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Abstract

Improving the quality of hyperspectral images (HSIs), such
as through super-resolution, is a crucial research area. How-
ever, generative modeling for HSIs presents several chal-
lenges. Due to their high spectral dimensionality, HSIs are
too memory-intensive for direct input into conventional dif-
fusion models. Furthermore, general generative models lack
an understanding of the topological and geometric struc-
tures of ground objects in remote sensing imagery. In ad-
dition, most diffusion models optimize loss functions at
the noise level, leading to a non-intuitive convergence be-
havior and suboptimal generation quality for complex data.
To address these challenges, we propose a Geometric En-
hanced Wavelet-based Diffusion Model (GEWDiff), a novel
framework for reconstructing hyperspectral images at 4-
times super-resolution. A wavelet-based encoder-decoder is
introduced that efficiently compresses HSIs into a latent
space while preserving spectral-spatial information. To avoid
distortion during generation, we incorporate a geometry-
enhanced diffusion process that preserves the geometric fea-
tures. Furthermore, a multi-level loss function was designed
to guide the diffusion process, promoting stable convergence
and improved reconstruction fidelity. Our model demon-
strated state-of-the-art results across multiple dimensions, in-
cluding fidelity, spectral accuracy, visual realism, and clarity.

Code — https://github.com/zhu-xlab/GEWDiff

Introduction
Hyperspectral images (HSIs) offer a unique perspective by
capturing continuous spectral features of ground objects.
Despite advancements in research, the high costs and low
coverage of super-resolution (SR) hyperspectral data limit
their applications. Currently, open-access hyperspectral air-
borne data are predominantly regional, typically focused on
several cities, increasing their exclusivity and cost. Hyper-
spectral satellites have better coverage but suffer from in-
sufficient spatial resolution. Improving the spatial resolution
of hyperspectral satellite images is, therefore, crucial to al-
low for fully harnessing the potential of hyperspectral data
in Earth observation (EO). Many fusion models that com-
bine hyperspectral and multispectral images (MSIs) have
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been developed. However, the fusion model cannot generate
HSIs in any region of interest without any prior knowledge
offered by VHR RGB data. Most fusion models can obtain
10 m resolution hyperspectral data with MSIs, such as Sen-
tinel 2, but to get a spatial resolution from 10 to 2.5 m, we
focused on the single-image-generation methods for HSIs at
4-times super-resolution.

Traditional hyperspectral image (HSI) super-resolution
approaches typically rely on interpolation techniques, such
as nearest neighbor or bilinear interpolation. While straight-
forward and computationally efficient, these methods fail to
capture the complex, nonlinear relationships present in high-
dimensional spectral data. Recently, deep learning-based
methods, such as convolutional neural networks (CNNs) and
generative adversarial networks (GANs) (Sidorov and Yn-
gve Hardeberg 2019; Li, Wang, and Li 2020; Hou et al.
2022; Shi et al. 2022; Li et al. 2020), have emerged as pow-
erful alternatives. These models are capable of learning ex-
pressive spectral-spatial representations directly from data,
leading to significant improvements in reconstruction accu-
racy over classical methods. Recent studies have shown the
strong potential of transformers (Zhang et al. 2023; Chen,
Zhang, and Zhang 2023; Yu et al. 2023; Su et al. 2025) in
vision tasks, due to their ability to model long-range spatial
and spectral dependencies. However, a common limitation
shared by the aforementioned methods is their difficulty in
generating rich textures and complex spatial structures, de-
spite their strong performance in preserving spectral fidelity.

