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Abstract: Image Super-Resolution (SISR) is a vital, cost-effective solution for enhancing the spatial
resolution of satellite imagery. However, a significant challenge in current SISR techniques is that
while deep learning models excel at structural learning, they often struggle to accurately reconstruct
intricate high-frequency details and preserve the statistical texture properties of high-resolution
images. To address this gap, this paper proposes a novel hybrid method, termed mVDSR-GMM, which
leverages the complementary strengths of Gaussian Mixture Models (GMM) and a modified Very Deep
Super-Resolution (mVDSR) network. GMM is utilized to model the underlying statistical and
probabilistic properties of the image for accurate high-frequency reconstruction while the mVDSR
network enhanced with 25 convolutional layers and Leaky ReLU activations boosts the model’s
structural feature extraction and non-linear mapping capabilities. This hybrid approach technically
integrates the mVDSR and GMM through a parallel merging of their estimated residuals within the
luminance channel, thereby enhancing the spatial reconstruction of satellite imagery. The enhanced
mVDSR network, with increased depth and Leaky ReLU activation functions, further boosts the
model's learning capability and robustness. Through extensive evaluations using satellite imagery
datasets and metrics such as PSNR, SSIM, BRISQUE, MSE, UIQI, SAM, and FD, mVDSR-GMM
consistently outperformed existing techniques, demonstrating its effectiveness in improving spatial
resolution. Experimental results indicate that mVDSR-GMM outperforms main competitors such as
SwinIR and SinSR across all evaluation metrics, providing a robust reconstruction performance that
is further validated by improved accuracy in the binary separation of urban structures (buildings and
roads) from natural environments. The proposed mVDSR-GMM emerges as a promising tool for
advancing satellite imagery resolution, with potential applications in remote sensing and geospatial
analysis.
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super-resolution network
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1. Introduction

Satellite imagery assumes a critical role as a primary geoinformation source, facilitating
various applications across Earth Science disciplines, such as environmental monitoring
(Giinen, 2022), crop identification (Dai et al., 2020), land use/cover mapping (Arabi Aliabad
etal, 2023), disaster management (Atasever & Giinen, 2021), decision support systems (San
et al,, 2021), and climate modeling (Leinonen et al., 2020). However, Earth observation
satellites often struggle to capture both high spatial and spectral data due to inherent
constraints in optic and sensor technology, as well as the high cost of such hardware
capabilities. This fundamental trade-off significantly limits the potential of satellite imagery
for applications requiring fine-grained detail. While multi-frame super-resolution (SR) offers
a theoretical opportunity to amalgamate information from multiple low-resolution (LR)
images, its real-world efficacy is constrained by recording precision, noise, and the
impracticality of acquiring diverse multitemporal data for the same scene. Consequently,
Single Image Super-Resolution (SISR) through software-based algorithmic approaches
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emerges as a vital, cost-effective solution for eliminating these hardware limitations and
enhancing the spatial resolution of satellite data.

The primary goal of image SR is to transform LR images characterized by blurriness and
indistinct details into clear, high-resolution (HR) counterparts, thereby enhancing visual
perception and overall quality. This task is mathematically challenging because multiple HR
solutions can exist for a single LR input. In the scientific community, SR is frequently
discussed using terms such as interpolation, image scaling, and upscaling. Beyond remote
sensing (Wang et al., 2022a), the impact of SR extends to small object detection (Courtrai et
al,, 2020), face recognition (Farooq et al., 2021), medical diagnostics (Ozyurt et al,, 2020),
astronomy (Dabbech et al.,, 2022), and forensics (Salguero-Cruz et al., 2022).

Methodologically, image SR techniques are categorized into interpolation-based,
reconstruction-based, transformer-based, and learning-based methods (Lepcha et al., 2023).
Interpolation methods are valued for their simplicity and computational efficiency (Singh &
Singh, 2020), yet they often fail to capture intricate details. Reconstruction-based approaches
preserve overall structure but struggle with noise and diverse content (Chen et al., 2021; He
et al, 2023). Modern Transformer-based methods excel at capturing long-range
dependencies but face challenges regarding high computing demands and memory storage
(Leietal, 2021; Cheng et al., 2023). Learning-based techniques, particularly those rooted in
Deep Neural Networks (DNNs), have significantly enhanced SR performance by
automatically learning complex textures and features from input data, though they require
meticulous tuning to avoid overfitting (Jiang et al., 2021; Wang et al., 2022b).

