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Abstract

Unmanned aerial vehicle (UAV)-borne gamma-ray spectrum survey plays a crucial role in geological mapping, radioactive
mineral exploration, and environmental monitoring. However, raw data are often compromised by flight and instrument
background noise, as well as detector resolution limitations, which affect the accuracy of geological interpretations. This
study aims to explore the application of the Real-ESRGAN algorithm in the super-resolution reconstruction of UAV-borne
gamma-ray spectrum images to enhance spatial resolution and the quality of geological feature visualization. We conducted
super-resolution reconstruction experiments with 2X, 4x and 6X magnification using the Real-ESRGAN algorithm, com-
paring the results with three other mainstream algorithms (SRCNN, SRGAN, FSRCNN) to verify the superiority in image
quality. The experimental results indicate that Real-ESRGAN achieved a structural similarity index (SSIM) value of 0.950
at 2X magnification, significantly higher than the other algorithms, demonstrating its advantage in detail preservation. Fur-
thermore, Real-ESRGAN effectively reduced ringing and overshoot artifacts, enhancing the clarity of geological structures

and mineral deposit sites, thus providing high-quality visual information for geological exploration.
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1 Introduction

UAV-borne gamma-ray spectrum survey is to measure and
record the type and intensity of gamma-ray emitted by natu-
ral radionuclides (e.g., uranium, thorium, potassium) on the
ground and shallow surfaces. These data, combined with
the coordinate information, are processed, screened and
corrected to produce maps of surface radionuclide distribu-
tion, essential for geological exploration, radioactive mineral
prospecting, and environmental monitoring. Compared to
fixed-wing aircraft, UAV-borne gamma-ray spectrum sur-
veys offer low flight costs, high measurement efficiency,
safe and flexible flight processes, and prolonged hovering
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capabilities. Consequently, they have been widely adopted
in radioactive mineral exploration, radiation environment
monitoring, nuclear emergency response, and related
fields [1-3].

Zhang [4] skillfully used tension spline method and
Munsell transform technology to carry out fine rasteriza-
tion and anomaly correction of aerial gamma spectrum
data, successfully extracted key information, clearly dis-
played the energy spectrum characteristics of Xiangshan
volcanic basin, and analyzed the distribution of uranium,
thorium and potassium, providing new clues for uranium
exploration and promoting the development of geological
exploration technology. Salek [5] tested the performance
of a new type of small airborne gamma-ray spectrum
measurement equipment based on UAV and verified its
ability to detect uranium anomalies at different altitudes
and can accurately capture small changes in gamma-ray
intensity even at higher altitude. Li [6] developed a cur-
viline-based noise reduction technique for airborne gamma
data, which can reconstruct multi-scale data for differ-
ent analysis purposes, effectively remove noise from the
data, while retaining local anomaly information to avoid
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resolution loss and boundary effects. Lyu [7] proposed a
K-factor prediction model considering flight altitude and
direct distance. The model pays special attention to the key
factors such as path loss, shadow fading and small-scale
fading at different flight altitudes, which brings potential
application value to the field of aerial gamma-ray spectral
image processing. Wang [8] proposes a layered approach
specifically for REM recovery of limited sampled data in
unknown environments, demonstrating the possibility of
achieving high-precision REM construction under low
sampling rates. The data recovery algorithm and sam-
pling optimization strategy can be used for reference in the
research of aerial gamma-ray spectral image processing to
improve the processing accuracy and efficiency.

The demand for high-resolution UAV-borne gamma-ray
spectrum images has increased to improve the accuracy of
research. For instance, in sandstone-type uranium explora-
tion and radiation environment monitoring, high-resolution
images allow researchers to identify weak anomalies and
locate radionuclide distributions more accurately. However,
the direct acquisition of ultra-high-resolution gamma-ray
spectrum images is challenging due to UAV load and flight
altitude limitations.

