Regulating Rather than Constraining: Adaptive Guidance for Complex Spectral
Reconstruction in Pansharpening

Supplementary Material

Abstract

This supplementary material provides additional details and
extended analyses to support the findings presented in the
main text. We first elaborate on the specifics of the datasets
employed and the implementation details of our training
procedure. To comprehensively validate the efficacy of
our method, we then present extensive comparative studies
against state-of-the-art approaches, alongside a series of ab-
lation experiments that dissect the contribution of each key
component (Tables 1-10). Furthermore, complementary vi-
sualizations (Figures 1-8) are provided to offer intuitive in-
sights into the model’s performance and behavior.

A. Datasets

We conduct experiments on three satellite datasets:
WorldView-3 (WV3), QuickBird (QB), and Gaofen-2
(GF2). Each dataset consists of image patches cropped
from large remote sensing scenes and is split into train-
ing and testing subsets. The training set contains triplets of
simulated panchromatic images (PAN), low-resolution mul-
tispectral images (LRMS), and the corresponding ground
truth (GT), with spatial sizes of 64 x 64 x 1,16 x 16 x C,
and 64 x 64 x C, respectively. The WV3 training set in-
cludes approximately 10,000 samples with 8 spectral chan-
nels (C' = 8); the QB training set contains around 17,000
samples with 4 channels (C = 4); and the GF2 dataset pro-
vides 20,000 samples, also with 4 channels (C' = 4).

For each satellite, the reduced-resolution test set in-
cludes 20 PAN/LRMS/GT triplets covering diverse land-
cover types. These downsampled test samples have sizes of
256 x 256 x 1, 64 x 64 x C, and 256 x 256 x C. In the full-
resolution testing stage, each dataset offers 20 PAN/LRMS
pairs with sizes of 512 x 512 x 1 and 128 x 128 x C, respec-
tively. All datasets and their preprocessing pipelines follow
the PanCollection repository [2].

B. Traning Details

In the comparative experiments, we employed the Adam op-
timizer [7] with a fixed learning rate of 0.0003. The param-
eters of the Beta distribution in MixShuffle (61, 62) were set
to (0.4, 0.2), and the hyperparameter y in HAL was set to 2.
For specific datasets: on WV3, the batch size was set to 32
with 270,000 training iterations, the MixShuffle probabil-
ity intensity (p1,p2) was (0.8,0.8), and the HAL weight
coefficients (Apixel; Achannel; Asample) Were (0.5,0.25,0.25);
on GF2, the batch size was set to 48 with 795,000 train-

ing iterations, the MixShuffle probability intensity remained
(0.8,0.8), while the HAL weight coefficients were adjusted
to (0.6,0.2,0.2); on QB, the batch size was set to 48 with
85,000 training iterations, the MixShuffle probability in-
tensity was set to (0.8,0.5), and the HAL weight coeffi-
cients were (0.5,0.3,0.2). Random rotation data augmen-
tation with a probability of 0.4 was also applied to the WV3
and GF2 datasets. More detailed parameter settings can be
found in the open-source code.

To ensure a fair comparison, all deep learning mod-
els were trained and evaluated on the same datasets using
the default configurations recommended in their respective
publications. When integrating our proposed regulariza-
tion strategy into different baseline models, we maintained
the original experimental setups as a priority while keeping
the parameter settings of the regularization strategy con-
sistent with those used in DANet. It is worth noting that
only a few baseline models required minor parameter ad-
justments, whereas most models directly applied our regu-
larization strategy and achieved significant performance im-
provements.

C. Additional Results
C.1. Quantitative Results

Table | and Table 2 present the performance comparison
of various baseline methods before and after introducing
our proposed regularization strategy on the WV3 and GF2
datasets, respectively. These baselines cover different archi-
tectures including CNN, Transformer, and Mamba. The re-
sults demonstrate that incorporating our regularization strat-
egy leads to significant performance improvements across
all baseline models on different datasets, highlighting its
strong compatibility with diverse architectures and data dis-
tributions. For instance, on the GF2 dataset, our regulariza-
tion method improved the performance of all baselines by
4.41%—-13.48% and 5.00%—-16.00% on the two key metrics,
SAM and ERGAS, respectively.

