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1 Introduction

With the rapid growth of urbanization and the increasing number of
vehicles, automatic license plate recognition systems have become an essential
component of traffic monitoring and management. However, the accuracy of
these systems decreases when the captured plate images have low resolution
or are affected by environmental noise. This study investigates the use of
diffusion models to enhance the resolution of Iranian license plate images under
such challenging conditions. In the proposed framework, a diffusion-based
denoising process progressively reconstructs and refines image details iteratively.
Experimental evaluations demonstrate that the proposed method outperforms
well-known approaches such as Bicubic interpolation and deep learning-based
super-resolution models, including SRGAN, Real-ESRGAN, BSRGAN, and
SwinlR, in terms of perceptual quality and objective metrics. Specifically, the
model achieves a PSNR of 31.2458 and an SSIM of 0.8621. Moreover, OCR
results indicate that the reconstructed images produced by the diffusion model
lead to better character readability and enhanced recognition accuracy.

puter vision techniques provide fast and accurate so-
lutions for license plate recognition (LPR). This ca-

Nowadays, with the expansion of urbanization and
the increase in the number of vehicles, traffic moni-
toring and transportation management have become
critical issues in societies. This rapid growth requires
innovative and efficient solutions in traffic monitor-
ing, transportation system management, and control
of traffic violations. In the present era, advanced com-
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pability enhances tasks such as implementing intel-
ligent parking systems or optimizing transportation
systems [1, 2]. Moreover, it facilitates vehicle surveil-
lance for enhancing security and managing traffic vi-
olations [1].

Several steps are involved in vehicle license plate
recognition. First, pre-processing is applied to the
image to enhance its quality and remove any noise.
Next, the detection stage identifies the location of the
license plate within the image. After that, the pro-
cess moves to character recognition, where the char-
acters on the plate are identified and extracted. Fi-
nally, post-processing is performed to correct any po-
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tential errors and optimize the final results. During
the pre-processing stage, image noise is reduced, and
the resolution is enhanced. Increasing the resolution
is considered one of the most important steps in the
OCR process, as higher image quality has a direct
impact on the accuracy of recognizing and correctly
extracting license plate characters.

The low quality of input images is caused by poor
lighting conditions, environmental pollution, and im-
proper camera positioning. Additionally, the small
size of the license plate in the image reduces details
and clarity, making its detection and recognition
difficult. Hence, in the vehicle license plate recogni-
tion process, image resolution plays a crucial role, as
higher image resolution directly increases the accu-
racy of recognizing and extracting plate characters.
Recently, significant advancements in deep learn-
ing and increased computational power have played
a crucial role in improving image super-resolution
processes. These methods employ models such as
Convolutional Neural Networks (CNNs) to establish
a comprehensive end-to-end mapping between low-
resolution (LR) images and high-resolution (HR) im-
ages [2]. Generative Adversarial Networks (GANs),
such as SRGAN [3] and ESRGAN [4], have signif-
icantly enhanced the quality of the reconstructed
images.

Diffusion models (DMs), with their introduction,
have brought about a major transformation in the
field of image generation, including super-resolution
(SR), and have challenged the dominant position
of GANs [5]. The Denoising Diffusion Probabilistic
Model (DDPM) [6] has recently gained widespread
attention. This model is used in various areas such
as image synthesis [5], super-resolution [7], image-to-
image [3], and more.

In this paper, the application of diffusion models
for enhancing the resolution of Iranian license plates
(IR-LPR) [9] is examined under conditions where ve-
hicle license plate recognition is challenged by low
image resolution and environmental noise. Further-
more, the performance of the proposed method is
evaluated through experiments and comparisons with
other approaches such as Bicubic [10], SRGAN [3],
Real-ESRGAN [11], BSRGAN [12], and SwinIR [13].
Additionally, considering that optical character recog-
nition (OCR) heavily depends on image quality and
resolution, the OCR performance before and after im-
age enhancement is compared. These findings demon-
strate the high capability of diffusion models in recon-
structing high-quality images and enhancing the ac-
curacy of license plate recognition. Furthermore, the
results provide a new direction for future research in
advancing traffic monitoring systems and automatic
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license plate recognition.

The structure of this paper is arranged as follows:
Section 2 describes a summary of related works on
image super-resolution and especially license plate
super-resolution. Section 3 presents the diffusion mod-
els. Section 4 presents the experiments and their re-
sults, which are discussed from both quantitative and
qualitative perspectives. Section 5 concludes the pa-
per.

