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ABSTRACT. The super-resolution algorithm combined with the gemerative adversarial
network produces images that more accurately preserve the details and textures of real
high-resolution images. so as to help UAVs improve the quality of their own images
at a lower cost, so as to meet the applications in agriculture, geographic surveying and
mapping and other fields. Therefore, this study proposes an improved super-resolution
algorithm for generating adversarial networks, aimed at improving the quality of aerial
images captured by UAVs. Firstly, an improved one-dimensional convolutional attention
mechanism is designed and integrated into the generator model, by enhancing the model’s
focus on contextual information and reducing the parameters of the generator in the gen-
erative adversarial network, the process of image reconstruction is improved. Then, the
discriminator is transformed into a U-shaped network with skip connections, allowing it
to simultaneously learn global and local features, thereby enhancing its ability to learn
from real images. By comparing image quality and image perception quality as objective
data, experimental results demonstrate that the method proposed in this study achieves
high precision in super-resolution reconstruction and rich texture details.

Keywords: UAV images; super-resolution images; generative adversarial networks; at-
tention mechanisms

1. Introduction. As an unmanned aerial vehicle, UAVs can fly in the air and perform a
variety of tasks, such as taking photographs and videos, and performing ground monitor-
ing, which makes them highly useful in the fields of agriculture [1,2], ocean monitoring [3],
environmental monitoring [4], geographic information systems [5], and other fields.

With the advancement of UAV technology, UAVs have been greatly improved in terms
of operation, control, and safety. Compared with traditional aircraft, UAVs have the

advantages of smaller size and lower cost, so they can provide users with more affordable
2003
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options and become a new type of image acquisition tool that can be widely used. How-
ever, UAV images can encounter many problems, including low image quality, low image
resolution, blurry images, high image noise, etc. These problems may make it difficult for
UAV images to be effectively identified and processed, which will affect the application
of UAV images in agriculture, marine monitoring, environmental monitoring, geographic
information systems and other fields. For example, in traffic highway inspections, the
transmission of drone signals is easily interfered with, resulting in low-resolution and
noisy images transmitted by drones [6], which can mask the extent of damage to cracks
and gutters in the path, making it more difficult for monitors to observe and repair [7,8].

One method that is frequently used to efficiently increase the resolution of images is
image super-resolution reconstruction [9-11]. The amount of pixels per square inch in an
image, or pixel density, is generally referred to as image resolution. The information from
one or more low-resolution photographs can be combined with image super-resolution
technology to create high-resolution images. In this approach, image super-resolution
technology can be applied to improve the quality and clarity of an image, regardless
of the original image’s low resolution. greater pixels mean greater detail, clarity, and
information may be seen in high-resolution photographs.

The most direct way to improve the UAV’s capture of high-resolution images is to
upgrade the camera equipment mounted on the UAV, and enhance the image quality by
loading better chips and sensors. However, this method will increase the cost of UAVs
highly, and the iteration is slow, the improvement is limited, and it is not suitable for
widespread use, resulting in the inability to meet people’s needs for high-resolution UAV
images. Therefore, for the images taken by UAVs, the use of image super-resolution
technology can make the images clearer and more detailed, thereby improving the image
quality, and reducing the cost of UAV shooting, and the iteration speed of the algorithm
is faster than that of hardware equipment.

In summary, research into super-resolution algorithms for UAV images is critical for
improving image quality, boosting visual effects, extracting information, and lowering
UAV costs.

1.1. Related work. As one of the main sources of information obtained by human be-
ings and one of the main communication media on the Internet, images are becoming
more and more closely integrated with the widespread application of artificial intelligence
technology [12-15]. Therefore, image super-resolution algorithms have evolved into two
main categories: classic interpolation-based approaches and deep learning-based methods.

Classic interpolation-based super-resolution algorithms are usually implemented by in-
serting new pixels between existing pixels, thereby increasing the resolution of the im-
age [16]. For instance, the bicubic [17] interpolation method takes into account the 16
nearest pixels in the target image. It then weights each point according to its distance
from the target and gray value. Finally, the weighted superposition method takes into
account the target pixel’s gray value. Such processing can estimate the value of the target
pixel more accurately, thus realizing high-quality interpolation of the image. Neverthe-
less, this kind of super-resolution algorithms can only be applied to smooth images, the
processing effect on complex images is not ideal, and can only reconstruct known infor-
mation, can not add new information. Therefore, this type of method is commonly used
in the enlargement and reduction of images.