Image super-resolution (SR) technology, which con-
verts low-resolution (LR) images into high-resolution
(HR) images, can significantly enhance the details and data
information of existing images. This technology plays an
important role in many fields such as satellite imagery [9],
face recognition [10], and medical imaging [11]. In recent
years, with the development of deep learning, people begin
to use deep learning technology to improve image super-
resolution. The SR method based on convolutional neural
network, residual network (ResNet) and generative adversar-
ial networks (GAN) are proposed. SRCNN [12], as the first
SR deep learning network, achieves fast online application
with its lightweight structure and excellent recovery qual-
ity, despite its large computational load. ESPCN [13] intro-
duces an innovative subpixel convolution layer to achieve
LR to HR super-resolution at a minimal computational cost.
VDSR [14] uses a very deep convolutional network, com-
bined with residual learning, to significantly improve the
convergence speed during training. These methods improve
the accuracy and speed of image super-resolution by using
faster and deeper convolutional neural networks. However,
when enlarging the LR image to the HR image, the recon-
structed SR image often lacks texture details due to the
large-scale factor, resulting in unsatisfactory reconstruction
effect. SRGAN [15-17] enhanced the content loss function
with counter-loss by training GAN, and replaced the content
loss based on mean squared error (MSE) with the loss based
on VGG network feature map, effectively overcoming the
problem of low perception quality of reconstructed images
and making the generated images more realistic. However,
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the downside of this method lies in its complex network
structure and lengthy training process.

However, degradation of image quality is a complex
phenomenon, usually due to the limitations of the imaging
system and environmental disturbances. Blind super-reso-
lution (blind SR) technology arises at the historic moment.
It can effectively restore LR images to HR images when the
degradation process is not completely clear. This technol-
ogy can be divided into two categories: display modeling
and implicit modeling. Display modeling by parameteriz-
ing fuzzy kernel and noise information. SRMD [18-20], as
the first deep learning-driven blind SR method, introduces
a dimension expansion strategy, which enables the convolu-
tion network to handle fuzzy kernel and noise level inputs,
and solves the dimension mismatch problem, although it
may perform poorly for uncovered degradation types. The
BSRGAN model [21] proposed by Zhang et al. in 2021
enhances the adaptability of models to real-world degrada-
tion by introducing complex degradation factors and random
shuffling strategies. Based on the kernel stretching strategy
of Luo [22] proposed a new practical degradation model,
which uses dynamic depth linear filter and constrained least
square deconvolution algorithm based on neural network to
improve the restoration quality of blurred images. Implicit
modeling abandons explicit parameters and uses deep learn-
ing techniques, especially GAN, to restore directly from LR
images to HR images. The CinCGANCcite [23, 24] model
adopts double cyclic GAN structure, which effectively
solves the problem of complex interference in low-resolution
input. The research classification of Liu [25] points out that
some methods train SR models by learning the degrada-
tion process from HR to LR and using the generated LR
samples, such as Degradation GAN [26], FSSR [27] and
FSSRGAN [28], but these methods may have domain gap
problems. DASR improves the performance of SR training
through domain gap awareness training and domain distance
weighted monitoring strategy. Real-ESRGAN [29] improved
on the basis of ESRGAN [30], using discriminator designed
by U-Net and high-order degradation process, and introduc-
ing sinc filter to reduce ringing and overshoot artifacts, pro-
viding a more accurate and stable super-resolution solution
for real-world images.

In this paper, a new scheme combining UAV-borne
gamma-ray spectrum survey and image super-resolution
technology is proposed to overcome the limitations of exist-
ing technology in obtaining high-resolution images. Real-
ESRGAN technology can improve the clarity and feature
enhancement of UAV-borne gamma-ray spectrum images
and then help to interpret geological data more accurately.
For example, it can enhance areas of the image that are
blurred due to topographic effects, making geological fea-
tures more clearly visible. In addition, Real-ESRGAN’s
de-noising and detail enhancement capabilities help to
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remove noise generated during flight measurements, thereby
improving data quality. Image super-resolution technology
can improve LR image to HR through algorithm processing,
and compensate for the shortage of hardware equipment.
This technology, combined with the UAV-borne gamma-
ray spectrum survey, can not only improve the clarity and
detail expression of the image, but also effectively improve
the accuracy and reliability of data analysis. Therefore, the
combination of UAV-borne gamma-ray spectrum survey
technology and image super-resolution technology can more
effectively monitor environmental radiation levels, but also
provide more accurate data support for the efficient explora-
tion of radioactive minerals, and promote the development
of radioactive geophysical exploration technology.