2 Related Works

In this section, previous studies are reviewed. First,
early image enhancement methods are examined, and
then techniques for enhancing vehicle license plate
images are reviewed.

2.1 Image Super-Resolution Methods

Image super-resolution can be realized through vari-
ous methods, which are broadly categorized into clas-
sical methods and deep learning-based methods. Clas-
sical methods for super-resolution encompass a va-
riety of approaches, including edge-based methods

[14, 15], statistical methods [16], patch-based meth-
ods [17], interpolation-based methods [10], and sparse
representation-based techniques [18]. With the emer-

gence of deep learning and the increase in computa-
tional power, this field has undergone a fundamental
transformation. Convolutional neural networks were
first introduced several decades ago as an innovative
approach to processing image data [2]. The promi-
nent methods in this field include SRCNN [2], FSR-
CNN [19], and ESPCNN [20]. Following the success
of CNN-based approaches, GAN-based methods were
introduced in 2017, consisting of two main compo-
nents: the generator and the discriminator. Moreover,
GAN-based methods, such as SRGAN and ESRGAN,
have achieved remarkable advancements in enhanc-
ing perceptual quality. However, they still face chal-
lenges such as mode collapse, high computational cost,

and difficulty in convergence [21]. Recently, diffusion-
based models have gained significant attention in the
field of super-resolution [22]. Different types of dif-

fusion models, including Denoising Diffusion Prob-
abilistic Models (DDPM) [6], Score-Based Genera-
tive Models (SGMs) [23], and Stochastic Differential
Equations (SDEs) [24], define the fundamental princi-
ples and key structures of the diffusion process. These
models have been successfully utilized to improve the
quality of image reconstruction in various tasks.

Diffusion probabilistic models were first intro-
duced by Ho et al. in 2020 [6]. The SR3 method is
an innovative approach to image super-resolution
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that leverages DDPMs for conditional image gen-
eration. This method performs super-resolution
through a stochastic iterative denoising process [7].
In the SinSR method, a simple and fast approach for
super-resolution image reconstruction is presented,
requiring only a single inference step. This method
produces high-quality outputs by learning from the
teacher model and directly utilizing real images [25].
A method named ResShift has been proposed, which
performs image super-resolution with high efficiency
using only 15 sampling steps. In this method, instead
of using Gaussian noise, the HR image is degraded
toward the LR image, which significantly reduces the
length of the diffusion process [26].

2.2 License Plate Image Super Resolution

Some studies examine super-resolution in license
plate images. Enhancing the resolution of vehicle
license plate images through image processing tech-
niques has a substantial impact on achieving more
accurate recognition and identification of license
plates. Yang et al. [27] introduced the MSRCNN
method, which employs a multi-scale convolutional
neural network inspired by the Inception architecture
of GoogLeNet to enhance the resolution of license
plate images. In this model, convolutional layers
with different kernel sizes capture fine and coarse im-
age features at multiple spatial scales. The extracted
features are then fused through non-linear activation
functions such as ReLU to preserve both local tex-
tures and global structural information, resulting in
higher-quality reconstructed images. Experimental
results demonstrate that this approach significantly
improves the clarity of low-resolution license plates
and enhances recognition accuracy in surveillance
systems. A new method is proposed for enhancing
the resolution of license plate images using GANs
and the pre-trained VGG-19 network. The proposed
approach utilizes MSE and PSNR to reduce content
loss while preventing excessive image smoothing,
thereby preserving pixel data [28].

Mei et al. [29] proposed a GAN-based approach to
enhance the quality of vehicle license plate images.
In this method, the generator first synthesizes high-
resolution images to learn detailed spatial and tex-
tural representations. These images are then down-
sampled to create realistic low- and high-resolution
training pairs, enabling supervised learning of the re-
construction process. The generator subsequently re-
constructs high-quality images from low-resolution in-
puts, while the discriminator evaluates the realism
of the outputs and provides adversarial feedback to
iteratively refine the generator’s performance. The
results indicated that this method enhances visual
quality and OCR accuracy compared to interpolation

methods, making it a valuable tool for security forces
in extracting information from surveillance images.

Pan et al. [30] proposed a GAN-based method for
enhancing the resolution of license plate images and
improving the recognition rate of low-quality plates.
They designed an n-stage random combination degra-
dation model (n-RCD) to simulate the characteris-
tics of low-resolution license plates in natural environ-
ments. Then, they developed a new network called
LPSRGAN to optimize SRGAN and enhance image
reconstruction. Additionally, a perceptual OCR loss
function was introduced to preserve both character
details and accuracy.

