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Abstract: A novel cross-modal multilevel feature fusion algorithm based on adaptive fusion and self-attention
enhancement is proposed to address the low robustness of power-equipment detection algorithms and
inaccurate small-target detection in complex environments. The algorithm begins by constructing a dual-
stream feature-extraction network to extract multilevel target representations from visible-light and infrared
images. An adaptive fusion module is introduced to capture complementary features from both the visible-
light and infrared branches. Furthermore, a self-attention mechanism based on a Transformer is employed to
enhance the semantic spatial information of the complementary features. Finally, precise target localization is
achieved by utilizing deep features at different scales. Experimental evaluations were conducted on a custom-
developed power-equipment dataset, and the results show that the proposed algorithm achieved an average
precision mean value of 91.7%. Compared with using only the visible-light or infrared branch separately, the
algorithm shows improvements of 3.5% and 3.9%, respectively, thus effectively achieving cross-modal
information fusion. Compared with current mainstream object-detection algorithms, it exhibits superior
robustness.
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Table 2 Comparative quantitative analysis of different detection algorithms

Module Backbone mAP50/% mAP75/% mAP.95/% Params/M

SSD VGG16 82.1 68.1 50.3 24.01
Faster R-CNN ResNet50 83.8 - 53.8 136.75
YOLOv4 CSP DarkNet53 85.5 68.3 55.6 63.95
YOLOVS - 88.8 - 59.4 11.14
CFT CSP DarkNet53 88.9 63.9 56.9 206.03
UA-CMDet ResNet-FPN 87.6 - 57.2 -

Ours CSP DarkNet53 91.7 74.9 61.5 44.62
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Fig.9 Comparison of P-R curves for model training
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Table 3 Quantitative comparison of results between single-branch and cross-modal networks
%
Precision Recall mAP50
ir vi Ours ir vi Ours ir vi Ours

All 87.2 81.7 85.6 81.9 84.2 88.5 87.8 88.2 91.7

Arrester 90.8 86.1 91.8 68.8 70.1 75.0 85.0 81.1 86.9

Disconnector 91.5 85.5 88.9 82.1 88.0 92.8 90.8 92.2 95.3

Insulator 76.1 71.8 75.2 75.5 79.2 85.1 84.8 84.5 874

Breaker 92.7 86.5 90.2 90.0 90.7 90.9 93.2 95.4 97.3

Current transformer 86.1 82.1 86.1 94.1 97.4 96.9 98.0 96.2 97.8

Voltage transformer 73.0 71.2 75.7 75.0 76.5 79.1 76.5 79.9 82.9

Conservator 100 88.7 100 87.9 87.5 100 86.6 88.2 94.5
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(a) ZL5HE (b) ARG (c) ZLANr S (d) ATy SN (e) AL
(a) Infrared image (b) Visible light image (c) Infrared branch detection (d) Visible branch detection (e) Ours
K10 S S SRS RL A F ARkl 25 R vt
Fig.10 Qualitative comparison of object detection results between single-modality and cross-modal fusion
4 BB RS ) E B AR

Table 4 The quantitative results of the key module ablation experiments

Module Precision/% Recall/% mAP50/% mAP75/% mAP.95/%  Params/M
Baseline+Add 82.1 83.5 88.3 62.3 54.5 11.29
BaselinetAFM 85.8 90.6 91.2 70.8 60.9 11.38
Baseline+Add+SAE 84.5 87.5 90.3 68.9 57.9 44.53

<

BaselinetAFM+SAE  85.6 88.5 91.7 61.5 44.62

(a) Baseline+Add (b) Baseline+tAFM (c) Baseline+Add+SAE (d) BaselinetAFM+SAE
BUI1 /N HARRITE 288 5 (107 R S B 0 2 SR

Fig.11 Detection performance in small object and complex backgrounds
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Table 5 The quantitative results with different values of d

d 8 16 32 64 128

mAP50/% 884 90.9 91.7 914 91.2

Params/M  44.55 4457 44.62 4471 44.88
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