
1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

Supplementary Materials: Learning Cross-Spectral Prior for
Image Super-Resolution

Anonymous Authors

1 MORE EXPERIMENTAL RESULTS

Table 1 reports the experimental results about the number (𝑇 )
of DMF modules in the CSPSR model. More DMF modules
result in better SR results. However, as the number of DMF
modules increases, the improvement degree decreases.

We also demonstrate the performance of different SR mod-
els in the ablation study on the cross-spectral stereo match-
ing task, the RMSE results of which on the test images of
the video ‘0224 0742’ from the RGB-NIR stereo dataset are
shown in Figure 1.

𝑺𝑰𝑺𝑹 𝒘/𝒐 𝑪𝑴𝑭𝑻𝑺𝑹𝒄𝒂𝒕 / 𝑪𝑽𝑴𝑺𝑹𝒄𝒂𝒕 𝒘/𝒐 𝑪𝑽𝑴 GT𝑭𝒖𝒍𝒍 (𝑶𝒖𝒓)Bicubic

28.615/0.6811 29.104/0.697129.231/0.690930.177/0.6984 30.301/0.6993 PSNR/SSIM30.468/0.730224.064/0.5812

23.204/0.5370 24.294/0.562123.370/0.545424.207/0.5585 19.515/ 0.4802 PSNR/SSIM25.344/0.601320.197/0.4517
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Figure 1: Quantitative comparison of the ablation
study on the cross-spectral disparity prediction task.
The disparity RMSE in pixels for different materials
on ‘0224 0742’ of the RGB-NIR stereo dataset [8].

Figure 2 demonstrates that the proposed CSPSR outper-
forms the state-of-the-art SISR models and produces more
accurate SR results of the left VIS images, especially for
image areas with high brightness, with gains over 3dB for a
scale 4.

Figure 3 demonstrate the quantitative and visual compari-
son on ×4 SR.
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Figure 4: Visual SR results of the ablation study.
Compared with the ‘w/o CSFT’, which generates
blurred textures, and the ‘w/o CVM’, which pro-
duces some artefacts, our final model ‘Full’ achieves
the best visual results with fine details.

Figure 4 demonstrates the SR results of the ablation study.
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Table 1: Experimental results about the number (𝑇 ) of DMF modules in the CSPSR model. The ×4 SR results
(average PSNR↑/SSIM↑) of visible images on the RGBNIRStereo dataset.

𝑇 ‘0224 0742’ ‘0222 0951’ ‘0222 1423’ ‘0223 1639’

1 26.247/0.6398 28.265/0.7922 26.887/0.7882 23.955/0.5937
5 27.063/0.6647 28.992/0.8051 27.267/0.8041 24.080/0.6101
10 27.460/0.6924 29.075/0.8124 27.759/0.8105 25.451/0.6583
15 27.615/0.6980 29.525/0.8188 28.210/0.8178 25.708/0.6630
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23.844/0.5859 28.183/0.6286 26.144/0.5156 28.309/0.6319 PSNR/SSIM28.078/0.6301 27.019/0.5460 27.923/0.5875
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Figure 2: Visual comparison with the state-of-the-arts (NLSN [7], ENLCN [5], HAT [2]). The ×4 VIS SR
results on the RGB-NIR stereo [8] and NIRScene [1] datasets.
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Figure 3: Visual comparison with the prior-guided SR methods, including StereoSR (NAFSSR [3]), reference-
based SR (MASA [4]), and multi-modal SR (CMSR [6]) methods.
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