In a study conducted in Taiwan by Wang and col-
leagues, the low image quality of road surveillance
cameras often hindered accurate license plate recog-
nition. To address this issue, SR technology was uti-
lized. This study evaluated the performance of three
SR models: Real-ESRGAN, A-ESRGAN, and Star
SRGAN in enhancing the resolution of license plate
images and improving recognition accuracy, aiming
to identify the most suitable model for this applica-
tion [31]. Another method was proposed by AlHa-
lawani and colleagues, focusing on enhancing the res-
olution of license plate images using SR technology
and diffusion models. They utilized deep learning
models to restore lost details in low-resolution license
plate images. The results demonstrated that their ap-
proach improved license plate recognition accuracy
and outperformed traditional techniques as well as
other methods based on CNNs and GANSs [32].

3 Diffusion-Based License Plate Super-
Resolution

In this section, an approach is presented that has been
specifically designed to enhance the resolution of Per-
sian license plate images by using diffusion models
(see Figure 1).

Assume that a paired dataset of high-resolution
(HR) and corresponding low-resolution (LR) images
is available, derived from the IR-LPR dataset specif-
ically designed for Persian license plate images [9].
Here, z denotes the degraded low-resolution image,
and z denotes its corresponding high-resolution ver-
sion. The degradation typically results from adding
noise to the HR image or reducing its resolution, as
explained below [32].

x = G(z,0) (1)

Additionally, 6 represents the degradation param-
eters. In the super-resolution task, using a diffusion
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Figure 1. Overview of the SR framework. (Top) Training phase where the network €y learns to predict the added noise. (Middle)
Inference phase showing the iterative refinement. (Bottom) Detailed U-Net architecture [7]. The LR input z is bicubically upsampled
and concatenated with y; at each step. The network predicts the noise €y, which is then used in the reverse diffusion step to

compute y¢—1.

model, an attempt is made to reconstruct gy, which
is considered an approximation of the high-resolution
image z from x. Although many existing methods fo-
cus on pixel-level details, this often leads to the ne-
glect of the image’s structural features. Diffusion mod-
els, based on non-equilibrium thermodynamics, con-
sist of two phases: the forward noise application phase
and the reverse noise removal phase.

Forward Diffusion: Starting from the initial in-
put, the LR input image is enlarged to match the di-
mensions of the HR image using bicubic interpolation.
Spherical Gaussian noise with variance (3, is added at
each step of the Markov chain. At step t, y; is gener-
ated by adding noise to y;_1 as follows [32]:

qWe | yi—1) =N (v 10 = VI = Brye—1, 50 = Bid)
(2)
The Markov chain generates a step-by-step pro-
cess that starts from the bicubic of the initial low-
resolution image yo and progresses to the image yr
at the final time step. In this process, Gaussian noise
is added at each step, gradually degrading the image

and transferring it from the original space to a noisy
space close to a Gaussian distribution. The goal of
this chain is to produce a sequence of degraded im-
ages, where each image is generated using information
from the previous step along with the added noise (as
shown in Figure 2).

T

3)

Ye-1

Yt Yr~N(0,1)

Yo~p(ylx)

Figure 2. The sequential addition of Gaussian noise to the
original image via a Markov chain, gradually transforming the
low-resolution input into a distribution that approximates a
Gaussian profile.

This chain generates a sequence from yy to yr.
Using the reparameterization trick and the notation
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o =1—f; and @; = Hizl a, the following equa-
tions can be concisely defined [6].

yt:\/l—b’tyt—1+\//37t6t—17 et ~ N(0,1) (4)
=vaar_1yi—2+\Jor(l—og_1) e 2+ V1 —are 1

=Vatyo + V1 —ateo

In this section, by defining «; and @&y, it becomes
possible to determine y; at each step based on f;.
Therefore, y; is generated through the following pro-
cess.

Yo~ q e | yo) =N (yis vVawyo, 1 —a)I)  (5)

Reverse Diffusion: In the reverse, samples are
generated from the original data distribution, which
corresponds to the HR image in the super-resolution
task. Starting from a noisy sample drawn from a Gaus-
sian distribution, the model progressively removes
noise through a sequence of denoising steps to recon-
struct the original high-resolution image. This reverse
process is modeled as a conditional Markov chain.

