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Abstract

Super-resolution (SR) techniques play a pivotal role in enhancing the qual-
ity of low-resolution images, particularly for applications such as security and
surveillance, where accurate license plate recognition is crucial. This study pro-
poses a novel framework that combines pixel-based loss with embedding simi-
larity learning to address the unique challenges of license plate super-resolution
(LPSR). The introduced pixel and embedding consistency loss (PECL) inte-
grates a Siamese network and applies contrastive loss to force embedding sim-
ilarities to improve perceptual and structural fidelity. By effectively balancing
pixel-wise accuracy with embedding-level consistency, the framework achieves
superior alignment of fine-grained features between high-resolution (HR) and
super-resolved (SR) license plates. Extensive experiments on the CCPD dataset
validate the efficacy of the proposed framework, demonstrating consistent im-
provements over state-of-the-art methods in terms of PSNRRGB , PSNRY and
optical character recognition (OCR) accuracy. These results highlight the po-
tential of embedding similarity learning to advance both perceptual quality and
task-specific performance in extreme super-resolution scenarios.

Keywords: Super-resolution, License plate, Convolutional neural networks,
Embedding similarity, Contrastive learning.

1. Introduction

Single image super-resolution (SISR) is a well-known research field in com-
puter vision focused on enhancing spatial resolution and visual fidelity of low-
resolution images. Its significance lies in the ability to reconstruct high-resolution
details from degraded visual data, thereby improving image quality across di-
verse applications, including digital photography [46, 23], medical imaging [44],
and video surveillance [34]. In particular, SISR has been increasingly applied to
enhance license plate (LP) images, where the clarity and legibility of such crit-
ical visual data are paramount for effective and reliable automated recognition
systems.
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License plate recognition (LPR) systems are integral components of modern
surveillance, traffic management, and security applications [13]. However, the
efficacy of these systems heavily relies on the quality of the captured images [37].
In real-world scenarios, LP images captured by surveillance cameras or other
sources often suffer from visual degradations, such as low resolution, motion
blur, and noise. As illustrated in Fig. 1, these issues make it challenging to
accurately read the LPs, posing significant difficulties for LPR systems and
compromising their accuracy and reliability. Among these challenges, the most
critical is the distance at which the images are captured, leading to limited
pixel resolution. When images are taken from a great distance, LPs appear
smaller within the frame, drastically reducing the number of pixels representing
the plate. This loss of resolution causes fine details to become invisible and
unrecognizable upon zooming, making it difficult for both LPR systems and
human users to interpret and recognize the characters accurately. To address
this, advanced image enhancement techniques, such as super-resolution (SISR),
are crucial for upscaling low-resolution images and preserving the key details
necessary for reliable LPR.

Figure 1: Example of license plates taken under different conditions, showcasing difficulties
to properly read the plates in some cases [22].

Despite recent advances in the field of SISR [35, 29, 26], LP super-resolution
(LPSR) remains a significant challenge. The unique characteristics of LP im-
ages, such as small text, complex backgrounds, varying lighting conditions, and
diverse fonts [10, 33, 36, 11], make it difficult for standard SISR models to per-
form robustly. Traditional SR methods often fail to reconstruct the fine details
and sharp edges required to accurately recognizing characters on license plates.
Deep learning-based methods, while more robust, often face challenges in strik-
ing the delicate balance between enhancing image quality and preserving critical
textual information. Achieving high accuracy in LPR systems is crucial, partic-
ularly in applications such as law enforcement, where misrecognition or failure
to identify a license plate can have serious consequences. This underscores the
critical need to develop super-resolution (SR) methods specifically tailored to
address these challenges.

Compared to the extensive research on SISR, studies specifically addressing
LPSR remain limited. Most existing approaches rely on deep learning, primarily
due to its ability to leverage inherent prior knowledge of natural scenes and pre-
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serve image details more effectively than traditional methods like interpolation.
For example, interpolation-based techniques such as bilinear and bicubic inter-
polation are simple and fast but often produce blurry images with a loss of fine
details. These methods estimate new pixel values based on linear or cubic in-
terpolation of neighboring pixels, resulting in smooth but less detailed outputs.
In contrast, deep learning-based approaches, such as convolutional neural net-
works (CNNs) and generative adversarial networks (GANs), have demonstrated
superior performance in LPSR [39]. Their ability to learn complex patterns en-
ables them to reconstruct high-resolution images with finer details and enhance
visual fidelity.

In this work, we address the limitations of existing LPSR methods by focus-
ing on extreme super-resolution scenarios with a challenging scaling factor of
x8. To tackle the reconstruction of severely degraded license plates with min-
imal pixel information, we propose a deep learning framework that combines
residual dense blocks (RDBs) and channel attention mechanisms to enhance vi-
sual quality and textual detail recovery. Our approach integrates pixel-level and
embedding-level losses, implemented through a Siamese network to align em-
beddings of high-resolution (HR) and super-resolution (SR) images. By doing
so, the character recovery is improved along with the overall fidelity. Besides,
the training strategy based on embedding similarity utilizes contrastive loss [12]
to minimize the discrepancy between HR and SR embeddings. This strategy
preserves fine details critical for character recognition. Extensive experiments
conducted on the CCPD dataset [47], which includes real-world license plate
images under diverse conditions, demonstrate the effectiveness and robustness
of the proposed method. The primary contributions of this work can be sum-
marized as:

• We developed a deep learning framework for extreme LPSR with a scal-
ing factor of x8, leveraging residual dense blocks and channel attention
mechanisms to enhance visual quality and recover fine details.

• We introduced the pixel and embedding consistency loss (PECL), which
integrates pixel-level and embedding-level similarities. A Siamese network
and contrastive loss are employed to align and constrain the similarity
between HR and SR embeddings.

• We conducted a comprehensive evaluation of the proposed method on
the CCPD dataset, demonstrating its robustness and effectiveness across
diverse real-world conditions.