The mapping relationship between low-resolution and high-resolution images is learned
by the deep learning-based super-resolution technique. To accurately capture these rela-
tionships, a substantial amount of data is required for training. As deep learning tech-
nology progresses, notably convolutional neural networks (CNN), more super-resolution
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algorithms utilize deep learning techniques. Dong et al. first proposed SRCNN [18], a
deep learning model for super-resolution tasks, which is mainly composed of three types of
convolutional layers, which are used for image extraction, nonlinear mapping, and recon-
struction. Initially, the low-quality picture undergoes enhancement via the conventional
interpolation method to enlarge it to the dimensions of the high-quality picture. After-
ward, the characteristics undergo additional extraction and alteration through a convo-
lutional layer, allowing the acquired traits to better fit the reconstruction of high-quality
pictures. Ultimately, the high-resolution pictures are generated via the reconstruction
layer. Later, the research team proposed FSRCNN [19] on the basis of SRCNN, which
can not only use low-resolution images as input, but also increase the network depth, and
change the final reconstruction layer to the structure of upsampling and deconvolution
layer to obtain high-resolution images, which has faster processing speed and better re-
sults than SRCNN. However, as the quantity of network layers rises, the issues of model
deterioration and sluggish convergence become increasingly severe in deep learning.

Additionally, there exists a super-resolution algorithm that integrates deep learning
with a Generative Adversarial Network (GAN) [20]. Kim et al. [21] were the first to
incorporate ResNet [22] into the super-resolution algorithm, addressing the slow con-
vergence issue of conventional convolutional networks and enhancing the quality of the
resulting super-resolution images. Following Kim and colleagues’ work, Ledig and team
integrated the generative adversarial network with image super-resolution, presenting the
SRGAN [23] network model. This model introduced the perceptual loss function, enhanc-
ing the visual fidelity perceived by the human eye in the reconstruction outcomes, thus
rendering the generated image more akin to reality in both detail and style. In 2018,
Wang et al. [24] replaced the residual network in SRGAN with a new residual network
RRDB combined with DenseNet [25] on the basis of SRGAN, and used a more aggressive
adversarial loss function of generator and discriminator, which well removed the artifacts
in the SRGAN generated images and improved the presentation of texture details in the
generated images. Since 2020, to tackle the issue of GAN’ inability to extract global
feature information, numerous researchers have integrated attention mechanisms [26,27]
into GAN, such as the GDCA model in which Nguyen et al. [28] fused channel atten-
tion mechanisms with SRGAN, which effectively improved the texture details and visual
effects of SRGAN-generated images.

1.2. Motivation and contribution. While traditional super-resolution algorithms offer
the advantages of simplicity and speed, they heavily rely on neighborhood information,
often resulting in relatively blurred edges in the reconstructed image. The deep learning-
driven super-resolution algorithm leverages the robust feature extraction prowess of con-
volutional neural networks to proficiently revive the intricacies of drone imagery, even
during high-level magnification reconstructions. This ensures that the image edges retain
their clarity, thereby substantially elevating the super-resolution image quality. How-
ever, two main challenges arise when applying deep learning methods. Firstly, with a
small number of network layers, the model may not extract sufficient features, resulting
in unclear texture details. Moreover, augmenting the network layer count may result in
performance deterioration.

To effectively enhance the quality of UAV aerial images, an enhanced model called
ESRGAN-UA was proposed based on the super-resolution model ESRGAN. The study
compared experimental results and introduced key innovations and contributions as fol-
lows:

(1) The GAN model struggles with feature expression, and combining it with the tra-
ditional attention mechanism often leads to increased model complexity. To tackle this
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concern, we introduce a streamlined attention mechanism crafted to bolster model efficacy
sans escalating complexity:.

(2) The discriminator in the GAN model lacks effective guidance for the generator and
struggles to incorporate both global features and local details. To address this issue, we
redesigned the conventional VGG [29] classification discriminator into a U-shaped discrim-
inator with skip connections. This transformation enables the discriminator to provide
more detailed pixel feedback to the generator, better assessing the realism of each pixel,
and facilitating the learning of both global features and local details.

(3) Addressing the challenge of training the GAN mode, we incorporate Spectral Normal-
ization Regularization [30,31] into the discriminator, adding a Lipsitz stability constraint
to enhance its performance. This constraint can make the model have strong stability
when dealing with input perturbations, which makes the training process of the network
more reliable, and can effectively suppress artifacts.

(4) The ESRGAN model produces richer and more detailed image texture details com-
pared to the SRGAN model. However, it demonstrates inferior performance in image
quality evaluation metrics like PSNR [32] and SSIM [33]. To provide a more objective
and comprehensive assessment of model performance, LPIPS [34] was introduced as an
additional metric for image perception quality evaluation. This enables assessment of the
model’s performance from two viewpoints: image quality and perceptual image quality.