Recent advancements have integrated residual learning into deep recursive neural
networks to improve reconstruction quality. Various architectures have been proposed,
including Convolutional Neural Networks (CNN) using ParametricReLU (Joshi et al., 2022),
Generative Adversarial Networks (SRGAN) utilizing perceptual loss (Ledig et al., 2017), and
end-to-end mappings like SRDCN, DSRDCN, and ESRDCN (Ran et al,, 2020). Other notable
methods include the Super Resolution Convolutional Neural Network (SRCNN) (Dong et al,,
2014), the Residual Dense Network (RDN) (Zhang et al., 2018), and techniques utilizing patch
self-similarity (MHSR) or sparse coding (SCSR) (Chen & Fowler, 2012; Glasner et al.,, 2009;
Yang et al., 2010). Specifically, (Kim et al., 2016) introduced the Very Deep Super-Resolution
(VDSR) network inspired by VGG-net, while (Sandeep & Jacob, 2016) proposed using
Gaussian Mixture Models (GMM) trained on patch pairs to enable HR inference.

In this study, a novel hybrid structure is proposed. The method combines a modified
VDSR model (mVDSR) with a GMM for SISR. The method uses residuals from both the GMM
and mVDSR models to enhance the image SR. QuickBird-2, Ikonos-2, and GeoEye-1 test
images have been used to evaluate performance. As can be seen from the literature review, a
large number of image SR methods have been proposed. Among these methods, Bicubic,
DSRDCN, ESRDCN, MHSR, SCSR, SRDCN, SwinIR, SinSR, and Real-ESRGAN methods have been
preferred for comparison. Subsequently, qualitative and quantitative analyses have been
conducted. Finally, the images produced by these methods were then used to distinguish
buildings and roads from sea and green areas using the histogram curve-fitting threshold
method. The main contributions of this work to the literature are as follows.

1) A novel hybrid model for SISR is proposed, combining an mVDSR architecture with a
GMM that has not previously been investigated in the literature.

2) The mVDSR enhances the feature extraction capability of the original network by
employing a total of 25 convolutional layers, integrated with 3 Leaky ReLU and 21 ReLU
layers to improve non-linear mapping and learning efficiency.

3) The combination of residual images from mVDSR and GMM results in more accurate
and detailed image reconstruction, outperforming previous approaches.

4) The suggested technique is carefully tested against many cutting-edge algorithms
utilizing satellite images, with evaluations based on Peak Signal-to-Noise Ratio (PSNR),
Structural Similarity Index (SSIM), Blind/Referenceless Image Spatial Quality Evaluator
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(BRISQUE), Mean Squared Error (MSE), Universal Image Quality Index (UIQI), Spectral Angle
Mapper (SAM), and Fidelity-Deformation (FD) metrics.

5) The approach has been shown to be effective in the separation of urban structures
from natural features, demonstrating its usefulness in remote sensing and urban planning
applications.

2. Materials and Methods

The foundation of the mVDSR component within our hybrid framework relies on two
distinct datasets to ensure a broad learning base. The first is the DIV2K dataset (Agustsson &
Timofte, 2017), widely recognized in the super-resolution community for its high-quality
diverse images. The second dataset comprises aerial photographs supplied by the Turkish
General Directorate of Mapping, which are not publicly available. These photographs furnish
the model with high-altitude spatial features pertinent to remote sensing. To facilitate
efficient training, 200 images were randomly selected from DIV2K and 200 images were
cropped from the aerial dataset into patches of 512x512. During the mVDSR training phase,
these were further processed into 64x64 patches with no overlap to optimize the network’s
learning of localized textures. To enable the hybrid framework to reconstruct HR details from
low-quality inputs, it is necessary to simulate the degradation process that occurs during
satellite image acquisition. This process involves blurring and subsampling the original HR
images to generate their LR counterparts. The random blur kernels are 11x11 anisotropic
Gaussians, with lengths (11, 12) independently distributed from a uniform range of u (0.6,
5), and a rotation angle 6 from u [-m, m]. To further enhance the realism, uniform
multiplicative noise is introduced to the blur kernel before normalizing its sum to one. To be
used in the methods within the scope of the application, 200 images randomly selected from
DIV2K and 200 images cropped from aerial photographs with dimensions of 512 x 512 were
used. Images representing the datasets are presented in Figure 1.

A critical aspect of this study’s novelty is the evaluation of the hybrid framework
exclusively on satellite imagery that was not encountered during the training process.
Satellite images from GeoEye-1, QuickBird-2, and Ikonos-2 were intentionally excluded from
training due to their high acquisition costs and limited volume. This study demonstrates the
effectiveness of the proposed method by evaluating it exclusively on satellite images that
were not used during training. Testing solely on satellite imagery with varying spatial
resolution highlights the method’s ability to generalize across datasets and its practical
applicability in scenarios with limited or unavailable training data. This approach represents
a key contribution, showcasing the method’s robustness in processing unseen satellite data.
Table 1 presents the spatial resolutions of the satellite testing images, including multi-
spectral (MS) and panchromatic (PAN) resolutions. The images were captured from the

region of Zonguldak, Tiirkiye.