Diffusion models have recently demonstrated remarkable
success in generating high-quality natural images, as seen
in models such as the Stable Diffusion (Rombach et al.
2021) and DiT (Peebles and Xie 2023) frameworks. Mo-
tivated by their strong generative capabilities and robust-
ness in modeling complex distributions, researchers have
begun exploring their applicability to hyperspectral image
super-resolution. For instance, SpectralDiff (Chen et al.
2023) and HSR-Diff (Wu et al. 2023) extend the diffusion
paradigm directly to the hyperspectral domain, aiming to
better model spectral-spatial correlations. However, despite
recent progress, adapting diffusion models to hyperspectral
image generation remains a significant challenge. Unlike
natural or multispectral images, HSI data typically exhibit a
much lower signal-to-noise ratio and higher spectral dimen-
sionality, making it difficult to design diffusion architectures
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Figure 1: Illustration of the Geometric Enhanced Wavelet-based Diffusion Model pipeline.

that balance spatial fidelity, spectral accuracy, and visual re-
alism. Existing architectures often suffer from a slow model
convergence speed, excessive sampling steps, and a need for
high computational GPU memory, which limits their practi-
cality in real-world scenarios. We propose a Geometric En-
hanced Wavelet-based Diffusion Model (GEWDiff) to ad-
dress these challenges, as shown in Figure 1. The main con-
tributions of this study are summarized as follows:
• An efficient wavelet-based encoder-decoder will al-

most losslessly transform hyperspectral data into a latent
space by decomposing the input into multiple frequency
levels. This method preserves spectral-spatial informa-
tion while reducing channel dimensionality without long-
term training.

• Structural invariance control via the diffusion pro-
cess: An edge-aware noise scheduler was designed to im-
prove generation efficiency and accuracy during training.
Mask conditioning ensures preservation of the geometric
integrity and prevents distortion.

• A multi-level loss function comprising pixel-wise loss,
perceptual loss, and gradient loss: Each part of the loss
function contributes to a balanced convergence speed.
The loss function also enables the evaluation and align-
ment of predicted and ground-truth images on specific
details and semantic understanding.

Related Work
Properties of wavelet-based diffusion models
Wavelet-based diffusion models have recently gained in-
creasing attention due to their suitability for image gener-
ation. For example, WaveDiff (Phung, Dao, and Tran 2023)
demonstrated that applying diffusion in the wavelet domain
allows images to be compressed into a structured latent
space, enabling almost-lossless reconstruction while signif-
icantly reducing computational overheads. This approach
not only preserves high-fidelity details but also offers sub-
stantial memory savings, making it especially advantageous

for large-scale diffusion models. Building on this, Zhao et
al. (Zhao et al. 2024) proposed a parallel diffusion strat-
egy that separates high-frequency and low-frequency com-
ponents for underwater image restoration. Shi et al. (Shi
et al. 2024) proposed WaveDiffUR, a wavelet-domain diffu-
sion model for remote sensing ultra-resolution (UR), which
involved reformulating high-magnification SR as a condi-
tional stochastic differential equation (SDE) solved via it-
erative wavelet decomposition, integrating pre-trained SR
modules for scalability and a cross-scale pyramid (CSP)
constraint to preserve spectral-spatial fidelity. Si et al. (Si
et al. 2025) proposed CASSIDiff, the first diffusion model
for CASSI hyperspectral reconstruction, which integrated a
DWT-based feature fusion mechanism to reduce noise and a
spectral-spatial attention module to capture spectral correla-
tions. Despite the success of various wavelet-based diffusion
models in natural and remote sensing images, their applica-
tion to hyperspectral image generation remains unexplored.

