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Abstract 

To address the issues of low resolution and missing edge details in current power 
imagery, this paper proposes a diffusion-based super-resolution method. By applying the 
iterative denoising process of diffusion models, the proposed method learns feature 
distributions from training images, guiding the recovery of edge details. Unlike 
conventional diffusion methods, which directly use low-resolution images to guide noise 
towards high-resolution images, we propose a frequency-domain Mamba module. This 
module separates the image into high-frequency and low-frequency components through 
wavelet transform. The low-frequency components are processed using a Mamba 
network to extract features, while multi-scale convolution is employed to restore high-
frequency details. The initial prediction generated by the frequency-domain Mamba 
module guides the diffusion model to restore high-resolution images. Extensive 
experiments demonstrate that the proposed method outperforms state-of-the-art 
approaches on power images. 

Keywords: power image; image super-resolution; diffusion models; frequency domain 
Mamba 
 

1. Introduction 
With the advancement of smart grid technology, real-time monitoring and fault 

diagnosis of electrical equipment can effectively enhance grid operational reliability. The 
comprehensive understanding of operational data, fault types, and equipment status 
across the entire grid has become a critical component in building the power Internet of 
Things [1,2]. Power scene imagery plays an indispensable role in monitoring the status of 
electrical equipment and detecting faults. Recent studies on intelligent fault diagnosis 
have shown that the quality of acquired data directly affects the reliability of equipment 
condition assessment and fault identification, underscoring the importance of obtaining 
high-quality power scene images [3,4]. However, existing image acquisition techniques 
still suffer from drawbacks such as low signal-to-noise ratios and insufficient high-
frequency details. Due to the constraints in manufacturing costs and technological 
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limitations, improving sensor resolution through hardware upgrades is challenging [5]. 
Therefore, software-based approaches to enhance image resolution are of great 
significance. 

In recent years, deep learning has achieved breakthroughs across numerous fields 
such as image super-resolution (SR). Image super-resolution methods aim to reconstruct 
high-resolution (HR) images from low-resolution (LR) images, which is an ill-posed 
problem. In recent years, image super-resolution has attracted considerable attention. 
Dong et al. [6] first proposed the Super-Resolution Convolutional Neural Network 
(SRCNN), which constructs a three-layer Convolutional Neural Network (CNN) to learn 
an end-to-end mapping between LR images and their HR counterparts, achieving 
promising SR results. Subsequently, they introduced the Fast Super-Resolution 
Convolutional Neural Network (FSRCNN) [7], which employs post-upsampling and 
modifies feature dimensions to reduce the number of parameters and improve efficiency. 
Kim et al. [8] proposed the Very Deep Super-Resolution network (VDSR), which deepens 
the network via residual connections to expand the receptive field and extract richer 
features. Shi et al. [9] introduced the Efficient Sub-pixel CNN (ESPCN) using sub-pixel 
convolution instead of deconvolution for upsampling, thereby reducing computational 
cost. 

Compared to traditional CNN architectures, the self-attention mechanism in 
Transformers captures global context, which is crucial for reconstructing clear images. 
Chen et al. [10] pioneered the application of standard Vision Transformers to low-level 
vision tasks such as image super-resolution. The approach involves pre-training the 
model on a large dataset followed by fine-tuning for specific tasks. Liang et al. [11] 
proposed SwinIR, a robust image restoration model based on Swin Transformers. By 
introducing local window attention mechanisms, they reduced computational complexity 
from quadratic to linear scale relative to image dimensions. Lu et al. [12] designed a 
lightweight hybrid Transformer architecture by combining shallow feature extracted by 
CNNs with deep feature extracted by Transformers, substantially reducing the number of 
parameters and computational burden. Compared to the quadratic complexity 
introduced by Transformers, the complexity of the Mamba model is linear, allowing it to 
handle long sequences data. The Mamba model retains global receptive field while being 
more efficient. Shi et al. [13] pioneered the systematic application of visual state space 
models to image restoration tasks. The model adopts an encoder–decoder architecture. 
The encoder comprises multiple stacked VMamba blocks for feature extraction, and the 
decoder is adapted to different image restoration tasks. Guo et al. [14] introduced a simple 
yet effective baseline termed MambaIR, which introduces both local enhancement and 
channel attention to improve the vanilla Mamba. Liu et al. [15] proposed a novel scanning 
strategy and designed a new Visual State Space Module (VSSM) for image deblurring. 

