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Abstract: Objective The precise identification of substation equipment is crucial for ensuring the stability and operational
security of power systems. Traditional detection methods relying solely on single-modality imaging, whether infrared ther-
mal imaging or visible images, struggle to comprehensively characterize the multidimensional attributes of complex electri-
cal apparatus. While the infrared modality effectively captures thermal information of equipment, it lacks the spatial resolu-
tion and textural details required for structural assessment. Conversely, visible images provide excellent detail fidelity but
are fundamentally blind to thermal phenomena directly related to equipment health status, and are significantly affected by
weather and environmental conditions. This representational dichotomy highlights the core value of infrared-visible image
fusion, a technique that synthesizes complementary diagnostic information into a unified visual representation. Despite its
theoretical promise, existing fusion methods exhibit significant shortcomings in substation inspection scenarios: fused
results often suffer from insufficient target saliency, ambiguous structural definition, and poor foreground-background dif-
ferentiation. These deficiencies severely compromise the discriminative features required by downstream detection algo-
rithms, ultimately reducing the inspection accuracy and operational robustness of the entire power infrastructure network.
To address these long-standing limitations through architectural innovation, this study proposes a dual-branch perceptual
enhancement framework specifically designed to optimize the efficacy of substation equipment inspection. Method The
architecture adopts a dual-branch paradigm. The shared-branch encoder utilizes a Transformer architecture to extract high-
level structural commonalities invariant across both infrared and visible spectra, capturing the geometric continuity, topo-
logical relationships, and spatial configurations that define substation equipment categories. The complementary-branch
encoder employs domain-optimized convolutional blocks to isolate modality-specific features, specifically the detailed tex-
ture information from visible images and the thermal information from infrared images. Compared to traditional methods,
our algorithm achieves a tight integration between the feature enhancement mechanism and the substation equipment detec-
tion scenario. By targeting the enhancement of equipment structure and key details, it establishes a novel structure-detail
decoupling fusion paradigm, significantly improving the topological integrity and feature saliency of equipment in the fused
image. Specifically, we introduce a self-attention and structure enhancement Module (SEM.) operating on the shared fea-
tures. This module dynamically constructs attention maps through cross-modal feature correlation, utilizing learned spatial
weighting to selectively enhance equipment contours while suppressing irrelevant background structures, thereby improving
the saliency of equipment structure and its distinguishability from the background. Simultaneously, the multibranch feature
enhancement module (MFEM) processes complementary features through parallel convolutional streams with cascaded
refinement blocks to enhance the expression of detailed textures and thermal information of the target equipment. The
refined feature tensors then undergo modality-specific fusion via feature fusion modules. Finally, the decoder reconstructs
the fused features into the fused image, ensuring the preservation of both global structural coherence and local diagnostic
details throughout the inverse transformation process. Result Experimental validation was conducted using rigorously
curated substation-specific infrared-visible image pairs capturing diverse equipment types under various operating condi-
tions. In downstream equipment detection tasks evaluated using industry-standard frameworks, the algorithm demonstrated
exceptional performance across key categories including suspension insulators, post insulators, current transformers, volt-
age transformers, and bushings. Quantitative assessment revealed significant improvements in the authoritative metric for
object detection reliability, mean average precision (mAP@0. 5) : achieving a 40. 1% enhancement compared to infrared-
only detection, a 1.2% improvement over visible-only baselines, and a 3. 9% gain over existing State-Of-The-Art (SOTA)
methods, significantly enhancing the robustness of substation equipment detection. Regarding fused image performance, a
comprehensive evaluation™ across six established dimensions consistently demonstrated superiority. The fused outputs
excelled in information entropy (EN), spatial frequency (SF), mutual information (MI), Q**", peak signal-to-noise ratio
(PSNR) , and structural similarity index (SSIM) , comprehensively outperforming existing fusion methods without excep-

tion. Ablation studies systematically isolating architectural contributions confirmed that both the SEM and MFEM modules
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are effective in both image fusion and object detection tasks. Conclusion This research establishes a transformative para-

