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We first present the specific structural details of the Selective kernel
feature fusion module that we used for the Network in Part A. We
will further analyze the motivation for our study in Section B. In
Section C we will provide more visual comparisons on the UHD
LLIE dataset. Along with that, we will provide visual comparisons
on LOLv1 and LOLv2Real datasets in Section D.

A THE ARCHITECTURE OF SKFF

On the basis of the fact that the receptive field of visual cortical
neurons is variable, the application of this adaptive adjustment
mechanism to neural networks can improve the robustness of the
network [1]. Therefore, we use a selective kernel feature fusion
(SKFF) module to fuse high-frequency features as shown in Figure
1. Instead of the existing simple feature aggregation methods of
concatenation and sum, which are most commonly used, we adopt
a cross-scale attention fusion mechanism to aggregate features
from different resolution streams. Specifically, the CSFM adapts
the receptive field dynamically through two operations: fusion and
assignment. The fusion operation focuses on combining feature
information from multi-resolutions to generate global feature de-
scriptors. It can be expressed as:

Fsum = FLg + FyL + FHH, 1)

where Fg,m,m indicates the features after initial fusion. Fr g, Fyp,
and Fyp denote the input of different high-frequency features
respectively. Then, we employ global average pool (GAP) in the
spatial dimension of Fyy, € RIXWXC o compute channel-wise
statistics F, € R'1XC, Next, we exploit an 1x1 convolution to

C
generate a compact feature representation F, € RIXIXT  where
r= % for all our experiments. It can be formulated as:

Fr = 0(Hgo (GAP(Fsum))), @

where o(+), GAP(-), and HS%,, denote the activation function, global
average pooling, and channel downscaling convolution respectively.
Then, we utilize the assignment operation to recalibrate the feature
maps of different scales followed by their aggregation. To be spe-
cific, we further use a channel-upscaling convolution to extend the
compact feature F, to obtain the attention feature A € R1X1%3C
for different scale features. Next, we adopt the split operation to
separate attention features Vi, V5, V3 € RIXIXC Tt can be written
as:

V1, Vo, V3 = split(Softmax(Hegn, (Fr))). ®)

where Softmax(-), HSY,,(+), and split(-) denote the softmax func-
tion, channel-upscaling convolution, and channel splitting respec-
tively. Finally, we use attention features V1, Vz, and V3 to adaptively
recalibrate high-frequency feature maps Fr g, Fgr, and Fgp, re-
spectively. It can be expressed as:

Fout =V1 @ F] ; + Vo ® Fpy + V3 ® Fpppy, 4)

Table 1: Quantitative results to support our motivation. The
measurement metrics are the average luminance value (ALV)
and MUSIQ value.

Real Exchange
UHD-LL : : LF HF — jLF  jHF
normal-light low-light | I high * Lo Lot high
ALV 130.7895 47.8125 130.7895 47.889
MUSIQ 46.14 26.76 31.87 39.68

where ® denotes the operation of element-wise multiplication. Foy,r
represents the output features. Compared with the concat method
of aggregating features, our method can effectively reduce the
network parameters and computational effort and deliver superior
performance.

B FURTHER ANALYSIS OF MOTIVATION

Recall that in Section 3.1 of the manuscript, we discussed two
observations that serve as the motivation to design our network.
1. In the wavelet domain, most image information resides in the
low-frequency component, with only a minor portion of texture
information in the high-frequency component. 2. High-frequency
information has a minimal impact on the results of low-light image
enhancement.

We first show more motivation cases in Figures 2, 3, and 4. These
visual results suggest the same tendency as the motivations shown
in the main paper.

To further analyze our first motivation, we compared the image
histograms of frequency sub-bands obtained from real low-light
images and normal-light after wavelet transform. The visualization
of both image and histogram information from the Figure 2, 3,
and 4 demonstrates that the low-frequency component contains
most of the information of the image, however the high-frequency
component contains only a small amount of texture information.

For the second motivation, we compare the luminance and noise
of real low-light and normal-light images and exchange low-light
and normal-light images. To compare the luminance similarity, we
compute the average luminance. For real noise level measurement,
we use the recent multi-scale Transformer MUSIQ [2] for image
quality assessment. MUSIQ is not sensitive to luminance changes.
Moreover, it can be used to measure the noise level as its training
dataset contains noisy data and it shows state-of-the-art perfor-
mance for assessing the quality of natural images. A large MUSIQ
value reflects better image quality with less noise and artifacts. We
compare the average scores of all images on the UHD-LL dataset
and give the quantitative results in Table 1.

As shown in Table 1, I{l‘f; Wt Ilin; has similar luminance values
to the real normal-light image and has similar noise values to the
real low-light image. Similarly, IILOI; + I}I;g ,, has similar luminance

values to the real low-light image and similar noise values to the

59
60

61

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

106

107

108

109

110

111

112

114

115

116



117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174

ACM MM, 2024, Melbourne, Australia

@:summation  ):Product

GAP :Global Average Pooling @' Activation function

Anonymous Authors

FHH

|
> I
l//
Fyy

Figure 1: Schematic for selective kernel feature fusion (SKFF). It operates on features from multiple convolutional streams, and

performs aggregation based on self-attention.
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Figure 2: Examples of our motivations.

real normal-light image. The results further show that exchang-
ing the high-frequency components has little effect on the overall
information of the image.

C MORE RESULTS ON THE UHD LLIE
DATASET

We provide more visual comparisons of our method with state-of-

the-art methods on the UHD-LL and UHDLOL4K dataset in Figures

5, 6, 7 and 8. As the results shown, for UHD low-light image en-

hancement, the retrained models on the UHD-LL dataset still cannot
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achieve satisfactory results. Noise and artifacts can still be found
in their results. The results suggest that joint luminance enhance-
ment and noise removal in the spatial domain are difficult. Our
solution effectively handles this challenging problem by wavelet
transform and state-space models, in which luminance and noise
can be decomposed to a certain extent and are processed separately.

D MORE RESULTS ON LOLV1 AND
LOLV2-REAL DATASETS

We also provide more visual comparisons of our method with the
models that were pre-trained or fine-tuned on the LOLv1 datasets in
Figures 9. As can be seen from the Figure 9, our method also achieves
excellent performance and visual effects in low-light images at low
resolutions. The results demonstrate the potential of our solution
in different situations.
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Input

UHDFour UHDFormer Wave-Mamba
(Ours)

Figure 5: Visual comparison of the state of the arts methods on the UHD-LL dataset. The compared methods include LLFormer
[3], UHDFour [4], UHDFormer [5].
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Input LLFormer

UHDFour UHDFormer Wave-Mamba
(Ours)

Figure 6: Visual comparison of the state of the arts methods on the UHD-LL dataset. The compared methods include LLFormer
[3], UHDFour [4], UHDFormer [5].
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UHDFour UHDFormer Wave-Mamba
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Figure 7: Visual comparison of the state of the arts methods on the UHD-LL dataset. The compared methods include LLFormer
[3], UHDFour [4], UHDFormer [5].
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Figure 8: Visual comparison of the state of the arts methods on the UHD-LL dataset. The compared methods include LLFormer
[3], UHDFour [4], UHDFormer [5].
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EnlightenGAN

UHDFour‘ | Retinexformer Uformer - DiffLL Wave-Mamba GT
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Figure 9: Visual comparison of the state of the arts methods on the LOLv1 and LOLv2-Real dataset. The compared methods
include LIME [6], MBLLEN [7], KinD++ [8], ZeroDCE [9], EnlightenGAN [10], UHDFour [4], Retinexformer [11], Uformer [12],
DiffLL [13].
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