2. The proposed ESRGAN-UA model.

2.1. ESRGAN model. ESRGAN is a super-resolution model that utilizes GAN. The
concept of GAN is influenced by zero-sum games in game theory, where one player’s gains
are offset by another player’s losses, resulting in a net gain or loss of zero. Consequently,
the entire GAN model comprises two neural networks: a generator and a discrimina-
tor. The generator aims to produce data resembling real data, while the discriminator
endeavors to distinguish between real and generated data.

The generator’s network structure diagram, depicted in Figure 1, takes a low-resolution
image (LR) as input. LR’s feature map is extracted through convolutional and PreLu
activation layers within the model. Subsequently, the feature map passes through 23
RRDB sequentially, and the RRDB structure diagram is shown in Figure 2 and Figure
3, which is composed of a convolutional layer and a LeakyRelu activation layer. The
RRDB module extracts features from the previous feature map deeply to obtain a new
feature map. It then proceeds with upsampling layers to increase image size and, finally,
converts the feature map dimension to 3 through a convolutional layer to output the
super-resolution image (SR).

The network model structure diagram of the discriminator, depicted in Figure 4, is
crafted to distinguish between authentic high-resolution images and super-resolution im-
ages generated by the generator. Initially, the high-resolution image slated for classifi-
cation undergoes processing into a feature map via a succession of eight convolutional
blocks, each comprising a convolutional layer followed by a LeakyReLU activation layer.
Subsequently, the resulting feature map is segmented into non-overlapping regions using
average pooling. These segmented regions are then interconnected through a fully con-
nected layer. Ultimately, the quality score of the input high-resolution image is produced
via a Sigmoid activation layer. Typically, the score of an authentic high-resolution image
tends to surpass that of a generated super-resolution image. This prompts the generator
to craft super-resolution images closely mirroring authentic high-resolution counterparts.

Compared to the loss function of traditional GANs, ESRGAN employs a more aggres-
sive adversarial function. This function introduces a relative disparity between the real



Super-resolution of UAV Images Based on Improved Generative Adversarial Networks 2007

LR ED% PRelu J‘ RRDB }—~ RRDB  f--m-memeeee v{ RRDB | upsample ——  Convad l::> SR
L T

J

23 in total

FiGURE 1. The ESRGAN generator model

. (s
= St N =

FI1GURE 2. The RRDB structure

Dense Block

LeakyRelu
conv2d A

LeakyRelu

conv2d

[ conv2d
LeakyRelu

conv2d
LeakyRelu

FiGURE 3. The Dense Block structure

| | "
Image I:DCunde }‘ LeakyRelu — Gorvzd — LeakyRelu — — —» Conv2d LeakyRelu —»‘ AvgPool — Linear Sigmald or
‘ | ‘ SR

§ J
T

7 in total
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image and the generated image. In simple terms, it enables the discriminator to quantify
how much more realistic the real image is compared to the generated image. This is
calculated using Formulas (1) and (2):

Lp ==FE4~p, zy~p; [10g (0 (D (21) — D (72)))] )
= Ligy~Prmo~Py log (1 — 6 (D (z2) — D (z1)))]
Lg == Epinpy oy l0g (L= 0 (D (1) — D (2)))] @)

= By Py aspy [l0g (0 (D (22) — D (21)))]
In the above two formulas, P, denotes the real image, P denotes the generated image,
d(+) signifies the Sigmoid function, D(:) denotes the mass fraction returned by the dis-

criminator, E denotes the mathematical expectation, Lp denotes the discriminator’s loss
function, and L, denotes the generator’s content loss function. The described formulas
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quantify the gap between the real image and the generated image, evaluate the dispar-
ity between the generated image and the real image, and iteratively refine the generated
image to approach the real image.

ESRGAN uses the same perceived loss [23,35] as SRGAN, but differs in that it uses
the features that precede the activation layer for calculation. This discrepancy arises be-
cause the features post-activation tend to be highly sparse, particularly in deep networks.
Such sparse activation offers weak supervision, leading to suboptimal performance. Ad-
ditionally, utilizing activated features can induce inconsistencies in brightness between
the reconstructed and original images. The formulas for computing perceptual loss and
generator loss are as follows:

1 2
B = g 2 (o (1) = 20 (1) 3)
Log=1L,+ aLy+ BL, (4)

In the above two equations, L, denotes the perceptual loss function, L denotes the gen-
erator loss function, 7% denotes a high—resolution image, I°f denotes a super-resolution
image generated by the generator, <pZ 1« denotes the feature map of the I-th layer of the
VGG16, where h, w, and ¢ stand for the height, width, and number of channels of the
feature map of the l- th layer, respectively. Additionally, o and S are both constants.