Figure 1. Overview of two datasets. The top row shows the DIV2K, the bottom row shows the aerial
photo dataset



https://dergipark.org.tr/en/pub/tuzal

Turkish Journal of Remote Sensing 8 (2026) 1829904 Research Article

Table 1. Spatial resolution details of testing data

Product Spatial Resolution (PAN/MS)

GeoEye-1 0.46/1.64 m

Ikonos-2 1.00/4.00 m
QuickBird-2 0.61/2.40 m

2.1. GMM-based image SR

GMM-based image SR uses GMM to enhance the resolution of images. GMMs are a
statistical model that represents a mixture of multiple Gaussian distributions. In the context
of image SR, GMMs can be employed to model the underlying statistical properties of HR
images. GMMs offer a probabilistic representation, allowing a detailed modeling of pixel
intensities and enhancing the overall representation of image characteristics. The GMM-
based image SR method developed by (Ogawa et al,, 2012a) and (Ogawa et al,, 2012b) is used
in this article. However, in this study, the luminance channel of the image was used. This
approach was designed for GMM-based image conversion with the goal of transforming LR
images into HR versions. The process involves creating a conversion function that establishes
a relationship between the original image and its down-sampled counterpart. The Bicubic
interpolation method was employed for both enlarging and reduction of images. The general
workflow diagram of the proposed method is presented in Figure 2.
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Figure 2. Flowchart of proposed method (Ip, Ireum, and I'rvpsg were automatically adjusted to increase

visualization)

In GMM-based conversion, let the source and the target images shown as
x=[x,,%,,-,x,]" and y=[y,,Y,,...Y,]' , respectively. GMM can be represented as
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M
P(z) = ZamN(Z;,urf],,u;) . Where joint distribution of vector is z=[x",y']", the weight of

m=1

the m-t mixture is denoted as ¢,,, and M represents the total number of mixtures. Mean

vector and variance-covariance matrix of m-t mixture trained by the expectation-
maximization algorithm presented in Equation 1.

P e

(1)

Subsequently, the transformation function from the source image to the target image is
formulated based on the minimum Mean Square Error (MSE). Equation 2 is used to transform
the source image into the target image.

; . oW amN(X;u?n,i)
Y= 2w 0L + 20 (20 ) (X = )] W (X) =
m=1 mom ZO(]N(X;,U}(,Z)

(2)

Learning and estimation steps were followed to perform the GMM-based image SR
process. During the learning phase, the conversion function is built from the input image and
its self-reduction image using a GMM. In GMM training, the output data used as residual, that
is, the difference image (Ip), is obtained from the difference between the is luminance channel
of original input image (/) and the enlarged image (Ir) of the reduced image (Iz) from I. The
input data for GMM is obtained by extracting high frequency components from IE (Ig,,,, Ig,,,
Igya and I, ). These components are obtained with the by filtering the Ir using kernels

presented in Equation 3.
H,=[0 01 0 0 -]
H,=[0 01 0 0 1]
Hy=[1/2 0 0 -1 0 0 1/2] (3)
H,=[1/2 0 0 -1 0 0 1/2]

With the features obtained with Equation 3, Ip is decomposed into small image patches.
Where k is the patch index, the kth image patch production is shown by Equation 4.

T
_ T T T T
Xk _I:I Eng I Ena I Ens I EHA]

ve=[to, ]

In the estimation phase, the conversion function is used to restore the residual image
(Ireum). In this context, high-frequency components (1'z , I'e , I'e ,and Iz ) are

(4)

obtained after enlarging (I'’r) of I. The acquired images are broken down into patches.
Applying the transformation function outlined in Equation 2 to these patches yields the Ireum
from the trained GMM model.

2.2. m-VDSR

The VDSR method represents one of the image SR techniques published at CVPRin 2016
(Kim et al., 2016). This method, inspired by the VGG-net, aims to obtain HR images using
DNN, specifically, multi-layered CNN. The network takes a LR image and transforms it into
HR image. Throughout this process, the network systematically examines the image,
progressively adding more details at each stage. The depth of the network (number of layers)
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is a defining characteristic of VDSR. The original VDSR features a deep structure with 41
layers, incorporating 20 convolution layers, 19 rectified linear unit (ReLU) layers, input and
regression output layers. Each of the convolution layers is equipped with 64 filters of
dimensions 3x3. In the training process of m-VDSR, the objective is to estimate the data
derived from the difference between | and |'. as a residual image, as described in

Equation 5.

levosr =P 1E (5)

In Equation 5, ! represents Hadamard subtraction operator and IRVDSR refers
residual image, |'. represents the luminance channel of enlarged LR image obtained

through Bicubic interpolation, while signify the luminance channel of corresponding input
HR image. In training step, Irvpsr at different scale levels (x2, x3, and x4) are utilized as
outputs, while the corresponding |'; atdifferent scale levels are used as inputs. Thus, at the

end of the training, when test or validation images are given to the trained model, the
corresponding residual image, I’rvpsr, is obtained for the respective LR image.