2. Related work

2.1. Single image super-resolution

Single image super-resolution (SISR) has seen extensive research in the past
decade, primarily driven by deep learning techniques that aim to reconstruct
high-resolution (HR) images from their low-resolution (LR) counterparts. Early
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methods for SISR were based on interpolation techniques such as bilinear and
bicubic interpolation, which, despite their simplicity, often resulted in blurred
images with a loss of fine details [17]. These shortcomings prompted the de-
velopment of more sophisticated methods like sparse coding-based models [48],
and later, deep learning-based approaches such as convolutional neural networks
(CNNs) and generative adversarial networks (GANs), which have demonstrated
substantial improvements in both perceptual quality and quantitative perfor-
mance metrics.

CNN-based models like SRCNN [6] introduced the concept of end-to-end
learning for SISR, laying the groundwork for more complex architectures such
as VDSR [18], EDSR [28], and RCAN [50], which leverage residual learning and
attention mechanisms to improve the super-resolution performance. GAN-based
methods, such as SRGAN [23], ESRGAN [46], and more recent works like Real-
ESRGAN [45] and SwinIR [27], focus on enhancing the perceptual quality of
the super-resolved images by employing adversarial learning and perceptual loss
functions based on deep features [14] as well as vision transformers [7]. These
methods have successfully generated SR images with sharper details and more
visually appealing results compared to traditional interpolation-based methods.

Despite these advancements, standard SISR models often struggle when ap-
plied to domain-specific tasks such as license plate super-resolution (LPSR),
where the primary goal is not just to improve image fidelity, but also to pre-
serve critical textual and structural information that is vital for recognition
tasks. Indeed, the challenges are more domain-specific and tied to the unique
visual characteristics of license plate images, such as small fonts, varying lighting
conditions, and complex backgrounds. Traditional SISR models, when directly
applied to license plates, tend to fail in recovering the fine-grained details re-
quired for character recognition, particularly when dealing with extreme scaling
factors such as x8 or higher.

2.2. License plate super-resolution

Several approaches have been proposed to address the previously mentioned
challenges by incorporating domain-specific knowledge into the super-resolution
pipeline. The work in [49] presented a multi-scale CNN tailored for LPSR, fo-
cusing on minimizing the mean squared error (MSE) between HR and super-
resolved (SR) license plate images. While effective at enhancing the overall
image quality, this approach still struggled with preserving fine textual details,
which are critical for accurate LPR. Recent advances in deep learning have paved
the way for more sophisticated LPSR models. The work in [31] introduced a
GAN-based architecture that incorporates a gradient profile prior to emphasize
character boundaries, thus improving the contrast between the characters and
the background. Similarly, the authors in [39] extended the SRGAN framework
by adding an optical character recognition (OCR)-based loss function, which di-
rectly computes the recognition error between HR and SR images, thus ensuring
that the generated SR images retain the legibility of the text. This approach
also utilizes perceptual loss functions based on VGG-19 [45, 15] to improve both
the visual quality and recognition accuracy of the license plates.
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Other notable works have explored the use of character-based perceptual
losses, where the super-resolution process is guided by intermediate feature
representations learned by an OCR network. For example, the work in [24]
proposed a loss function based on character classification features, while [38]
employed the Levenshtein distance to measure discrepancies between predicted
and ground-truth characters. These methods highlight the importance of in-
tegrating recognition tasks directly into the loss function, allowing the models
to not only enhance the visual quality but also optimize for accurate character
recognition.

Despite these advances, several challenges remain in LPSR research. First,
many existing approaches are designed for moderate upscaling factors (i.e. x2
or x4) and fail to generalize to extreme cases such as x8 and beyond, where
the license plate details are severely degraded. Moreover, current LPSR models
often struggle to balance the trade-off between improving perceptual quality
and preserving critical textual information. While OCR-guided loss functions
have shown promise in mitigating this issue, there is still room for improvement,
particularly in cases where the input LR images suffer from extreme distortions,
such as motion blur or severe compression artifacts.

This study addresses the limitations of existing LPSR approaches by intro-
ducing a novel training strategy that incorporates both pixel-wise and embedding-
level losses. By leveraging a combination of perceptual and contrastive loss
functions, the proposed method ensures robust super-resolution even at ex-
treme scaling factors, achieving a balance between perceptual quality and the
preservation of textual and structural details. The following sections detail
the methodology and demonstrate its effectiveness compared to state-of-the-art
techniques.

3. Proposed Methodology

3.1. Problem formulation

The task of SR aims to reconstruct an HR image IHR ∈ Rh×w×3 from its
LR counterpart ILR ∈ RH×W×3, where typically h = s ·H and w = s ·W , and
s ∈ Z+ is the upscaling factor. The goal of SR is to recover fine-scale details lost
during image degradation processes such as downscaling, compression, or noise
corruption. Thus, the problem we try to solve can be formulated as a learning
task where the objective is to estimate a function fθ : RH×W×3 → Rh×w×3,
parameterized by θ, that maps the LR image ILR to its super-resolved version
ISR:

ISR = fθ(ILR), (1)

where the learning task can be framed as an optimization problem with the
objective to minimize a composite loss function Ltotal over a set of parameters
θ, subject to constraints imposed by the nature of the task. Formally, the goal
is to find:
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θ∗ = argmin
θ

Ltotal(IHR, fθ(ILR)), (2)

where fθ(·) is the parameterized mapping from LR to SR images. The total loss
function Ltotal is a weighted combination of several distinct loss terms:

Ltotal =

N∑
i=1

λiLi, (3)

where Li represents different loss components corresponding to specific proper-
ties or objectives that must be optimized, and λi ∈ R+ are scalar weights that
control the contribution of each term.

