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ABSTRACT

Person re-identification is one of the most important challenges in the field of image processing and
computer vision, which has attracted significant attention in recent years. One of the main challenges in
this domain is the low quality of images captured by different cameras, which can result in the loss of
important details and consequently a reduction in the accuracy of re-identification algorithms. This paper
presents a framework that enhances network accuracy and capability in determining individuals’
identities by improving the brightness of low-light images using histogram equalization techniques and
increasing their resolution using the ESRGAN network. The experimental results show that the proposed
method, by improving the brightness and resolution of images which plays a key role in revealing
important details, enhances the quality of the re-identification network's input. Also, compared to
existing methods, our model increases the accuracy of person re-identification, such that it achieved
Rank-1 accuracy of 93.6% for the CUHKO! dataset and 94.5% for the CUHKO3 dataset.
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1. INTRODUCTION

traffic management, and urban security. The ability to
reliably identify individuals across vast networks of

Person re-identification is the process of matching and
identifying an individual in photos captured by different
cameras to retrieve the top-k most similar images to the
probe image of a person within a large dataset (gallery)
recorded by different cameras (1). In recent years, with
the increasing proliferation of surveillance cameras in
urban environments, the importance of person re-
identification has become more evident than ever. This
technique has wide-ranging applications in border
control, searching for missing people, video surveillance,
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surveillance cameras can play an important role in
enhancing security. One of the main challenges of re-
identification systems is the low resolution of images,
which is particularly exacerbated when cameras capture
images from long distances, unfavorable angles, or under
adverse weather conditions, turning person re-
identification into a complex problem (2). The reduction
in image quality makes it difficult to extract accurate and
distinctive features that are essential for re-identifying
individuals, leading to decreased accuracy and an
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increased error rate (3). So far, a lot of studies have been
done to deal with these problems (4-9). Some methods
(10, 11), instead of reconstructing specific appearance
features lost due to quality degradation, focus on
mapping representations in a defined feature space across
different resolutions. This method does not solve the
problem of unequal access to information because it is
impossible to get high-resolution pixel-level supervision
for pictures of people taken from different angles. Some
researchers (12, 13) only use handcrafted visual features
and did not use neural networks to learn and improve
discriminative attributes automatically. Because of this
dependence, they have lower efficiency at dealing with
complex changes in data, such as changes in angles,
lighting, or crowded backgrounds, while artificial neural
networks (ANNGs) are capable of dealing with complex
patterns (14).

This paper proposes a three-step process for
improving the accuracy of person re-identification with
low-resolution images. The primary focus of this study is
on Low-Resolution Person Re-Identification (LR Re-ID).
Images with low resolution usually contain scattered
information and are sensitive to minor changes (15).
These images have low contrast, and their details and
edges are blurred and difficult to see, which makes it
harder to get basic features like color, pixel intensity,
pixel gradients, orientation, and so on (16). These basic
features are what allow us to get advanced and semantic
attributes, like facial structures or clothing patterns,
which are very important for re-identification. The first
step in the suggested model is to fix images with
brightness levels below a certain threshold (which is
based on a certain average pixel intensity) using
histogram equalization methods. This first step makes the
images bright enough to make hidden details in darker
areas easier to see, but the images may still not be very
sharp or have a lot of fine details. After that, a deep
learning-based super-resolution network processes the
images. We used an ESRGAN to improve the network's
ability to extract features. It does this by creating a high-
resolution image from a low-resolution input, which
greatly improves the quality of the images. This enables
rapid extraction of distinctive appearance features from
the images. Finally, the person re-identification network
(17) is used for feature extraction.

2. RELATED WORKS

In this section, the studies conducted in the areas of image
super-resolution, person re-identification, and the
application of super-resolution for person re-
identification are reviewed separately.

2. 1. Image Super Resolution Image Super-
Resolution (SR) is a prevalent method to make images

clearer by making a high-resolution (HR) version from a
low-resolution (LR) image (18). The widespread use of
deep learning has sped up the development of super-
resolution methods. Zhao et al. (19) were the first to
succeed in this area by creating a deep Convolutional
Neural Network (CNN) that linked low-resolution (LR)
and high-resolution (HR) images from start to finish by
lowering reconstruction error. This study laid the
groundwork for several other studies in the development
of CNN-based super-resolution models. Later, Wang et
al. (20) came up with a hybrid model that used clustering
of different blur kernels to get a better Peak Signal-to-
Noise Ratio (PSNR) than basic models. In addition,
image reconstruction was more effective using
aggregation-based models like MAP (21) and ESCN
(22). However, the majority of these models focus solely
on pixel-wise similarity, resulting in output images that
lack visual appeal.