This operation, which is modeled as a conditional
Markov chain under the model Py (implemented us-
ing a convolutional neural network), reconstructs the
original data by progressively removing noise from
the initial sample yp, as illustrated in Figure 3.

H po(ve-1lyex) :

Yo \-p(ylx) Ve-1 Ve yT~N(O, I)

Figure 3. The reverse of the diffusion process. The model pro-
gressively removes noise using a network from a sample drawn
from a Gaussian distribution, and ultimately reconstructs the
original high-resolution image.

T
po (woer | ) = p (yr) [ [ po i1 |y, 2)  (6)

where z represents the LR input image and yp de-
notes the noisy HR sample at timestep ¢. The initial
state yr is sampled from a standard Gaussian distri-
bution:

p(yr) =N (yr;0,1) (7)

At each timestep, the reverse transition is modeled

as a Gaussian distribution:

Do (Ye—1 | Y, ) = N (ye—1; po (ye, z, t) , BeI)  (8)

where pg(y:, x,t) represents the predicted mean
and f; is the variance associated with the diffusion
schedule.

For the generative model to reconstruct the high-
resolution image, it must have access to information
from the original low-resolution input. Therefore, the
reverse diffusion process is conditioned on the LR im-
age x at each timestep. Instead of directly predicting
the denoised image, the neural network is trained to
estimate the noise added during the forward diffusion
process. The network is defined as

€0 (Y, v, t) (9)

which predicts the noise component € presented in
y¢. Following the formulation in diffusion-based super-
resolution models such as SR3 [7], the mean of the
reverse Gaussian distribution can be derived from the
predicted noise:

,ELQ (ym%t) = \/% (yt - \/% €9 (ytv‘rat)>
(10)

The U-Net used in the diffusion model bears a
strong resemblance to the structure employed in [7],
specifically adapted for the image super-resolution
task. In the contracting path, multi-scale features are
progressively extracted from the LR input through
successive convolutional and down-sampling layers.
This pathway captures both fine local textures and
global structural information essential for accurate
image reconstruction. The expanding path performs
progressive up-sampling and feature fusion via skip
connections, integrating detailed spatial information
from early layers with deeper semantic representa-
tions. The upsampled LR image is concatenated
with the noisy sample y; at each diffusion step and
provided as input to the U-Net together with the
timestep embedding. The network outputs the pre-
dicted noise eg(ys,x,t). The training objective is
defined as the mean squared error between the true
noise and the predicted noise:

2

£0) = Bypert [lee = o (o w 3] (11)
By minimizing this objective, the model learns
to accurately estimate the noise at each diffusion
step. This enables the reverse diffusion process to
iteratively remove the noise and reconstruct a high-
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resolution license plate image conditioned on the
corresponding low-resolution input.

4 Experiments

In this section, the dataset is introduced, then the
evaluation metrics are described for image super-
resolution. Next, various methods are compared to
assess how much the license plate image quality
improved. Finally, to examine the impact of these
enhancements on OCR results, the OCR outputs are
compared before and after image resolution enhance-
ment.

4.1 Dataset

The IR-LPR [9] dataset is gathered over the period
from 2018 to 2022. This dataset includes 19,937 ve-
hicle images with fully annotated license plates and
27,745 license plate characters. These data can be uti-
lized for various applications, such as vehicle identi-
fication, automated toll collection, stolen vehicle de-
tection, traffic law enforcement, and access control to
private areas. Iranian license plates follow a standard
format and consist of two sections. The first section
is a unique combination of two digits on the left, an
alphabetical character in the middle, and three dig-
its on the right. Additionally, the background color
of the plates varies based on the type and usage of
the vehicle; for example, private cars have a white
background, while taxis and public transportation ve-
hicles have a yellow background. The dataset covers
two different lighting conditions, including 16,845 im-
ages captured during the day and 4,122 images cap-
tured at night. Additionally, a separate dataset con-
taining 27,745 license plate images has been prepared
to enhance the license plate character recognition pro-
cess. We randomly select 2000 samples as test data.
The original images are downsampled by a factor of
8, resulting in images with dimensions of 64 x 64 x 3.
These downsampled images are used as inputs to the
diffusion model. Figure 4 presents some sample im-
ages from the dataset.

