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ABSTRACT
In many cities around the world, large sums of money are invested
in surveillance camera systems, but few optimize the benefits and
costs of those investments, and thus the overall impact of surveil-
lance cameras on crime rates. In this paper, based on a technique
named Real-ESRGAN applied to a practical restoration application
that has been enhanced by the efficient ESRGAN. It is a super-
resolution method that was developed in blind super-resolution
to reinstate low-resolution street images with unknown and com-
plicated degradations. It can be applied for security purposes in
surveillance systems. Since video surveillance systems typically
capture low-resolution images in many areas, the detection and
identification of objects are sometimes required. This task’s super-
resolution is tough because image appearances vary depending on
a variety of factors. The low resolution combined with poor op-
tics is completely insufficient for identifying the subject of interest
on the street, from a distance, in bad weather, or under any other
limitations. Furthermore, to strengthen discriminator capability
and create stable training dynamics, the U-Net discriminator was
employed with spectral normalization. Hence, when compared to
other experimental techniques, it can be demonstrated that this
method delivers the best result. Experiment results show that super-
resolution recovery of street images taken from a surveillance sys-
tem is attainable with the following results: PSNR: 30.36dB and
SSIM: 0.86.
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1 INTRODUCTION
Image resolution is a significant factor in calculating image quality.
The better the resolution, the more detailed the information in the
image, making it more robust for objects on street recognition tasks.
Improving image resolution has always been an unstoppable pursuit
of industry and academia. Real-ESRGAN [11] has been applied due
to its significant improvements compared to other experimental
methods. The ESRGAN [12] was extended by Real-ESRGAN, to
restore general real-world LR images by combining training sets
with a more practical degradation process.

Simply put, Real-ESRGAN extends the classical "first-order"
degradation model to "high-order" degradation modeling tech-
niques, i.e., the degradations are modeled with multiple repeated
degradation processes, each of which is the classical degradation
model. A second-order degradation process is used empirically to
obtain a great harmony of simplicity and effectiveness. A recent pa-
per [14] assumes a random shuffling strategy for synthesizing more
practical degradations. But even so, it still includes a set amount
of degradation processes, and it is unclear whether all the shuffled
degradations are useful. High-order degradation modeling, on the
other hand, is more adaptable and aims to imitate the real degra-
dation generation process, 𝑠𝑖𝑛𝑐 filters in the synthesis procedure
are employed to simulate ringing and over-shoot artifacts. Because
the degradation space can be much bigger than ESRGAN, training
becomes tough. First, the discriminator must be more powerful to
distinguish realness from complicated training output. Secondly, the
discriminator’s gradient feedback should be more precise for local
information improvement. In Real-ESRGAN, a VGG-style discrimi-
nator was upgraded to a U-Net design [7][8][13]. Thirdly, the U-Net
architecture and complex degradations increase training instability.
To balance the training dynamics, spectral normalization (SN) reg-
ularization [6][8] was used. It is simple to train Real-ESRGAN and
obtain stability of local detail advancement and artifact suppression
with the dedicated improvements.

2 REAL-ESRGAN
2.1 Classical Degradation Model
Blind SR recovering high-resolution images from low-resolution
images that have undergone unknown and intricate degradations.
Based on the underlying degradation process, existing techniques
can be divided into two categories: explicit modeling and implicit
modeling. The classic degradation model [1][4] is widely used in
explicit approaches [2][3][15] and includes blur, downsampling,
noise, and JPEG compression. To generate the low-resolution input,
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Figure 1: Illustration of High-order data generation Real-ESRGAN

the classical degradation architecture [1][4] is commonly utilized.
In general, the ground-truth image 𝑦 can be convolved with the
blur kernel 𝑘 first. Afterward, with scale factor 𝑟 , a downsampling
operation is applied. Adding noise 𝑛 yields the low-resolution 𝑥 .
Lastly, JPEG compression is used because it is ubiquitous in real-
world images. In general, D represents the process of degradation.

𝑥 = 𝐷 (𝑦) = [(𝑦 ∗ 𝑘) ↓𝑟 +𝑛] 𝐽 𝑃𝐸𝐺 , (1)

• Blur. Gaussian filters, both isotropic and anisotropic, are
selected. Although Gaussian blur kernels are typically uti-
lized to model blur degradation, they may still not accurately
represent real camera blur. Gaussian blur kernels [5] and a
plateau-shaped allocation implement more diverse kernel
shapes are generalized as well.

• Noise. The additive Gaussian and Poisson noise types are
applied. The probability density function of additive Gauss-
ian noise is the same as the Gaussian distribution. The noise
intensity is governed by the Gaussian distribution’s standard
deviation. Color noise occurs when unbiased sampled noise
is present for each channel of RGB images. The Poisson dis-
tribution is initiated by Poisson noise. It is frequently used
to estimate sensor noise caused by statistical quantum fluc-
tuations, or variations in the photon flux sensed at a given
exposure level. Poisson noise has a value proportional to
image intensity, and noises at the pixel level are self - reliant.