digm for intelligent substation inspection through perceptually enhanced image fusion. By fundamentally reimagining the

synthesis of infrared and visible representations, the framework overcomes the long-standing limitations of conventional

methods that compromise equipment detectability. Beyond the direct performance improvements, this study bridges a cru-

cial gap between computer vision theory and power engineering practice, demonstrating that domain-aware fusion architec-

tures are essential for mission-critical infrastructure applications. The methodology provides a foundational advancement

toward fully autonomous power grid maintenance, inherently adaptable to the evolving inspection requirements within the

energy sector.

Key words: power equipment inspection; object detection; image fusion; feature enhancement; attention mechanism
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Fig. 1 Comparison of detection performance between our pro-
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Fig. 2 Architecture diagram of the proposed model
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Fig.3  Architecture diagram of MFEM
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Fig. 4  Architecture diagram of SEM
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Table 2 Performance comparison of substation equipment

detection
Tk SI Pl CT PT CA  mAP50
IR 0.137 0.439 0.768 0.792 0.796 0.586
VI 0.588 0.782 0918 0.827 0.943 0.811
DenseFuse  0.464 0.741 0.869 0.892 0.935 0.780
RFN-Nest  0.201 0.410 0.488 0.887 0.756 0.548
SDCFusion 0.567 0.786 0.821 0.837 0.889 0.780
TarDAL 0.225 0.741 0.888 0.847 0.930 0.726
MURF 0.421 0.837 0908 0.843 0.937 0.789
CoCoNet 0.451 0.785 0.900 0.885 0.927 0.790
CddFuse 0.394 0.698 0.896 0.824 0.925 0.747
FDFuse 0.423 0.780 0.877 0.871 0941 0.778
RISFuse 0.473 0.751 0.893 0.865 0.905 0.777
A3 0.582 0.795 0.901 0.886 0.938 0.821
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Fig. 5 Comparison of confusion matrix for power substation equipment detection
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Table 3 Performance comparison of infrared and visible image fusion for substation equipment

7k EN(bit) SF MI(bit) QI SSIM PSNR(dB)
DenseFuse 6.391+0.031 7.393+0,094 1.72720.115 0.229+0.009 0.914+0.017 2.811+0.049
RFN-Nest 6.271+0.027 6.33120.119 1.4360.147 0.157+0.007 0.745+0.010 2.764+0.021
SDCFusion 6.730+0.036 7.208+0.107 2.001+0.129 0.374+0.012 1.029+0.016 2.805j+0.048
TarDAL 7.12720.017 7.088+0.193 2.132+0.176 0.275+0.011 0.938+0.011 2.828+0.037
MURF 6.803+0.029 7.470+0.097 2337 0.185 0.381+0.011 1.062+0.012 2.794+0.024
CoCoNet 7.079+0.021 7.603+0.074 2.034+0.157 0.442  0.010 1.080+0.019 2.810+0.053
CddFuse 7.102+0.016 7917 0,072 2.110%0.106 0.415+0.008 1.094 0.013 2.861 0.044
FDFuse 7.0860.014 7.432+0.069 1.90620.133 0.371=0.009 1.058j+0.012 2.816 0.061
RISFuse 7.081+0.019 7.131+0.065 2.3150.113 0.403+0.008 1.084+0.011 2.815 0.026
AL 7.158 0,019 7.903 0.094 2482 0.107 0.425 0.007 1.087 0010  2.874 0.029

R DR B2 LU T R T AR R AR R
) ARG I i 1k ) i T R A R L
AR AR T R MRIEE S . BRmE,
MFEM 15 | A fif £5 455 R0 3 (ARG I 14 R S AR K
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A R
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Fig. 6 Visualization of the decomposed features
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Table 4 Ablation study of the MFEM for image fusion