Super-resolution models based on CNN, Transformers, and Mamba often produce 
overly smooth images with blurred edges and reduced perceptual quality. To overcome 
this limitation, Li et al. [16] introduced SrDiff, the first diffusion-based model for image 
super-resolution. SrDiff demonstrates the potential of diffusion techniques for image 
super-resolution. Saharia et al. [17] proposed SR3, which employs a Denoising Diffusion 
Probabilistic Models (DDPM) for image super-resolution and yields perceptually superior 
results. Shang et al. [18] present ResDiff, a novel Diffusion Probabilistic Model based on a 
residual structure for Single Image Super-Resolution (SISR). The combination of the CNN 
and Diffusion Probabilistic Model accelerated the generation process and yielded 
improved sample quality. Yue et al. [19] introduced ResShift, an efficient diffusion-based 
SR model that shifts residuals between HR and LR images, achieving high-quality 
restoration in only 15 sampling steps. 
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While existing super-resolution approaches based on convolutional neural networks, 
Transformer architectures, and Mamba models have demonstrated promising 
reconstruction performance, they often suffer from a loss of high-fidelity details in the 
reconstructed images. Current image super-resolution methods based on diffusion 
models use low-resolution images to guide noise into higher resolution, which limits the 
performance of image super-resolution. Furthermore, the lack of effective guidance may 
cause diffusion models to generate artifacts and hallucinate details, thereby 
compromising the fidelity and faithfulness of the reconstructed images. To address this 
drawback, we propose a frequency-domain Mamba module based on ResShift 
architecture. This module applies wavelet transforms to separate the high- and low-
frequency components of the image. The Mamba module processes the low-frequency 
data to capture global information, while a multi-scale convolutional module restores fine 
details from the high-frequency information. After combining the high- and low-
frequency information, a two-dimensional inverse wavelet transform is applied to 
generate an enhanced image. This enhanced image is then used as the input for the 
denoising network, guiding the model to produce the corresponding high-resolution 
image. This approach effectively restores both global features and local details, enabling 
diffusion models to recover more detailed fine-scale information and improve overall 
image quality. In summary, the main contributions of this work are given as follows: 

1. By introducing a diffusion model for super-resolution reconstruction of power 
images, high-frequency details are generated through progressive denoising. This 
process learns the feature distribution from training power images to refine and 
enhance image quality. 

2. To improve feature extraction, a wavelet transform module is used to separate high-
frequency and low-frequency components. Different methods are applied to process 
different components, effectively integrating both local and global features from the 
frequency domain. This approach fully utilizes the frequency domain information, 
significantly enhancing the quality of super-resolution. 

3. The Mamba module is used to process low-frequency information, with the extracted 
initial prediction guiding noise restoration to a high-resolution image, thus 
preventing the generation of textures not present in the original image. 

The rest of this article is divided into four sections. In Section 2, the relevant work is 
described in detail. In Section 3, the proposed method is described in detail. Section 4 is 
devoted to experiments and results. In Section 5, a conclusion is given. 

2. Theoretical Background and Related Work 
In this section, the related work is presented in three parts: denoising diffusion 

probabilistic models, state space models, and wavelet-based approaches. 

2.1. Denoising Diffusion Probabilistic Models 

Ho et al. [20] proposed Denoising Diffusion Probabilistic Models (DDPM). Diffusion 
models are generative models that define a sequence of diffusion steps via Markov chains. 
These steps progressively add random noise to data, and the model learns to reverse this 
process to reconstruct data samples from noise. The key idea involves simulating a 
forward diffusion process from the true data distribution to noisy distribution, and a 
reverse diffusion process from noise back to data. 

2.1.1. Forward Noise Addition Process 
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The forward noise addition process follows a Markov chain, which gradually adds 
Gaussian noise to high-resolution images by T iterations. The forward noise addition 
process can be defined as: 

11 (0, )t t t t t tX X Z Z N Iβ β−= − ∗ + ∗ ∼  (1)

where tX  denotes the noisy image of the t-th iteration, t  represents the time series with 

a range of values [1 ]T， , tβ  is the forward process variance, and tZ  corresponds to the 
Gaussian noise. 