The ESRGAN model, characterized by deep network layers and high complexity, boasts
a considerable number of parameters. However, despite its sophistication, the super-
resolution images it generates often lack sufficient feature expression ability. For instance,
pixel features at the edges may sometimes overshadow those of the main subject, leading
to poor performance in common image quality evaluations. To tackle these challenges, our
study introduces an image super-resolution reconstruction model termed ESRGAN-UA,
an enhancement over the original ESRGAN.

2.2. Improved attention mechanisms. Attention mechanisms in deep learning take
various forms, with common types including channel-domain attention, spatial attention,
and mixed-domain attention. Among these, spatial attention predominantly concentrates
on modulating weights across various spatial positions in the feature map, accentuating
the significance of each position for the given task. By learning spatial attention weights,
the network can prioritize spatial locations that are more influential for the current task,
enhancing its perceptual ability. However, this may lead to a reduction in the richness of
extracted features by the network.

Conversely, the channel attention mechanism fine-tunes weights among distinct chan-
nels in the feature map to underscore the significance of each channel for the task. By
acquiring knowledge of channel attention weights, the network can prioritize channels
that exert greater influence on the task, thereby augmenting its representational capacity.
However, this may result in reduced sensitivity to spatial information in the image.

Lastly, the hybrid attention mechanism combines channel attention and spatial atten-
tion simultaneously, adjusting weights across both channels and spatial positions in the
feature map. Through acquiring knowledge of cross-channel and spatial attention weights,
the network can adeptly capture crucial channels and spatial positions within the feature
map, thereby bolstering performance and enhancing generalization capability. However,
implementing the mixed-domain attention mechanism is more complex compared to single
attention mechanisms, potentially increasing computational costs and model parameters.
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In summary, this study introduces a modified attention residual module. This mod-
ule integrates a modified channel attention mechanism with a residual connection. By
integrating these components, pivotal information within the image is accentuated to
extract and fortify essential features, thereby amplifying the network’s acuity towards
details. Consequently, the refined features are fused with the original features through
residual connections, facilitating the network in proficiently learning and reconstructing
the image’s intricate structure. The configuration of the comprehensive attention residual
module is delineated in Figure 5.

AvgPool MaxPool
Favg Frnax
k E¢ k EC
fld( avg) fld( max)

Sigmoid

FIGURE 5. Dense Block with an attention mechanism

Initially, global average pooling and global maximum pooling were employed to aggre-
gate spatial information from the feature map F extracted from the Dense Block, result-
ing in channel descriptors denoted as Fy, and F7 .. Subsequently, a one-dimensional
convolution with a kernel length of k£ was applied to integrate information within & neigh-
borhoods of the channel. The information from the two pooling layers was aggregated
using the sigmoid function, identifying the important regions in the feature map. Finally,
the weight of this region is multiplied by the feature map before pooling, allowing the
network to selectively enhance important features. This process facilitates more efficient
extraction and utilization of information within the image, thereby ultimately enhancing
the network’s performance and generalization capability across diverse tasks.

To circumvent the issue of gradient vanishing in deep networks, the feature map ac-
quired via the attention mechanism is merged with the original feature map through
residual connection. The amalgamated feature map is subsequently incorporated into
the backbone network, constituting a residual network structure. This design preserves
the critical features extracted by the attention mechanism, while directly passing them
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to subsequent layers through residual connections. This approach aids in better gradi-
ent flow within the deep network, thereby enhancing the network’s training stability and
performance. The calculation process is as follows:

My(F)=F- o (flkD (Fcfug) + fip (Frax)) (5)

X =X+ Ma(F) (6)

In the above two equations, X denotes the feature map before adding the residual
block, o represents the Sigmoid function, F' represents the feature map passed down from
the Dense Block, and fF,, denotes a one-dimensional convolution operation with a kernel
size of k. The parameter matrix obtained by our attention mechanism after applying a
one-dimensional convolution with a kernel size of k is expressed as follows:

w% w’f 0 0 o0
0 w? - wit 0 e 0

we= | oS . L (7)
0O --- 0 o .- wg—k+1 cow§

In the above equation, wf represents the channel weight of the j-th neighboring channel
for the i-th channel. Through this parameter matrix, it can be guaranteed that each
grouping has a certain correlation, so as to reduce the loss of information, and speed up
the calculation, for a certain channel of the feature map, only need to consider its common
influence with k adjacent channels in the calculation. As depicted in the following formula:

k
fi=0(> wlyl), yl € F} (8)
j=1

In the above equation, F¥ denotes the channel information of the k-th neighboring re-
gion of the i-th channel in the feature map F', and f; denotes the he focal information of the
1-th channel in the feature map F'. Facilitating the interaction of local cross-channel infor-
mation requires capturing an appropriate range. Thus, we adopted an adaptive formula
to compute the convolution kernel size. By analogy with the proportional relationship
between the quantity of channels and the convolution length in grouped convolutions, we
determined that the coverage range for cross-channel information interaction is contingent
upon the channel quantity c. Expressed as follows is this non-linear mapping function:

c= 2mk-m 9)
Therefore, the convolution kernel is calculated as follows equation (10):
1
k:T(O&C+@) (10)
n n

In the above two equations, 7 (x) denotes the nearest odd integer to z, n and m are
constants, usually n take 2 and m take 1.