In this study, the image SR performance was enhanced through modifications made to
the VDSR (m-VDSR) method. Unlike the original VDSR, the enhanced model consists of 25
convolution layers, 3 Leaky ReLU, 21 ReLU, and includes input and regression output layers.
Increasing the number of layers enables the network to learn more parameters, recognize
more complex patterns, enhance the tendency to learn more general and diverse dataset
patterns, become more invariant to changes like translation, scale, and rotation, and better
learn a hierarchical representation of features from input to output. Leaky ReLU is
incorporated into the network after the 1st, 13th, and 24t convolution layers to assist the
model in gaining better learning capabilities and attempting to overcome the issue of dead
neurons. In some cases, Leaky ReLU proves to be more resilient to noise compared to ReLU.

The general representation of the training process of mVDSR is presented in Figure 3.

LeakyRelU |

IRVDSR

Figure 3. The general representation of the training of m-VDSR-based SISR (IRVDSR has been
automatically adjusted to increase visualization)

To achieve SR image (Isr) using the residuals derived from GMM-based image SR and m-
VDSR, Equation 6 is used to obtain the new luminance channel (Int).

Ine=1'e © (Ireum ® I'rvpsr) %2 (6)

In Equation 6, © , % denotes Hadamard summation and division operators,
respectively. In the YCbCr color space, Y, Cb, Cr represent luminance, blue, and red
components of I'g, respectively. Isr is obtained using Equation 7.

I =cat(l,, ,Cb,Cr) (7

2.3. Proposed method

The pixels located along the edges of the image have fewer neighboring pixels compared
to those in the interior, presenting a challenge in accessing accurate information during the
augmentation process. To ensure a fair comparison, pixels near the image boundary were
cropped with three pixel before evaluation, following a similar approach as outlined in (Kim
etal,, 2016; Tai etal., 2017). The residual images were cropped before they were summation.
The employed methodologies involve various hyperparameters, and their proper
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configuration is crucial. In preparation for this study, different configurations, specifically 3,
6, 9, and 12 mixtures, were examined for GMM-based image SR for randomly selected 20
images from two dataset. It was established that utilizing 6 mixtures yielded optimal results.
Additionally, a patch size of 3x3 was chosen for further implementation. In mVDSR training
step, a patch size of 64x64 with no overlap was employed. The data augmentation process
included random rotations in the [0, 90] range and reflection in the left-right direction. A
learning rate of 0.1 was utilized with the stochastic gradient descent optimizer, incorporating
a momentum of 0.85. Training was conducted with a batch size of 64, and the network
trained 120 epochs. The implementation of a total of 850.5k learnable parameters took place
on the MSI Delta 15 laptop, featuring an AMD Ryzen 9 9500 HX processor, RX6700 graphics
card, and 32 GB RAM.

2.4. Performance assessment

As image SR techniques have become widely used, the evaluation of reconstructed
images has become increasingly important. Image quality can be assessed subjectively and
objectively. Subjective evaluation uses biased analysis to judge the naturalness and realism
of an image based on human observers. This approach faithfully captures human perception.
Conversely, objective evaluation uses mathematical algorithms and numerical computations
to automatically assess the quality of an image (Giinen, 2021; Civicioglu & Besdok, 2022;
Pérez-Delgado & Gilinen, 2023; Civicioglu & Besdok, 2024). Objective quality assessment in
this study involved the utilization of a comprehensive set of metrics, including PSNR (Chen
etal, 2011), SSIM (Wang et al,, 2004), BRISQUE (Mittal et al., 2011), MSE, UIQI, SAM, and the
newly introduced FD metric.

PSNR is a popular metric for evaluating SR image quality by quantifying the relationship
between signal's maximum potential energy and noise. SSIM, another key evaluation metric,
measures both distortion and similarity between images using a perceptual model. Brisque
determines image quality without reference images by modeling features using Gaussian
distribution and analyzing contrast, brightness, and edge sharpness (Giinen, 2021; Wang et
al, 2022a; Lepcha et al, 2023; Al-Mekhlafi &Liu, 2024). The Fidelity-Deformation (FD)
metric, introduced by (Giinen et al., 2024), is a novel quality assessment approach for pan-
sharpening methods that combines chromatic fidelity and spatial detail preservation. FD
balances LO-Norm for chromatic fidelity with MSE for spatial accuracy, demonstrating the
efficacy of LO-Norm pan-sharpening and establishing itself as a tool for analyzing SISR
techniques. FD optimizes the quantity of pixels that maintain chromatic data for a given
threshold value, T, within lg .The notation and formulation of the relevant metrics are

presented in Table 2.

