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1 Datasets Details

In this section, we provide a detailed explanation of our dataset selection and
preprocessing.

Training data We employ the ICVL [1] dataset as training data, which com-
prises a total of 201 images. From this dataset, we randomly select 100 images
with dimensions of 1392 × 1300 × 31 for training purposes. Initially, these cho-
sen images undergo center cropping to achieve a size of 1024 × 1024 × 31. To
enhance the diversity of the training set, we apply augmentations, including ran-
dom flipping, rotation, and scaling. As a result, we generate cube data of size 64
× 64 × 31 at scales 1:1, 1:2, and 1:4, with a stride of 64, 32, 32, culminating in
53,000 training samples.

Testing data Regarding the testing set, we consider both synthetic and real-
world data. The details of the testing datasets are presented in Table 1. For
synthetic experiments, we use the ICVL [1], CAVE [13], KAIST [5], Pavia Cen-
tre [6], and WDC Mall [15]. For real-world data, we include the RealHSI [17]
and Urban [12], which contain unknown noises, as testing data.

Table 1: Number and size of the testing sets for all datasets.

Datasets Number Original size Cropped size

ICVL [1] 50 1392 × 1300 × 31 512 × 512 × 31
CAVE [13] 30 512 × 512 × 31 512 × 512 × 31
KAIST [5] 10 3376 × 2704 × 31 2048 × 2048 × 31

Pavia Centre [6] 1 1096 × 715 × 102 384 × 384 × 102
WDC Mall [15] 1 1208 × 307 × 191 256 × 256 × 191

RealHSI [17] 15 696 × 520 × 34 512 × 512 × 34
Urban [12] 1 307 × 307 × 210 224 × 224 × 210
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Table 2: Average quantitative results under various i.i.d Gaussian, Poisson, and speckle
noise cases on CAVE [13] dataset. The best and second-best values are highlighted.

Methods i.i.d Gaussian Poisson Speckle
PSNR↑ SSIM↑ SAM↓ PSNR↑ SSIM↑ SAM↓ PSNR↑ SSIM↑ SAM↓

Noisy 18.38 0.6008 1.0304 16.41 0.5384 1.1505 17.92 0.5702 1.1458
QRNN3D [14] 37.70 0.9853 0.3313 37.70 0.9854 0.3276 38.85 0.9874 0.3090

GRNet [4] 29.43 0.8969 0.6299 30.24 0.9140 0.9140 30.34 0.9160 0.5674
MAC-Net [16] 33.18 0.9602 0.5451 23.25 0.5870 0.9640 26.19 0.7411 0.8312

T3SC [3] 35.65 0.9848 0.2998 36.19 0.9860 0.2731 36.68 0.9873 0.2625
GRUNet [8] 37.55 0.9825 0.3307 37.76 0.9843 0.3297 38.76 0.9861 0.3183

MAN [7] 37.78 0.9864 0.3064 36.80 0.9844 0.3301 38.15 0.9769 0.3194
SST [10] 35.80 0.9732 0.3805 36.08 0.9740 0.3615 36.60 0.9754 0.3458

SERT [11] 35.33 0.9747 0.3594 35.17 0.9701 0.3849 35.78 0.9738 0.3732
HSDT [9] 38.03 0.9909 0.2041 38.12 0.9788 0.2234 38.21 0.9869 0.2113

RAS2S(Ours) 38.57 0.9956 0.0832 38.95 0.9795 0.2321 38.26 0.9854 0.2227

2 Noise Details

To simulate real-world hyperspectral images with various contaminants, we cre-
ate five types of complex noise cases, which are listed as follows. Subsequently,
we introduce stripe, deadline, and impulse noise cases into the training pro-
cess. Notably, the mixture noise case is not adopted in the training process.
Consequently, the mixture noise case serves as the most representative and suit-
able condition to evaluate the model’s robustness and generalization capabilities.
Additionally, to validate the model’s generalization to unseen types of noise, we
conduct additional tests using i.i.d Gaussian, Poisson, and speckle noise. The
results, as shown in Table 2, indicate that our model performs well even with
these other types of noise, showcasing its robust generalization capability.