Pooling is indispensable for better information aggregation from the feature map and
reduction of parameter count. However, traditionally, only average pooling has been com-
monly used. We believe that incorporating both maximum pooling and average pooling
methods can provide different representations of features, and the differences between the
features aggregated by these two methods can help generate a more detailed attention
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channel map. Therefore, we consider increasing the use of maximum pooling to be benefi-
cial. To achieve this, we perform both global average pooling and global maximum pooling
on the transmitted feature map. Subsequently, we employ one-dimensional convolution to
individually fuse the channel features acquired from these two pooling methods. Finally,
we adjust the weight of this region by the feature map pre-pooling, enabling the model
to concentrate more on the crucial areas of the image.

Although the CBAM [36] attention mechanism allows the network to focus on contex-
tual information, it compresses channels, leading to the network discarding some feature
map information during computation, ultimately reducing the feature expression capa-
bility of the attention mechanism. Therefore, in this study, we directly perform one-
dimensional convolution on the channel feature map after global pooling, allowing local
cross-channel information interaction with a convolution kernel size of k. This approach
avoids feature map compression and preserves feature map information. Given that cross-
channel information interaction encompasses solely k& parameter information, the need for
weight sharing among all channels results in a reduced parameter count compared to the
usage of CBAM.

2.3. U-Shaped Discriminator. The primary role of the discriminator is to comprehend
the data distribution, acting as a component of the adversarial loss function within the
generative network. This facilitates the provision of learning signals for the generator,
aiding it in generating outputs that are increasingly realistic. However, the discriminator
is often used as a classification network, focusing solely on learning the most discriminative
differences between real and synthetic images. As a result, it typically either focuses on
global structures or pays more attention to local details. Requesting the discriminator
to simultaneously learn both global semantics and details may result in the loss of its
expressive power.

Therefore, we have transformed the network structure of the discriminator from the
traditional VGG classification model to a U-shaped network model with skip connections.
This allows the discriminator to provide more detailed pixel feedback to the generator
while maintaining the overall structure of the image. The U-shaped discriminator network
structure is shown in Figure 6.

This network is an encoder-decoder network, where from left to right in Figure 6 are
the encoder, decoder, and classifier. The encoder expands the feature channel count to
eight times that of the input channels using three convolutional layers, while gradually
reducing the resolution of the feature maps through three downsampling layers. The
decoder performs upsampling, mapping high-dimensional feature maps to low-dimensional
ones through three convolutional layers, and then obtaining high-resolution feature maps
through upsampling layers. The dashed lines with arrows denote skip connections, which
facilitate the transmission of information between the encoder and decoder for images of
the same resolution, ensuring that the number of channels in the feature maps remains
consistent with the original input. Finally, the classifier identifies the maximum value of
the classification features as the prediction result.

To merge more low-level features and maintain the integrity of details within the feature
maps, the U-Net network used for semantic segmentation adopts non-padding convolution
to connect the cropped upsampled feature maps with the downsampled feature maps.
However, this cropping operation leads to a mismatch in the sizes of the input and output
images, resulting in the loss of a considerable amount of information in UAV aerial images.
For example, in experiments, we found that the texture details of roads in UAV aerial
images are ignored, thereby affecting the super-resolution effect of the road areas.
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FI1GURE 6. U-shaped Discriminator

Therefore, we abandoned the cropping strategy to achieve consistency in input and
output sizes. This improvement allows the skip connection structure to better integrate
detailed features, reduce information loss, and decrease the network’s size and parameters.
As a result, the computing speed of the network is not only improved, but also the image
segmentation effect is maintained.

2.4. Spectral Normalization Regularization. Although modifying the discriminator
model of ESRGAN enables it to learn both global and local feature information simul-
taneously, and reduces the network’s size, the addition of skip connections also increases
the complexity of the model, leading to training instability. Therefore, we have incorpo-
rated Spectral Normalization Regularization into the discriminator and added a Lipshitz
stability constraint [37] to the discriminator, which is calculated as follows:

||D (1) — D(z)

||171—372||2

||2 SK,V(L’l,.TQ (11)

In the above equation, || - || is denoted as 2 norms, K is a constant.