In our method, we model the problem using a patch-based approach. Rather
than processing entire HR and LR images, we operate on smaller patches ex-
tracted from these images. Formally, let IHR ∈ RH×W×C and ILR ∈ Rh×w×C

represent the HR and LR images respectively, where H > h and W > w. In-
stead of directly mapping the whole LR image to its HR counterpart, we extract
small overlapping patches PHR

i ∈ Rp×p×C and PLR
i ∈ Rp′×p′×C from both IHR

and ILR.
Thus, for a given LR patch PLR

i , the goal is to reconstruct its corresponding
HR patch PSR

i ∈ Rp×p×C using a learned mapping fθ, such that:

PSR
i = fθ(P

LR
i ), (4)

where θ represents the parameters of our SR model. The final SR image ISR is
obtained by aggregating the predicted patches PSR

i across the image domain.
The patch-based strategy allows for finer local structure preservation, a bet-

ter handling of complex patterns, and efficient training on smaller receptive
fields. It also enables the network to focus on local dependencies and de-
tails, which are crucial for reconstructing high-frequency information from low-
resolution patches. Besides, this formulation ensures that the learned model
can generalize better across varying image scales.

3.2. LPSR model overview

To achieve high-quality super-resolution, the proposed model is built upon
foundational observations derived from state-of-the-art Single Image Super Res-
olution (SISR) techniques, specifically incorporating Residual Dense Blocks
(RDBs) [51] and channel attention mechanisms [4]. The architecture is de-
signed to progressively refine low-resolution inputs PLR ∈ R3×W×H into high-
resolution outputs PSR ∈ R3×W×H , where W and H denote the width and
height, respectively, through a series of strategically implemented processing
stages.

The input LR patch is first processed by a 3×3 convolutional layer to obtain
shallow features:

F0 = Conv3×3(PLR), (5)
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Figure 2: Workflow of the proposed LPSR model. Residual dense blocks (RDBs) capture
complex hierarchical features using dense connections and residual learning. Channel attention
(CA) focuses on the most informative feature channels. The pixel and embedding consistency
loss (PECL) computes pixel-to-pixel and embeddings fidelity for the gradient updates.

where F0 represents the feature map produced by the convolution operation.
The 3×3 kernel size is employed to balance local structure and computational ef-
ficiency, enabling the extraction of essential features such as edges and textures,
which are critical for subsequent processing stages.

Following the initial feature extraction, the low-resolution features F0 are
fed into a serial of N Residual Dense Blocks (RDBs), which are designed to
capture complex hierarchical features through dense connections and residual
learning, see Fig. 2 (b). The output of the i-th RDB can be expressed as:

Fi = Fi−1 +RDB(Fi−1), (6)

where RDB(·) represents the operations performed within the i-th RDB, includ-
ing convolution, activation, and feature concatenation. A crucial component of
each RDB is the scaling operation applied to the output before it is added back
to the residual input:

Fi = α · Convlast(Fi−1) + Fi−1, (7)

where Convlast(·) denotes the last convolution operation within i-th RDB and
α is a learnable scaling factor that adjusts the contribution of the RDB output
relative to the residual input. This scaling mechanism enhances the ability
of the model to control the influence of each residual dense learning output,
allowing for adaptive learning of the feature importance during the training
process. By incorporating this scaling operation, the RDBs effectively facilitate
the retention of rich information and enhance gradient flow during training,
addressing challenges such as degradation and the vanishing gradient problem.
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The architecture of each RDB allows for the concatenation of feature maps
from previous layers, facilitating rich information retention and enhancing the
gradient flow during training [51]. Besides, such a design addresses the chal-
lenges associated with deep networks, such as the vanishing gradient problem,
by maintaining a direct path for gradient propagation.

The Channel Attention (CA) block is pivotal in enhancing the model’s abil-
ity to prioritize the most informative feature channels [4], significantly boosting
the overall performance of the super-resolution task. The CA mechanism op-
erates on the feature maps generated by the final RDB block, as depicted in
Fig. 2 (c). These feature maps are denoted as F ∈ RC×H×W , where C is the
number of channels, and H and W represent the height and width of the feature
maps, respectively. The CA block employs a global average pooling operation
to capture the global context, resulting in a channel descriptor z ∈ RC×1×1:

z = GAP(F) =
1

H ×W

H∑
i=1

W∑
j=1

F(:, i, j), (8)

where GAP denotes the global average pooling operation. This descriptor is
then passed through two fully connected (FC) layers to generate the attention
weights. The first layer reduces the dimensionality of the channel descriptor:

z1 = ReLU(θFC1 · z + b1), (9)

where θFC1 ∈ RC
r ×C is the weight matrix of the first FC layer, b1 is the bias

term, and r is the reduction ratio. The output of this layer is then passed
through the second fully connected layer to restore the original dimensionality:

z2 = σ(θFC2 · z1 + b2), (10)

where θFC2 ∈ RC×C
r and b2 are the weight matrix and bias of the second

FC layer, respectively, and σ represent the sigmoid activation function. The
resulting attention vector z2 ∈ RC is then reshaped and used to scale the original
feature maps:

FCA = F⊗ z2, (11)

where FCA represents the output of the CA block after applying the attention
weights. This block enhances the network’s representational capacity by em-
phasizing informative channels and suppressing less relevant ones, resulting in
improved feature extraction for subsequent processing stages. Integrating the
CA block into the super-resolution architecture is crucial, as it aligns with the
model’s goal of generating high-quality images by selectively focusing on critical
features that significantly impact perceptual quality.

Subsequently, the proposed model incorporates a dynamic upsampling mech-
anism through a series of 2D transposed convolution operations [8]. This ap-
proach incrementally doubles the spatial dimensions of the feature maps, effec-
tively enhancing the spatial resolution while preserving essential details. The
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multi-stage upsampling strategy enables the model to progressively refine and
upscale the output patches across multiple levels, which is critical for mitigating
artifacts and improving overall image fidelity. Therefore, the upscaled features
FUP ∈ RC×sW×sH are obtained by:

FUP = ReLU
(
ConvTL(FCA)

)
, (12)

where FCA represents the feature maps obtained from the channel attention
block. L denotes the number of upsampling stages required, calculated as
L = log2(s), with s being the scale factor. The use of transposed convolutions
ConvT allows for the integration of learned features from the preceding layers,
ensuring that the generated high-resolution output retains the rich structural
and contextual information from the low-resolution input.