2 Technical principles and methods
2.1 Technical principles and methods

UAV-borne gamma-ray spectrum technology captures
gamma rays of different energy levels from the ground
and shallow surfaces using a gamma detector mounted
on the UAV. This technology is promising for geological
exploration and radiation environment monitoring. How-
ever, the images generated often suffer from noise and
disturbances, leading to potential misinterpretations of
geological information.

In the field of image processing, a series of noise filter-
ing and image enhancement techniques are usually needed
to improve the quality of UAV-borne gamma-ray spec-
trum images. The Gaussian filter is widely used, which
can reduce the interference of noise to the image quality
by smoothing the image. The formula of Gaussian filter-
ing [31] can be expressed as:

_ 2 +)'2

sl 0

Gx,y) =

where G(x, y) is a Gaussian kernel function, and in practical
applications, this kernel function is usually discretized and
applied to an image. x and y are the positions of pixels in the
image. o is the standard deviation of the Gaussian distribu-
tion. However, when the Gaussian filter is used for global
smoothing of the whole image, it lacks the ability of self-
adaptation and cannot smooth in different degrees according
to the local features of the image.

Median filtering [32] is also a common nonlinear filter-
ing technique, which reduces noise by replacing the value
of a pixel with the median value in its neighborhood. For
a given image /, the formula for calculating the pixel value
of the image I’ after median filtering at (x, y) is:

I'(x,y) = median{I(x + i,y + )| (i,j) € W}, 2)

where I(x, y) is the pixel value of the original image at the
position (x, y). I'(x, y) is filtered image at position (x, y) of
the pixel values. W is a neighborhood window, usually a
(2k + 1) X (2k + 1) rectangular window with center (x, y).
median represents the median value of the pixel value in the
neighborhood window.

Although this method surpasses Gaussian filtering in pre-
serving edge information, it may cause boundary blurring
when processing images with high contrast edges. To further
emphasize geological features in the AGS images, image
enhancement techniques such as contrast enhancement are
used to improve the dynamic range of the images, making
subtle details more visible. Edge detection technology can
identify boundary lines in the image, which is particularly
critical for determining the precise location of geological
structures. However, these techniques may increase the
artificial distortion of images, leading to over-emphasis or
misidentification of geological features.

2.2 Image super-resolution reconstruction

Image super-resolution aims to convert LR images into HR
images by modeling the degradation process, which includes
blurring, downsampling, and noise. The goal is to find an
operator that makes the reconstructed image as close as pos-
sible to the original HR image. Under the Bayesian frame-
work, this process is expressed as a maximum a posteriori
(MAP) problem [33], which involves a least squares problem
with a regularization term to incorporate prior knowledge.
The core goal of image super-resolution reconstruction tech-
nology is to convert LR images into HR images. Mathemati-
cally, this process is often modeled as a degradation process
where the LR image is regarded as the result of the HR
image being blurred, downsampled, and disturbed by noise.

Lgr=H: Iy +n, ?3)

where H is a degenerate operator, which includes pro-
cesses such as downsampling, blurring and noise, and can
be expressed as a matrix or an integral operator. n stands
for observation noise, which may include instrument noise,
environmental noise, etc. The general production is assumed
to be Gaussian distribution or Poisson distribution.

The goal of super-resolution reconstruction is to find an
operator R, which makes R(J; z) as close as possible to the
original high-resolution image I;z. The formula can be as
follows:

I = RULp), )

where I is the estimated high-resolution image.
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Under the Bayesian framework [34], super-resolution
reconstruction can be expressed as a MAP problem.

R* = argm}gxxp([HR | R)s 5)

where R* is the optimal reconstruction operator, p(Iyg |/ r)
is the posterior probability of Iz given the observed [ p.

In practice, since it is usually not feasible to compute
p(Iyr |11 ) directly, the super-resolution reconstruction algo-
rithm usually uses a regularization term instead, which trans-
lates into a least squares problem:

R* = argmin{ [[ie = H-RUD[ + 7 QRUm) | 6)

where ||-||, represents the L2 norm and is used to measure
the reconstruction error. Q(-) is a regularization term (such
as gradient smoothing, sparse representation, etc.) used to
introduce prior knowledge about I;1z. 4 is a regularization
parameter used to balance data fitting and the importance
of regularization.