By adding Lipschitz stability constraints, neural networks exhibit strong stability when
handling input perturbations. Even with minor changes in input data, the network’s
output remains relatively stable. This stability enhances the reliability of network training
and facilitates reaching a good convergence state more easily. For instance, when a slight
modification is made to a few pixels of an image A to obtain another image B, if the
discriminator assigns vastly different scores to these two images, it indicates instability in
the discriminator, which is detrimental to model training.

3. Experimental results and analyses.

3.1. Experimental conditions and dataset used. Our research was trained on three
publicly available datasets: DIV2K, OutdoorSceneTraining, and UavidTrain, with the first
two datasets being high-resolution high-frequency information datasets and the last be-
ing high-resolution drone aerial images. During the training phase, we randomly cropped
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regions of 96x96 pixels from the training set images to serve as high-resolution images
(HR). Subsequently, we obtained corresponding low-resolution images (LR) by compress-
ing the HR images using four-fold JPEG compression. This not only enriches the dataset
and avoids overfitting, but also helps the discriminator learn the detailed texture of the
high-resolution image to guide the generator to produce a more detailed image. In this
study, training was conducted using the NVIDIA GEFORCE RTX 3060 8G version of the
graphics card, utilizing a batch size of 16 samples per iteration. We employed the Adam
optimizer and executed a total of 200 epochs of training. The learning rate was initially
established at 1x10~* for the initial 100 epochs, followed by a reduction to 1x10~° for
the subsequent 100 epochs.

3.2. Evaluation metrics. To evaluate the effectiveness of the enhanced algorithm, this
study utilized two assessment criteria: image quality and image perceptual quality. The
evaluation of image quality is based on PSNR and SSIM. PSNR serves as a prevalent
metric for signal reconstruction quality, extensively employed in fields like image com-
pression. It quantifies the correlation between the maximum signal and background noise
of both the reference and reconstructed images, with higher values indicating reduced
image distortion. There are three evaluation methods for PSNR evaluation of color pic-
tures. The first involves calculating the PSNR for each of the three RBG channels and
then taking the average. The second method computes the average variance of the three
RGB channels divided by three. The third converts the image to YCbCr format and
solely calculates the PSNR of the Y component, representing luminance. We adopted the
third method to evaluate the PSNR of color images. The formula is as follows:

MAX?
PSNR =10- log VSE (12)
W-1H-1
MSE= > 2 ltunlis) ~ Lsn (i, 5))" (13)

In the provided formulas, M AX denotes the maximum pixel value within the image,
while W and H denote the width and height of the image, respectively. Iy signifies the
pixel value of the real image, Isr signifies the pixel value of the generated image.

Considering properties such as brightness, contrast, and image structure, SSIM eval-
uates the structural similarity between two images. SSIM measures image similarity by
computing the mean, variance, and covariance. Higher SSIM values indicate greater re-
semblance between the images. The SSIM formula is as follows:

(2uzuy + ¢1)(204y + c2)
(3 + py + c1)(0F + 05 + ¢2)

The equation above includes u, denoting the mean of z, u, representing the mean of y,
o2 signifying the variance of , 05 indicating the variance of y, and o0,, representing the
covariance of x and y. Additionally, two constants, denoted as ¢; and ¢,, are involved in
the computation.

The other metric is based on the LPIPS image perception quality assessment stan-
dard, which extracts features using deep learning models and calculates and compares
the feature differences to get the perceptual similarity of the two images. Greater im-
age similarity is indicated by a lower LPIPS value. This evaluation approach is more in

line with human perception compared to the first standard. The formula for calculating
LPIPS is as follows:

SSIM (z,y) = (14)
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AT, Isr) = 3 2 S Nl (7 = ) 1 (15)
W

In the above equation, H; and W; denote the height and width of the feature map at
layer [ of the LPIPS network, respectively, 7' denotes the feature map of Iyr at layer [, 3
denotes the feature map of Igr at layer [, © for scaling, and w; denotes the layer [ vector
of the LPIPS.

In the evaluation process, we perform tests by comparing the reconstructed images with
the corresponding original high-resolution counterparts. For each image in the test set, we
calculate its PSNR, SSIM, and LPIPS values. Finally, we average these three evaluations
metrics to obtain the final test results.