Figure 4. Sample Images from the IR-LPR Dataset.
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4.2 Evaluation Metrics

Image quality is a multidimensional concept that en-
compasses features such as sharpness, contrast, and
noise reduction [33]. Therefore, an accurate evalua-
tion of SR models based on the quality of the gener-
ated images is a complex and challenging process. To
accurately and comprehensively evaluate the perfor-
mance of the model, we used the following metrics:

Peak Signal-to-Noise Ratio: Peak Signal-to-
Noise Ratio (PSNR) is one of the most commonly
used metrics for evaluating image quality and re-
construction. This metric defines the ratio of the
maximum pixel value L to the mean squared error
(MSE) between the SR image y and the HR image
z [33], where MSE is the sum of the squared differ-
ences between each pair of pixels in the two images
divided by N (where N is the total number of pixels).
This metric focuses on pixel differences, which often
do not align with human perceptual quality, as even
the smallest pixel shifts can reduce the PSNR value
without affecting the quality perceived by the human
eye. It can be expressed as follows:

PSNR 10 -1 v 12
(z,y) = 10 - logy, <W> (12)

N £Lui=1

SSIM Index: Structural Similarity (SSIM) is a
commonly used method for image evaluation that fo-
cuses on the differences in structural features between
images. This metric independently calculates SSIM
by comparing the luminance, contrast, and structural
comparison measures of the image [33].

SSIM(z,y) = [[(z,9)]* - [e(z,))” - [s(z )] (13)

Here «, 3, and ~, each greater than zero, are pa-
rameters that can be adjusted to control the relative
importance of the components. This function uses
the three components of luminance [, contrast ¢, and
structure s comparison measures.

MS-SSIM: It is an image quality assessment
metric that operates on multiple scales. By analyz-
ing image quality at different resolution levels, it
provides higher accuracy and is used for evaluating
super-resolution methods and image compression.
MS-SSIM can be written as follows [34].

MS-SSIM(z, ) = Ias (2,9)* - TIIZy [e5 (2, )] [s (= )]
(14)

In this equation, lj; denotes the luminance com-
parison at scale M. ¢; and s; describe the image’s
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contrast and structure comparisons at scale j, respec-
tively. The constants as, 8, and ; are used to spec-
ify the contribution of each of these components to
the final result.

4.3 Training Details

In this section, the model settings and details related
to model training are discussed. The LP-LPR dataset
is used for training the model. This dataset contains
diverse images taken from different angles. The model
is implemented using PyTorch. Additionally, to meet
the computational demands of the diffusion model
and comparison models, Google Colab, Google Colab
Pro, and the NVIDIA Quadro RTX graphics card are
used.

For the diffusion model, the image size is initially
reduced from 512 x 512 x 3 to 64 x 64 x 3. The model
training process is carried out over 910,000 iterations,
based on Saharia et al. [7]. Table 1 presents the main
architectural details.

Table 1. Main Architectural Details.

Parameter Quantity
Learning rate 3e-6
Batch size 2

# workers 8

# Channels 3
Low-resolution size 64
High-resolution size| 512
Optimizer Adam

4.4 Visualization of the Reconstruction Pro-
cess

In Figure 5, there is an input image with dimensions
64 x 64 x 3, shown in (a). Then, using the denoising
process in the diffusion model, as illustrated in (b),
the image is processed. This process results in a high-
resolution image with dimensions 512 x 512 x 3, shown
in (c¢). By comparing this image with the Ground
Truth (d) image, it is observed that they are visually
very similar, and the differences between them are
hardly noticeable.

4.5 Results

In the following, the quantitative analysis is presented
first, followed by the qualitative analysis of the results
for test images. The results are reported for test data.

Quantitative Comparison: This section com-
pares our results with the results obtained from four
selected methods, including Bicubic [10], SRGAN [3],
Real-ESRGAN [11], BSRGAN [12], and SwinIR [13].
The results are presented in Table 2.

Table 2. The quantitative performance of different methods
for image super-resolution.