Finally, the model ends with a convolutional layer that further refines the
output feature maps to produce the final SR patch. This layer utilizes a 3 ×
3 convolution operation to seamlessly integrate the features extracted in the
preceding stages into a coherent and high-fidelity output. The final SR patch is
obtained as:

PSR = Conv(Fup), (13)

where PSR denotes the super-resolved patch, and Conv represents the 3 × 3
convolution operation applied to the upsampled feature maps Fup.

This final convolution serves multiple purposes. It consolidates the features
learned through the RDBs and the CA mechanism, effectively integrating high-
level representations with spatial information. Additionally, it plays a crucial
role in mitigating potential artifacts introduced during the upsampling stages,
ensuring that the output not only achieves the target resolution but also main-
tains visual consistency and high quality.

3.3. Pixel and embedding consistency loss

To effectively enhance the performance of the LPSR model, we propose a
comprehensive loss function that combines pixel-wise loss with embedding sim-
ilarity learning through a Siamese network architecture [20]. The pixel and em-
bedding consistency loss (PECL) function LPEC is formulated as a weighted sum
of the mean squared error (MSE) loss Lpixel and the Contrastive loss Lcontrastive,
which incorporates the embedding similarity component.

Pixel-wise loss: it quantifies the discrepancy between the super-resolved
output PSR and the corresponding high-resolution target PHR. This loss is
computed using the MSE, expressed as:

Lpixel =
1

K

K∑
i=1

(P
(i)
SR −P

(i)
HR)

2, (14)

where K represents the total number of pixels in the image patch, and P
(i)
SR

and P
(i)
HR denote the pixel values at the i-th position for the super-resolved
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Figure 3: Illustration of the Siamese network architecture used for pixel and embedding
consistency loss. The network comprises two identical sub-networks extracting embeddings
from the super-resolved (PSR) and high-resolution (PHR) patches. The distance D between
the embeddings VSR and VHR is computed in the embedding space, informing the Contrastive
loss LContrastive = max(m − D, 0)2, which reinforces the model’s capacity to preserve key
features across resolutions.

and high-resolution patches, respectively. This loss function effectively captures
the average squared differences between corresponding pixel values, promoting
fine-grained accuracy in pixel representation.

Contrastive loss: To ensure that the super-resolved patches maintain key
features characteristic of the high-resolution patches, we implement a Siamese
network [20] to extract embeddings from both PSR and PHR. A Siamese net-
work comprises two identical sub-networks that share the same architecture and
parameters, allowing for direct comparison of the generated embeddings.

The Siamese network architecture leverages a pre-trained ResNet-18 model,
with the final fully connected layer replaced to yield embeddings of size 128.
For an input pair (PSR,PHR) (as shown in Fig. 3), the network outputs two
embeddings:

VSR,VHR = fSiam(PSR,PHR; θSiam, d), (15)

where θSiam represents the parameters of the Siamese network and d the size
of the embedding. To maintain consistent distance magnitudes across samples
and prevent the embeddings from growing arbitrarily large, an L2 normalization
step is applied to the output embedding. This normalization constrains the
embeddings to a unit hypersphere, which improves convergence and training
stability. Therefore, the normalized embedding Ṽ is given by:

Ṽ =
V

∥V∥2
, (16)

where ∥V∥2 is the L2 norm of V. This ensures that all embeddings lie on a
consistent scale.
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The objective of this architecture is to generate similar embeddings for the
super-resolved and high-resolution patches, reflecting their inherent similarity.
To achieve this, we employ the Contrastive loss function LContrastive, which
encourages similarity in the embedding space. This loss is simplified to:

LContrastive = max(m−D, 0)2, (17)

where D is the Manhattan distance (ℓ1-norm) between the embeddings of the
super-resolved and high-resolution patches:

D = ∥ṼSR − ṼHR∥1. (18)

In this context:

• m represents a margin, a hyperparameter that establishes a threshold
distance between the embeddings, set to 2 in this study.

• The squaring operation (m−D)2 imposes a heavier penalty for larger de-
viations, thereby reinforcing the model’s capacity to minimize the distance
D when it is below the margin m.

The Manhattan distance (ℓ1-norm) offers several advantages for measuring
embedding similarity, particularly in high-dimensional feature spaces. Unlike
the Euclidean distance for instance, which squares differences and can amplify
the influence of outliers, the Manhattan distance computes the sum of absolute
differences, making it more robust to noisy or extreme feature values. This prop-
erty is beneficial when embeddings exhibit sparsity or when certain dimensions
dominate due to variability in the data. Additionally, the Manhattan distance
treats each feature dimension independently, which aligns well with many neural
embedding spaces where feature contributions vary. Providing stable gradients
also facilitates smoother optimization during training, improving alignment and
generalization [1, 9].

The focus on embedding similarity loss is particularly relevant for applica-
tions such as optical character recognition (OCR) [3], automatic number plate
recognition (ANPR) [16], and vehicle identification. By forcing the model to
minimize the distance between embeddings of super-resolved and high-resolution
images, the embedding similarity loss ensures that the reconstructed images
align more closely with their high-resolution counterparts in the feature space.
This alignment is crucial for preserving distinctive features necessary for ac-
curate recognition and identification, as it guarantees that critical details are
reconstructed, enhancing fidelity and perceptual quality.

Total loss: The total loss function, LPECL is designed as a weighted sum
of two complementary components: the pixel-wise loss (Lpixel) and the con-
trastive loss (Lcontrastive). The pixel-wise loss ensures fidelity at the pixel level
by minimizing the MSE. In contrast, the contrastive loss focuses on aligning
the embeddings of the predicted super-resolved image and the high-resolution
target in the feature space, minimizing the distance between their representa-
tions. Together, these losses enforce both pixel-level accuracy and feature-level
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consistency, improving the perceptual and semantic quality of the reconstructed
images. The total loss is expressed as:

LPECL = wpixel · Lpixel + wcontrastive · Lcontrastive, (19)

where wpixel and wcontrastive are the weights that govern the contributions of
the pixel-wise and contrastive losses, respectively. These weights are learnable
parameters constrained within the range 0, 1 to ensure balanced optimization.
Furthermore, they are designed to satisfy wpixel+wcontrastive = 1, ensuring that
the total weight is dynamically distributed between the two loss components.
To maintain valid weight ranges, LPECL clips wpixel and wcontrastive within 0, 1
during training. This ensures stability and prevents either loss component from
dominating excessively. By enforcing this balance, the total loss function effec-
tively combines the strengths of pixel-level fidelity and feature-level alignment,
enabling the model to achieve sharper reconstructions while preserving semantic
consistency.