Table 2. Image quality assessment metrics

Metrics Notation
1 N
MSE —_— Xi— g 2
— Zl( )

2p, p, +(0.01y)" |[ 2030, +(0.03-7)" | oy, +(0.03-5)" /2
261} +(0.01-y) || 0%+ +(0.03-5) || o0, +(0.03-5) /2

PSNR 20log (p"“"z J
10 ﬁ
MSE

FD = —(%ZU I, —MSI|<T)+ %ZU I, — PAN |< T)j

+MSE(I 4, MSI)+ MSE(l,,PAN), T =10

SSIM

FD

*X: ground truth image, m, n: size of images, o: variance, j: mean, y: dynamic range of the images, p,,,

: maximum value of dynamic range, N: total number of bands
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3. Results and Discussions

Assessing the impact of proposed modifications within an mVDSR is essential to
comprehend their effectiveness. Figure 4 shows a comparison of the training loss curves
between mVDSR and VDSR. This highlights the impact of modifications in mVDSR over
baseline VDSR, illustrating the benefits of these changes. The importance of Figure 4 is
underscored by its ability to quantitatively convey how the architectural enhancements
introduced in mVDSR affect the training dynamics. This figure captures the reduction in
training loss across 120 epochs, offering empirical validation of the proposed model’s
superiority regarding learning efficiency, stability, and optimization capabilities. In
observing the training loss trajectories, it becomes evident that both mVDSR and VDSR
manifest a rapid decrease in loss during the initial epochs, which is indicative of efficient
feature learning processes. In particular, mVDSR persistently achieves lower loss metrics and
attains stability faster than VDSR. The training durations for both the mVDSR and VDSR
models, when applied to the aerial photograph dataset, were recorded at 20,487 and 19,450
seconds, respectively. This observation indicates that the mVDSR model required an
additional 1,037 seconds, which is roughly 17 minutes, for its training process. mVDSR
showed notable enhancements in reconstruction quality, with higher PSNR and SSIM metrics
seen in Figure 5, despite a slight increase in training time. The enhanced performance
significantly surpasses the modest additional computational cost. Figure 5 presents a visual
and quantitative comparison of the SISR results obtained for two images, namely butterfly
and panda, sourced from the DIV2K dataset, using mVDSR and VDSR. The findings clearly
indicate that mVDSR surpasses VDSR in reconstruction quality, as evidenced by its higher
PSNR and SSIM scores.

Training Loss Comparison

— mVDSR
0.8 —VDSR |
0.7
0.6+ |

S05

o

204

E

=03
0.2
0.1 ﬁ

0 [ | | |
0 20 40 60 80 100 120

Epoch

Figure 4. Training loss comparison of the proposed mVDSR and VDSR methods over 120 epochs. The
blue curve represents mVDSR, and the red curve represents VDSR. The comparison highlights the

performance improvement in terms of loss reduction during training

Images captured through geospatial imaging satellites were used for the performance
analysis of the proposed method. Table 3-5 present a comparative analysis of performance
metrics for different SR techniques applied to the GeoEye-1, QuickBird-2, and lkonos-2
images, utilizing scaling factors of x2, x3, and x4. Table 3-5 show consistent patterns and
nuanced variations in the efficacy of the method, demonstrating how different algorithms
balance image clarity, and structural retention under varying conditions. High values of
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PSNR, SSIM, and UIQI, along with low values of Brisque, MSE, FD, and SAM, collectively
suggest a more favorable outcome in terms of success. For the x2 scaling factor, all
approaches work well, but several stand out.

: p A »
PSNR:28.80 PSNR:27.98
SSIM: 94.78 SSIM: 93.55

" PSNR:24.52 PSNR:23.72
SSIM: 78.89 SSIM: 77.56

Figure 5. Comparison of HR and SISR results generated by different methods from DIV2K dataset, (a,
d) HR reference images, (b, e) results obtained using the proposed mVDSR. (c, f), VDSR