The forward noise addition process can be defined as: 

0 1t t tX X Zα α= ∗ + − ∗  (2)

where 1t tα β= −  and 1
k

t

t
k

α α
=

∏=
; this formula directly transforms the original image 0X  

into the noisy one tX  in a single step, reducing the time of converting the original image 
into noise. 

2.1.2. Reverse Inference Process 

Inverse inference in diffusion models reverses the forward diffusion process by 
following the joint distribution of the Markov chain, reconstructing images from noise 
samples drawn from a standard Gaussian distribution. The noise sample at the previous 
step is predicted by the following Gaussian distribution: 

( ) 1
1

11 ,
11

t t
t t t t

tt t

q X X N X Z
β α β

αα α
−

−

  −  ∼ − ∗ ∗
  −−  

∣  (3)

Therefore, the inverse denoising process satisfies the following formula: 

1
1

11
11

t t
t t t

tt t

X X Z Z
β α β

αα α
−

−

  − = − ∗ + ∗ ∗
  −− 

  (4)

where ( ),tZ UNet X t= , (0, )Z N I∼ . This formula enables the gradual restoration of a clear 
image from a noisy one. 

To accelerate the inference process, several efficient diffusion-based super-resolution 
frameworks have recently been proposed. For instance, a simple yet effective one-step SR 
generation method, termed SinSR [21], has been introduced. This approach is capable of 
generating super-resolved images within a single sampling step, thereby significantly 
reducing inference time. However, such acceleration is often accompanied by a certain 
degree of performance degradation. Wang et al. proposed SAMDiffSR [22], which exploits 
the fine-grained structural information provided by the Spectral Angle Mapper (SAM) 
during the noise sampling process to enhance image quality. Notably, this strategy 
improves reconstruction performance without introducing additional computational 
overhead during inference. In addition, Huang et al. developed a wavelet-based diffusion 
model, referred to as WaveDM [23]. Instead of directly modeling image distributions in 
the spatial domain, WaveDM learns the distribution of clean images in the wavelet 
domain based on the wavelet spectra of degraded images obtained through wavelet 
decomposition. By transferring the diffusion process to the wavelet domain, WaveDM 
substantially reduces the computational cost of each sampling step, resulting in more 
efficient super-resolution reconstruction. 

2.2. State Space Models 
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State Space Models [24] provide a mathematical framework designed to effectively 
model temporal data. Mamba [25], an SSM-based model, has linear computational 
complexity and has recently garnered significant attention. Its core concept involves 
employing a selective mechanism to perform context-dependent reasoning. The selective 
state space model dynamically adjusts parameters based on input, enabling the model to 
selectively transmit or forget information according to current data. This facilitates better 
handling of discrete and information-dense data and can be expressed as a linear ordinary 
differential equation: 

( ) A ( ) B ( )
( ) C ( )
h t h t x t
y t h t
′ = +

=
 (5)

where ( )h t  is the hidden state vector at time t , and A, B and C are weight parameters. 
The above equations can be discretized using a zero-order holder, transforming the 

continuous parameters A and B into discrete parameters A   and B  , which may be 
defined as: 

( )
( ) ( )( )-1

A=exp ΔA

B= ΔA exp ΔA -I ΔB⋅
 (6)

The discretized form of the equation can be expressed as: 
1A B

C
k k k

k k

h h x
y h

−= +
=

 (7)

Moreover, the computation of selective state-space models can be extended to the 
following convolutional form: 

( )1K CB,CAB, CA B

y x * K

L
Δ

−=

=

…，  (8)

where L   denotes the length of the input sequence, * represents the convolution 
operation, and K  indicates the convolution kernel. 

In light of Mamba, Liu et al. developed SRMamba-T [26], a hybrid framework that 
combines Mamba and Transformer architectures to balance computational efficiency and 
reconstruction capability. Subsequently, Huang et al. proposed IRSRMamba [27], a novel 
framework that integrates Mamba with wavelet transforms, where customized structure 
and texture preserving mechanisms are employed to mitigate the spatial inconsistency 
introduced by patch-wise processing. Moreover, Li et al. presented HSRMamba [28], 
which preserves the computational advantages of VisualMamba while incorporating a 
stripe-based scanning scheme and wavelet decomposition. Such a design effectively 
alleviates the pattern conflict between high-frequency spatial information and low-
frequency spectral information, leading to improved super-resolution performance. 