• Resize (Downsampling). Downsampling is known as the
resize operation. Nearest-neighbor interpolation, area resize,
bilinear interpolation, and bicubic interpolation are all re-
size algorithms. Different resize operations yield different
outcomes, some produce blurry images, while others may
produce over-sharp ones with overshoot artifacts. To include
more diverse and complex resize effects, a random resize
operation from the options listed above. Nearest-neighbor
interpolation is included because it exposes the misalign-
ment issue and only deems the area, bilinear, and bicubic
operations.

• JPEG compression. It is a prevalent lossy compression
methodology for digital images. It decodes images to the
YCbCr color space first, then downsamples the chroma chan-
nels. After that, the features are extracted into 8 x 8 blocks,
and each block is converted with a 2D discrete cosine trans-
form (DCT). [10] provides more information on JPEG com-
pression algorithms. JPEG compression frequently presents
unappealing block artifacts. A quality factor 𝑞 ∈ [0, 100]

reflects the quality of compressed images, with a lower q
indicating a higher compression ratio and lower quality.

2.2 High-order Degradation Model
When we use the above classical degradation model to generate
training pairs, the trained model can handle some real-world sam-
ples. Nevertheless, it is still unable to handle some complex degrada-
tions in the real world, particularly unknown noises, and complex
artifacts. This is due to the fact that synthesized low-resolution
images still have a significant difference from realistic degraded
images. To model more practical degradations, the classical degra-
dation model was extended to a high-order degradation process.
The classical degradation model only involves a limited number of
fundamental degradations, which can be thought of as first-order
modeling. Notwithstanding, real-world degradation is quite vari-
ous and typically consists of a series of mergers such as imaging
systems of cameras, image collection quality from video, and so
on. In particular, the original image could be a very limited pixel
image that the surveillance camera can get far away from the set
up system, which inevitably contains degradations such as camera
blur, sensor noise, and low resolution.

The classical first-order model could not model such a complex
deterioration process. Therefore, a high-order degradation model
is employed. An 𝑛-order model consists of 𝑛 repeated degradation
processes (as shown in Eq.2), in which each degradation process pre-
cedes the classical degradation model Eq.1 but with different hyper-
parameters. It should be highlighted that the term "high-order" is
deployed differently here than it is in mathematical operations. It
primarily refers to the time required to complete the same opera-
tion. [14] suggests that the random shuffling strategy encompasses
repetitive degradation processes (e.g., double blur or JPEG). The
key is the high-order degradation process which indicates that not
all of the shuffled degradations are intended. To maintain a reason-
able image resolution, the downsampling equation is altered with
a random resize execution. Therefore, a second-order degradation
process is employed, as it can remedy most real-world problems
while remaining simple. The general flow of data generation stream
is represented in Fig.1.

𝑥 = 𝐷𝑛 (𝑦) = (𝐷𝑛 ◦ ... ◦ 𝐷2 ◦ 𝐷1) (𝑦) (2)

2.3 Ringing and overshoot artifact
Ringing artifacts commonly occur as spurious edges near sharp
image transitions. They appear as bands near the edges. Overshoot
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artifacts are frequently combined with ringing artifacts, which man-
ifest as a higher jump at the edge transition. The primary source of
these artifacts is that signal is bandlimited and lacks high frequen-
cies. These artifacts are very common and are typically caused by
a sharpening algorithm, JPEG compression, and so on. 𝑠𝑖𝑛𝑐 filter
assists in cutting off high frequencies and synthesizing ringing and
overshoot artifacts for training sets, its filters are deployed twice:
during the blurring process and at the end step of the synthesis.
The arrangement of the last 𝑠𝑖𝑛𝑐 filter and JPEG compression is
randomized transferred to cover a larger degradation space because
some images may be over-sharpened (with overshoot artifacts) and
then JPEG compressed, while others may be JPEG compressed first
and then sharpened. The equation of 𝑠𝑖𝑛𝑐 is represented in Eq.3,
where (i,j) represents the kernel coordinate, 𝜔𝑐 denotes the cutoff
frequency, and 𝐽1 means the first order Bessel operation of the first
kind:

𝑘 (𝑖, 𝑗) = 𝜔𝑐

2𝜋
√︁
𝑖2 + 𝑗2

𝐽1 (𝜔𝑐

√︁
𝑖2 + 𝑗2) (3)

2.4 Networks and Training
2.4.1 ESRGAN. Firstly, the same generator (SR network) as ESR-
GAN [12] Fig.2 is used, i.e., a deep network with residual-in-residual
dense blocks (RRDB). In conducting super-resolution with scale fac-
tors of x2 and x1, the extension with x4 ESRGAN architecture was
represented. Since ESRGAN is a large network, the pixel-unshuffle
(an inverse function of pixelshuffle [9]) was used before continuing
to feed inputs into the main ESRGAN architecture to lower spa-
tial size and increase channel size. As a result, most calculations
are conducted in a smaller resolution space, which relieves GPU
memory and the computational consumption of resources.