The mVDSR-GMM method exhibits consistent superior performance across all metrics
evaluated, with particular distinction in PSNR, SSIM, FD, and Brisque. Bicubic interpolation
consistently demonstrates poorer performance across all evaluated metrics compared to
deep learning-based methodologies, a result that aligns with expectations given its relatively
simplistic nature. mVDSR-GMM shows notably higher PSNR, SSIM, and UIQI values,
particularly at larger scales (x3 and x4), demonstrating enhanced capabilities in image
reconstruction. SSIM and FD values are elevated in methods such as SinSR, SwinIR, and
mVDSR-GMM, reflecting superior structural fidelity. Brisque scores are minimal for the likes
of SinSR, SwinIR, and mVDSR-GMM, indicating heightened perceptual quality. With regard to
MSE and SAM, methods such as mVDSR-GMM and SwinIR register the lowest values,
indicating a more accurate preservation of image insights. As resolution increases (from a
factor of x2 to x4), mVDSR-GMM consistently maintains outstanding performance levels, in
contrast to Bicubic, which experiences a significant decline in quality. Notably, mVDSR-GMM
surpasses alternatives such as SwinlIR and SinSR in the quality metric SAM, affirming its
superiority in both perceptual and spectral fidelity. SinSR significantly improves the
perceptual quality of Ikonos-2 images, as evidenced by its lower BRISQUE scores compared
to other methods, which highlights its dataset-specific efficacy. However, it still falls short in
PSNR and SSIM, implying a trade-off between pixel accuracy and perceived visual quality. In
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contrast, mVDSR-GMM exhibited lower performance with UIQI at x2. The DSRDCN approach
performs modestly, particularly on QuickBird-2 images, but does not outperform mVDSR-

GMM or SwinlR in overall metrics, showing that it is less capable of handling structural

complexity and maintaining sharpness at this scaling factor.

Table 3. Statistical assessment of related methods for GeoEye-1 test images (x2, x3, and x4)

x4

x3

X2
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Table 4. Statistical assessment of related methods for QuickBird-2 test images (x2, x3, and x4)
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Table 5. Statistical assessment of related methods for Ikonos-2 test images (x2, x3, and x4)
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As the scaling factor increases to x3, differences between approaches become more
noticeable. Overall performance drops, but mVDSR-GMM maintains strong PSNR, FD, and
SSIM scores, particularly for GeoEye-1 and QuickBird-2 images. This resilience shows its
ability to maintain quality reconstructions even as the task becomes harder. SwinIR performs
competitively in Table 3-5, notably for QuickBird-2 images, where it achieves an MSE value
superior to mVDSR-GMM. This suggests that while SwinlR may not equal mVDSR-GMM's
structure retention (SSIM), it provides lower MSE, implying better balance of pixel-level
precision and generalization. This indicates SwinIR could be viable for some image sets or
when optimizing for pixel-wise error reduction. At this scaling factor, DSRDCN outperforms
others in SSIM on lkonos-2 images, demonstrating its strength in preserving structural
elements at significant resolution reductions, attributed to its network architecture
promoting hierarchical feature extraction. Despite lower PSNR, this SSIM performance
makes it competitive for applications requiring structural precision.
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At a highest scaling factor of x4, the performance disparity between approaches
increases, as super-resolution reveals each algorithm's limitations. mVDSR-GMM
outperforms competitors in PSNR, UIQI, and SSIM for GeoEye-1 images, showing reliability
in high-demand settings. Even at this extreme scaling, it maintains maximum SSIM and
Brisque, critical for high-resolution outputs from downscaled inputs. SwinIR and DSRDCN
exhibit trade-offs at this level. SwinIR, despite lower SSIM scores than mVDSR-GMM,
maintains low MSE and competitive Brisque values, indicating it produces pleasant results
with smaller pixel errors. This balance could be useful where visual quality exceeds
structural faithfulness. SinSR achieved a significant SSIM score of x4 for Ikonos-2 images,
demonstrating that deep feature extraction can maintain geometry and structural
information under challenging circumstances. This aligns with its prior performance,
indicating promise for preserving structural elements in high-noise, high-scale
environments. mVDSR-GMM consistently outperforms in PSNR and SSIM across all scaling
factors and datasets, making it most reliable for pixel-level fidelity and structural
preservation. Its performance on GeoEye-1 and QuickBird-2 images suggests its architecture
suits satellite imaging requiring geometric and radiometric precision. SwinIR excels at x3
and x4, achieving competitive MSE and Brisque scores. This versatility suits applications
where perceived quality exceeds pixel-level precision, like remote sensing visualization. The
Bicubic interpolation approach performs consistently across the satellite images but
produces the worst results.