2.3. Wavelet-Based Approaches 

Wavelet decomposition [29] is a classical method widely employed across diverse 
computer vision tasks, capable of separating low-frequency information and high-
frequency details from the original image. It has extensive application in fields such as 
image compression [30]. The Haar wavelet [31] is widely adopted in practical applications. 
It involves two types of operations: the Discrete Wavelet Transform (DWT) and the 
Discrete Inverse Wavelet Transform (IWT). The low-pass and high-pass filters are set as 

[ ]1 2 1 1L =  and [ ]1 2 1 1H = − , respectively. Through the Haar wavelet transform, 

an input image of size X H W∈ ×  can be decomposed into four subbands: llX , lhX , hlX  
and hhX , each inherently possessing a size of 2 2H W× . As these filters are pairwise 
orthogonal, they form an invertible matrix of size 4 4×  , enabling the precise 
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reconstruction of the original signal from its frequency components via inverse wavelet 
transform (IWT). 

Wavelets offer a novel perspective for image super-resolution, providing significant 
advantages. This is because the spatial size of the image can be reduced to one-fourth of 
its original dimensions; this facilitates separate attention to high-frequency and low-
frequency information, allowing for distinct processing approaches [32]. A novel 
recursive structure-preserving mechanism has been proposed, which employs multi-scale 
wavelet transform (WT) as an image prior and recursively processes low-frequency and 
high-frequency subnetworks at each decomposition level [33]. 

The Haar wavelet [33] is widely adopted in practical applications. It involves two 
types of operations: the Discrete Wavelet Transform (DWT) and the Discrete Inverse 

Wavelet Transform (IWT). The low-pass and high-pass filters are set as [ ]1 2 1 1L =  

and [ ]1 2 1 1H = − , respectively. Through the Haar wavelet transform, an input image 

of size X H W∈ ×  can be decomposed into four subbands: llX , lhX , hlX  and hhX , each 
inherently possessing a size of 2 2H W× . As these filters are pairwise orthogonal, they 
form an invertible matrix of size 4 4× , enabling the precise reconstruction of the original 
signal from its frequency components via inverse wavelet transform (IWT). 

3. Proposed Method 
In this section, the proposed network is presented in three parts: the overall network, 

Mamba module, and training and sampling of the proposed method. 

3.1. Overall Network 

The proposed diffusion model processes low-resolution power images by three 
branches illustrated in Figure 1. Three branches perform noise addition, image 
enhancement, and residual connection on the input image. The first branch constitutes the 
forward diffusion and noise addition process. The diffusion model progressively 
incorporates Gaussian white noise into the input power scene image until the input image 
is entirely transformed into Gaussian white noise. The second branch incorporates a 
frequency-domain Mamba module comprising a two-dimensional wavelet transform 
module, the 
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Figure 1. Overall network structure of the proposed method. 

Mamba module, a multi-scale convolution module, and a two-dimensional inverse 
wavelet transform module. The third branch incorporates low-resolution images via 
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residual connections, employing bicubic interpolation to enlarge input image. The 
diffusion-step embedding is embedded within the noisy images. The low-resolution input 
is first upscaled using bicubic interpolation. This preliminary image is then processed by 
a VQGAN encoder [34], which reduces its spatial dimensions by a factor of four to extract 
compact feature representations. These features are combined with a noise signal and an 
initial prediction, forming the input for the subsequent U-Net denoising network [35]. 
Through the reverse inference process of the diffusion model, image noise is progressively 
removed. After decoding, the super-resolved image is obtained. 

Let 
3RH W

LRI
× ×∈   and 

3RH W
SRI

′ ′× ×∈   denote the input image and the output image, 
respectively, where H  and W are the height and width of input image, and H ′  and 
W ′  are the height and width of output image. We first perform a two-dimensional 
wavelet transform on the LRI . 