4. Experiments

4.1. Datasets and Implementation Details

Dataset: We use the Chinese city parking dataset (CCPD) [47], which
contains over 200k images of license plates captured in various real-world condi-
tions, including different angles, distances, and lighting scenarios. This dataset
is particularly suitable for our study as it provides diverse examples of license
plates that challenge traditional recognition systems. We select 100k from the
CCPD dataset to train the model and 1k for testing and validation. This se-
lection ensures the model has sufficient data for learning, while maintaining a
separate subset for unbiased performance evaluation. Each image is segmented
into patches of size 64× 64 pixels.

The training dataset exhibits diverse capturing conditions, as illustrated in
Fig. 4, including variations in angles, distances, and lighting. Additionally,
many of the HR images suffer from significant distortions, further complicating
the super-resolution task and emphasizing the need for robust models capable
of handling degraded inputs.

Figure 4: Examples from the training dataset showcasing diverse capturing conditions, in-
cluding variations in angles, distances, and lighting.

As described in Sec.3.2, the LPSR model processes input patches instead
of full images. This patch-based design is a widely adopted practice in super-
resolution (SR) tasks[6, 27, 45], as it enhances computational efficiency while
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enabling the model to focus on localized features. Moreover, it effectively han-
dles the inherent variability in resolution and aspect ratios of real-world license
plate images, ensuring robust generalization across diverse input conditions.
Fig. 5 showcases sample pairs of high-resolution (HR) and low-resolution (LR)
patches. Given that the original images already exhibit visual degradations, the
degradation process D is limited to downscaling. In this work, we address the
challenging task of x8 scaling, categorized as extreme super-resolution due to
the significant loss of visual information in LR inputs.

Figure 5: Examples of training patches and the degradation process applied, highlighting the
downscaling operation used to simulate low-resolution inputs.

Implementation Details: The LPSR model is implemented using the
PyTorch library [2] and trained on a server equipped with an Intel Xeon Silver
4208 2.1GHz CPU, 192GB of RAM, and an Nvidia Tesla V100S GPU with
32GB of memory. We train the model for 1000k iterations, a batch size of
128. We employ the Adam optimizer [19] to update the parameters of the
model, with an initial learning rate 1e − 4. To adaptively adjust the learning
rate throughout the training process, we utilize a cosine annealing learning rate
scheduler [30]. The scheduler gradually decreases the learning rate over the
iterations following a cosine curve. This dynamic adjustment aids in fine-tuning
the model’s parameters as training progresses.

Evaluation criteria: The evaluation of LPSR models focuses on two key
aspects: visual quality and character recognition performance. Visual quality
assesses how closely the SR images resemble the ground truth HR images, en-
suring the restored images are perceptually faithful to the originals. For this
purpose, peak signal-to-noise ratio (PSNR) is measured on both the full-color
RGB channels (PSNRRGB) and the luminance channel (PSNRY ), with the
latter being particularly significant due to its strong correlation with human
visual perception. In addition to visual fidelity, the effectiveness of the super-
resolution model in enhancing character readability is evaluated through OCR.
PaddleOCR [43], a widely-used open-source OCR system [40, 41, 32, 21], is
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employed to read characters on the SR images. The performance is quantified
using the confidence scores provided by PaddleOCR, reflecting the accuracy and
reliability of character recognition. This dual evaluation framework ensures a
rebust assessment of the efficiency of the LPSR model.

4.2. Results and discussion

4.2.1. Performance comparison

The performance of the proposed SR model is evaluated in comparison to
the baseline Bicubic and SOTA methods, including SRCNN [6], MSRN [25],
ESPCN [42], ESRGAN [46], TBSRN [5], and SwinIR [27] using PSNR, PSNRy,
and OCRρ. Table 1 presents the results of this comparison, where the median
values, along with the standard deviations, are reported over the testing set.
PSNR and PSNRy provide a quantitative measure of image fidelity, with higher
values indicating better image reconstruction quality. OCRρ reflects the abil-
ity to improve text recognition accuracy, with higher values signifying better
recognition performance.

Table 1: Performance comparison of the proposed model in terms of PSNR, PSNRy, and
OCRρ with various SR methods. The median (± standard deviation) over the testing set is
reported. The best and second best performance are respectively highlighted in bold red
and bold blue.

SR Method #p PSNR [dB] PSNRy [dB] OCRρ

Bicubic - 18.53 (± 2.78) 18.70 (± 2.82) 0.697 (± 0.19)
SRCNN [6] 57K 19.57 (± 2.72) 19.84 (± 2.78) 0.665 (± 0.21)
MSRN [25] 6M 19.78 (± 2.74) 19.84 (± 2.82) 0.656 (± 0.20)
ESPCN [42] 800K 23.52 (± 2.47) 24.11 (± 0.61) 0.848 (± 0.14)
ESRGAN [46] 16M 18.76 (± 2.26) 19.01 (± 2.33) 0.812 (± 0.17)
TBSRN [5] 12M 23.76 (± 2.48) 24.42 (± 2.63) 0.855 (± 0.15)
SwinIR [27] 11M 23.56 (± 2.50) 24.18 (± 2.65) 0.850 (± 0.14)
Ours 2M 25.13 (± 2.46) 25.92 (± 2.62) 0.852 (± 0.13)

The performance trends in Table 1 reflect the characteristics and design
choices of each SR model. The proposed model outperforms others in PSNR
(25.13 dB) and PSNRy (25.92 dB) due to its integration of pixel-wise and
embedding-level losses, which balance the reconstruction of high-frequency de-
tails with perceptual quality. This dual-focus approach allows the model to de-
liver superior visual fidelity and structural accuracy, particularly in luminance-
sensitive regions, as compared to other state-of-the-art methods. Furthermore,
its competitive OCRρ score (0.852) indicates that it effectively preserves textual
information, which is critical for license plate recognition tasks.