It is very important in qualitative comparison as well as statistical comparison. In this
regard, the scaled results x2, x3, and x4 for GeoEye-1 are presented in Figure 6, Figure 7, and
Figure 8, respectively. The scaled results of x2, x3, and x4 for QuickBird-2 are presented in
Figure 9, Figure 10, and Figure 11, respectively. The scaled results x2, x3, and x4 for Ikonos-
2 are presented in Figure 12, Figure 13, and Figure 14, respectively. For a more precise
evaluation of the performance disparities, visual results are best examined at high
magnification where minor variations in edge sharpness and texture details are more
noticeable. Visual interpretation provides a critical complement to numerical metrics by
enabling the identification of complex patterns, fine textures, and structural features that
standard algorithm may not fully represent. It has the potential to excel in understanding
patterns, colors, and structures not captured by numerical metrics, which could enable a
more comprehensive, human-centered image evaluation. As expected, the quality of the
reconstructed images decreases as the scale factor increases. This is because image SR
becomes more challenging with larger-scale gaps. In the qualitative comparison of image SR
methods, it becomes easier for the human eye to distinguish different details as the scale size
increases. There is still a noticeable absence of spatial and spectral details compared to the
HR image. The numerical results are further supported by a visual comparison of the SR
methods across various scaling factors. Sharper details and fewer artifacts were consistently
produced in the images produced by the mVDSR-GMM method. Compared to alternative
methods, mVDSR-GMM was able to preserve the structural details of the GeoEye-1 x2 image
(Figure 6). Similar patterns were seen for the mVDSR-GMM-produced images that closely
resembled the HR reference for the QuickBird-2 x2 image (Figure 9) and the Ikonos-2 x2
image (Figure 12). The visual quality of mVDSR-GMM remained consistent even when the
scaling factor was increased to x3 and x4. For example, mVDSR-GMM preserved clarity and
decreased blurring compared to other methods in the GeoEye-1 x3 image (Figure 7) and
QuickBird-2 x3 image (Figure 10). Although all methods showed some degradation in image
quality, mVDSR-GMM still produced superior visual results with well-preserved edges and
textures when scaling up to x4 (Figure 8, Figure 11, and Figure 14). While GAN-based models
achieve high perceptual quality, they often generate hallucinated high-frequency details that
appear realistic but lack factual basis in ground truth. In remote sensing, these artifacts can
lead to misinterpretation of small-scale features like building boundaries or land cover types.
mVDSR-GMM prioritizes spectral and spatial fidelity over visual sharpness.
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Figure 6. GeoEye-1 x2 scaled results (a) HR image, (b) Bicubic, (c) SwinlIR, (d) DSRDCN, (e) SinSR, (f)
Real-ESRGAN, (g) GMM, (h) mVDSR, and (i) mVDSR-GMM

Figure 7. GeoEye-1 x3 scaled results (a) HR image, (b) Bicubic, (c) SwinlIR, (d) DSRDCN, (e) SinSR, (f)
Real-ESRGAN, (g) GMM, (h) mVDSR, and (i) mVDSR-GMM
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Figure 8. GeoEye-1 x4 scaled results (a) HR image, (b) Bicubic, (c) SwinIR, (d) DSRDCN, (e) SinSR, (f)
Real-ESRGAN, (g) GMM, (h) mVDSR, and (i) mVDSR-GMM

Figure 9. QuickBird-2 x2 scaled results (a) HR image, (b) Bicubic, (c) SwinlIR, (d) DSRDCN, (e) SinSR,
(f) Real-ESRGAN, (g) GMM, (h) mVDSR, and (i) mVDSR-GMM
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Figure 10. QuickBird-2 x3 scaled results (a) HR image, (b) Bicubic, (c) SwinlIR, (d) DSRDCN, (e) SinSR,
(f) Real-ESRGAN, (g) GMM, (h) mVDSR, and (i) mVDSR-GMM

Figure 11. QuickBird-2 x4 scaled results (a) HR image, (b) Bicubic, (c) SwinIR, (d) DSRDCN, (e) SinSR,
(f) Real-ESRGAN, (g) GMM, (h) mVDSR, and (i) mVDSR-GMM
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Figure 12. Ikonos-2 x2 scaled results (a) HR image, (b) Bicubic, (c) SwinIR, (d) DSRDCN, (e) SinSR, (f)
Real-ESRGAN, (g) GMM, (h) mVDSR, and (i) mVDSR-GMM

Figure 13. Ikonos-2 x3 scaled results (a) HR image, (b) Bicubic, (c) SwinIR, (d) DSRDCN, (e) SinSR, (f)
Real-ESRGAN, (g) GMM, (h) mVDSR, and (i) mVDSR-GMM
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Figure 14. Ikonos-2 x4 scaled results (a) HR image, (b) Bicubic, (c) SwinlIR, (d) DSRDCN, (e) SinSR, (f)
Real-ESRGAN, (g) GMM, (h) mVDSR, and (i) mVDSR-GMM