( ), , , 2LL LH HL HH D DWT LRF f I−=  (9)

Specifically, LLF   preserves the overall structure of the image, while ,LH HL HHF ，  
capture variations in edges and textures across three spatial directions. Next, a 2-D 

convolution with the kernel size of 3 3×  is used to initially extract features from LLF ,

( )3 3convLL LLF GELU f F×′ =     . Subsequently, deep features are extracted using the Mamba 
module and processed through convolution with a kernel size of 3 3×  

( )3 3 covLL MB LLF f f F×′′ ′=    . High-frequency information is further extracted by a multi-scale 

convolutional module, ( ), , 1,2,3 , ,LH HL HH conv LH HL HHF f F′ =  . After merging the processed low-
frequency and high-frequency features, a two-dimensional wavelet inverse transform is 
performed to obtain an enhanced image. 

( )2 , ,,h D IWT LL LH HL HHF f F F− ′′ ′=  (10)

The upsampled low-resolution images are fed into the encoder, 
( )l LRF encoder upsample I=     . The low-resolution image LRI   is transformed into a noisy 

image tF   via a Markov chain. The enhanced image hF   is then added to the encoded 
image lF  and concatenated with the noisy image tF . The diffusion-step embedding t  
is incorporated, and the result is fed into the U-Net network. After denoising via a U-Net 
network, the decoder is subsequently processed to obtain the super-resolved image SRI . 

( ), , ,SR h l tI Decoder F F F tε=     (11)

where ε  denotes the denoising process within the U-Net network. 

3.2. Mamba Module 

The Mamba module consists of layer normalization, the Mamba unit, a feedforward 
network (FFN), and residual connections, as shown in Figure 2. Layer normalization is 
applied to normalize the input features across the feature dimension, helping stabilize the 
training of intermediate layers. The Mamba unit effectively captures dependencies 
between distant pixels in the image, scanning and restoring the low-frequency 
information. The FFN, which includes two convolutions with the kernel size of 1 1×  
and activation functions, integrates and refines the spatial features extracted by the 
Mamba module, enabling feature transformation and dimensionality recovery. Residual 
connections add the input of a layer to its output to form the final output. The residual 
connection supports better data flow, eases network training, and enhances performance 
in deep architectures by mitigating issues like vanishing and exploding gradients. 
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Figure 2. Architecture of the proposed Mamba module. 

Let LLF′  denote the input features of the Mamba module. These features are fed into 
the normalization layer and the Mamba unit, where initial features are added via skip 

connections, ( )1 Mamba Norm LL LLF f f F F′ ′= +    . The previous output is fed into another 
normalization layer and a feedforward network, which includes two convolution layers 
with a kernel size of 1 1×  and GELU activation. The skip connections are used to prevent 

feature loss, ( )2 1 1FFN NormF f f F F= +   . The final output features are expressed as follows: 

( )( )( ) ( )( )LL FFN Norm Mamba Norm LL LL Mamba Norm LL LLF f f f f F F f f F F ′′ ′ ′ ′ ′= + + + 
 (12)

3.3. Training and Sampling of the Proposed Method 

During training, the network first converts low-resolution images into noisy versions 
tF  . The low-resolution images are then processed by the frequency-domain Mamba 

network to generate enhanced images hF . The low-resolution images are also upsampled 
by bicubic interpolation to create enlarged versions lF . These three versions—original, 
enhanced, and enlarged—are combined, along with a temporal step t  , and encoded 
through the VQGAN encoder before being fed into the U-Net network. The denoising 
network U-Net is trained using the loss between the predicted output and the original 
image. 

During sampling, the network selects a standard Gaussian noise tensor and the low-
resolution image, encoded by the VQGAN encoder. The encoded low-resolution features 
and the initial prediction from the frequency-domain Mamba network are added. The 
denoising network U-Net is then applied, followed by decoding through the VQGAN 
encoder. This process restores the noisy image to a clear image within 15 sampling steps. 

4. Experiments 
In this section, extensive experiments are conducted to evaluate the performance of 

the proposed method. Next, the ablation experiments are constructed to fully demonstrate 
the effectiveness of the proposed method. 