TBSRN [5], the second-best performer in PSNR and PSNRy, scores the
best OCR accuracy (0.855) due to its architecture tailored for scene text super-
resolution, which emphasizes text preservation. However, its marginally lower
PSNR compared to the proposed model suggests that while it is optimized for
text readability, it lags for the overall image fidelity. Similarly, SwinIR [27],
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leveraging the hierarchical transformer-based structure, achieves balanced per-
formance across metrics, with strong OCRρ (0.850) and PSNR (23.56 dB) but
slightly lags behind in reconstructing fine luminance details, as reflected in its
PSNRy (24.18 dB).

ESPCN [42], designed for real-time applications with lightweight upsam-
pling, demonstrates competitive OCR accuracy (0.848) and improved PSNR
(23.52 dB) compared to earlier methods like SRCNN [6] and MSRN [25]. How-
ever, its simpler architecture limits its ability to fully reconstruct complex tex-
tures or high-frequency details, resulting in performance that falls short of more
advanced models. ESRGAN [46], despite employing adversarial loss to enhance
perceptual quality, achieves only moderate OCRρ (0.812) and low PSNR (18.76
dB), likely due to its emphasis on producing visually pleasing textures at the
expense of structural and text-based details.

Traditional methods, such as Bicubic, SRCNN, and MSRN, exhibit the weak-
est performance across all metrics. Bicubic interpolation’s simplicity leads to
significant oversmoothing, which degrades both image fidelity and text clarity.
SRCNN and MSRN, though early milestones in deep-learning-based SR, lack
advanced features like attention mechanisms or perceptual losses, making them
less effective for domain-specific tasks like license plate recognition.
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Figure 6: Performance in terms of PSNR vs. the number of iterations (on a logarithmic scale)
required for convergence during training.

The superiority of the proposed model stems from its ability to dynamically
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balance pixel-level fidelity and embedding similarity, effectively addressing the
trade-off between visual quality and text preservation. Its design demonstrates
the importance of combining domain-specific considerations with state-of-the-
art architectural and loss functions to achieve robust performance in challenging
SR scenarios.

We further analyzed the performances in terms of PSNR on the testing set
versus the number of iterations required for each model to converge. All models
were trained for 1000k iterations, with the best version saved at the highest
PSNR during training. The plot in Fig. 6 illustrates the PSNR vs. number of
iterations (on a logarithmic scale). A clear correlation between the number of
iterations and the resulting PSNR values can be observed, except for SRCNN.

Models that required more iterations to converge generally delivered higher
PSNR on the testing set. This trend highlights the importance of longer train-
ing for deeper models. For instance, ESPCN, TBSRN, and SwinIR required
approximately 900k iterations to converge, achieving PSNR values of 23.52 dB
and 23.76 dB, respectively. These models’ performances indicate their ability
to capture complex features from the dataset directly correlates with their ex-
tended training duration. Similar behavior can be seen for the proposed model.
MSRN and ESRGAN converged more quickly with fewer iterations (approxi-
mately 281k and 155k iterations, respectively), and achieved lower PSNR values
(19.78 dB and 18.76 dB, respectively). This suggests that despite their faster
convergence, these models struggled to learn the necessary low-level features for
the LPSR task from the training set, which resulted in a suboptimal general-
ization on the testing set. Regarding SRCNN behavior, it simple architecture,
which lacks the capacity for learning complex features for extreme SR, limits
its performance, even with prolonged training

These observations emphasize the trade-off between convergence speed and
model performance in image super-resolution tasks. Models that require longer
training tend to produce better results on unseen data, confirming the need for
adequate training to fully exploit the potential of more complex architectures.
In contrast, quicker-converging models may face challenges in terms of learning
the finer details, potentially leading to a degradation in performance.

To further compare the performance of the proposed model with state-of-
the-art methods, we provide a qualitative comparison in Fig. 7. This comparison
showcases the visual differences in SR outputs across various models compared
to the proposed one, including Bicubic interpolation, SRCNN, MSRN, ESPCN,
ESRGAN, TBSRN, and SwinIR. The results indicate significant variability in
the restoration of fine details and overall visual fidelity.

Bicubic interpolation serves as a baseline, delivering overly smooth images
with a lack of texture recovery, underscoring its inability to reconstruct high-
frequency details. SRCNN, being one of the earliest SR models, provides slightly
sharper results but still struggles with generating realistic textures, leading to
noticeable artifacts in regions with fine details. MSRN and ESPCN demonstrate
improved performance, with MSRN showing better preservation of structural
information and ESPCN excelling in edge sharpness. However, both models
exhibit some limitations in producing natural textures.
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Figure 7: Qualitative comparison with state-of-the-art methods on various samples, taken
under different conditions.

ESRGAN’s outputs, known for its GAN-based approach, introduce more
realistic details and textures but often at the cost of over-enhanced or unnat-
ural artifacts in certain areas, especially on less complex regions. TBSRN and
SwinIR deliver a strong balance between detail recovery and artifact suppres-
sion, with SwinIR slightly outperforming TBSRN in preserving structural con-
sistency across diverse regions of the images. The proposed model achieves the
best results overall, demonstrating superior texture restoration, edge sharpness,
and fidelity to high-resolution ground truths, with minimal artifacts and a more
natural appearance.

4.2.2. Ablation experiment

We conduct an ablation study to verify the effectiveness of the main compo-
nents of the proposed method, focusing on three key aspects: (1) the comparison
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Figure 8: Performance trends of PSNRRGB and PSNRY across different configurations:
embedding distance measures (Euc: Euclidean, Man: Manhattan) and dimensionality PECLd

with d the size of the embeddings. The solid lines represent the mean values, while the
shaded areas around them indicate the 95% confidence intervals, reflecting the variability or
uncertainty of the measurements for each configuration.

between the traditional MSE loss and the proposed PECL, (2) the impact of
the embedding dimensionality d used for the contrastive loss, and (3) the choice
of distance metrics (Euclidean vs. Manhattan) for measuring embedding simi-
larity.