3.3. Comparative experiments. We designated the ESRGAN model that solely inte-
grates the attention mechanism as ESRGAN-A. Furthermore, the model incorporating
the U-shaped discriminator network on top of ESRGAN-A was named ESRGAN-UA. To
validate the optimization outcomes of the proposed model, three enhanced versions of
SRGAN [28,38,39] and two improved versions of ESRGAN [40,41] were replicated. Abla-
tion experiments were conducted, comparing them with ESRGAN+CBAM. Ten models
in total were assessed on three test sets: BSDS100, UavidTest, and Urban100, with in-
creasing image complexity. The PSNR, SSIM, and LPIPS values for each test set, with
a scaling factor of 4, were acquired, as depicted in the tables presented in Table 1 and
Table 2:

TABLE 1. Image quality assessment of each model on three test sets (PSNR/SSIM)

Model BSDS100 UavidTest Urban100
SRGAN [23] 24.9413/0.6486  24.7253/0.6176  23.3626,/0.7021
GDCA [28] 25.0611/0.6670  24.4771/0.6179  23.3484/0.7016

Zhang et al. [38] 24.3937/0.6630  23.9540/0.6034  22.7358/0.6857
Xie et al. [39] 20.9553/0.5494  20.3521/0.5232  19.8173/0.5274
ESRGAN |[24] 24.1513/0.6324  23.2754/0.5734  22.3430/0.6789

ESRGAN+CBAM  22.5015/0.5395  22.1067/0.4844  21.0179/0.6055
ESRGAN-A 24.5974/0.6404  23.4251/0.5863  22.5332/0.6744

SOUPGAN [40] 24.8641/0.6481  23.7256/0.5878  23.2172/0.6925

SOCAGAN [41] 24.6747/0.6265  23.6972/0.5728  23.1036/0.7052
ESRGAN-UA 25.6289/0.6804 24.5476/0.6150 23.5330/0.7270

Upon comparing the two evaluations in Table 1 and Table 2, it is evident that the
integration of the CBAM attention mechanism into the ESRGAN model has led to a
reduction in the values of the three assessments. However, the ESRGAN-A with our
improved attention mechanism is improved compared to ESRGAN, and only the SSIM
evaluation on the Urban100 dataset is slightly inferior. The image detail of the Urban100
data is the most complex and abundant among the three test sets, which means that our
ESRGAN-A outperforms ESRGAN in super-resolution for low- to medium-to-medium
texture complex images.

On the other hand, as depicted in Table 1, the proposed ESRGAN-UA model exhibits
only a slight decrement in PSNR and SSIM evaluations within the UavidTest dataset.
However, it remains among the top performers, showcasing optimal performance in other
datasets. Although the texture complexity of the UavidTest dataset is not as high as
that of the Urban100 dataset, the information contained in a single image is the highest
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TABLE 2. Image quality assessment of each model on three test sets (LPIPS)

Model BSDS100 UavidTest Urbanl00
SRGAN [23] 0.0830 0.0982 0.1172
GDCA [2§] 0.0840 0.0975 0.1268

Zhang et al. [38] 0.0838 0.1012 0.1184
Xie et al. [39] 0.1390 0.1628 0.2381

ESRGAN [24] 0.0916 0.1016 0.1275
ESRGAN+CBAM  0.1158 0.1225 0.1540
ESRGAN-A 0.0802 0.1011 0.1206
SOUPGAN [40] 0.0869 0.0993 0.1250
SOCAGAN [41] 0.0888 0.1061 0.1382
ESRGAN-UA 0.0752 0.0846 0.1062

because it is a high-altitude aerial image taken by a UAV. This shows that our improved
discriminator model can improve the problem of insufficient detail texture richness in
the ESRGAN-A model, and can further extract the overall information within the image.
Reviewing Table 2, it becomes evident that the proposed ESRGAN-UA algorithm outper-
forms others in the evaluation of image perceptual quality. This outcome underscores the
superior super-resolution efficacy of the ESRGAN-UA model, particularly in enhancing
image detail texture.

To validate the effectiveness of the attention mechanism utilizing one-dimensional con-
volution as mentioned in this study, we utilized the parameters() function provided by
PyTorch to ascertain the parameter count within both the generator and discriminator
networks. The proposed model in this study is an enhanced version of ESRGAN, exhibit-
ing a substantial variation in depth compared to the SRGAN class. Consequently, the
parameter count between these two model types will differ. Therefore, we compared our
model with the SOCAGAN model within the same ESRGAN system, and the parameter
counts are illustrated in Table 3.

