA
module delivers the most significant standalone gain of 2.41%
(Row 3), validating that frequency-spatial synergy effectively
suppresses noise while capturing global context. While DEU
shows moderate standalone performance, its integration into
the full architecture (Row 8 vs. Row 7) further elevates
precision. Ultimately, the complete model achieves 37.28%



TABLE III
ABLATION STUDY RESULTS ON VISDRONE2019 (VAL)

SPD-Conv DEU HFA P (%) R (%) mAPsy (%) mAPsyos (%)

- - 43.70  33.60 33.10 19.20
v - - 44.09 34.14 33.90 19.88
- - v 4683 3544 35.51 20.80
- v - 45.01 33.74 33.42 19.39
v v - 44.65 34.41 34.26 20.01
- v v 4695 3496 35.03 20.54
v - v 4714 36.63 36.54 21.62
v v v 4915 36.51 37.28 22.26
87.00 38 19
= mAPS0 (Left)
86.75 4 =>€= Params (Right) F18
=l GFLOPs (Far Right) 354 L3g
86.50 F17
gss.zs- }_4§»1(,§
E 86.00 g 15 né
‘é 85.75 3281145
85.50 4 ri3
3.0
85.25 F12
85.00 28 11

0.50
HFA Split Ratio (e)

0.75

Fig. 7. Sensitivity analysis of the HFA partition ratio e. The red markers
at e = 0.25 highlight the optimal accuracy-efficiency trade-oft, avoiding the
diminishing returns observed at higher ratios.

mAPs5, a 4.18% improvement over the baseline. This demon-
strates the complementarity of our design: SPD preserves low-
level spatial details, DEU sharpens local boundaries, and HFA
aggregates global semantics.

Fig. 7 presents the sensitivity analysis of the channel
partition ratio e. Increasing e induces a linear parameter
surge (3.06M to 5.12M) but yields saturated performance
gains (mAP5¢: 85.73% to 86.35%). This phenomenon of
diminishing returns confirms that processing 25% of frequency
channels suffices for global context modeling, whereas higher
ratios introduce computational redundancy. Consequently, we
adopt e = 0.25 as the optimal configuration to balance
detection accuracy and model lightness.

V. CONCLUSION

This paper proposes HFA-YOLO to address perceptual
bottlenecks in aerial imagery. By synergizing SPD-Conv,
DEU, and HFA, the model effectively resolves scale variations
and background interference, achieving an optimal accuracy-
efficiency balance (mAP5q of 85.73% with 3.06M parameters)
for energy infrastructure inspection. However, the reliance on
a single RGB modality remains a limitation for identifying
internal defects, such as photovoltaic hotspots. Future work
will focus on integrating infrared multi-modal fusion to en-
able all-weather thermal anomaly monitoring and applying
model quantization and pruning to satisfy the rigorous power
constraints of UAVs, thereby establishing a comprehensive
perception loop for the smart grid lifecycle.
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