Diffusion model for hyperspectral image
super-resolution
Recent work has proposed adapting the diffusion process
to better fit the characteristics of HSI data. As such, ex-
isting approaches can be broadly categorized into three
paradigms: two-stage models, grouped autoencoder models,
and end-to-end frameworks (Wang et al. 2023). Two-stage
models decompose the super-resolution task into two sep-
arate subtasks handled by distinct networks. For example,
HSI-Gene (Pang et al. 2024b) first generates high-resolution
RGB bands from the input HSI, and then fuses them with
the low-resolution HSI to reconstruct the final output. This
modular design helps reduce computational complexity and
allows for flexible training. Grouped models partition the
spectral bands into groups and process them in parallel, of-
ten using autoencoder-style architectures. DMGASR (Wang
et al. 2024), for instance, employs spectral grouping and
trains separate VAE-based diffusion modules for different
groups, enabling scalable training across high-dimensional
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spectra while preserving inter-band correlations. End-to-end
frameworks perform full-spectrum reconstruction in a sin-
gle model, often incorporating various strategies to manage
complexity and improve the expressiveness. For example,
HIR-Diff (Pang et al. 2024a) integrates a codebook with sin-
gular value decomposition to compress and guide the gen-
eration process. MTLSC-Diff (Qu et al. 2024) uses clas-
sification maps as spatial priors to improve the generation
accuracy. LSDiff (Cheng et al. 2024) applies the diffusion
process in a compressed latent space, which allows reduc-
ing memory usage while maintaining the generation quality.
Although some methods have been explored, most rely on
two-stage training or fail to simultaneously ensure spectral
fidelity and visual quality, while our model addresses both
challenges effectively.

Method
Wavelet-based encoder and decoder
Our training-free encoder-decoder is based on Regression
wavelet analysis (RWA), first proposed for lossless hyper-
spectral image compression by (Amrani et al. 2016). RWA
applies a predefined number of Haar wavelet (Haar 1910)
decompositions intercalated with a linear regression of the
spectral dimension to exploit the redundancy that still re-
mains in the discrete wavelet transform (DWT) domain to
further compress the data. RWA can compress HSIs with a
more efficient, lossless, or near-lossless transform by storing
the prediction error. The structure is shown in Figure 2.

Encoder. For the super-resolution task, RWA allows us to
reduce the number of bands given to the diffusion model
by using the Haar wavelet. Let ILR be the input 10 m high-
resolution hyperspectral image, the J-th level RWA trans-
form can be represented as:

(VJ
LR, (w

j
LR)

1⩽j⩽J) = RWA(ILR, J), (1)

ŵj
i = βj

i,0 + βj
i,1Vj

1 + ...+ βj
i,kVj

k, (2)

min||wj
i − ŵj

i ||2, (3)

where wj
i represents the i-th details (high-coefficient) of the

j-th level wavelet transform and ŵj
i its prediction; Vj

k rep-
resents the k-th low-coefficient (main-coefficient) of the j-th
level wavelet transform and βj

i,k the linear regression coef-
ficients that will be learned to adjust the linear regression.
Contrary to traditional RWA, where the residuals

Wj
LR = wj

LR − ŵj
LR, (4)

are computed in order to fully recover the original signal,
the proposed encoder will only store VJ

LR and the weights
of all the adjusted linear models BLR = [β1⩽j⩽J ], where J
is the level of wavelet transforms applied. The main coeffi-
cients VJ

LR, which contain the most critical information, are
used as input for the principal component analysis (PCA).
The following PCA transformation enables a more efficient
compression of hyperspectral imagery (HSI) by achieving
a higher compaction factor while preserving more informa-
tion. Furthermore, it can convert the sparse wavelet-based

Figure 2: Illustration of the wavelet-based encoder-decoder.

coefficients into a dense and orthogonal matrix, facilitating
more coherent spectral analysis:

(zLR,RLR) = PCA(VJ
LR), (5)

where zLR is the feature that will be input to the diffusion
latent space, and RLR represents the remaining components
that will be kept and reused in the decoder equation (6).

Decoder. For the reconstruction, the inverse PCA recovers
predicted features ẑ0 from the diffusion process to the super-
resolution HSI main coefficients V̂

J

SR.

(V̂
J

SR) = I-PCA(ẑ0,RLR). (6)
The final super-resolved image is obtained by an inverse
RWA, having set the residuals Wj

LR to zero, since these are
not available for the super-resolution HSI image:

(ÎSR) = I-RWA(V̂
J

SR,BLR,Wj
LR, J). (7)

The details ŵj
SR will be predicted by the adjusted linear re-

gression model BLR to recover the information lost in the
wavelet transform. Once the diffusion outputs the super-
resolution components V̂

J

SR, inverse-RWA reconstructs the
predicted main coefficients to the spectral dimension.