– Non-i.i.d. Gaussian Noise: We introduce non-independent and non-identically
distributed Gaussian noise to each pixel of every HSI, with the noise strength
randomly chosen from 10, 30, 50, and 70.

– Non-i.i.d. Gaussian + Stripe Noise: Randomly selected one-third of bands
experience stripe noise (5% to 15% percentages of columns), and non-i.i.d.
Gaussian noise is added to all bands.

– Non-i.i.d. Gaussian + Deadline Noise: One-third of bands are randomly cho-
sen to be affected by deadline noise, and non-i.i.d. Gaussian noise is added
to all bands.

– Non-i.i.d. Gaussian + Impulse Noise: Randomly selected one-third of bands
encounter impulse noise with intensity ranging from 10% to 70%, along with
non-i.i.d. Gaussian noise added to all bands.

– Mixture Noise: Each band is randomly corrupted by at least one type of
noise mentioned above.
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Table 3: Evaluation results on WDC Mall using different values of channel C. Increas-
ing the number of channels enhances denoising capabilities but also results in higher
resource consumption.

Models C Params(M) Runtime(s) PSNR(dB) SSIM SAM

1 8 0.028 5.83 38.52 0.9421 0.1284
2 10 0.043 6.95 39.59 0.9608 0.0939
3 12 0.062 7.49 40.73 0.9690 0.0837
4 14 0.084 8.16 40.92 0.9760 0.0735
5 16 0.109 9.68 41.03 0.9785 0.0732
6 18 0.138 11.23 41.05 0.9792 0.0729
7 20 0.170 12.71 41.72 0.9848 0.0712

3 Network Details

Network Structure The key component of Seq2Seq architecture is the Con-
volutional Gated Recurrent Units (ConvGRU) [2]. ConvGRU integrates convolu-
tional layers with Gated Recurrent Unit (GRU). This architecture is particularly
well-suited for tasks that involve both spatial and spectral dependencies, making
it advantageous for spectral sequence modeling. The ConvGRU cell consists of
update and reset gates, a candidate hidden state, and the final hidden state. The
mathematical expression for the ConvGRU cell is articulated as follows:

zt = σ(Wz ∗ xt + Uz ∗ ht−1 + bz) (1)
rt = σ(Wr ∗ xt + Ur ∗ ht−1 + br) (2)

h̃t = tanh(Wh ∗ xt + Uh ∗ (rt ⊙ ht−1) + bh) (3)

ht = (1− zt)⊙ ht−1 + zt ⊙ h̃t (4)

where xt denotes the input at spectral step t, ht represents the hidden state at
spectral step t, σ is the sigmoid activation function, ⊙ signifies element-wise mul-
tiplication, and ∗ denotes the convolution operation. The learnable parameters
include weight matrices Wz, Uz,Wr, Ur,Wh, Uh, and bias vectors bz, br, bh.

Algorithm RAS2S can be viewed as three progressive stages (i.e., Encoder
Stage, Discriminative Semantic Regions Learning and Decoder Stage). The de-
tailed process is illustrated in Algorithm 1.

4 More Results

Effect of the Number of Channel C We conduct an ablation study to
assess the impact of varying the number of intermediate feature channels in our
network on denoising performance, as shown in Table 3. While a larger chan-
nel count generally corresponds to improved performance, we identify a sweet
spot at 0.084M parameters where the model achieves superior denoising efficacy
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Algorithm 1 RAS2S for HSI Denoising

Require: Noisy spectral sequenceY = ( y1 ; y2 ; : : : ; yB )
Ensure: Denoised spectral sequenceX = ( x1 ; x2 ; : : : ; x B )
1: �����������Encoder Stage�����������
2: Initialize encoded hidden state he

