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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 = 𝐹𝐿𝐻 + 𝐹𝐻𝐿 + 𝐹𝐻𝐻 , (1)

where 𝐹𝑠𝑢𝑚 indicates the features after initial fusion. 𝐹𝐿𝐻 , 𝐹𝐻𝐿 ,
and 𝐹𝐻𝐻 denote the input of different high-frequency features
respectively. Then, we employ global average pool (GAP) in the
spatial dimension of 𝐹𝑠𝑢𝑚 ∈ R𝐻×𝑊 ×𝐶 to compute channel-wise
statistics 𝐹𝑐 ∈ R1×1×𝐶 . Next, we exploit an 1x1 convolution to
generate a compact feature representation 𝐹𝑟 ∈ R1×1×𝐶

𝑟 , where
𝑟 = 𝐶

8 for all our experiments. It can be formulated as:

𝐹𝑟 = 𝜎 (𝐻𝑐𝑑
𝑐𝑜𝑛𝑣 (GAP(𝐹𝑠𝑢𝑚))), (2)

where𝜎 (·), GAP(·), and𝐻𝑐𝑑
𝑐𝑜𝑛𝑣 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 𝐹𝑟 to obtain the attention feature 𝐴 ∈ R1×1×3𝐶

for different scale features. Next, we adopt the split operation to
separate attention features 𝑉1,𝑉2,𝑉3 ∈ R1×1×𝐶 . It can be written
as:

𝑉1,𝑉2,𝑉3 = split(𝑆𝑜 𝑓 𝑡𝑚𝑎𝑥 (𝐻𝑐𝑢
𝑐𝑜𝑛𝑣 (𝐹𝑟 ))), (3)

where 𝑆𝑜 𝑓 𝑡𝑚𝑎𝑥 (·), 𝐻𝑐𝑢
𝑐𝑜𝑛𝑣 (·), and split(·) denote the softmax func-

tion, channel-upscaling convolution, and channel splitting respec-
tively. Finally, we use attention features𝑉1,𝑉2, and𝑉3 to adaptively
recalibrate high-frequency feature maps 𝐹𝐿𝐻 , 𝐹𝐻𝐿 , and 𝐹𝐻𝐻 , re-
spectively. It can be expressed as:

𝐹𝑜𝑢𝑡 = 𝑉1 ⊗ 𝐹 ′𝐿𝐻 +𝑉2 ⊗ 𝐹 ′𝐻𝐿 +𝑉3 ⊗ 𝐹 ′𝐻𝐻 , (4)

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

UHD-LL Real Exchange
normal-light low-light 𝐼𝐿𝐹

ℎ𝑖𝑔ℎ
+ 𝐼𝐻𝐹

𝑙𝑜𝑤
𝐼𝐿𝐹
𝑙𝑜𝑤

+ 𝐼𝐻𝐹
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. 𝐹𝑜𝑢𝑡
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, 𝐼𝐿𝐹
ℎ𝑖𝑔ℎ

+ 𝐼𝐻𝐹
𝑙𝑜𝑤

has similar luminance values
to the real normal-light image and has similar noise values to the
real low-light image. Similarly, 𝐼𝐿𝐹

𝑙𝑜𝑤
+ 𝐼𝐻𝐹

ℎ𝑖𝑔ℎ
has similar luminance

values to the real low-light image and similar noise values to the
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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 retrainedmodels 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, ourmethod 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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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].



581

582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

597

598

599

600

601

602

603

604

605

606

607

608

609

610

611

612

613

614

615

616

617

618

619

620

621

622

623

624

625

626

627

628

629

630

631

632

633

634

635

636

637

638

ACM MM, 2024, Melbourne, Australia Anonymous Authors

639

640

641

642

643

644

645

646

647

648

649

650

651

652

653

654

655

656

657

658

659

660

661

662

663

664

665

666

667

668

669

670

671

672

673

674

675

676

677

678

679

680

681

682

683

684

685

686

687

688

689

690

691

692

693

694

695

696

GT Input LLFormer

UHDFour UHDFormer Wave-Mamba
(Ours)
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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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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],
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