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Abstract: A target detection method based on infrared and visible image fusion is proposed to overcome the
shortcomings of the existing target detection algorithms based on visible light. In this method, depth separable
convolution and the residual structure are combined to construct a parallel high-efficiency feature extraction
network to extract the object information of infrared and visible images, respectively. Simultaneously, the
adaptive feature fusion module is introduced to fuse the features of the corresponding scales of the two
branches through autonomous learning such that the two types of image information are complementary.
Finally, the deep and shallow features are fused layer by layer using the feature pyramid structure to improve
the detection accuracy of different scale targets. Experimental results show that the proposed network can
completely integrate the effective information in infrared and optical images and realize target recognition and
location on the premise of ensuring accuracy and efficiency. Moreover, in the actual substation equipment
detection scene, the network shows good robustness and generalization ability and can efficiently complete
the detection task.
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Fig.1 The overall structure of the dual-branch adaptive object detection network
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Table 1 Feature extraction structure

Invariant Feature Transform) .

Stage Layer structure Repetitions  Output size

Original RGB, 3 1 448x448
Conv 3X3, 13

Init 1 224x224
Max pooling 2x2, 3
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Fig.2 Feature extraction submodules
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Fig.3 Feature fusion modules
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Fig.4 Pyramid detection structure
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Table 2 Comparison of visible network test results

Test accuracy/(%)
Network FPS
mAP mAPs mAPm mAP
Faster RCNNI!3] 25 719 522 732 82.6
YOLO! 66 67.5 49.1 70.6 78.9
Shuffle+SSDI!3 113 65.6 46.1 68.3 75.3

Visible-light branch 93 67.3 485 70.1 77.6

B 2 W DAE Y, ASSCRT R R 1) mT D B S i 1Y
2 5 H AT E U Sk B2 (Faster RCNN) 1 i 2%
(Shuffle+SSD) H Al ;X 28 AH LL , BT b7 1 19
ZETERE . RIS, X2 DLR BE A 4 B B R S L S B,
FE5IH T2 . LeakyReLU 3 bR £ 55 I 25 44 4 o
W, SREIZRAIML (YOLO) AHEL, Frdkags Ll
FR) R B2 400 2% SR H B 2% 250 32 K g 4 T o (EAE N T
Faster RCNN, T BT Mg A s B, F¢ HiR & w
S EERAXME G ERE T RHEE S, Frblig
O BEA BT R AR  dE— P IR UR L1 40 5 ] WoOB WU i
SE R PR TLAME: DL R BT SRR Rl 45 4 1A 251k
SEEG Ay R T AT Wt 20 Ak B K Rl I TR I 2
Ae, [FIIF, EPOTPNSCEE IR A S5, el | B
AHIN (Eltwise) « $f4% (Concat) VLM ASCATIEMI H
ENFE SR, s R 3 MK S R

* 3 ARSI R

Table 3 Different dilation rates test results

Test accuracy /(%)
Network FPS
mAP mAPs mAPn mAP;

Infrared branch 94 61.0 453 64.2 71.8
Visible-light branch 93 67.3 48.5 70.1 77.6
Eltwise Fusion 81 70.4 51.1 73.8 80.1
Concat Fusion 79 71.6 52.3 74.2 81.6
This paper 78 73.8 543 75.1 83.2
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Fig.5 Single branch and fusion branch object detection results
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Table 4 Comparison of test results of the same type of network

Test accuracy/(%)
Network FPS

AP APs  APm AP
Literature[7] 83 68.1 495 71.0 763

Literature [8] 51 740 540 765 84.1
Literature [19] 73 722 512 746 815
This paper 78 73.8 543 751 832
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Fig.6 Comparison of infrared-visible network detection effects
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Table 5 Comparison of visible network test results

Test accuracy /(%)
AP APs  APm AP
Literature[7] 21 732 541 76.6 814
Literature [8] 13 782 589 814 887
Literature [19] 17 769 562 783 86.6
This paper 20 78.1 59.1 80.8 884

Network FPS
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Fig.7 Comparison of substation equipment detection effects
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