Geometric enhanced diffusion process
Hyperspectral image generation usually requires larger re-
verse sampling time steps. To solve this problem, we used
EDM (Elucidating Diffusion Models) (Karras et al. 2022) as
our baseline model. EDM adds noise in one step in the train-
ing process. A probability flow ordinary differential equa-
tion (ODE) then continuously increases the noise level of
the image when moving forward in time (Karras et al. 2022).
Instead of using a discrete time step to add noise, we used a
concrete number σ to represent the strength of the noise:

σ ∼ exp(N(Pmean = −1.2, Pstd = 1.2)), (8)
where Pmean represents the mean value, Pstd is the standard
deviation, and N is a Gaussian distribution.

The “time variable” t used in our model is a continuous
variable, which has the advantage of mapping the noise scale
to an approximately linear interval. In this way, the noise
strength that will be added at the t moment can correspond
to the size of t, and the relationship can be represented as:

t = −log(σt). (9)
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Figure 3: Edge perturbed noisy image over time.

Edge-aware noise scheduler. General diffusion models
have an equal generation ability for each pixel. In the remote
sensing scenario, we wanted to clarify the contour of build-
ings and other ground objects. Inspired by (Vandersanden
et al. 2024), we designed an edge-aware noise scheduler in
our training stage to increase the generation ability of the
diffusion model for the pixels around the edges. The edge
is preserved during the forward diffusion process. The noise
around the edge is smaller than the general noise:

zt = z0 + σtϵ⊙ (1− E(1− σ2
norm)η), (10)

where zt represents the noisy features at moment t, t ∈
(0, T ), z0 is the features from the ground truth, σt represents
the noise strength at moment t, ϵ ∼ N(0, 1) is random noise,
E is the binary edge map obtained from the input image,
σnorm is the normalized sigma at moment t, ⊙ highlights that
the operation is a matrix multiplication, and η = 0.5 adjusts
the perturbation strength influenced by the edge.

Mask controllable training and sampling. In our prelim-
inary research, generating geometric objects without distor-
tion was a big challenge. To address this, a mask is intro-
duced as a condition that improves the ability to generate
buildings. Segmentation is calculated from low-resolution
RGB channels from hyperspectral images with a segment-
anything model (Kirillov et al. 2023). We used one minus the
average of NDVInorm,NDVInorm ∈ [0, 1] (Kriegler et al.
1969) as the value of the mask to highlight the attention of
buildings. Let Ss be the pixel number of the s th segmenta-
tion region, then the value Ms of the mask is defined as:

Ms = 1− 1

|Ss|
∑

(x,y)∈Ss

NDVInorm(x, y). (11)

In the training stage, the predicted result ẑ0 is calculated
in one step:

ẑ0 = fθ (zt,C, σt) ,C = [zLR, M], (12)

where ẑ0 represents the predicted features when t = 0; fθ
represents the objective function 3D U-Net with spectral fi-
delity enhancer (SFE) (Dong et al. 2021), as shown in fig-
ure 1; zLR represents the low-resolution condition; M ∈
(0, 1)

H×W is the mask condition; and C is the concatena-
tion of all conditions.

During the sampling stage, DPM-Solver++ (Lu et al.
2022) accelerates the generation by employing a second-
order approximation to solve the underlying ODE, while
utilizing adaptive time stepping to significantly reduce the
number of function evaluations. In our sampler, t ∈ [0, T ]
will be separated into N steps. The step size is ∆t =

tn+1 − tn, n = 0, 1, ..., N − 1. The initial noisy image and
noise strength at step n can then be calculated with:

zT = σT · ϵ, (13)