To evaluate the impact of embedding dimensionality and distance measures
on the LPSR model performance, we conducted a comparative analysis using
PSNR and PSNRy. The evaluation spans embedding dimensions of 64, 128,
256, and 512, trained with Euclidean and Manhattan distances. These metrics
provide insights into both the fidelity and perceptual quality of the reconstructed
images. The results, depicted in Fig. 8, highlight the influence of these factors
on model performance on the testing set.

From the PSNR curves, the first observation that emerges is that the MSE-
based loss lags behind the proposed loss function despite its natural alignment
with PSNR, which inherently measures pixel-to-pixel fidelity. This is true inde-
pendently from the used embedding distance measure. The proposed loss func-
tion combines pixel fidelity with embedding similarity, offering a more holistic
representation. The adaptive learning mechanism, which dynamically balances
the weights of MSE and contrastive losses during training, further boosts model
performance. This dual-focus scheme enables the model to effectively capture
both fine-grained image details and meaningful feature relationships, resulting
in superior super-resolution outcomes.

By comparing among the used distances, the curves highlight clear trends.
For PSNR, the Manhattan distance achieves consistently higher values com-
pared to Euclidean across all dimensionalities, with a peak at d=512 where
Manhattan reaches approximately 25.0 dB compared to 24.0 dB for Euclidean.
Similarly, for PSNRy, Manhattan distance outperforms Euclidean, achieving a
maximum of approximately 26.0 dB, compared to 25.0 dB for Euclidean. The
gains are evident across all embedding dimensions, particularly in the lower
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sizes, such as d = 64 and d = 128, where Manhattan shows a sharper im-
provement over the baseline MSE loss function. These results suggest that
Manhattan distance offers a more robust representation for feature matching,
translating to better perceptual and quantitative image quality during inference.
Such behavior can be attributed to its robustness to outliers and its suitability
for high-dimensional embedding spaces. Unlike Euclidean distance, Manhattan
evaluates differences independently across dimensions, making it less sensitive
to extreme values and better aligned with sparse feature representations. This
robustness allows Manhattan distance to more effectively capture embedding re-
lationships, leading to improved perceptual and quantitative image quality. The
trends also indicate that increasing embedding dimensionality enhances perfor-
mance for both metrics, with the best results achieved at d = 512, emphasizing
the importance of rich feature representations for accurate embedding similarity
measurement.
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Figure 9: OCR confidence (OCRρ) trend across different configurations: PECLd with d the
size of the embeddings.

By analyzing the accuracy of the detection and readability from the OCR
confidence (OCRρ) provided in Fig. 9, we observe that the proposed loss func-
tion consistently outperforms the baseline MSE. This comparison highlights the
limitations of MSE as a pixel-focused loss function, which primarily optimizes
for fidelity at the pixel level but fails to capture feature relationships critical
for OCR performance. Additionally, the steady increase in OCR confidence
with larger embedding dimensions suggests that richer feature representations
enhance OCR accuracy, with the highest performance achieved at d=512. Over-
all, the training strategy by incorporating embedding similarity with pixel-to-
pixel fidelity demonstrates significant advantages over MSE in preserving both
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perceptual and structural features critical for OCR recognition.

Contrast(PECL,MSE) =
PSNRPECL − PSNRMSE

PSNRMSE
. (20)

To evaluate the training dynamics of the proposed PECL, we compare its
PSNR performance to the baseline MSE across various embedding sizes (64,
128, 256, and 512). The analysis aims to quantify the relative improvement
introduced by PECL using the contrast metric defined in Eq.20. This metric
normalizes the difference in PSNR values by the baseline, providing a more inter-
pretable measure of performance gains during training. The results are depicted
in Fig.10 and Fig. 11, offering insights into the learning behavior of the proposed
PECL with Euclidean and Manhattan distances, respectively. The x-axis, pre-
sented on a logarithmic scale, captures training iterations, while the y-axis shows
the contrast in PSNR values (in dB). Positive contrast values indicate that the
proposed PECL outperforms MSE, while negative values suggest underperfor-
mance. The baseline version, MSE, favors high PSNR due to its pixel-wise loss
objective. In contrast, the PECL combines MSE with a contrastive loss, which
focuses on embedding similarity and perceptual quality, making it less focused
on maximizing PSNR directly.
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Figure 10: Contrast of PSNR values for PECL with Euclidean distance and embedding sizes
of 64, 128, 256, and 512 compared to the MSE during training. The contrast, defined as the
relative improvement in PSNR over the MSE, is plotted against the training iterations on a
logarithmic scale. Positive contrast values indicate better performance of the PECL models
compared to MSE, while negative values indicate worse performance.

Upon closer inspection, the contrast curves for Manhattan distance are more
centered around the zero axis, with values fluctuating between -0.22 and 0.25. In
contrast, the Euclidean distance curves exhibit a wider spread, ranging from -0.6
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Figure 11: Contrast of PSNR values for PECL with Manhattan distance and embedding sizes
of 64, 128, 256, and 512 compared to the MSE during training. The contrast, defined as the
relative improvement in PSNR over the MSE, is plotted against the training iterations on a
logarithmic scale. Positive contrast values indicate better performance of the PECL models
compared to MSE, while negative values indicate worse performance.

to 0.13. This difference highlights that, while both distances show a tendency for
improvement as training progresses, the Euclidean curves are more influenced
by negative contrast values, indicating that Euclidean-based PECL start off
with a larger disparity in performance. The more centered Manhattan curves
suggest that its impact on the PSNR performance is more stable and balanced
throughout training.

During the initial training phase, the contrast values for both Euclidean and
Manhattan exhibit fluctuations, reflecting the combined influence of MSE and
contrastive loss. As training progresses, the curves stabilize and shift toward
positive values, consistently exceeding zero and converging around 0.1. This
indicates that PECL, despite improving both MSE and embedding-based simi-
larities, achieves a higher PSNR than MSE. This reflects its ability to produce
better visual quality. The positive contrast suggests that the contrastive loss
contributes to improving perceptual performance, making the images visually
more accurate while still maintaining relatively similar embeddings.