4.1. Datasets 

The experiment uses 2000 1k-resolution power scene images, including critical power 
system components such as insulators, bolts, transmission towers, Transformers, and 
transmission lines. During training, these images are cropped to a size of 256 256×  
with a stride of 30, resulting in a training set of 56,000 images. These images are treated as 
high-resolution images and used as labels. The low-resolution images were obtained by 
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downsampling the corresponding high resolution images with a scaling factor of four 
using bicubic interpolation, yielding images of size 64 64× . The test set is constructed 
using the same approach, consisting of 1080 images. The proposed method utilizes pre-
trained ResShift weights and integrates a frequency-domain Mamba network to perform 
4×  super-resolution on the power scene images. 

4.2. Evaluation Metrics and Implementation Details 

The evaluation metrics include PSNR (Peak Signal-to-Noise Ratio), SSIM (Structural 
Similarity Index) [36], CLIP-IQA (CLIP Image Quality Assessment) [37], and MUSIQ 
(Multi-Scale Image Quality) [38]. PSNR quantifies reconstruction fidelity by measuring 
the global pixel-wise error between the reconstructed and reference high-resolution 
images. SSIM evaluates perceptual similarity in terms of luminance, contrast, and 
structural information, making it more sensitive to local structural distortions. CLIP-IQA 
utilizes a pretrained CLIP model to assess perceptual quality through semantic alignment 
between image features and quality-related textual prompts, exhibiting strong sensitivity 
to texture realism and semantic plausibility. MUSIQ adopts a multi-scale Transformer to 
capture both global and local image characteristics, enabling robust quality assessment 
across different resolutions and achieving high consistency with human perceptual 
judgments. 

In the proposed method, the multi-scale convolution module adopts a multi-branch 
parallel convolution architecture to extract features at different receptive fields using 
dilation rates of {1, 2, 3}. The hidden state dimension of the Mamba model is set to 32. The 
network is optimized using Adam [39] with the default setting, and the learning rate is set 
at 0.0005. The batch size is 32, and the number of iterations is 45 1 0×  . The proposed 
method is implemented on the PyTorch 2.8.1 framework. The GPU employed in the 
experiments is an NVIDIA RTX5090D. 

4.3. Super-Resolution Comparison Experiments 

A 4×  super-resolution experiment is conducted. The proposed method is compared 
with three diffusion-based approaches (SR3 [17], ResDiff [18], and ResShift [19]) and a 
Transformer-based method SwinIR [11]. The results of evaluation metrics are shown in 
Table 1, and the bold represents the best results. 

Table 1. Evaluation metrics for super-resolution results in power image dataset. 

Methods PSNR  SSIM  CLIP-IQA  MUSIQ  
SR3 31.002 0.9372 0.195 32.555 

ResDiff 33.643 0.9171 0.248 25.816 
ResShift 36.369 0.9751 0.351 48.100 
SwinIR 36.496 0.9763 0.326 48.230 

Ours 36.574 0.9769 0.360 48.412 

Table 1 indicates that the proposed method outperforms other methods. Specifically, 
our method achieves the following results: a PSNR of 36.574 dB, an SSIM of 0.9769, a CLIP-
IQA of 0.360, and a MUSIQ of 48.412. The first two metrics indicate that the reconstructed 
images produced by the proposed method exhibit higher similarity to the ground-truth 
images, while the latter two metrics demonstrate its superior perceptual quality. 

The super-resolved images for cable and bolt samples are shown in Figure 3. Local 
regions are magnified for clearer observation and comparison in Figure 4. The proposed 
method achieves the most effective restoration of detailed information for components 
such as cables and bolts. 
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Figure 3. Architecture SR results in the cable, bolt, and insulator (scale factor 4). (a1–a3) SR3. (b1–
b3) ResDiff. (c1–c3) ResShift. (d1–d3) SwinIR. (e1–e3) Ours. 
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Figure 4. Magnified image of SR results in the cable, bolt and insulator dataset. (a1–a3) Ground 
truth. (b1–b3) Bicubic. (c1–c3) SR3. (d1–d3) ResDiff. (e1–e3) ResShift. (f1–f3) SwinIR. (g1–g3) Ours. 

4.4. Ablation Study 

To evaluate the effectiveness of the frequency domain separation and Mamba feature 
extraction modules in the proposed diffusion super-resolution network, an ablation study 
is conducted. The pre-trained weights from ResShift are used as the baseline. Three 
approaches are tested: fine-tuning the pre-trained ResShift weights with the training set, 
combining the Mamba frequency domain network with noise images via channel-wise 
concatenation, and combining the Mamba frequency domain network with noise images 
via additive fusion. The evaluation metrics are shown in Table 2. 