In the field of deep learning, Real-ESRGAN and other
algorithms approximate the optimal reconstruction operator
R* by training a depth neural network. At the same time, the
GAN is used to improve the visual quality and naturalness
of the reconstructed image.

3 Super-resolution reconstruction
of gamma-ray spectrum image of UAV

3.1 Real-ESRGAN principle

ESRGAN (enhanced super-resolution generative adversarial
networks), based on GAN, generates high-quality super-
resolution images through competition between generator
and discriminator. Real-ESRGAN improves upon ESR-
GAN specifically for the super-resolution reconstruction of

Training set

real-world images. By introducing higher-order degradation
models and Sinc filters, it can more accurately simulates the
image degradation process in the real world, including blur,
downsampling, noise and JPEG compression among oth-
ers.Additionally, Real-ESRGAN employs a U-Net structure
discriminator and spectral normalization technology, which
not only enhances the discriminator’s ability to distinguish,
but also improves the stability of the training process.

(1) GAN

GAN (generative adversarial networks) [35] consists of
two main components: generator and discriminator as shown
in Fig. 1. The generator is responsible for converting the
low-resolution image into a high-resolution image, while the
discriminator is responsible for distinguishing between the
generated high-resolution image and the real high-resolution
image. The two are trained through a process of adversarial
interaction, where the generator continually refines its out-
put to deceive the discriminator, while the discriminator
concurrently enhances its capabilities to more effectively
distinguish between generated and real images.

(2) Network architecture

Real-ESRGAN retains the residual-in-residual dense
block (RRDB) [36] from ESRGAN as the core component
of its generator. Through an innovative network structure
design, the performance of image super-resolution recon-
struction is significantly improved. The RRDB is composed
of multiple residual blocks, each of which is further con-
nected in a dense manner, allowing features from all pre-
vious layers to be directly connected to the current layer.
RRDB enhances the learning capability of the network
through multiple residual connections while simultaneously
eschewing the use of batch normalization (BN) layers, which
contributes to the improvement of the detail clarity in the
generated images.In addition, the RRDB’s role in a generator
is multifaceted. It not only acts as the backbone for feature
extraction, but also works collaboratively with other parts of
the network through residual connections, such as sampling

Discriminator

Random noise

Fig.1 (Color online) Basic architecture of GAN
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layers and feature fusion modules, to generate high-quality
high-resolution images. Figure 2 shows the structure of the
RRDB. By this design, Real-ESRGAN is able to produce
detailed and visually realistic super-resolution images to
meet the needs of a variety of practical applications.

(3) Loss function

To achieve high-quality reconstruction, Real-ESRGAN
employs a composite loss function, a design that ensures
the accuracy of the generated high-resolution images at the
pixel level as well as visual fidelity and richness of detail.
The compound loss function consists of the following key
components:

1) L1 loss (mean absolute error, MAE)

L1 loss measures the average of the absolute difference
between the predicted value and the true value, and its math-
ematical expression is defined as:

L1Loss = — Z |I(') jgi{ . ™

Including I(i) is the ith a real high-resolution image pixel

values, Il({i{ is corresponding to generate the image pixel
value, and N is the total pixels.

2) Perceptual Loss

Perceptual loss is typically based on pre-trained convo-
lutional neural networks (such as VGG networks) to extract
features and compare the differences in these features
between the generated and real images. A simplified per-

ceived loss can be expressed as:

Residual Block(RB)

Dense Dense
Block Block

Q.
X

+ -5

Dense
Block

Fig.2 (Color online) RRDB structure diagram
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Perceptual Loss = — E H <I(’) ) (I(’) )

P M & ill,

where F represents the feature extraction network, M repre-
sents the total number of elements in the feature map, and
|| ||, represents the Euclidean norm.

3) Adversarial Loss

By training a discriminator to distinguish between a real
image and a generated image, the generator’s goal is to
maximize the probability that the discriminator will make a
wrong judgment. A common form of countering loss is the
use of Wasserstein distance, which is expressed as:

Adversarial Loss = —E; _p ¢ [DUyg)]

fi ©
+ [EiHRNPh(iHR) [D(IHR)] s

where D is the discriminator and P, and P, are the distribu-
tion of the real image and the generated image, respectively.