Larger embedding dimensionality exhibits smoother and more stable con-
trast curves, particularly for Manhattan, suggesting that higher-dimensional
embeddings contribute to more robust feature representation and performance
stability throughout training. This highlights the role of embedding dimen-
sionality in learning distinctive features, which enhances the model’s ability to
generalize. The observed trends emphasize the trade-off managed by PECL, ef-
fectively balancing pixel-wise accuracy with perceptual quality to achieve better
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overall performance compared to the baseline MSE.
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Figure 12: Qualitative comparison of license plates under varying acquisition conditions using
the proposed PECL with Manhattan and Euclidean distances, compared to the baseline MSE.

The qualitative comparison, as shown in Fig. 12, provides a visual assessment
of the performance of the proposed PECL framework with both Manhattan
and Euclidean distances, benchmarked against the baseline MSE. The figure
presents the high-resolution (HR) reference image alongside the low-resolution
(LR) input, downsized by a factor of 8, and the super-resolved (SR) results
obtained using MSE, PECL (Man), and PECL (Euc). This layout allows for a
direct evaluation of the visual quality achieved by each approach, highlighting
the differences in detail preservation, texture sharpness, and perceptual fidelity.
As can be seen, the HR images exhibit varying acquisition conditions, including
differences in lighting and angles. Additionally, their visual quality appears
degraded, with noticeable noise and artifacts. After downsizing them by a
factor of 8 to produce the LR inputs, the fine details, such as text and edges,
become significantly unclear and, in some cases, unreadable. This highlights the
challenge of reconstructing accurate and perceptually meaningful SR outputs.

In the first example, PECL (Man) achieves a PSNR of 29.08 dB and PSNRy
of 29.79 dB, outperforming PECL (Euc) and MSE. This improvement is visu-
ally apparent, with PECL (Man) generating sharper edges and more detailed
textures compared to both MSE and PECL (Euc), which exhibit noticeable
smoothing and blurring, particularly in high-frequency regions such as the text.
In the second example, PECL (Man) again outperforms both PECL (Euc) and
MSE, with a PSNR of 26.14 dB and PSNRy of 26.45 dB. The HR image shows
fine details and sharp edges, which are largely preserved in the PECL (Man) re-
construction, while MSE produces a more blurred and less detailed result. This
trend is consistent in the third example, where PECL (Man) achieves 25.53 dB
in PSNR and 26.78 dB in PSNRy, significantly improving the perceptual quality
over PECL (Euc) and MSE, both of which still suffer from substantial blurring
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and loss of fine details. Across all examples, PECL (Man) consistently restores
sharper edges and clearer textures, indicating its ability to recover fine-grained
details effectively.

The improved sharpness and perceptual quality in the PECL (Man) results
demonstrate the ability of the proposed loss function to better align image
features through the embedding consistency enforced by the contrastive loss. In
comparison, while PECL (Euc) also improves upon MSE, it still cannot match
the sharpness or perceptual quality achieved by PECL (Man), particularly in
high-frequency regions. These findings demonstrate that pixel-to-pixel fidelity
along with embedding similarity enhances perceptual quality by focusing on
feature-level consistency.
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Figure 13: Qualitative comparison of HR and SR license plate images, with degradation
maps showing noise, blur, and compression artifacts. The maps illustrate the intensity of
degradation in both the HR and SR images, with each map providing insights into how the
visual quality is affected by the SR model trained with the proposed PECL over MSE.

By analyzing the distortion maps (Noise, Blur, and Compression) in Fig. 13
we can highlight the differences in performance when training the model with
MSE compared to PECL with respect to specific degradations. The blur map
for PECL demonstrates significantly reduced blur compared to the MSE model,
indicating that PECL can restore sharper edges and finer details. In contrast,
with MSE, higher blur intensity can be observed around high-frequency regions
such as edges. This reflects its tendency to produce over-smoothed outputs.
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The noise map reveals that PECL maintains moderate and localized noise lev-
els, comparable to MSE. The compression map further demonstrates that PECL
introduces fewer compression artifacts, particularly in textured regions, result-
ing in perceptually superior reconstructions. Compared to the HR image, the
proposed method appears to smooth the images, resulting in distribution de-
picted with the blur maps, regardless of the training loss.

Overall, the PECL model balances sharpness, controlled noise, and minimal
compression artifacts, demonstrating its effectiveness in producing detailed and
high-quality SR images while avoiding significant distortions. This highlights
the strength of the embedding consistency enforced by the PECL loss, which
aligns features and enhances sharpness generation without compromising overall
image quality.

5. Conclusion

This article presents a novel framework for license plate super-resolution
(LPSR) that achieves significant advancements compared to state-of-the-art
methods. By introducing the pixel and embedding consistency loss (PECL), the
proposed model effectively balances pixel-level fidelity with embedding-level sim-
ilarity, resulting in consistent improvements across PSNR, PSNRy, and OCRρ.
With a Siamese network and contrastive loss, PECL enhances the SR model,
improving perceptual quality and task-specific performance while preserving
fine-grained details.

The analysis of distortion maps underscores the model’s capability to miti-
gate blurring and compression artifacts while maintaining sharpness, a critical
factor in generating high-quality SR images. By enforcing embedding distance
minimization through the proposed PECL, the SR model achieves superior
alignment between SR and HR license plates. This results in semantic con-
sistency and improved recognition accuracy. Additionally, the loss function dy-
namically optimizes the contributions of pixel-wise and embedding-based losses
during training, ensuring stability, adaptability, and robustness against varying
degradation levels.

In summary, this work contributes to advancing LPSR by combining an in-
novative loss function with a robust architectural design. The proposed model
demonstrates competitive performance, delivering visually accurate results com-
pared to state-of-the-art methods, such as SwinIR and TBSRN, while enhancing
the text recognition task.

Future work will explore multi-image super-resolution to leverage temporal
and spatial information for enhanced reconstruction. Besides, the proposed
model may benefit from knowledge distillation to create a lightweight and more
robust version.
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