Table 2. Objective evaluation metrics for ablation experiments. 

Method PSNR  SSIM  
Pre-trained 30.651 0.9379 

Pre-trained + Fine-tuning 36.369 0.9751 
Mamba + Concat 36.034 0.9730 

Mamba + Add 36.574 0.9769 

As shown in Table 2, the method of integrating the Mamba frequency-domain 
network with the noisy image through direct addition effectively enhances model 
performance in super-resolution. The second row shows that training on pre-trained 
ResShift weights increased the PSNR and SSIM values by 5.7 dB and 0.0372, respectively, 
reducing the gap between super-resolved and original images. The third row 
demonstrates that combining the Mamba frequency domain network with noise images 
via channel concatenation yields inferior results compared to pre-trained ResShift weights. 
Compared with the fine-tuned model, lower PSNR and SSIM values are observed at this 
stage. The underlying reason is that feature concatenation changes the number of input 
channels, making the modified network architecture incompatible with a portion of the 
pretrained parameters and thereby reducing the benefits of pretrained initialization. The 
fourth row shows that combining the Mamba frequency domain network with the noisy 
image via direct addition improves PSNR and SSIM values by 0.54 dB and 0.0039, 
respectively, indicating better recovery of global and local features. Training with pre-
trained weights and incorporating the Mamba frequency domain module result in PSNR 
and SSIM values 5.923 dB and 0.039 higher than direct testing on pre-trained weights. 



Energies 2026, 19, 3130 12 of 14 
 

https://doi.org/10.3390/en19133130 

These ablation experiments validate the effectiveness of the Mamba frequency domain 
module for image super-resolution. Direct addition is chosen to combine the Mamba 
module with the noisy image. 

To validate the effectiveness of the Mamba module, an ablation study was conducted 
by removing the Mamba module while keeping all other components of the network 
unchanged. The quantitative results are summarized in Table 3. As shown in Table 3, 
removing the Mamba module results in noticeable performance degradation, with the 
PSNR decreasing from 36.574 dB to 36.159 dB and the SSIM dropping from 0.9769 to 
0.9743. These results demonstrate that the Mamba module plays a crucial role in the 
reconstruction process. The performance improvement can be attributed to the ability of 
Mamba to effectively model long-range dependencies and capture global contextual 
information, thereby facilitating more accurate feature representation and image 
reconstruction. Moreover, the incorporation of the Mamba module introduces only a 
marginal increase in model complexity. Specifically, the number of parameters increases 
by merely 0.001 M (from 1.178 M to 1.179 M). Although the FLOPs increase from 0.051 G 
to 0.118 G, the computational overhead remains moderate relative to the achieved 
performance gains. Therefore, the proposed Mamba module provides an effective balance 
between reconstruction accuracy and computational efficiency. 

Table 3. Ablation study on the effectiveness of the Mamba module. 

Method PSNR SSIM Flops (G) Param (M) 
Mamba Removed 36.159 0.9743 0.051 1.178 

Full Model 36.574 0.9769 0.118 1.179 

5. Conclusions 
This paper proposes a diffusion-based super-resolution method for power imagery, 

incorporating a frequency-domain Mamba approach. By integrating diffusion models into 
the super-resolution process, the method applies a stepwise denoising generation 
technique to learn feature distributions from power images. This enables the generation 
of high-resolution images with authentic textures and fine details that align with real-
world patterns. To mitigate the risk of introducing artifacts or unrealistic content, we 
propose a frequency-domain Mamba module. This module generates an initial prediction 
that guides the diffusion model in reconstructing high-resolution images. It decomposes 
the image into high- and low-frequency components, applying distinct feature extraction 
strategies for each frequency domain to ensure effective fusion of local and global features. 
The effectiveness of the proposed method is validated on a test dataset, showing strong 
performance in both objective evaluation metrics and visual quality. However, the 
iterative sampling process of diffusion models incurs considerable computational 
overhead. In future work, we will explore more lightweight network architectures to 
improve computational efficiency while maintaining reconstruction performance. 
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