Method PSNR | SSIM MS-SSIM
Bicubic 22.1678|0.7275| 0.8878
SRGAN 29.4276|0.8150 | 0.8712

Real-ESRGAN |25.1024|0.7513 | 0.8391
BSRGAN 25.9881|0.7833| 0.8655
SwinIR 21.5635|0.7175| 0.8132
Diffusion Model|31.2458|0.8621| 0.9023

For evaluating the results, the PSNR, SSIM, and
MS-SSIM metrics are used, as detailed in Section 4.
The results demonstrate that the diffusion model
outperforms the compared methods. Specifically, the
PSNR value for the upsampling model is improved
by 9.078 compared to the Bicubic method, by 1.8182
compared to the SRGAN method, by 6.1434 com-
pared to the Real-ESRGAN method, by 5.2577 com-
pared to the BSRGAN, and by 9.6823 compared to
the SwinIR method. In addition, the SSIM metric of
the diffusion model outperforms the Bicubic method
by 0.1346, the SRGAN model by 0.0471, the Real-
ESRGAN model by 0.1108, the BSRGAN model by
0.0788, and the SwinIR model by 0.1446. The dif-
fusion model performs better and more efficiently
than traditional and advanced methods in generat-
ing high-resolution images, thereby improving the
quality of license plate images.

On the other hand, the MS-SSIM metric outper-
forms the Bicubic method by 0.0145, the SRGAN
method by 0.0311, the Real-ESRGAN method by
0.0632, the BSRGAN method by 0.0368, and the
SwinlR method by 0.0891. Bicubic is a classical
upsampling technique that estimates pixel values
based on neighboring pixels; however, it cannot re-
cover lost high-frequency information, resulting in
blurred edges and limited detail restoration. SRGAN
improves perceptual image quality using adversar-
ial learning and perceptual loss, producing sharper
images than interpolation-based methods, but it
may introduce artificial textures and visual artifacts.
Real-ESRGAN is designed for blind super-resolution
in real-world images and uses high-order degradation
modeling; although it enhances perceptual sharp-
ness, it may still generate unrealistic textures in
some regions. Similarly, BSRGAN simulates complex
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(a) LR image 64=64x3

(c) HR image 512x512x=3

(d) Ground truth image

Figure 5. The various stages of the image reconstruction process. (a) Low-resolution image (64 x 64 x 3), (b) denoising process
via the diffusion model, (c) reconstructed high-resolution image (512 x 512 x 3), and (d) ground truth image for comparison.

degradation processes to handle real-world degraded
images, but it may face challenges in consistently pre-
serving structural details. SwinIR, which is based on
a transformer architecture, performs image restora-
tion using Swin Transformer blocks; however, it may
have limitations in the stable refinement of local
structures. In contrast, the diffusion-based frame-
work reconstructs images through an iterative denois-
ing process, in which structural details and edges are
gradually refined. This leads to more stable recon-
structions, fewer artifacts, and better preservation of
fine details compared with the examined methods.

Overall, the evaluation results indicate that the
diffusion model achieves acceptable performance in
the quantitative metrics PSNR, SSIM, and MS-SSIM
compared with Bicubic, SRGAN, Real-ESRGAN,
BSRGAN, and SwinlR. Improvements in these met-
rics indicate better reconstruction of image details,
more effective preservation of structural information,
and enhanced perceptual image quality. This per-
formance can be attributed to the diffusion model’s
ability to gradually learn image details, reconstruct
lost information step by step, and preserve structural
and textural consistency during the generation pro-
cess. By leveraging a progressive denoising process,
the model improves the reconstruction of fine details
and the overall image structure, providing satisfac-
tory results compared with both traditional methods
and advanced deep learning-based approaches.

Qualitative Results: The results presented in
Figure 6 show the visual outputs of various methods
for some sample images. After reviewing the images
produced by other methods, it is observed that the
proposed method produces fair results. Diffusion-
based frameworks rely on an iterative denoising mech-

anism, which enables a progressive and stable image
reconstruction process rather than a single-pass infer-
ence. In contrast to GAN-based architectures, which
are often susceptible to training instability and the
generation of artifact-prone, hallucinated textures,
diffusion approaches benefit from a more robust op-
timization landscape. This methodology effectively
mitigates unwanted artifacts, thereby supporting
the structural integrity of character boundaries and
high-frequency details. Furthermore, compared to
Transformer-based approaches, diffusion models facil-
itate more effective local feature refinement through
their multi-step reconstruction process, which con-
tributes to better preservation of sharp edges and
fine structural elements that are essential for OCR
readability.

Finally, the quantitative and qualitative evalua-
tions show that the images generated by the diffusion
model accurately preserve all the visual and content-
related features of the original image. This indicates
that the diffusion model has the capability to gener-
ate high-resolution images in a way that preserves
the intrinsic and structural features of the original
image without any alterations or loss of accuracy
during the reconstruction process.