Table 3 provides a comprehensive quantitative analysis
focusing on typical spectral mixing regions — ground object
boundaries. It shows that our method achieves substantial
gains in these challenging areas, regardless of the backbone
architecture or dataset. For example, on the WV3, GF2, and
QB datasets, it enhanced the boundary accuracy of Fusion-
Net [1] by 18.74%, 19.65%, and 19.03%, respectively. This
observation aligns well with the motivation behind our tai-
lored regularization techniques, MixShuffle and HAL, de-



Table 1. Comparison of baselines on the WV3 dataset. Methods marked with * are integrated with our approach. Best results are in bold.

Reduced Resolution (RR): Avg+std

Full Resolution (FR): Avg+std

SAM|  ERGAS,| Q2nt scct Dyl Dl QNR?T HQNR?T
FusionNet [1] 3312063  2.45:0.59  0.896£0.093  0.980£0.006  0.024:0.009  0.036+0.014  0.941+0.018  0.941+0.020
FusionNet* 2.92+0.57 2.18+0.48  0.912:0.083  0.984+0.008  0.021x0.007  0.034:0.016  0.946:0.022  0.945:0.026
LAGNet [6] 3.10+0.50  2.29+0.56  0.902+0.091  0.983+0.006  0.037+0.015  0.042+0.015  0.922+0.027  0.923+0.025
LAGNet* 2.89+0.46  2.16:0.58  0.909:0.086  0.985:0.005  0.029:0.019  0.038:0.017  0.934x0.024  0.934+0.030
Panformer [15]  3.27+0.69 2374054  0.906£0.082  0.984£0.009  0.045£0.036  0.067+0.012  0.891£0.035  0.8920.039
Panformer* 297:073  2.18+0.47  0.913:0.077  0.986:0.010  0.039:0.024  0.059:0.016  0.904+0.041  0.905+0.038
Invformer [16]  3.25:0.64  2.39+0.52  0.906£0.084  0.983+0.005  0.055+0.029  0.068+0.031  0.881+0.053  0.882:0.049
Invformer* 3.02:0.58  2.23:0.56  0.914:0.098  0.985:0.009  0.049:0.031  0.065:0.034  0.889:0.056  0.890+0.047
PanMamba [4]  2.94£0.54  220£0.51  0.916+0.090  0.985:0.006  0.020:0.007  0.031+0.003  0.950£0.065  0.951+0.070
PanMamba* 2.85:0.55  2.09:0.52  0.919:0.059  0.988+0.008  0.026:0.011  0.024:0.008  0.951+0.056  0.952+0.072
FusionMamba [8]  2.8220.64  2.11£0.49  0.920£0.091  0.989:0.005  0.019£0.008  0.027+0.006  0.955£0.019  0.955+0.016
FusionMamba*  2.80£0.57  1.95:0.38  0.919£0.085  0.989+0.006  0.018£0.007  0.025:0.009  0.957+0.023  0.95620.019
ADWM [11] 2894091  1.9840.72  0916+0.140  0.989£0.006  0.024:0.020  0.033£0.028  0.944+0.043  0.945:0.019
ADWM* 2.81+0.82  1.94:0.68 0.918:0.122  0.988+0.009  0.026£0.018  0.027£0.026  0.948+0.056  0.949:0.023

Table 2. Comparison of baselines on the GF2 dataset. Methods marked with * are integrated with our approach. Best results are in bold.