Recently Generative Adversarial Networks (GAN)
are widely used in image processing. Ledig (23) used a
Generative Adversarial Network (24) and came up with
a perceptual loss function to make textures that look and
feel more real. Later, Zhao et al. (25) and Wang et al. (26)
improved the GAN architecture and learning method to
provide superior high-resolution outputs. Shamsolmoali
et al. (27) used the least squares loss as a discriminator
loss function to verify that training was stable. They also
came up with a progressive GAN that could recreate
more details in images. Subsequently, models such as
SRGAN frequently produced outputs with overly smooth
textures. The ESRGAN model was introduced to resolve
this issue (26). Residual-in-Residual Dense Blocks are
used to enhance image restoration and give it a more
realistic quality. This study utilizes the ESRGAN model's
superior ability to replicate image structures and intricate
details. Compared to older models like SRGAN, this
model is more successful in enhancing the ability to see
and understand images.

2. 2. Person Re-Identification The use of deep
networks in person reidentification has recently garnered
considerable interest from researchers (28). Early CNN
architectures, through the utilization of sequential
convolutional layers, were able to significantly enhance
the process of feature extraction and learning (29).
Sezavar et al. (30) used a CNN-based feature extractor to
obtain initial features for person re-identification,
followed by a sparse representation for matching
individuals across diverse viewpoints that this
combination has facilitated the identification of
individuals possessing diverse characteristics that
integrate well within the group. A combination of an
autoencoder and a deep convolutional neural network is
used for person re-identification (17). The CNN initiates
by identifying visual features. The autoencoder reduces
their size and enhances their uniqueness through
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compression and reconstruction. This compression
reduces noise, enhancing the model's utility across
diverse scenarios.

Chen et al. (31) examined a novel deep network
known as the Deep Quadruplet Network. This network
uses a quadruplet loss function. Instead of the standard
triplet loss, this new loss function helps the model handle
the distance between positive and negative samples. It
also helps create a more structured and discriminative
feature space. Zhao et al. (32) introduced a network
called Spindle Net that analyzes features based on
different human body regions for person reidentification.
First, the network divides the person's image into
separate body parts. Then, it extracts features from each
segment on its own and finally combines these features.
Liu et al. (33) introduced a network termed the
Comparative Attention Network (CAN), which is trained
end-to-end for person reidentification. The network
adaptively focuses on critical regions of the images and
extracts significant features in a comparative manner to
strengthen discrimination between individuals. The use
of an attention mechanism enables the model to
concentrate on the more relevant parts of the body while
ignoring less useful regions. This technique makes re-
identification more accurate, especially in complex
scenarios with diverse backgrounds.

2. 3. Low-Resolution Person Re-Identification
In recent years, a lot of work has gone into solving the
problem of person re-identification in low-resolution
images. Early approaches primarily relied on dictionary
learning and metric learning, but their performance was
limited due to the lack of sufficient fine-grained details
in low-resolution images. Many SR-based techniques
have been proposed that greatly enhance matching
accuracy thanks to progress in neural networks and
super-resolution technology. Jiao et al. (34) were the first
to put the SRCNN network and a re-identification
network together into a single framework and suggest a
way to train both networks at the same time. Wang et al.
(35) used SR-GAN in a cascading structure by putting a
number of SR-GAN modules in a row. This way, each
low-resolution picture is sent to a different generator,
which makes sure that all of the pictures are the same
size. But neither of these methods trains SR modules
together, so they don't take into account the extra features
that each one finds. This makes it easy to improve them
all in one place. They also did not consider generative
artifacts, which hurt recognition performance, especially
when the scaling factor gets bigger. Cheng et al. (36)
improved the SR-RelD framework by using a better
training method, which led to better results. Their method
makes the two sub-networks work better together by
using the natural relationship between super-resolution
and re-identification. Mao et al. (10) added two parts: the
first is a foreground-centric super-resolution model

(FFSR) that fixes resolution loss in low-resolution input
images, and the second is a resolution-invariant person
re-identification module that helps with feature
extraction. Even though this method has shown
promising results, it requires accurate labeling of the
foreground region to guide the image recovery learning
process. Chen et al. (37) came up with the Resolution-
Adaptive and Identity-Preserving Network (RAIN),
which uses reconstruction loss to bring the feature
distributions of high-resolution and low-resolution
images closer together. This helps reduce the disparity
between the deep features of images at different
resolutions. Li et al. (38) developed a method that
integrates resolution-invariant representation learning
with image super-resolution to make cross-resolution
person re-identification (RelD) work better.

