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Salient Detection of Multisource Image Illumination and Edge Fusion
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Abstract To resolve the problems of the difficulties in detecting the salient object area under poor lighting conditions in an
RGB image and the salient object boundary because of the infrared thermal radiation in a thermal infrared (T) image, a
salient detection algorithm based on the complementary fusion of RGB and T image information is proposed. First, image-
lighting conditions are established based on the IHS color space to determine the lighting conditions of RGB and T images.
An RGB-T image adaptive lighting fusion algorithm is proposed to guide the fusion of RGB-T images according to the
lighting conditions of the images, generating a multilevel RGB-T lighting fusion image to improve the ability of salient
object area detection. Second, the Gaussian filters with different convolution kernels and standard deviations are used to
extract the high-frequency information of the objects’ edges in the RGB and T images, generating different levels of RGB
and T high-frequency detailed images. The deep learning network based on encoder-decoder is used to fuse RGB and T
high-frequency detail images to generate RGB-T detail fusion images with different levels, which improves the boundary
detection ability of salient objects. Finally, a multilevel fusion of RGB-T lighting fusion image and RGB-T detail fusion
image is performed according to the image-lighting information, and the algorithm based on learning is used for salient
object detection. Experimental results show that the proposed algorithm improves the detection accuracy of the salient area
and boundary detections. The proposed algorithm is competitive compared with EGNet, PoolNet, CPDNet, DMRA, and
A2dele, which are excellent salient object detection algorithms in F,,, value, F,. value, and average absolute error.
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Table 2 RGB, T image light fusion ratio
Parameter L1 L2 L3 L4 L5 L6 L7 L8 L9
Ui 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1
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Table 5 Quantitative comparison of different algorithms
VT821 VT1000
Algorithm
Fox Fua MAE F,, F, MAE
EGNet 0.7717 0.7459 0.0512 0.8796 0.8637 0.0400
EGNet+ 0.6994 0.6475 0.116 0.7840 0.7453 0.0938
CPDNet 0.7971 0.7882 0.0425 0.8869 0.8621 0.0326
CPDNet+ 0.7915 0.7796 0.0471 0.8738 0.8570 0.0333
PoolNet 0.8192 0.8046 0.0485 0.8795 0.8651 0.0411
PoolNet+ 0. 8177 0.8086 0.0411 0.8759 0.8656 0.0313
DMRA  0.8411 0.8270 0.0417 0.8613 0.8444 0.0381
A2dele 0.7513 0.7482 0.0621 0.8609 0.8575 0.0401
CGL 0.780 0.744 0.0849 0.727
CRA 0.747 0.739 0.1083 0.693
Proposed _
. 0.8433 0.8291 0.0375 0.9095 0.8943 0.0268
algorithm
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Fig.5 P-R curves of different algorithms at different datasets. (a) VT821; (b) VT1000
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Table 6 Test results in VT1000 low light data subset

Algorithm F o F.. MAE
EGNet 0. 6602 0. 5825 0.1100
EGNet+ 0. 8393 0. 8136 0.0616
EGNet+ + 0.8225 0. 8036 0.0538
CPDNet 0.7662 0.7092 0. 1060
CPDNet+ 0. 8071 0. 7827 0.0721
CPDNet+ + 0. 8164 0. 8038 0. 0546
PoolNet 0.5803 0.5578 0.1140
PoolNet+ 0.7922 0.7683 0.0622
PoolNet+ + 0.7532 0.7135 0.0940
Proposed algorithm 0. 8743 0. 8651 0.0386
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Table7 Quantitative comparison results of ablation analysis

VT821 VT1000
Foo MAE F.. F, MAE

Algorithm

Baseline 0. 8256 0.8003 0.0445 0.8396 0.8315 0.0361
+1 0.8326 0.8125 0.0429 0.8459 0.8361 0.0342

+IA  0.8493 0.8139 0.0417 0.8956 0.8827 0.0330

Proposed _
. 0.8433 0.8291 0.0375 0.9095 0.8943 0.0268
algorithm
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