Reduced Resolution (RR): Avg+std

Full Resolution (FR): Avg+std

SAM|  ERGAS| Q2nt scct Dl D.| QNR? HQNR?
FusionNet [1] 0.98£0.19  1.00£020  0.978£0.005  0.978£0.005  0.04020.013  0.101x0.013  0.863x0.023  0.863+0.018
FusionNet* 0.85:0.17  0.8420.28  0.980£0.007  0.981+0.006  0.036x0.015  0.089+0.014  0.878+0.021  0.879+0.017
LAGNet [6] 0.80£0.14  0.71%0.11  0.979:0.011  0.989+0.002  0.032#0.013  0.079£0.014  0.891+0.032  0.8910.020
LAGNet* 0.7520.13  0.63:0.13  0.981£0.009  0.991+0.005  0.028+0.014  0.065:0.019  0.909+0.029  0.908+0.023
Panformer [15]  0.8920.19  0.69+£0.14  0.976x0.012  0.982+0.005  0.065£0.025  0.121£0.019  0.82240.025  0.821+0.032
Panformer* 0.77£0.21  0.58+0.15  0.978£0.014  0.993:0.007  0.057+0.021  0.098+0.023  0.85120.017  0.850+0.028
Invformer [16]  0.8320.14  0.7020.11  0.977#0.012  0.980+0.002  0.059+0.026  0.110£0.015  0.837£0.022  0.838+0.024
Tnvformer* 0732012 0.62+0.16  0.978:0.013  0.985:0.007  0.05420.028  0.093:0.017  0.858+0.023  0.8590.029
PanMamba [4]  0.68£0.12  0.64+0.10  0.982+0.008  0.985:0.006  0.016£0.008  0.045:0.009  0.940£0.016  0.9390.010
PanMamba* 0.65:0.13  0.6020.12  0.984+0.010  0.985:0.005  0.02120.009  0.036+0.011  0.94420.014  0.944:0.012
FusionMamba [8] ~ 0.7120.14  0.62+0.11  0.984x0.007  0.995:0.009  0.017£0.009  0.030£0.007  0.952+0.008  0.9520.010
FusionMamba*  0.67£0.12  0.56£0.13  0.985:0.005  0.996£0.012  0.019:0.008  0.026£0.010  0.955:0.009  0.95620.013
ADWM [11] 0.68£0.18  0.60£0.16  0.984x0.016  0.99620.002  0.033£0.029  0.050£0.033  0.920£0.055  0.921+0.047
ADWM* 0.6420.14  0.57+0.18  0.985:0.014  0.988+0.018  0.031£0.027  0.04420.037  0.926:0.046  0.925:0.052

signed specifically for pansharpening. Table 4 shows the
comparative experimental results on the QB dataset. Re-
garding the definition of Boundary ERGAS, we use the So-
bel edge detector applied to the reference image to extract
boundary regions. Specifically, pixels with the top 20% of
Sobel gradient magnitudes are selected as boundaries, and
the Boundary ERGAS is calculated only on these areas.

Table 5 details the complete ablation studies, evaluating
the individual and combined contributions of MixShuffle
and HAL. The results indicate that both components inde-
pendently contribute to performance improvement. Specif-
ically, introducing either MixShuffle or HAL alone leads
to consistent improvements across all evaluation metrics on
all three datasets. More importantly, their joint utilization
yields the best performance. For instance, on the WV3
dataset, our full model equipped with both components sig-
nificantly reduced the ERGAS score from 2.07 to 1.91 com-
pared to the baseline. In addition, Table 6 presents the re-

sults of the component-level ablation study on MixShuf-
fle, demonstrating the necessity of sample-level mixing and
channel-level shuffling within MixShuffle.

Tables 7-10 present the comparison results for different
hyperparameter configurations in MixShuffle and HAL, re-
spectively. As shown in Table 7, the intensity of the ran-
dom convex combination influences network performance
in a patterned manner: neither excessively high nor low in-
tensity can fully unleash the network’s learning potential,
with the optimal performance achieved when the random
intensity parameters (py, p2) are set to (0.8,0.5). Regarding
the S-distribution parameters, the results in Table 8 demon-
strate that MixShuffle remains stable with respect to 6, and
6, requiring no careful tuning. As for HAL, Table 9 shows
that it achieves the best performance when y = 2, with only
slight degradation observed for other values. Finally, Table
10 illustrates the impact of different loss weights, specifi-
cally at the pixel, channel, and sample levels, on the final



Table 3. ERGAS results on WV3, GF2, and QB datasets. Asterisked (*) methods are our enhanced baselines; best scores are bolded.