σn =

(
σ1/ρ

max +
n

N − 1

(
σ
1/ρ
min − σ1/ρ

max

))ρ

, (14)

where ρ is the scheduling curvature parameter, and σmax/minis
the maximum/minimum noise strength. The n+1 step de-
noised features zn+1 can be calculated with:

γ = −1

2
· tn+1 − tn
tn − tn−1

, (15)

f̃θ = (1− γ)fθ(ẑn,C, σn) + γfθ(ẑn−1,C, σn−1), (16)

zn+1 =
σn+1

σn
ẑn − σn+1(e

−∆t − 1) · f̃θ. (17)

Multi-level loss function
Multi-level loss equations, such as equation 18, can ensure
that the generated image is accurate in all aspects.

L = λ(t) · (λ1Lpixel + λ2Lperc + λ3Lgrad), (18)

To balance the convergence speed, we set λ1 = 0.8, λ2 =
0.1, λ3 = 0.1. λ(t) indicates the loss weighting based on
t. Considering pixel loss can ensure that the absolute value
of the spectral information of each pixel is accurate. Here
we use the combination of L2 norm loss and Spectral Angle
Mapper (SAM) (Yuhas, Goetz, and Boardman 1992) loss:

Lpixel = (∥z0 − ẑ0∥2 + SAM(z0, ẑ0))/2. (19)

Perceptron loss (Johnson, Alahi, and Fei-Fei 2016) can en-
sure that the generated image is similar in high-level feature
space:

Lperc = ∥ϕVGG(ẑ0)− ϕVGG(z0)∥22 . (20)

Gradient loss (Lu and Chen 2022) can ensure that the im-
age gradient information is consistent with the real image.
The images generated by DPM Solver++ have high-contrast
characteristics. Gradient loss is defined as follows:

Lgrad =
1

2
(∥▽xẑ0 −▽xz0∥1 + ∥▽y ẑ0 −▽yz0∥1), (21)

where ▽x/y represents the gradient of the image in the x/y
direction.

Experiments
Datasets and implementation details
A group of EeteS simulated EnMap hyperspectral data,
called the EnMap Campaign (realistic EnMAP-like high-
resolution data), was used for training. EnMap is a hyper-
spectral satellite managed by the DLR Earth Observation
Center, offering 30 m spatial resolution since June 2022. Ad-
ditionally, the EnMAP Campaign Portal (access via supple-
mentary material) captures aerial hyperspectral imagery and
simulates EnMap-like data, boasting a spatial resolution of
2.5-4 m and containing data from 2009 to 2016. We gathered
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Metric MCNet MSDFormer ESSAFormer DMGASR HIR Diff SNLSR Ours

(a)

PSNR↑ 28.300±0.0480 28.284±0.0000 27.483±0.1392 26.986±0.2052 24.833±0.1079 28.531±0.0001 28.863±0.2940
SSIM↑ 0.6658±0.0025 0.6592±0.0000 0.5915±0.0191 0.5831±0.0118 0.6401±0.0024 0.6718±0.0000 0.7104±0.0212
SAM↓ 8.3332±0.1243 8.7442±0.0000 9.2114±0.2482 11.340±0.0743 8.9538±0.0053 7.8911±0.0000 8.4283±0.3073
CC↑ 0.7440±0.0000 0.7645±0.0000 0.7374±0.0004 0.6767±0.0128 0.7543±0.0011 0.7527±0.0000 0.7945±0.0165

RMSE↓ 0.0557±0.0002 0.0544±0.0000 0.0560±0.0002 0.0627±0.0006 0.0810±0.0015 0.0552±0.0000 0.0548±0.0030
FID↓ 116.14±0.0856 103.74±0.0000 97.438±14.779 49.026±2.3984 50.596±1.0436 125.75±0.0691 44.464±17.627
LV↑ 0.0004±0.0000 0.0004±0.0000 0.0004±0.0000 0.0037±0.0004 0.0021±0.0002 0.0003±0.0000 0.0041±0.0022

(b)