3. PROPOSED METHOD

Figure 1 shows a general image of the proposed network.
The model consists of three fundamental components.
The first part enhances the image's brightness by
equalizing the histogram in the HSV color space. In the
second part, the ESRGAN network is used to improve the
image resolution. Finally, the reconstructed images are
fed into a re-identification network, which pulls out
features that are related to a person's identity. The next
sections will explain the details of each phase. The
proposed method is represented in Algorithm 1.

3. 1. Histogram Equalization Many surveillance
images, particularly those captured at night or in poor
weather conditions, suffer from low brightness. This
diminishes the contrast, complicating the visibility of
essential detail such as edges and facial or bodily
features. To alleviate these impacts, the initial stage is the
application of a histogram equalization approach within
the HSV color space. This color space displays the parts
of Hue, Saturation, and Value, making it easy to change
the brightness of an image directly and on its own without
changing its color. In the proposed method color images
are first converted from the RGB color space to the HSV
color space. Next, the average brightness of the V
channel is found. If the average brightness of the V dark
regions. After that, the enhanced images are converted
back to the RGB color space, and it is ready Channel is
equal to or higher than a set threshold, the original images
are sent to the next stage without any changes. Otherwise
the images are considered dark, and histogram
equalization is applied to enhance details in the for the
next step, which is the super-resolution network. Figure
2 shows that the overall brightness of a very dark image
can be improved without changing its colors. Histogram
equalization alone, on the other hand, can not make
images sharper or bring out fine details; it just makes the
input better for the next steps in processing.
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Figure 1. An illustration of the proposed network is presented, which consists of histogram equalization, a super-resolution network

(ESRGAN), and a person re-identification network (ReID Network)

Algorithm 1. Algorithm of the proposed method

Step 1 — Histogram Equalization

Input: RGB image
Enhanced image
1.Convert input images from RGB — HSV.
Compute the average brightness V from the V channel.
If V issmall
Apply histogram equalization on the V channel
Reconstruct HSV (H, S, V')
Convert HSV back to RGB
Else:
Convert HSV back to RGB (without changes)

Step 2 — Super-Resolution Enhancement (ESRGAN):

SR

.9‘

9.

Input: Enhanced image
Output: Super-resolved image
Training procedure (for each iteration):
Generating an SR image from an LR image
Compute perceptual loss
Compute L1 loss (SR vs HR)
Compute discriminator output on HR and SR (relativistic
GAN)
Updating Discriminator
1) Compute discriminator loss L’;;_’Y
2) Update parameters
Updating Generator
1) Compute generator loss
LGen = 7/1L1 + 72Lperceprua1 + 73L§:n
2) Update parameters

After training, the generator produces a high-resolution
image from the enhanced input.

Step 3 —Re-Identification

W

Input: Super-resolved image

Output: Recognition result
Feed the SR image into the Re-ID network to extract a
feature vector from the image
Compute similarity score
Rank gallery images based on similarity scores
Re-Identification result

Original Image H channel S channel V channel

PIRRY

BEEEEEED BEIE D BEEE D

Enhanced Image M channel (Alter Mistogram Equabzation) § channel(After Mstogram Eoualization) V channel (AMter Mistogram Equalization )

Figure 2. The original RGB image (top image) and the
enhanced version after applying histogram equalization on
the Value channel in the HSV color space (bottom image)