WV3: Avgtstd GF2: Avg+std QB: Avg+std
Overall Boundary Overall Boundary Overall Boundary
FusionNet [1] 2.45+0.59  10.78+4.12  1.00£0.20  3.46+0.94  4.19+0.25  14.03+£3.23
FusionNet* 2.18+0.48 8.76+3.94 0.84+0.28  2.78+0.48  4.06+0.22  11.36+2.76
Improvement (%) 11.02 18.74 16.00 19.65 3.10 19.03
LAGNet [6] 2.29+0.56 9.28+4.18 0.710.11 2.95+0.87 3.87+0.36  12.61£2.89
LAGNet* 2.16+0.58 8.79+3.97 0.63+0.13  2.56+0.79  3.69+0.42  11.82+3.01
Improvement (%) 5.68 5.28 11.27 13.22 4.65 6.26
PanMamba [4] 2.20+0.51 9.16+4.23 0.64+£0.10  2.82+0.67  4.38+0.60  14.95+3.57
PanMamba* 2.12+0.54 8.77+3.86 0.60+0.12  2.69+0.58  4.28+0.71  14.17+3.15
Improvement (%) 3.64 4.26 6.25 4.61 2.28 5.22
FusionMamba [8]  2.09+0.51 8.79+4.03 0.62+0.11 2.69+0.64  4.61+0.47 15.69+3.42
FusionMamba* 1.95+0.41 7.46+3.75 0.56+0.13  2.44+0.67  4.53+0.51  15.03+3.43
Improvement (%) 6.70 15.13 9.68 9.29 1.74 4.21
Panformer [15] 2.37+£0.54 9.48+4.22 0.69+0.14  2.89+0.77 3.82+0.25 12.78+2.93
Panformer* 2.18+0.47 8.74+3.89 0.58+0.15  2.51+0.68  3.68+0.31  12.04+2.75
Improvement (%) 8.02 7.81 15.94 13.15 3.66 5.79
Invformer [16] 2.39+0.52 9.94+4.13 0.70£0.11 2.91+0.69 3.70+£0.29  12.36+2.75
Invformer* 2.23+0.56 9.22+3.96 0.62+0.16  2.47+0.65  3.59+0.30  11.32+2.89
Improvement (%) 6.69 7.24 11.43 15.12 2.97 8.41

Table 4. Quantitative comparison of different pansharpening methods on the QB dataset. The best-performing results are in bold.

Reduced Resolution (RR): Avg+std

Full Resolution (FR): Avg+std

SAM|  ERGAS| Q2nt scct Dl Dgl QNR?T HQNR?
MTF-GLP-FS[10] ~ 7.87+1.67  7.45:0.56  0.834+0.096  0.902:0.025  0.049+0.015  0.138+0.024  0.8200.042  0.8200.034
LRTCFPan [13]  7.29+1.60  7.03:0.62  0.853x0.095  0.914:0.014  0.023x0.012  0.071£0.035  0.908+0.051  0.909:0.044
PanNet [14] 5.88+1.07  6.02:0.79  0.881£0.102  0.947+0.018  0.041x0.011  0.114£0.032  0.850:0.038  0.850:0.039
FusionNet [1] 4.96x0.84  4.19x0.25  0.923:0.097  0.976x0.010  0.059£0.019  0.052+0.009  0.892+0.031  0.892+0.022
LAGNet [6] 4.58+0.77  3.87+0.36  0.9320.094  0.981:0.009  0.084x0.024  0.068£0.014  0.854+0.021  0.854x0.018
Invformer [16] 4.66+0.78  3.70:029 09320007  0.983:0.007  0.174x0.033  0.073x0.024  0.766:0.038  0.766+0.043
DCFNet [12] 4.54+0.73  3.85:0.28 09320093  0.974:0.010  0.045:0.015  0.124£0.027  0.837+0.020  0.836x0.016
HMPNet [9] 4724038  3.66:0.40  0.930£0.110  0.988x0.009  0.183:0.054  0.079£0.025  0.752+0.062  0.754x0.065
CANNet [3] 454079 3.74x0.31  0.935:0.089  0.982:0.007  0.038£0.013  0.047+0.009  0.916x0.020  0.9170.012
PanMamba [4]  4.74+0.88  4.38£0.60  0.923%0.092  0.975:0.011  0.049:0.013  0.044£0.016 ~ 0.909x0.034  0.910+0.027
FusionMamba [8] ~ 4.72£0.96  4.61£047  0.925:0.131  0.973x0.012  0.040:0.035  0.052%0.042 09120063  0.911+0.049
ADWM [11] 4.48+0.87  3.67+0.59  0.935:0.109  0.983:0.010  0.038:0.036  0.045:0.041  0.919:0.062  0.918+0.054
ARNet [5] 4433081  3.63:0.33 09340092  0.983:0.012  0.038:0.015  0.040£0.009  0.923:0.024  0.924x0.019
Proposed 4.38£0.64  3.67:0.43  0.935:0.076  0.984x0.013  0.03620.020  0.053x0.021  0.914x0.023  0.915+0.018
performance of HAL. across various baseline architectures. This improvement is