The loss functions synergistically work together to ensure
that the generated high-resolution images exhibit not only
fidelity at the pixel level, but also visually realistic and
detailed enough to meet the needs of a variety of real-world
applications.

3.2 Data source
The data in this paper are from a experimental area in

northern Gansu province, China, which is shown in Fig. 3.
A total of 62889 data point from total count (Tc), uranium

RB w/o BN
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1.Holocene Epoch i -
2.Upper Pleistocene Epoch
3.Middle Pleistocene Epoch
4.Lower Pleistocene Epoch
5.Upper Pleistocene of Linxia
6.Eocambrian System
7.Maliangou Formation
8.Xiangtang Formation
9.Qingtujing Formation
10.Aganzhen Formation
11.Talyuan Formation
12.Upper Rock Formation of the Dahuangshan Group
13.Middle Rock Formation of the Dahuangshan Group
14.Lower Rock Formation of the Dahuangshan Group
15.Upper Member of the Dunzigou Formation
16.Middle Member of the Dunzigou Formation

17.Lower Member of the Dunzigou Formation
18.Upper Member of the Hanmushan Formation
19.Lower Member of the Hanmushan Formation
20.Longshoushan Group

21.Late Hercynian Quartz Diorite

22.Late Caledonian Granite

23.Mid-Caledonian Quartz Diorite

24.Mid-Caledonian Gabbro ! 2

25.Caledonian Period Ultrabasic Rocks

26.Quartz Vein 3 | 10 [Ge ] 11 [Gar ] 1

27.Basic Rock Vein
28.Granite Vein

29.Diorite Vein

30.Fault

31.mineral deposit
32.ore-controlling structure
33.survey area

Fig.3 (Color online) Geological map of the survey area

(U), thorium (Th) and potassium (K) channels were meas-
ured and processed to create equivalent maps of surface
radionuclide distribution. To enhance the visual quality
and detail resolution of UAV-borne gamma-ray spectrum
images, image restoration techniques were employed on
the raw data in this study. Consequently, the color scales
in the UAV-borne gamma-ray spectrum images presented
herein are dimensionless, serving solely to enhance con-
trast and visualization rather than for quantitative measure-
ment of radioactive count rates. In our study, in order to
adapt to the specific resolution and characteristics of the
UAV-borne gamma-ray spectrum data, we performed seg-
mentation and selection on different regions of the original
UAV-borne gamma-ray spectrum images, directly skip-
ping areas where the cropping region exceeds the image
boundaries, ultimately forming 232 two-dimensional slices
of 80 x 80 pixels each. The 80 x 80 pixel cutting size was
chosen to take full advantage of the gamma-ray detec-
tor’s spatial resolution at the actual flight altitude, while
maintaining enough detail for effective geological feature
analysis.

In order to obtain low-resolution UAV-borne gamma-
ray spectrum images, the ‘resize’ function from the ‘PIL.
Image’ library was utilized to alter the image size by speci-
fying new dimension parameters (width and height). The
‘resample=Image. LANCZOS’ parameter specifies the use
of the ‘Lanczos’ resample algorithm, which is a high-quality
resampling method suitable for image scaling. As shown in
Fig. 4, with the increase in the UAV-borne gamma spectrum
image to 6 times, some geological detail loss can be clearly
observed.

@ Springer
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3.3 Model training and analysis

The hardware used includes an INTEL I5-13600KF
14-Core processor with 3.5 GHz, 32 GB memory and an
NVIDA GeForce RTX 4070Ti graphics card. The Real-
ESRGAN model was constructed using PyTorch frame-
work, and the Adam optimizer was used to train the model
at a learning rate of 1 x 10~*, exponential motion average
(EMA) was employed for more stable training. In addition,
L1 loss, perceived loss and GAN loss were combined for
training with weights of (1,1,0.1), respectively. L1 loss
ensures the accuracy of the reconstructed image at the
pixel level, perceptual loss is enhances the high-level vis-
ual quality of the image to align with human perception,
and GAN loss increases the realism and naturalness of the
image. The comprehensive use of different types of loss
functions to improve the effect of UAV-borne gamma-ray
spectrum super-resolution image reconstruction.
UAV-borne gamma-ray spectrum images are a special
type of remote sensing image, providing important data for
geological exploration, mineral resource development and
environmental monitoring by detecting and recording the
distribution of radioactive elements on the surface. These
images need high spatial resolution to capture subtle geo-
logical features. The main advantage of super-resolution
image is their ability to significantly enhance the spatial
resolution of the image, making the visual effect of the
image more clearer, detailed and more realistic. To evalu-
ate the application of super-resolution reconstruction tech-
nology in UAV-borne gamma-ray spectrum images, this
study selected the peak signal-to-noise ratio (PSNR) and
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Original