0

3: for i = 1 to B do
4: Compute shallow feature f i = Conv2D(yi )
5: Forward Encoder:
6: Compute compensated statehfw _ ec

i � 1 = HFComp(( f i ; hfw _ e
i � 1 )

7: Compute current forward state hfw _ e
i = ConvGRU (( f i ; hfw _ ec

i � 1 )
8: Backward Encoder:
9: Compute current backward state hbw _ e

i = ConvGRU (( f i ; hbw _ e
i +1 )

10: States Fusion:
11: Compute current encoded state he

i = Conv2D(Concat((hfw _ e
i ; hbw _ e

i ))
12: end for
13: �����Discriminative Semantic Regions Learning�����
14: Get encoded hidden state setf he

i gB
1

15: for i = 1 to B do
16: Spatial Branch:
17: Generate spatial region-aware statehspa

i = SpecDynConv(he
i )

18: Spectral Branch:
19: Generate Spectral region-aware statehspec

i = SpecClassi�er(he
i )

20: Branch Fusion:
21: Compute current region-aware encoded hidden state
22: he_ r

i = Conv2D(Concat(hspa
i ; hspec

i ))
23: end for
24: �����������Decoder Stage�����������
25: Initialize decoded hidden state hd

0

26: for i = 1 to B do
27: Compute context feature ci from n-adjacent hidden states
28: ci = AAM (he

[i � n;i + n ] ; hd
i � 1)

29: Autoregressive �ow f d
i = Conv2D(Concat(ci ; Conv2D(x i � 1)))

30: Forward Decoder:
31: Compute compensated statehfw _ dc

i � 1 = HFComp(( f d
i ; hd

i � 1)

32: Compute current state hfw _ d
i = ConvGRU (f d

i ; hfw _ dc
i � 1 )

33: Backward Decoder:
34: Compute current state hbw _ d

i = ConvGRU (f d
i ; hbw _ d

i +1 ; hfw _ d
i )

35: States Fusion:
36: Compute current decoded state hd

i = Conv2D(Concat((hfw _ d
i ))

37: Generate denoised spectral bandx i

38: x i = OutputLayer (hd
i ) + yi

39: end for
40: Training:
41: During training, optimize model parameters to minimize loss
42: L = Loss(X; X gt )
43: Optimize(L )
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Fig. 1: RAS2S vs. Other Methods: Spectral di�erence comparison with ground truth
on the WDC dataset. A straighter curve indicates a spectral re�ectance value that is
closer to the ground truth.

without compromising computational e�ciency. This underscores the impor-
tance of parameter selection for striking the right balance between performance
and resource consumption. Thus, Model 4 represents the RAS2S version we
ultimately selected.

Spectral Discrepancy In evaluating the denoising performance of RAS2S,
we present the spectral di�erence curves between the denoised outputs and the
ground truth. From Fig. 1, we can observe that the di�erence curve of RAS2S
exhibits a smoother trend compared to other methods. This suggests a more
consistent preservation of original spectral characteristics, resulting in denoised
outputs closely aligned with the ground truth. The minimal spectral discrepancy
in RAS2S demonstrates its e�cacy in achieving denoising results that closely
approximate the true spectral properties without spectral discrepancy, distin-
guishing it from other methods.

Visual Comparison In this subsection, we provide more visual comparisons
of the proposed method and state-of-the-art ones on synthetic HSI datasets.
Figs. 4-6 show these comparisons, illustrating that our method generates better
denoised results. Notably, our approach achieves not only better denoised out-
comes but also exhibits cleaner denoised HSIs with less residual noise. Impor-
tantly, the denoised outputs from our method are visually closer to the ground
truth, indicating the e�ectiveness of our approach in faithfully restoring the
true underlying information from the noisy input. These comprehensive visual
comparisons reinforce the superior denoising capabilities of our method, empha-
sizing its ability to minimize noise artifacts and bring denoised results into closer
alignment with the ground truth.
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