3. 2. Super Resolution Network The next step
after enhancing the image brightness is to use ESRGAN,
a deep super-resolution network based on GAN to make
the images clearer. ESRGAN is one of the best ways to
super-resolve pictures. The structure of GAN is what this
model is based on. The three main parts of ESRGAN are
the generator, the discriminator, and the loss function.
The generator produces high-resolution images with fine
details, and the discriminator tells the difference between
the original high-resolution pictures and the ones made
by the generator. The loss function is also composed of
three parts: pixel-wise loss, perceptual loss, and
relativistic GAN loss.
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ESRGAN utilizes a relativistic version of the GAN
called RaGAN (Relativistic Average GAN) (35). This
method uses relative discrimination to tell the difference
between real and fake pictures. The discriminator doesn't
make a clear decision about whether or not an image is
real. Instead, it looks at how real the real image looks
compared to the fake one. This function makes the
training process more stable and the results better. The
perceptual loss is calculated using the feature map of the
image that the generator made and that was taken out
before the final activation function. This loss makes the
final output look more like real photos in terms of how
they look and how many small details there are (39).
After that, the pixel-wise error is calculated, and the
resulting image is sent to the discriminator network.
During training, the discriminator is also given the
original image, which helps it tell the difference between
real and fake images. The generator then changes its
adversarial loss and makes a new version of the same
image. The process goes on until the discriminator can no
longer tell the difference between real and fake images.
The total loss of the network is defined as follows:

R
Lot =LGen + LD?Y 1)

where Lgen s the loss of the generator, L7¢ is the loss of

the relativistic discriminator, and the generator loss is the
sum of the next three loss functions:

LGen = 7/1L1 + yZLpemeptual + }/3[’2;1 (2)

Y1, v2 and y3 are weights for different loss types, which
control the influence of each loss and are chosen
approximately. Lyerceptual 1S the perceptual loss, L2¢ is the

relativistic generator loss, and L is the pixel-wise loss.

3. 2. 1. Pixel-Wise Loss The network uses a pixel-
wise loss function to enhance the pixel-level accuracy of
the generated image. This helps ensure that the high-
resolution image Isr closely resembles the real image Ixr
in terms of pixel values. To improve performance and
convergence the loss function L, is used, as the standard
loss function L, often leads to overly smooth results. L;
loss is is computed as follows:

L= > s x.y) =1 (x.3) 3)

where W and H are the image's width and height,
respectively. This equation finds the L1 distance between
the pixels of the high-resolution image that was made and
the real image.

3. 2. 2. Perceptual Loss Perceptual loss functions
by contrasting the feature representations of the original
and generated images, hence enhancing the preservation
of image quality and fine details. Feature maps are

derived from the generator's output prior to the final
activation function, retaining high-level semantic
information for the calculation of perceptual loss. This
method enhances the correlation between the features of
the input and the reconstructed images, leading to
enhanced reconstruction quality and increased overall
model performance (26). The feature maps of the high-
resolution original image Iur and the image generated
Isr by the generator are compared utilizing the Euclidean
distance, and the perceptual loss is calculated based on
the following equation:

perceptual = 2 2 (¢L -J (IHR )xy - {4 J (ISR )xy )2 (4)

The feature map ¢i; comes from the j-th convolutional
layer and the i1 before the i-th max-pooling layer.

3. 2 .3. Relativistic Gan Loss The relativistic
adversarial generator network estimates the probability
of distinguishing between real data and generated data by
calculating the following distance:

Dy - I 1) 5)

The Relativistic Generative Adversarial Network
(RGAN) generates images of individuals with enhanced
sharpness and superior visual and frequency details
relative to the conventional Generative Adversarial
Network. This principle is elucidated in Equations 6 and
7:

D, (Redl , Fike)=C (Real ) —E (C (Fake)) —>1 (6)

D, (Fake,Real) =C (Fake)—E (C (Real )) =0 )

These two equations show how much more realistic the
real image is compared to the fake image and how much
less realistic the fake image is compared to the real
image. In this case, E(-) is the average of real or fake data
in a batch and is the output of the discriminator. This
small change makes the model work better than the old
discriminator network. Equations 8 and 9 show,
respectively, the loss function for the discriminator
network and the adversarial loss for the relativistic
generative network:

LI;;;: = _EIH,( [log(DRa (]IIR 7ISR ))] - ESR [IOg(l _DRa (]SR ’]IIR ))] (8)

Lg:n = _EIHR [log(D g, (1 1 1 55 )] E g [108(D g, (L 1 11 )] )

The relativistic generative adversarial network is a big
step up from the standard GAN because it uses a
relativistic loss function. This method lets the
discriminator compare real and fake images instead of
classifying them. In contrast to the conventional GAN,
which ceases to learn from real data upon reaching an
optimal state, RGAN persists in learning from both real
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and synthetic data, as its gradients are influenced by both
categories. Furthermore, RGAN produces images
characterized by sharper edges, enhanced visual details,
and more detailed frequency distribution. Utilizing
relative comparison rather than absolute classification
enhances the stability of the training process and
mitigates problems such as mode collapse.