PSNR↑ 24.216±0.0157 24.359±0.0000 24.103±0.0132 23.021±0.0146 21.567±0.5351 24.305±0.0000 24.933±0.0079
SSIM↑ 0.5355±0.0008 0.5536±0.0000 0.5210±0.0010 0.4925±0.0025 0.4987±0.0133 0.5404±0.0000 0.6337±0.0106
SAM↓ 11.663±0.0482 11.912±0.0000 12.166±0.0156 16.158±0.0117 12.348±0.1154 11.418±0.0001 11.323±0.0456
CC↑ 0.7050±0.0004 0.7238±0.0000 0.7077±0.0004 0.6575±0.0007 0.7347±0.0003 0.7102±0.0000 0.7771±0.0003

RMSE↓ 0.0685±0.0001 0.0669±0.0000 0.0682±0.0002 0.0779±0.0011 0.0940±0.0061 0.0680±0.0000 0.0668±0.0020
FID↓ 257.45±0.1949 272.78±0.0000 288.85±7.1990 120.06±11.769 375.96±23.877 267.88±0.0032 64.333±4.2810
LV↑ 0.0007±0.0000 0.0006±0.0000 0.0007±0.0000 0.0034±0.0005 0.0005±0.0000 0.0005±0.0000 0.0087±0.0003

(c)

PSNR↑ 33.389±0.2641 28.709±0.0000 25.504±0.1340 32.864±0.2049 34.473±0.0069 35.734±0.0000 35.837±0.1176
SSIM↑ 0.7441±0.0029 0.4766±0.0000 0.4120±0.0312 0.6802±0.0159 0.7362±0.0017 0.7525±0.0000 0.7747±0.0045
SAM↓ 8.5500±0.0896 12.213±0.0000 18.724±0.5899 11.476±0.3843 8.3601±0.0446 7.6613±0.0000 7.4735±0.0532
CC↑ 0.6495±0.0145 0.6300±0.0000 0.6326±0.0090 0.5001±0.0161 0.7102±0.0001 0.7733±0.0000 0.7906±0.0055

RMSE↓ 0.0476±0.0006 0.0525±0.0000 0.0690±0.0006 0.0542±0.0013 0.0420±0.0001 0.0471±0.0000 0.0468±0.0006
FID↓ 464.13±5.9021 738.62±0.0000 701.35±16.290 245.38±63.176 363.23±6.9705 470.34±0.0000 238.12±16.970
LV↑ 0.0003±0.0000 0.0003±0.0000 0.0010±0.0000 0.0031±0.0015 0.0002±0.0000 0.0002±0.0000 0.0011±0.0000

(d)
Tr time (s) 1.33× 104 3.99× 104 7.65× 104 3.16× 105 – 2.80× 104 3.10× 105

Te time (s) 18.13 10.40 7.98 334.00 212.90 4.10 28.70
NFE 2562 2562 2562 20× 8 20 2562 50

Model size 6.50 MB 57.7 MB 3.70 MB 1.18 GB 1.56 GB 7.70 MB 4.55 GB

Table 1: Quantitative comparison with SOTA SR models of PSNR, SSIM, SAM, CC, RMSE, FID, and LV on (a) MDAS sample
1, (b) MDAS sample 2, and (c) WDC dataset. (d) Model efficiency was evaluated with the training/testing time, number of func-
tion evaluations (NFE), and model size. (Best performance value is highlighted in bold. Noise-affected values are underlined.)

Figure 4: 4-times visual comparisons with SOTA SR models on (a) MDAS sample 1, (b) MDAS sample 2, and (c) WDC dataset.
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Figure 5: Reflectance of a random pixel and mean band-wise differences for (a–b) MDAS 1, (c–d) MDAS 2, and (e–f) WDC.

Figure 6: Qualitative comparison with different numbers of ρ and time steps for (a) PSNR, (b) SAM, and (c) FID. Qualitative
comparison with different numbers of σmax and σmin for (d) PSNR, (e) SAM, and (f) FID on validation dataset.