C.2. Visualization

Fig. 1 and Fig. 2 reveal the reconstruction error disparities
among different methods through comparisons across var-
ious regions and spectral channels. The limitations of ex-
isting methods are most pronounced at the object bound-
aries and textural areas, which is attributed to the inherent
reconstruction difficulty caused by complex spectral con-
fusion. In contrast, our method achieves the lowest error
levels across all comparative scenarios and spectral chan-
nels. Particularly in challenging regions with severe spec-
tral mixing, such as between building roofs and the ground,
our approach effectively overcomes the reconstruction chal-
lenges by accurately modeling the intrinsic spectral mixing
mechanisms.

As shown in the visual assessment in Fig. 3, integrating
our method consistently enhances the reconstruction quality

particularly pronounced at various land-cover boundaries,
such as the edges of building roofs and the junctions be-
tween different materials within the same structure. Due to
the diversity of materials and design styles, these areas ex-
hibit complex spectral mixing patterns. Our regularization
strategy, by accurately modeling these patterns, success-
fully drives consistent performance improvements in such
challenging regions across different architectures.

As shown in Fig. 4, Fig. 5, Fig. 6, and Fig. 7, the gra-
dient contributions of the proposed HAL and the L1 loss
are compared throughout the training process. The analysis
reveals that HAL achieves a dynamic optimization mecha-
nism: during the early stages of training, its gradients are
highly concentrated in key regions with significant spectral
mixing (such as object boundaries), thereby compelling the
network to enhance feature learning in these areas. Con-
versely, in the later stages of training, the gradient contribu-



Table 5. Ablation experiment on WV3, GF2, and QB datasets. The best values are highlighted in bold.

Reduced Resolution (RR): Avg+std

Full Resolution (FR): Avg+std

MixShuffle HAL
SAM|  ERGAS| Q2nt scct Dxl Dl QNR?T HQNR?T
2.85+0.52  2.07+042  0912+0.110  0.988+0.012  0.027+0.012  0.031+0.008  0.943+0.022  0.944+0.012
WV3 2744048  1.9620.47  0.918+0.098  0.990+0.011  0.024:0.013  0.026£0.011  0.951+0.026  0.952+0.015
v 2784044  1.99£0.45  0916+0.108  0.989+0.014  0.025:0.012  0.024£0.012  0.952+0.019  0.951+0.016
V2694042 1.91:039  0.921x0.131  0.991£0.010  0.023:0.011  0.019+0.009  0.958:0.023  0.959:0.011
0.62£0.12  0.59+0.09  0.983+0.013  0.994£0.005  0.031£0.011  0.041+0.009  0.929+0.021  0.929+0.015
GF2 v 0.59£0.14  0.55+0.11  0.986£0.011  0.997+0.006  0.027£0.012  0.033:0.010  0.941+0.022  0.942%0.016
v 0.58£0.12  0.57+0.13  0.985:0.010  0.998+0.005  0.028+0.013  0.036x0.011  0.937+0.023  0.938+0.014
v 0.58:0.13  0.53:0.10  0.987+0.009  0.998+0.002  0.024:0.010  0.024:0.007  0.953x0.018  0.9530.013
4.60£0.55  4.10:0.54  0.92620.081  0.979+0.008  0.044+0.023  0.070:0.022  0.889+0.021  0.888+0.021
B 4432067 3702045 09340077  0.982+0.011  0.038£0.025  0.053+0.021  0.91120.019  0.912+0.021
v 4455059 3724047  0.934£0.072  0.981£0.009  0.040+0.019  0.054+0.026  0.908£0.024  0.908+0.023
v 438:0.64 3.67:043  0.935:0.076  0.98420.013  0.036£0.020  0.053:0.021  0.914:0.023  0.915:0.018