3. 3. Super Resolution Network  This study uses a
pre-trained CNN-based network to re-identify persons.
Using CNN as an appropriate deep learning algorithm
enables the extraction of meaningful and high-level
image features (40). The preprocessed high-resolution
images are fed into a CNN utilizing the VGGNet
architecture to extract unique feature vectors. These
vectors are compared to each other using the Euclidean
distance metric. If the distance between two vectors is
minimal, the images are presumed to depict the same
individual. Otherwise, each image is perceived as
depicting a distinct individual. In the ranking stage, the
feature vector of the probing image is compared with all
gallery images, and individuals are scored according to
their similarity. The nearest match is the one with the
least distance. The quality of the extracted feature vectors
and the improvements made to the preprocessing stages
will determine how accurate this stage is. Using a pre-
trained network not only saves time on the computer, but
it also makes it easier to get to the immense amounts of
training data that were used to train the model. Because
of this, it works well in the real world (17).

4. EXPERIMENTAL RESULTS

The experiments and evaluations in this study were
conducted on two datasets: CUHKO1 (41) and CUHKO03
(42). The CUHKO1 dataset is one of the well-known and
widely ued datasets in the field of Person Re-
Identification. In this dataset, photos of people are taken
from many angles and in different situations. Two
different cameras took the pictures, which show 971
different people. Each person is assigned four images,
with each image having a resolution of 60 x 160 pixels.

There are 14,097 photos of 1,467 people in the
CUHKO3 dataset. These were taken with six different
cameras to record individuals from various angles and
under different conditions. Figure 3 illustrates some
sample frames of these datasets.

To assess the effectiveness of the proposed method,
its performance has been compared with several well-
known person re-identification methods. The two main
ways for evaluating the accuracy of a person re-
identification system are the rank-based measure and the
Cumulative Matching Characteristic (CMC) curve (43).

The Rank-r measure tells us how likely it is that the
correct image that matches the query is one of the top r

results that the algorithm gives you (44). It is very
important to know the Rank-1 accuracy because it shows
how well the system can find the right person as the first
result. When matching is more flexible, higher rank
values like Rank-5 and Rank-10 are used to rate
performance.

We have comprehensively evaluated the re-
identification accuracy for each dataset by showing
results at four different rank levels: Rank-1, Rank-5,
Rank-10, and Rank-20. Tables 1 and 2 show the results
of the experiments. Although the proposed method
achieved lower accuracy in the Rank-5 metric compared
to some existing methods, it achieves higher accuracy in
Rank-1, which holds greater importance in practical
applications. For example, the Rank-1 accuracy on the
CUHKO1 dataset was 93.6%, and on the CUHKO3
dataset, it was 95.1%.

The CMC curve indicates how well the system
performs at different levels of rank. The horizontal axis
of this chart shows the rank, and the vertical axis shows

CUHKO03
Figure 3. Sample Images of re-id datasets: CUHKO1 and
CUHKO03

TABLE 1. Numerical results and comparison on CUHKO01

Methods Rank1 Rank5 Rankl10 Rank20
DCAE (17) 92.1% - 97.5% 99.3%
PLCA (45) 46.8% 71.8% 80.5% 88.2%

EDPR (p=100) 46)  88.2%  98.20%  99.35% -

DSA (47) 90.4% 97.8% - -
PersonNet (48) 71.14%  90.07%  95.00%  98.06%
DFSN (49) 83.95% 98.15%  98.97% -
PN-GAN (50) 67.65% 86.64%  91.82% -
PSD (51) 83.2% - 97.1% 98.8%
EFS-Net (52) 70.1% 95.2% 99.1% 99.2%

Improved Quartet (53)  93.4% 98.8% 99.2% -
The proposed model 93.6% 97.2% 99.4% 99.7%
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TABLE 2. Numerical results and comparison on CUHK03