2.4.2 U-Net discriminator with spectral normalization (SN). Since
Real-ESRGAN tackles a much bigger degradation space than ES-
RGAN, the existing discriminator architecture in ESRGAN is no
longer appropriate. For complex training outputs, the discrimina-
tor in Real-ESRGAN necessitates more discriminative ability. It
must ensure an accurate gradient responses for local textures in
addition to discriminating global styles. The VGG-style discrimi-
nator in ESRGAN was enhanced to a U-Net architecture with skip
connections, inspired by [8][13]. The U-Net generates realness val-
ues for each pixel that can provide the generator with detailed
per-pixel responses. Meanwhile, the U-Net architecture and com-
plicated degradations increase training instability. Regularization
of spectral normalization [6] can aid in the stabilization of training
dynamics. Furthermore, spectral normalization can help to reduce
the oversharpness and annoyance caused by GAN training. Real-
ESRGAN training can easily reach a better balance of local detail
improvement and artifact suppression with these adjustments.

3 EXPERIMENT
3.1 Dataset
A brand-new dataset collected byHAILwas used for the experiment.
It was collected by recording videos on streets in Seoul, South Korea
with a Hanwha Techwin PNO-A9081RLP camera, then frames were
extracted into images. There are 4500 images in total for use. The
resolution is 4K (4096 x 2160). And 3500 crop images in the test

Table 1: Results comparison between Real-ESRGAN, BSR-
GAN and Bicubic

Method Bicubic BSRGAN Real-ESRGAN

PSNR (dB) 25.51 28.09 30.36
SSIM 0.71 0.76 0.86

set only included license plates, car brands, and text on the car for
model evaluation. Fig.3 is samples from the proposed dataset.

3.2 Result
The luminance-based evaluation and comparison criteria, SSIM
(Structural Similarity) and PNSR (Peak Signal-to-Noise Ratio) are
used. To illustrate, two images were used for these evaluations.
We refer to them as image 1 and image 2. Image 1 is the original
degraded image from the test dataset, while image 2 is a reconstruc-
tion of image 1. SSIM is a method for calculating the similarity of
two images. The SSIM values range from -1 to 1. PSNR is calculated
to compare the quality of image 1 to image 2 which is calculated by
using the mean squared error (MSE). MSE is a statistical concept
that means that an estimator’s mean square error is the mean of the
squares of the errors, or the difference between the estimate and
what is evaluated, lower value means better performance. On the
contrary, the greater the value of SSIM and PSNR, the higher the
quality of the reconstructed image followed by Eq.4. 𝑌 represents
the ground truth (reference) and𝑌 ∗ describes reconstructed images:

𝑃𝑆𝑁𝑅(𝑌,𝑌 ∗) = 10 log10
2552

𝑀𝑆𝐸
(4)

𝑀𝑆𝐸 =
1

𝑀𝑁

𝑀∑︁
𝑖=1

𝑁∑︁
𝑗=1

(𝑌 ∗ (𝑖, 𝑗) − 𝑌 (𝑖, 𝑗))2 (5)

The SSIM evaluation between patches 𝑃𝑌 ∗ and 𝑃𝑌 is formulated as:

𝑆𝑆𝐼𝑀 (𝑃𝑌 ∗ , 𝑃𝑌 ) =
(2`𝑃𝑌 ∗`𝑃𝑌 + 𝑐1) (2𝜎𝑌 ∗𝜎𝑃𝑌 + 𝑐2)

(`2
𝑃𝑌 ∗ + `2

𝑃𝑌
+ 𝑐1) (𝜎2𝑃𝑌 ∗ + 𝜎2

𝑃𝑌
+ 𝑐2)

(6)

where `𝑃𝑌 ∗ (`𝑃𝑌 ) and 𝜎𝑃𝑌 (𝜎𝑃𝑌 ∗ ) are the knowing and standard
deviation of patch 𝑃𝑌 ∗ (𝑃𝑌 ). 𝑐1 and 𝑐2 are minor constants. So, the
mean score of patch-based SSIM over the image is SSIM (𝑌 ∗,𝑌 ).

4 CONCLUSION
In this paper, by applying Real-ESRGAN, a method for reconstruct-
ing low-resolution street images into recognizable images accept-
able for recognition information tasks. The model achieved out-
standing results (SSIM:0.86, PSNR:30.36dB). It proved that gener-
ating degraded real-life scenarios input play an extremely vital
role in super-resolution models for street image recognition tasks.
Real-ESRGAN performs greatly in the removal of artifacts and the
restoration of texture details.
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Figure 2: ESRGAN generator network. It first uses a pixel-unshuffle operation to decrease the spatial size and re-arrange
information to the channel dimension for scale factors of x1 and x2.

(a) (b) (c)

Figure 3: a is sample from the train set, b and c are samples from the test set

Figure 4: Reconstructed image result comparing between Real-ESRGAN vs BSRGAN and Bicubic
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