Tk EN(bit) SE MI(bit) QAB/F

wlo MFEM 7.141 7.861 2.389 0.421
k=3 7.153 7.873 2414 0.427
Pik=5 7.160 7.889 2.479 0.426
Pk AR=7 7.157 7.883 2.401 0.425

x5 HEZTRENZEENNS REFEMSEIERTE
Table 5 Ablation study of the MFEM for substation equip-

ment detection

Jrik SI PI CT PT CA  mAP50

wlo MFEM ~ 0.552  0.786 0.925 0.837 0.931 0.806
Pak®=3 0563 0.791 0.900 0.858 0.940 0.810
PoksR=5 0582 0.795 0.901 0.886 0.938 0.821
¥ak=®R=7 0578 0.791 0.898 0.863 0936 0.813

{LREME G 5 KR A B IO 5 =y R AR RAE A6 RE
PR PR 8] 0 A 8038 ., B AR Al A R e o0 1 B Ok
H SR R R S5 B . AR T AR S
5B I HA BEWENERON, L RE T
SEM A %Pk -

F6 MHEEGSHEMIIGEEIEBEE
Table 6 Ablation study of the SEM for image fusion

ik EN(bit) SF MI(bit) Qi
w/o SEM 7.151 7.873 2.430 0.420
wlo SA 7.157 7.875 2467 0.424
wlo CA 7.155 7.883 2.455 0.423
KIS 7.160 7.889 2.479 0.426

x7 EEZRINIR G E SRR R I8
Table 7 Ablation study of the SEM for substation equip-

ment detection

Tk SI PI CT PT CA  mAP50

w/o SEM 0503 0.841 0.880 0.805 0919 0.789
w/o SA 0.554 0.784 0.901 0.896 0.923 0.812
w/o CA 0.513 0.803 0.882-0.907 0.924 0.806
A3 0.582 0.795 0.901 0.886 0.938 0.821

H16 7 Al T, R 51 AL A 3 5 A e SEML 462 771
TEAE NG 2120 BRI Pk RE A AL, A 23 31 5T

LT CAE AERE T SAPLE G , BORYE 280
WA L B (R R P g L 3RS B 4R . R
B, 51 SEM A5 80 5 8 2 46 2% 1 | Fi 3k B A
EEARR LR B R AR SO R T
I B R T B e I rERR . AR
T ARSCIRIAEZE A VERE A A ERAR Y, T 45
TERH T SEM 785 £ AT 55 Hh 9 30k o

Sy it — 25 B UE 25 A 1 AR AT SEM 1) RT A R
AR AL B 5 AN B i A () A R L AR 2
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FEEMG A REAE T 2 ) B FRRB R SR Bk 25 1 25 R A
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) VAT =82 SR VN S G Ol A = B W
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Fig. 7 Comparison of feature attention heatmaps with and with-

out the SEM
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AR BRI EN 5 SFdg 45 I 5 Z L F CNN 5

ResNet-18, 2B INN 7 2 UG 4071 5 i SR AE 7
T FL A P 35 TR, AR SCHE s (1 B R FE MTL QY 5
SSIM F6#5_E 23k B B 1l , PSNR 8 AR AL, JR 3
SZEATERE . X —E5 BRI UE T INN 7E (R Ul &
PG 700D BR LR DG B 2 ThT 1 A A8 S S AR
T Restormer 1F ky H 52 4 i 4% 5 INN AE Sk B 4b 2 15
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Table 8 Ablation study on different backbone networks

Tk EN(bit) SF MI(bit) QM SSIM PSNR(dB)

CNN 7.143 7.101 2.209 0.401 1.024 2.825

N ResNest—18 7.264 7.219 2.013 0.353 0.913 2.817
FeZZ RRAE SR

INN 7.171 7.307 2.146 0.379 1.037 2.810

Swin Transformer 7.142 6.884 2.193 0.396 1.061 2.889

) CNN 7.146 7.692 2.310 0.415 1.043 2.829
L AMFAE 2

ResNet18 7.149 7.437 2.327 0.412 1.052 2.884

EN'S 7.160 7.889 2.479 0.426 1.087 2.869

3.5.4 i eR%k

AT X AR SCHE RS AR A fl A 5 i PELAS AE
BEp R Rl O R 8, B L, FP G L2 B0 1 (12
norm) 5 SSIM 431 LA K L., X TR (Rl 45 45O 1
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o5 URARERE S B FH 2T LA SRR RR H
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Fig. 8 Visual comparison of substation equipment detectio
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Table 9 Ablation study on different loss functions