Fig.4 (Color online) Comparison between image and original image at different multiples of resolution

structural similarity index (SSIM) as the main evaluation
indicators.

PSNR is a crucial metric for measuring image quality,
primarily used to evaluate the similarity between the recon-
structed image and the original image, providing a quantita-
tive analysis of pixel-level errors between images. Its unit
is decibels (dB), a higher value, indicates that the recon-
structed image is to the original image, thereby reflecting
better image quality. The calculation of PSNR depends on
MSE, the formula is:

MSE=— 3" '3 (G - K. (10)

where I(i, j) is the pixel value of the original image, K(i, j) is
the pixel value of the reconstructed image, and m and n are
the width and height of the image, respectively. The calcula-
tion formula of PSNR is:

an

2
PSNR = 1010g10<MAX >,

MSE

where MAX represents the maximum possible value of an
image pixel. If the pixel value is 8 bits (i.e., the range is
0-255), then MAX=255. The MAX corresponding to the
image in this article is 255.

SSIM is an index used to measure the similarity between
two images. It evaluates the image quality through bright-
ness, contrast and structure to reflect the perceived quality of
the image more comprehensively. Therefore, the calculation
of SSIM is also based on three main components: bright-
ness, contrast and structure. For the original image x and the
reconstructed image y, the SSIM index is:

SSIM(x, y) = [1x, Y)1*[e(x, ) [s(x, 1)) 12)

2p,py+Cy
w2 Hp2+C
and p, are the average grays of the original image x and the
reconstructed image y, C; is a constant that is not zero,

20,0,+C,
cx.y) = 6.2+6,2+C,

standard deviations of the grayscale of the original image x

and the reconstructed image y, C, is a constant that is not

o, +C;
zero, s(x,y) = GX; —
3

xCy

covariance of the gray scale of the original image x and the
reconstructed image y, C; is usually C,/2. a, f and y are
weight parameters, usually taking the value 1. The final
SSIM index formula is combined as follows:

where I(x,y) = is the brightness comparison, y,

is contrast comparison, ¢, and o, are the

is structural comparison, o, is the

Cpypy + C) 20, + C)

SSIM(x,y) = .
) = v w2 1 Clel 402 1 C)

13)

The value ranges from O to 1. The closer the SSIM value is
to 1, the more similar the reconstructed image is to the origi-
nal image and the higher the quality is. On the contrary, the
lower the SSIM value, the greater the difference between the
reconstructed image and the original image, and the worse
the quality.

4 Results and discussion

In this paper, we reconstructed the UAV-borne gamma-
ray spectrum images with 2X, 4x and 6X super-resolution.
SRCNN algorithm, SRGAN algorithm, FSRCNN algorithm
and Real-ESRGAN algorithm are compared to verify the
effectiveness of Real-ESRGAN algorithm.

To validate the model performance, this study randomly
selected 10 images from the image set of four elements: U,
Th, K, and Tc, to constitute a test set. During the testing

@ Springer
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process, Th and K were primarily chosen for analysis. By
comparing and analyzing with the geological map of the
survey area (as shown in Fig. 3), it was found that the distri-
bution patterns of Th and K within the survey area exhibit a
high degree of consistency. Notably, there is a fault within
the survey area that extends from the northwest to the south-
east, which aligns closely with the high-value bands of tho-
rium and potassium. This phenomenon is attributed to the
distribution of Hercynian late-stage granites, which have
caused an anomaly enrichment of radioactive potassium and
thorium in survey area. Typically, granites contain miner-
als such as potassium feldspar and mica, which are rich in
potassium; concurrently, they also contain thorium-bearing
minerals like monazite and xenotime. Consequently, in areas
where granite is distributed, the content of thorium and
potassium is generally high. Based on this, the test dataset
employed in this paper can authentically reflect the distribu-
tion of natural radioactive nuclides within the survey area.