Figure 7: Encoder–decoder reconstruction quality compared
with the performance of the whole SR process for the vali-
dation dataset.

8000 pairs of 256 × 256 × 242 patches of super-resolution
HSI images and aligned them with 4-times downsampled
images from EnMap Campaign and MDAS (Hu et al. 2023).
This dataset covers 15 cities in Europe and the Americas,
representing diverse ground objects. Among 8,000 pairs, one
pair was split into the validation dataset and used for param-
eter selection, and a group of ablation study experiments.
Two pairs are selected for EnMap simulation testing. The
WDC (Biehl et al. 2015) dataset is used as one of the test
datasets to see the transmission on other datasets. We de-
ployed the model on four NVIDIA A100 GPUs with a learn-
ing rate of 1× 10−4 and trained it for 200 epochs.

Quantitative metrics
Fidelity was evaluated using two standard metrics: the Peak
Signal-to-Noise Ratio (PSNR) (Huynh-Thu and Ghanbari
2012), which measures the pixel-wise quality, and the Struc-
tural Similarity Index (SSIM) (Wang et al. 2004), which cap-

tures structural consistency. Both were averaged over spec-
tral bands. Realism and clarity were addressed using the
Fréchet Inception Distance (FID) (Heusel et al. 2017), not-
ing that it is computed in an RGB-trained feature space and
thus was only used for relative comparisons. We also in-
cluded Local Variation (LV) (Pertuz, Puig, and Garcia 2013)
to evaluate the local texture sharpness. Spectral accuracy
was measured via Spectral Angle Mapper (SAM) (Yuhas,
Goetz, and Boardman 1992), Cross-Correlation (CC), and
Root Mean Square Error (RMSE). These metrics assess the
angular, correlational, and pixel-wise spectral alignment.

State-of-the-art image generation
We evaluated the performance and efficiency of our model
by comparing it with the six SOTA models: MCNet (Li,
Wang, and Li 2020), MSDFormer (Chen, Zhang, and Zhang
2023), ESSAFormer (Zhang et al. 2023), DMGASR (Wang
et al. 2024), HIR Diff (Pang et al. 2024a), and SNLSR (Hu
et al. 2024). We trained these models on our dataset with the
implementation details provided in each paper, except for
the unsupervised method HIR Diff. The HIR Diff model pro-
vides a pre-trained checkpoint based on their fully prepared
HSI dataset. Our model demonstrated strong performance in
generating medium to large-scale ground objects. In Figure
4 and Table 1, we can see that both the visualization result
and quantitative result outperformed the other models. The
WDC dataset result shows our model can adapt to another
dataset with a different spectral profile. However, our model
may struggle with accuracy when the input conditional im-
age lacks sufficient semantic information; for example, the
rooftop of the MDAS sample 1 reconstructed image.

Effect of the encoder-decoder alone vs. with super-
resolution. We compared our encoder-decoder (RWA +
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Method Baseline A B C D E F G H I J Ours
w/RWA ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
w/PCA ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
w/Mask ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
w/Edge ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ Inverse ✓
w/L pix ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
w/L perc ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
w/L geo ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

w/Unet3D ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
w/SFE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
PSNR↑ 2.0476 15.788 25.640 26.579 26.681 26.101 21.664 26.467 26.388 26.181 26.8713 27.013
SSIM↑ -0.0150 -0.0173 0.5267 0.6503 0.6530 0.6140 0.1580 0.6443 0.6240 0.6131 0.6667 0.6573
SAM ↓ 124.15 85.239 15.125 11.766 12.160 12.804 25.528 12.445 12.788 14.085 11.7688 11.501

CC↑ 0.2643 0.4763 0.5530 0.6803 0.6882 0.6441 0.0145 0.6741 0.6681 0.6500 0.6999 0.7008
RMSE ↓ 1.1879 0.8687 0.0850 0.0758 0.0749 0.0804 0.1342 0.0769 0.0783 0.0803 0.0739 0.0726