Methods Rankl RankS Rankl0 Rank20
AACN (51) 91.39% 98.89% 99.48%  99.75%
PN-GAN (47) 79.76%  96.24%  98.56%  88.2%
PSD (48) 91.8% - 99.1%  99.6%
Improved Quartet (53)  89.8%  99.4%  99.8% -
DCAE(16) 94.4% - 99.1%  99.65%
DFSN (46) 85.5%  98.74%  99.8% -
SSM (54) 76.63% 94.59%  97.95% -
BTL (28) 75.53%  95.15%  99.16% -
Spindle Net (32) 88.5%  97.8%  98.6%  99.2%
CAN (33) 723%  93.8%  98.4%  99.2%
The proposed model 94.5% 96.3%  99.19%  99.75%

how well the system was able to find the right match up
to that rank. In other words, this curve represents how
likely it is that the correct identity is among the top r
results that were calculated as follows:

1 N
CMC(r)=ﬁZE(p,, <r) (10)
=1
E@P <r) 1 P <R "
<r)=
" 0 otherwise (an

In this equation, P, stands for the position of the nth
person on the ranked list, and N stands for the total
number of probe IDs in the dataset. The CMC curve is a
well-known and often-used statistic in many studies on
person re-identification (46, 55, 56). This curve shows
how well a model works overall by showing how
accurate it is at all rank positions, not just one. Figure 4
shows the CMC curves for the CUHKO01 and CUHKO03
datasets.

Our experimental results indicate that combining the
histogram method with ESRGAN improves person re-

2467

identification accuracy on these two datasets. Histogram
equalization enhances brightness and contrast, revealing
details hidden in dark areas and preparing the input for
ESRGAN, allowing the network to concentrate on the
real and clear information instead of on dark or low-light
areas. Unlike many traditional super-resolution methods
that add noise or edges that don't look natural, ESRGAN,
which uses a strong discriminator and an improved
perceptual loss function, preserves fine details and edges
while generating more realistic and higher-quality
images (26). The better quality of reconstruction helps
get descriptive features out, which boosts the accuracy of
person re-identification systems. Figure 5 shows
examples of the initial low-resolution images and their
corresponding high-resolution reconstructed versions.

CMC Curves for CUHKO1

-
X 95
<
9 - EDPR (P=100) (46)
Fi === DSA(47)
c 85 == PersonNet (48]
0 -~ DFSN [49]
B PN-GAN (50)
5 === PSD(51)
0 EFS-NET (52)
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(b)
Figure 4. CMC Curve for CUHKO01 and CUHKO03

1 2 3 4 5 6 7 8

(b)

Figure 5. Examples of images with (a) low resolution that have been converted to (b) high-resolution images
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Additionally, Figure 6 shows the system’s
performance in two situations: without and with the use
of histogram equalization and ESRGAN. These charts
clearly demonstrate that applying the proposed method,
particularly at lower ranks such as Rank-1 and Rank-5,

99.7 g9 3
I 92 | I I I I I I
Rank
W With Histogram and ESRGAN
B Without Histogram and ESRGAN
(a)

improves person re-identification accuracy. These results
highlight the importance of enhancing image resolution,
extracting more precise descriptive features, and
improving system performance in real-world conditions.

99.1799.11 99.75 99.65

Rank

96.3 96.1

1] I I

W With Histogram and ESRGAN
B Without Histogram and ESRGAN

(b)

Figure 6. Performance comparison under two conditions, with and without the application of histogram equalization and ESRGAN

for (a) CUHKO1 and (b) CUHKO3 datasets

5. CONCLUSION

In this paper, a framework for person re-identification
with the objective of solving the problem of person
recognition with low resolution is proposed. Initially,
histogram equalization techniques based on the Human
Visual System (HVS) have been used to enhance image
brightness and contrast. This method, by considering the
human eye’s sensitivity to intensity variations and
details, enhances image perceptibility and improves the
clarity of edges and important structures. After this step,
the images were input into the ESRGAN network, an
advanced GAN-based network that demonstrates
remarkable performance in enhancing image
resolutions.

And with its advanced architecture, it effectively
reconstructs textures and precise structural components,
especially edges. As a result, the re-identification
network utilized in the final stage is able to successfully
extract superior and more distinctive visual features.
Comprehensive studies performed using prevalent
datasets indicate that the proposed method significantly
improves  Rank-1  recognition accuracy and
demonstrates superior performance compared to other
existing approaches.
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