i EN(bit) SF PSNR(dB)  SSIM
wlo L2 norm 7.163 7.819 2.890 0.982
wlo SSIM 7.154 7.896 2.837 0.835
wlo L. 7.069 7.607 2.892 1.081
AL 7.160 7.889 2.869 1.087

PB4 Hh BT A, TIIAR SC- 32k DU R At 1] P o
JEENER 7

F10 REFEHTEREITL
Table 1 Comparison of computational efficiency of differ-

ent methods

HEBRIF] PR R

itk (ms) ©) ZHE(M)
Denseluse 251.10 48.92 0.074
RFN-Nest 178.8 1346.34 7.524
SDCFusion 110.23 112.87 0.570
TarDAL 16.57 233.39 0.297
MURF 565.55 186.21 0.117
CoCoNet 29.06 498.58 9.114
CddFuse 463.8 1402.07 1.186
FDFuse 177.35 65.50 0.578
RISFuse 560.53 430.10 0.476
AL 429.43 1764.8 1.715

SATHY S R R I AR A S IR VE A

B, A 35 5 0T WO IR R B8 F R AT iR A6
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RO TR IV EARRE . FaRgs e T A SR %
FE K AT 55 P 1A 550k
3.8 THIMEFANSTIRE GRS EETEN

AR AR SCHE i ARG A A AR F
WAL S ] WOGIEMG RS 55 itk ReEAT 7o
PES T, W0 9 FoR 55— AT FEE AT 45 SRR W,
AT LS A i 5 PG T 7 5 43 R 21 A1y
fiEid T2, SO R S TEAE T S PHELIFEN;
FHLLZ N AR SCRIL BB A AU IX i 45 S5 05, e il
GBS P S R SR W SR R . SR AT
SR WoR AR SCR R G BR bk & S5 D
SRS SR e TR SRR B A S R Y A T AL ik
FRRTE T HAbR A e R iy i 2k i Y AR
S MR R A A O R o BEAN AR SCR i BT 1S
AlA EAR AR 2B LT B R sk R
ik,
3.9 ZMEREEM
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H 4 5 M3FD (I 2R 45 3900 7k , L 48 300 5K ) kb
BTN L ERE, R 11 FTR ARSI
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Fig. 9 Visualization Comparison of Image Fusion for Substation Equipment
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Fig. 10 Visual comparison of image fusion on M3FD Dataset
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F11 MFDHEELINS AT ALE GRS RIEREXT L
Table 11 Performance comparison of infrared and visible

image fusion on M'FD dataset

EN Ml PSNR

Irik (bi) SF (bit) Q'F  SSIM (dB)

DenseFuse 6.431 7348 2907 0.397 0.754 61.368
RFN-Nest  6.790 10.774 2.627 0.534 0.801 62.220
SDCFusion 6.682 12.010 3.019 0.517 0.856 61.491
TarDAL 7.225 12.153 3.452 0.430 0.892 62.743
MURF 7.013 11.981 3327 0.558 0.907 62.467
CoCoNet 6.658 13.830 3.042 0.557 0.943 62.864
CddFuse 6.955 16.542 4.532 0.647 1.030 60.838
FDFuse 6913 15236 4311 0.609 1.001 59.725
RISFuse 6.772 15.777 4.499 0.694 0.998 61.317

AL 7.006 16.326 4.445 0.663 1.031 63.128
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JE b AR IR R AL, RIAFAA RTS8 o AT
FE AT PR Z RN AL Ll T A U SR, D R A
FGRLE S HARIAT 55, LAt — 2 32 THEE XA
FL A BRI PR RE
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