Table 6. Experimental results of the component-level ablation study on MixShuffle. The best values are highlighted in bold.

Sample- Channel- Reduced Resolution (RR): Avg+std Full Resolution (FR): Avg+std
level level

eve eve SAM|  ERGAS] Q2nt sCCt Dxl D, QNR?T HQNR?
2.78+0.44 1.99+0.45 0.916+0.108 0.989+0.014 0.025+0.012 0.024+0.012 0.952+0.019 0.951+0.016
WV3 2.73+0.47 1.95+0.46 0.918+0.098 0.990+0.011 0.026+0.015 0.021+0.013 0.954+0.025 0.954+0.016
v 2.74+0.44 1.97+0.46 0.918+0.118 0.990+0.013 0.024+0.012 0.023+0.014 0.954+0.017 0.954+0.015
v 2.69+0.42 1.91+0.39 0.921+0.131 0.991+0.010 0.023+0.011 0.019+0.009 0.958+0.023 0.959+0.011
0.62+£0.12  0.59+0.09  0.983+0.013  0.994+0.005  0.031+0.011  0.041+0.009  0.929+0.021  0.929+0.015
GF2 0.59+0.14 0.55+0.11 0.986+0.011 0.997+0.006 0.027+0.012 0.033+0.010 0.941+0.022 0.942+0.016
v 0.58+0.12 0.57+0.13 0.985+0.010 0.998+0.005 0.028+0.013 0.036+0.011 0.937+0.023 0.938+0.014
v 0.58+0.13 0.53+0.10 0.987+0.009 0.998+0.002 0.024+0.010 0.024+0.007 0.953+0.018 0.953+0.013
4.45+0.59 3.72+0.47 0.934+0.072 0.981x0.009 0.040+0.019 0.054+0.026 0.908+0.024 0.908+0.023
OB 4.42+0.64 3.70+0.45 0.934+0.074 0.982+0.012 0.038+0.025 0.053+0.020 0.911+0.019 0.912+0.022
v 4.43+0.61 3.69+0.47 0.934+0.071 0.982+0.010 0.037+0.019 0.055+0.025 0.910+0.024 0.910+0.023
v 4.38+0.64  3.67+0.43  0.935+0.076  0.984+0.013  0.036+0.020  0.053+0.021  0.914+0.023  0.915+0.018

tion becomes more balanced, indicating that HAL success-
fully mitigates overfitting in challenging regions and conse-
quently improves the model’s generalization capability. In
addition, Fig. 8 shows more examples of new training sam-
ples obtained through the MixShuffle transformation.
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Table 7. Performance comparison of different hyperparameter configurations in MixShuffle on the QB Dataset. p; and p» denote the
random convex combination probability intensities.

Reduced Resolution (RR): Avg+std Full Resolution (FR): Avg+std
SAM| ERGAS/| Q2nt SCCr Dyl Dg| QNRT HQNR?T
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Table 8. Performance comparison of different hyperparameter configurations in MixShuffle on the QB Dataset. 61 and 6 are S-distribution
parameters.

Reduced Resolution (RR): Avg+std Full Resolution (FR): Avg+std
SAM| ERGAS/] Q2nt SCCrt D>yl Dg| QNR?T HQNRT
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04 03  440+0.67 3.74x045  0.932+0.075  0.983+0.011  0.035£0.024  0.061+0.023  0.906+0.020  0.907+0.022
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Table 9. Performance comparison of different hyperparameter configurations in HAL on the QB Dataset. ~y is the parameter of the
weighting function.