Computational Complexity: Table 3 illustrates
the computational complexity of different methods.
In terms of computational cost, the compared ap-
proaches exhibit notable differences. The diffusion
model requires the highest amount of computation
and has a longer execution time compared to other
methods. This high complexity is inherent to the
structure of diffusion-based models, as the image
reconstruction process is performed iteratively and
step-by-step, with each stage involving a full forward
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Figure 6. The Visual Outputs of Various Methods for Some Sample Images.

pass through the network. Consequently, although
diffusion models are inherently computationally
heavy and time-consuming, this cost leads to signifi-
cant improvements in reconstruction quality and the
preservation of fine image details.

Table 3. The Parameters and Total Inference Time for an
Image.

. . Real- . Diffusion
Bicubic|SRGAN ESRGAN BSRGAN|SwinIR Model
Parameters 0 16.85M | 16.73M 16.7M |11.8M | 628M
Inference | 50 | 095 | 0.2 024 | 022 | 0.83
Time (s)

OCR: As previously stated, the accuracy of license
plate recognition systems is highly dependent on the
quality of the input image [35]. In this section, a com-
parison is presented between the vehicle license plate
recognition results before and after using image super-
resolution. OCR is a process that converts document
images into searchable and editable text; for this rea-
son, this technology is used as an efficient tool for
processing scanned documents [30].

To evaluate the impact of the proposed super-
resolution method on downstream recognition, li-
cense plate OCR results before and after image
enhancement are compared. For this purpose, the
OCR model from [37] is used, which was trained on
the IR-LPR dataset and follows a hybrid vision-and-
language-model framework. In this approach, the
visual recognition stage extracts the initial plate char-
acters, and a language-model-based post-processing
module then corrects errors according to the struc-
tural patterns of Iranian license plates. Applying
the same OCR pipeline to both the original low-
resolution images and the super-resolved outputs
allows us to assess how improvements in visual qual-
ity contribute to more reliable recognition. Figure 7
summarizes these results.

As shown in Figure 7, a comprehensive compari-
son has been presented between the vehicle license
plate recognition results before and after applying
the image super-resolution technique. The test data

OCR results are compared to human-provided labels,
resulting in an accuracy of 86.8 before image super-
resolution. After resolution enhancement, an accu-
racy of 90.5 is achieved. In this study, the direct
impact of improved image clarity on input quality
and consequently on the performance of the license
plate recognition system was investigated. The pri-
mary objective of this comparison is to evaluate how
enhancing image clarity can increase both the accu-
racy and efficiency of license plate recognition. The
obtained results demonstrate that improved image
clarity leads to higher recognition accuracy and en-
hanced system performance, with significant differ-
ences observed between the results before and after
applying this technique. These findings indicate that
by elevating the quality of input images, the system
can extract more detailed and precise information
from the license plates, resulting in overall better per-
formance.

5 Conclusions

In this paper, a deep model is applied that lever-
ages diffusion techniques to reconstruct high-quality
license plate images from noisy and degraded inputs.
Our approach involves a carefully designed diffusion
process that iteratively refines the input image, re-
ducing noise and restoring critical details, which is
essential for effective license plate recognition.

The results indicate that the diffusion model out-
performs other methods such as Bicubic, SRGAN,
Real-ESRGAN, BSRGAN, and SwinIR. The en-
hanced images produced not only display increased
clarity and detail, but also significantly contribute to
improving the accuracy and efficiency of subsequent
vehicle license plate recognition systems. This im-
provement is especially important in real-world con-
ditions where a decline in image quality can seriously
affect recognition performance.

Despite the promising results, one of the notable
drawbacks of this approach is its high computational
cost. Although the diffusion process is efficient, it re-
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Figure 7. A comparison of the vehicle license plate recognition results before and after image super-resolution.

Table 4. A comparison of the vehicle license plate recognition OCR results of test images after different image super-resolution

methods.

’ Bicubic

SRGAN ‘ Real-ESRGAN ‘ BSRGAN ‘ SwinIR ‘ Diffusion model ‘

’ 87.7 ‘ 89.5 ‘ 88.02

‘ 88.5 ‘ 87.4 ‘

90.5 ‘

quires significant processing power and time, which
may limit its applicability in real-time or resource-
constrained environments. Future research will focus
on optimizing this process, exploring techniques
such as model compression, accelerated algorithms,
or hybrid approaches to reduce the computational
demands without compromising the quality of the
reconstructed images.
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