TABLE 3. Model parameter

Model Generator Discriminator
ESRGAN 16910406 23565505
SOCAGAN 17269206 23565505
ESRGAN+CBAM 16921653 23565505
ESRGAN-UA 16910275 4376832

As depicted in Table 3, the parameters of the generator in our proposed ESRGAN-UA
model demonstrate a decrease of 131 following the integration of the attention mecha-
nism module. Conversely, the generator model parameters of SOCAGAN with the CA
attention mechanism experience a significant increase. This divergence arises from our en-
hanced attention mechanism’s localized interaction with cross-channel information within
a region using one-dimensional convolution with a kernel size k. Moreover, all channels
share weight information, thereby mitigating parameter proliferation. Since SOCAGAN
maintains the same discriminator model as ESRGAN, we utilized an identical discrimi-
nator model for reproducibility, ensuring consistency in discriminator model parameters.
We can see that compared with ESRGAN, the parameters of the proposed discriminator
model are greatly reduced, only 18.57% of the parameters of the original discrimina-
tor model. This is because our discriminant network adopts a fully convolutional layer,
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which reduces the fully connected layer compared with the VGG classification model, so
the discriminator parameters are also greatly reduced.

In summary, compared to the performance decline observed in ESRGAN with the ad-
dition of the CBAM attention mechanism, our attention mechanism not only effectively
enhances the performance of ESRGAN but also reduces the generator’s parameters, con-
sequently improving its training speed. We further augmented the model performance of
ESRGAN-UA by modifying the discriminator model, leading to significant reductions in
model parameters and further enhancing training speed.

3.4. Analysis of Results. To showcase the effectiveness of the proposed algorithm, we
randomly selected an aerial image from the test set. We applied six models for compar-
ison: Bicubic, SRGAN, GDCA, Zhang’s model, ESRGAN, and SOUPGAN, each with a
magnification factor of 4x. The reconstructed images are shown in Figure 7.

From Figure 7, it’s evident that when processing high-frequency information is more
frequent, ESRGAN displays numerous artifacts in regions with high-frequency informa-
tion, whereas images generated by the Bicubic algorithm exhibit the lowest clarity. This
also illustrates the limitations of traditional super-resolution algorithms, which perform
poorly as the magnification factor increases. In order to see a more detailed comparison,
we took two parts of the aerial image, the grass trail and the sidewalk, and compared
them experimentally, resulting in Figures 8 and 9.

ESRGAN-UA

FiGUre 7. Comparison of high altitude aerial photos

In Figure 8, we can observe that the texture of the image generated by the Bicubic
algorithm becomes difficult to discern after enlargement, with only the general shape
visible. Comparing the line shapes of the pathways, our proposed ESRGAN-UA model
produces the best results, with the highest similarity, smoother lines, clearer edges, and
fewer artifacts. Additionally, comparing the texture of the grass beside the pathway, our
generated grass details are richer, without severe overfitting like ESRGAN, and without
clumping together like other models. The sense of hierarchy between the pathway and
the grass is also more pronounced. This indicates that our proposed network has made
significant improvements in enriching detail textures and effectively addressing the issue
of edge blurriness.

As we can see from Figure 9, the Bicucub algorithm still handles the details in a blurred
manner. While other models produce a certain number of artifacts, ours produces the
fewest artifacts. SRGAN and Zhang et al.’s model has fuzzy zebra crossings, and there
are many artifacts between the sharpened lines of the lines, while the zebra crossings of
the ESRGAN model eliminate the blurring of edge lines, but the number of artifacts is
still quite large. SOUPGAN has a lot of jaggedness on the lines and the lines are not
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SRGAN Xig etal. GDCA

HR
Bicubic ESRGAN SOUPGAN ESRGAN-UA

FiGUrE 8. Comparison of high altitude aerial photos

soft enough. The closest to the HR diagram is GDCA and our model, but the edge lines
of the zebra crossing in GDCA are blurred, while the lines generated by our model are
smoother and softer, and the lines and the ground are more layered, which is weaker than

the abruptness of ESRGAN.

Bicubic SOUPGAN ESRGAN-UA

F1GURE 9. Comparison of high altitude aerial photos

In summary, the improved discriminator model proposed by us can not only provide
richer details and textures for super-resolution graphs, deal with the problem of GAN edge
blurring, but also further suppress the appearance of artifacts and reduce the difficulty of
network training.

4. Conclusion. This study proposed a super-resolution model, ESRGAN-UA, which in-
tegrates an improved attention mechanism, thereby enhancing the extractor’s ability to
extract key information from images without increasing model complexity. Subsequently,
we restructured the discriminator to act as both a classifier and a segmenter, allowing
for better extraction of global features and local details to guide the generator in pro-
ducing textures closer to those of real high-resolution images. Finally, by introducing
Spectral Normalization Regularization, model training became more stable, suppressing
the occurrence of artifacts. The experimental results affirm that our proposed method ef-
fectively enhances the texture details of super-resolution images while mitigating artifacts.
However, there still exists the issue of insufficient handling of high-frequency information
leading to overfitting, thus future research will focus on better extraction and separation
of high-frequency information.
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