Reduced Resolution (RR): Avg+std Full Resolution (FR): Avg+std
SAM| ERGAS/] Q2nt SCCt Dy Dg| QNR?T HQNR?T

4.45+0.67  3.83x0.45  0.929+0.077  0.981%0.011 0.040£0.025  0.062+0.021 0.900£0.019  0.901x0.021
4.43+0.55  3.76£0.49  0.931+0.067  0.981+0.011 0.038+0.021 0.059£0.025  0.905+0.022  0.905+0.023
4.39£0.63  3.73x0.42  0.935+0.060  0.984+0.013  0.037+0.020  0.056+0.024  0.909+0.022  0.909+0.024
4.51£0.65  3.85+0.46  0.930+0.074  0.981+0.012  0.038+0.024  0.059+£0.026  0.905+0.021 0.905+0.022

W —=Oo

Table 10. Performance comparison of different hyperparameter configurations in HAL on the QB Dataset. Apixel, Achannel, Asample T€present
the weights for pixel-level, channel-level, and sample-level losses, respectively.

Ouiets A LA ) Reduced Resolution (RR): Avg+std Full Resolution (FR): Avg+std
pixel s ~\channel ; Asample
SAM| ERGAS/| Q2nt SCCr D> Dg| QNRT HQNRT
(0.6,0.2,0.2) 4.55+0.56 3.95+0.54 0.928+0.082 0.979+0.009 0.045+0.022 0.068+0.023 0.890+0.022  0.889+0.021
(0.5,04,0.1) 4.52+0.63 3.87+£0.44 0.932+0.067 0.980+0.012 0.043+0.023 0.062+0.021 0.898+0.019  0.899+0.024
(0.5,0.3,0.2) 4.45+0.59  3.72+0.47 0.934+0.072 0.981+£0.009  0.040+0.019  0.054+0.026  0.908+0.024  0.908+0.023
(0.5,0.2,0.3) 4.47+0.57 3.79+0.48 0.933+0.071 0.980+0.008 0.045+0.017 0.058+0.028 0.900£0.020  0.899+0.022
(0.5,0.1,0.4) 4.57+0.57 3.96+0.46 0.929+0.068 0.979+0.009 0.044+0.021 0.066+£0.024  0.893+0.024  0.893+0.023
(0.4,0.3,0.3) 4.56+0.57 3.94+0.43 0.930+0.063 0.980+0.011 0.043+0.017 0.065+0.025 0.895+0.025 0.896+0.024
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Figure 1. Qualitative comparison of different methods on sample 1 of WV3 dataset. Top three rows: reconstruction error maps; Bottom
row: RGB outputs.
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Figure 2. Qualitative comparison of different methods on sample 2 of WV3 Dataset. Top three rows: reconstruction error maps; Bottom
row: RGB outputs.
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Figure 3. Reconstruction error comparison of different methods on the QB dataset. The suffix **’ denotes integration with our method.
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Figure 4. Comparison of gradient contribution: L1 Loss versus HAL across training iterations. The darker the color in the gradient map,
the greater the proportion of its gradient contribution. The training sample is from the GF2 dataset, where the spectral response range for

gradient calculation is 520-590nm.
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Figure 5. Comparison of gradient contribution: L1 Loss versus HAL across training iterations. The darker the color in the gradient map,
the greater the proportion of its gradient contribution. The training sample is from the GF2 dataset, where the spectral response range for

gradient calculation is 630-690nm.
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Figure 6. Comparison of gradient contribution: L1 Loss versus HAL across training iterations. The darker the color in the gradient map,
the greater the proportion of its gradient contribution. The training sample is from the GF2 dataset, where the spectral response range for

gradient calculation is 520-590nm.
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Figure 7. Comparison of gradient contribution: L1 Loss versus HAL across training iterations. The darker the color in the gradient map,
the greater the proportion of its gradient contribution. The training sample is from the GF2 dataset, where the spectral response range for

gradient calculation is 630-690nm.

Figure 8. More examples of new training samples obtained through MixShuffle. The top row shows the original training samples; the
bottom three rows display examples of new samples generated by MixShuffle.
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