FID ↓ 5019.1 484.16 83.627 43.445 36.269 40.303 701.94 40.195 47.475 65.985 34.9402 30.110
LV↑ 7.5344 0.6231 0.0160 0.0079 0.0077 0.0096 0.1684 0.0093 0.0074 0.0089 0.0080 0.0083

Table 2: Ablation study. Quantitative comparison for the effect of each module on the validation dataset. Results are averaged
over 4 runs. The baseline used an EDM backbone and DPM-Solver++ sampler on 242 bands. A: no PCA in the encoder; B: no
RWA in the encoder; C: no edge perturbation; D: no mask conditioning; E/F/G: retained pixel/perceptual/geometric loss; H: no
spectral fidelity module in the encoder; I: used 2D U-Net instead of 3D; J: more noise on edge (Zhang et al. 2025).

Figure 8: (a)Visualization of EnMap, Sentinel 2, Fusion im-
age, Super resolution image. (b) Effect of super-resolution.

PCA) against RWA-only and PCA-only baselines (Fig-
ure 7), under 3- and 20-band compression. Without super-
resolution, our encoder-decoder achieved almost lossless re-
construction with a PSNR up to 56. With super-resolution,
using RWA + PCA compression to 20 bands outperformed
all the baselines, demonstrating strong spectral compaction
and generation. As shown, retaining more bands improves
the quality but increases the cost. We chose 20 bands to en-
sure a balance between performance and efficiency.

Effect of ρ, number of timesteps N , σmax and σmin on
sampling. The EDM noise schedule is shaped by ρ, which
controls how noise levels decay from σmax to σmin via N
steps. Higher ρ sharpens early denoising but increases the
randomness in later steps, potentially degrading spectral
consistency. We found that lower ρ values [0.6–0.7] yielded
smoother noise schedules via 50 steps, which also better pre-
serve spectral fidelity (Figure 6). We also studied the effects
of σmax and σmin. A larger σmax allows more diversity but
risks over-noising; a smaller one limits the detail. We set
σmax = 80 for a balance. For σmin, smaller values extend
the denoising phase, improving the detail but increasing ar-
tifacts. We found the best results when σmin ∈ [0.02, 0.2].

Real-world application. We tried to combine EnMAP
and Sentinel-2 imagery to 10 m resolution hyperspectral
data via the unsupervised method HySure (Simões et al.
2015). Leveraging our 4-times super-resolution generation
model, GEWDiff, we could finally produce EnMAP hy-
perspectral images with a 2.5-meter resolution. The no-
reference image quality assessment MetaIQA (Zhu et al.
2020) was improved from 0.1997 to 0.2029 (Figure 8 (b)).

Ablation study
The results of our ablation studies, presented in Table 2, of-
fer significant insights into the contributions of various com-
ponents of the GEWDiff model. The use of a suitable en-
coder plays a crucial role in our model design. The multi-
level loss function achieves better performance than an L2
loss. The design of a 3D objective function, U-Net, and its
spectral fidelity enhancer makes progress toward stabilizing
the results. The geometric enhancement strategies, such as
edge perturbation and mask conditioning, did not show a sig-
nificant improvement in the global metrics. However, some
effects could be observed from Figure 4, whereby the edges
are clear, and there was no obvious building distortion.

Conclusion
We proposed GEWDiff, which improves the spatial resolu-
tion of hyperspectral images by a factor of 4. Our method in-
tegrates wavelet-domain transforms and geometric priors to
effectively preserve both spectral fidelity and spatial textures
while accelerating convergence. The experimental results
showed that GEWDiff outperformed the current SOTA base-
lines. One limitation of GEWDiff is that the result relies too
much on the input conditions. This limitation could be ad-
dressed in future work through the integration of classifier-
free guidance, which would enable the model to better gen-
eralize under weak or ambiguous conditioning. Moreover,
we would also contribute to model distillation for further
lightweight alternatives.
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