To visually demonstrate the superior effect of the Real-
RESGAN algorithm on the super-resolution reconstruc-
tion of UAV-borne gamma-ray spectrum images, the three
introduced super-resolution reconstruction algorithms were
applied with 2X, 4X and 6X super-resolution on the test set.
The results are shown in Figs. 5, 6, and 7.

0 5 10km

The analyses delineated within Figs. 5, 6 and 7 expose
discernible disparities in the efficacy of assorted algorithms
engaged in the reconstruction of imagery. The super-res-
olution reconstructions yielded by the SRCNN algorithm
exhibit a measure of obscurity and chromatic aberration,
with a pronounced exacerbation in blurriness concomitant to
escalated magnification. Particularly, at the 6X magnification
exemplified in Fig. 7, the loss of detail information leads to
the obscurity of geological body boundaries, rendering them
difficult to discern. The FSRCNN algorithm, an advanced
rendition of its progenitor, ameliorates the acuity of high-
frequency detail capture through the refinement of convolu-
tional strata and activation mechanisms, thereby bestowing a
marked enhancement in the textural, marginal, and configu-
rational fidelity of the reconstructed imagery relative to the
SRCNN (as depicted in Fig. 5). Despite these advancements,
discrepancies persist between the FSRCNN'’s output and the
authentic geological background and boundaries, with resid-
ual haziness observable (as illustrated in Fig. 7). The SRGAN
algorithm surpasses its precursors in the holistic quality of
image reconstruction, integrating the GAN architecture to
facilitate a more nuanced rendition of intricate image details.
Even with the magnification increased to 6%, the detailed
information and boundaries of the geological bodies remain

Original-2x

Original-2x

Fig.5 (Color online) Comparison of results of 2X super-resolution reconstruction without algorithms
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0 5 10km

Original-4x

Original-4x

Real-ESRGAN

Fig.6 (Color online) Comparison of results of 4x super-resolution reconstruction without algorithms

distinctly visible, with a significant reduction in the sense
of image blurriness.In stark contrast to SRCNN, FSRCNN,
and SRGAN, the Real-ESRGAN algorithm demonstrates a
pronounced superiority in reconstructed image fidelity, effi-
caciously attenuating artifacts such as ringing and overshoot.
As portrayed in Fig. 5, the algorithm enables the distinct
identification of depositional loci across macroscopic and
microscopic scales. The reconstructed imagery not only
elucidates the ore body’s continuity but also accentuates
the demarcation between the ore body and the enveloping
rock matrix, affording an exact visual portrayal of the ore
deposit’s morphology, magnitude, and orientation. However,
an increase in magnification intensity introduces an over-
saturation at the ore body periphery, as noted in Fig. 7.

In order to comprehensively verify the superiority of
Real-ESRGAN algorithm, this study further selected and
reconstructed U, Th, K and Tc images in the test set, as
shown in Fig. 8. The results show that the image recon-
structed by the Real-ESRGAN algorithm has a significant
improvement in overall sharpness and color vividness. A
smoother and more natural transition is displayed at the edge
of the ore body and key geological landmarks, effectively
avoiding the misunderstanding and error that may arise in
the image processing. This not only improves the overall

resolution of the image, but more importantly, enhances the
detailed representation of geological structures and deposit
sites, providing more abundant and accurate identifiable
features for geological exploration and resource evaluation.

When evaluating the quality of super-resolution recon-
structed images, in addition to the subjective analysis
based on visual senses, this study also adopted a variety
of objective quantitative indicators to verify the accuracy
of experimental results. Not only the peak signal-to-noise
ratio (PSNR) and structural similarity index (SSIM) are
introduced as evaluation criteria, but the error between the
reconstructed image and the original image is objectively
quantified, as shown in Tables 1 and 2. Residual analysis
between the original image and the generated super-resolu-
tion image has also been added by calculating the residual
image between the two and analyzing its histogram, the abil-
ity of Real-ESRGAN algorithm in detail recovery and noise
processing is revealed, which provides a comprehensive per-
spective for evaluating the quality of super-resolution recon-
structed images as shown in Fig. 9.

The analysis results from Tables 1 and 2 show that with
the increase in magnification, the PSNR and SSIM values
of reconstructed images obtained by each algorithm gener-
ally show a downward trend. Notably, the Real-ESRGAN
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Fig.7 (Color online) Comparison of results of 6x super-resolution reconstruction without algorithms

algorithm demonstrates a pronounced superiority in both
indices, signifying its exceptional performance in recon-
structing super-resolution images. When juxtaposing these
quantitative measures, it is evident that the Real-ESRGAN
algorithm’s reconstructions are markedly closer to the origi-
nal images, particularly observed in the SSIM values, which
excel in capturing the structural fidelity and perceptual qual-
ity of the imagery. The SSIM metric, with its sensitivity to
both local alterations and the granularity of textures, pro-
vides a comprehensive assessment of image quality. Illustra-
tively, at a 2X magnification, the Real-ESRGAN algorithm
achieves an SSIM value of 0.950, a figure that underscores
the close resemblance of the reconstructed image to its pris-
tine counterpart. This high SSIM value not only attests to the
Real-ESRGAN algorithm’s proficiency in preserving fine
details but also substantiates its overall efficacy and preemi-
nence in the realm of super-resolution image reconstruction
tasks.

It can be seen from Fig. 9 that the residual values are
mainly concentrated in the central position, and most of the
residual values are close to zero. This shows that the dif-
ference between the super-resolution reconstructed image
and the original image is very small on most pixels, and
the Real-ESRGAN model can better retain the distribution
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characteristics of radioactive elements in the original
image. Although most of the residuals are concentrated
in the center, it can also be seen that some residuals are
too large, which may be due to the differences between the
reconstructed image and the original image of the geologi-
cal boundary, high-frequency structure or noisy area. The
symmetry of the histogram reflects that the residuals are
evenly distributed in positive and negative directions. This
symmetry means that the Real-ESRGAN model has no obvi-
ous systematic bias and can restore the radiation intensity
change of the UAV-borne gamma-ray spectrum image in a
balanced way.

5 Conclusion

In this study, the Real-ESRGAN algorithm is successfully
applied to reconstruct the UAV-borne gamma-ray spectrum
image in super-resolution, significantly enhancing the spa-
tial resolution of the image and improving the visualization
quality of geological features. By comparing with SRCNN,
SRGAN and FSRCNN algorithms, Real-ESRGAN has
shown excellent performance in PSNR and SSIM objec-
tive evaluation indices. Especially, under the condition of
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Fig.8 (Color online) Comparison of 2X super-resolution image reconstruction results with different algorithms
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Fig.9 (Color online) Residual difference between original image and
super-resolution reconstructed image

2x amplification, the SSIM value is as high as 0.950, which
substantiates its advantage in detail preservation and texture
clarity, and further highlights the significant enhancement in

Table 1 Comparison of PSNR of super-resolution reconstructed
images by different algorithms

Magnifi- SRCNN SRGAN FSRCNN Real-ESRGAN
cation
2 16914 26.176 20.215 29.176
15.167 25.109 16.942 26.408
6 12.907 24.326 15.177 23.827

Table2 Comparison of SSIM of super-resolution reconstructed
images by different algorithms

Magnifi- SRCNN SRGAN FSRCNN Real-ESRGAN
cation

2 0.659 0.934 0.802 0.950

4 0.502 0.906 0.638 0.942

6 0.272 0.868 0.502 0.938

the identification of geological body boundaries. Addition-
ally, the Real-ESRGAN algorithm effectively reduces ring-
ing and overshoot artifacts, making the transition between
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the edge of the ore body and key geological markers more
smooth and natural and greatly enhancing the detailed rep-
resentation of the geological body structure and deposit
sites. This clear delineation of lithological boundaries pro-
vides geologists with more intuitive and accurate geological
information, thereby offering significant application value
in geological exploration and resource assessment. Conse-
quently, the Real-ESRGAN algorithm is not only theoreti-
cally advanced but also demonstrates robust practical utility,
providing an effective image processing tool for UAV-borne
gamma-ray spectrum image processing.
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