Using SR image in land use cover analysis is of significant importance due to its ability
to enhance the resolution of satellite imagery. SR of the image improves the level of detail in
the images, making it easier to identify and classify specific land features. This is crucial in
land use cover analysis, where accurate identification of objects such as buildings, roads, and
vegetation is essential. The literature has proposed various methodologies for extracting
man-made objects, specifically focusing on road networks and buildings. It is possible to
separate them as machine learning-based (Dornaika et al., 2016; Misra et al., 2020), deep
learning-based (Ayala et al., 2021; Fan et al,, 2021; Sheikh et al,, 2022), and segmentation-
based (Unsalan & Boyer, 2005; Ok, 2013; Grinias et al.,, 2016). Although these methods
produce high classification performance, they can be cumbersome in producing fast results.
Given that this does not constitute the primary focus of this article, a threshold-based method
was used due to its ability to produce rapid and practical results. Threshold methods can be
employed to distinguish buildings and roads from sea and green areas, but their success
depends on specific conditions and imaging characteristics. To achieve this differentiation,
selecting an appropriate threshold value is crucial. This research utilized the histogram-
curve fitting threshold method to evaluate the performance of mVDSR-GMM, which yielded
optimal results. In (Giinen, 2023), the thresholding method based on the fit of the histogram
curve is reported to yield the best results compared to nine traditional thresholding methods.
In this study, cubic spline was preferred as it provided the best results in the histogram-
curve-fitting-based thresholding method. The results obtained for different scale levels of the
methods have been super-imposed on the HR image and the results of their difference images
are presented in Figure 15. The classification performances of all methods were evaluated
with accuracy, specificity, F-measure and recall metrics, as well as visual research. The
results are presented in Figure 16. To obtain the relevant metrics, 5000 pixels were randomly
sampled from the sea and green areas, and 5000 pixels were randomly sampled from roads
and buildings. Although mVDSR-GMM achieves the best overall performance across the
evaluation metrics for all scaling factors, the results indicate that all tested super-resolution
methods exhibit robust capabilities. This makes it difficult to distinguish a single superior
method under all conditions, highlighting the competitive nature of these approaches. The
incremental advantages associated with mVDSR-GMM underscore its efficacy, especially in
endeavors necessitating precise feature preservation and high-quality reconstruction. It can
be seen that the increased spatial resolution provided by image SR contributes to more
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accurate classification of land cover types. This is particularly beneficial in distinguishing
between land use classes that may have intricate features. In urban areas where land use is
diverse and complex, SR helps capture finer details.

Bicubic VDSR-GMM Difference Map

Figure 15. Threshold results of Bicubic and mVDSR-GMM based methods at varying scale

This is vital for urban planning, monitoring infrastructure development, and
understanding the dynamics of urban landscapes. In urban areas, man-made structures
exhibit high density and regular patterns, whereas in rural regions, it is not uncommon to
encounter only a few buildings scattered across vast distances, connected by a sparse
network of frequently unpaved roads. The integration of the GMM component into more
recent state-of-the-art super-resolution architectures could be systematically investigated.
This exploration may enable further performance improvements by leveraging the strengths
of both statistical modeling and advanced neural network designs. Additionally, such an
approach could provide deeper insights into the compatibility of traditional probabilistic
methods with modern deep learning frameworks, thereby expanding the scope and impact
of hybrid methodologies in SR tasks.
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Figure 16. Performance comparison of SISR methods for land use cover analysis
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The proposed mVDSR-GMM framework possesses specific structural and
computational limitations. The 25-layer architecture requires significant memory and
computational resources when processing high-resolution satellite imagery. Furthermore,
the performance of the model is sensitive to the characteristics of the training data, and the
effectiveness of the GMM component relies on the accurate modeling of image features with
Gaussian components; any significant deviation from this distribution may impact
reconstruction accuracy. Crucially, the model faces challenges in capturing long-range spatial
dependencies. This limitation stems from the local receptive fields inherent in standard
convolutional layers and the patch-based nature of GMMs, which constrain the network's
ability to integrate global contextual information and correlate distant structural features
across the image. However, the adaptive learning capability of GMMs enables the effective
capture of complex local patterns, while their inherent noise robustness contributes to the
stability of the super-resolution process, particularly in the presence of noisy input data.

4. Conclusion

In this study, the proposed mVDSR-GMM method was compared with Bicubic, DSRDCN,
ESRDCN, MHSR, SCSR, SRDCN, SwinIR, SinSR, Real-ESRGAN, GMM, and VDSR methods to
assess its effectiveness in improving the spatial resolution of satellite imagery. mVDSR
training was carried out on diverse data sets, including DIV2K and aerial photographs from
the Turkish General Directorate of Mapping. The performance of the methods has been
evaluated through experiments on diverse satellite image datasets, including GeoEye-1,
QuickBird-2, and Ikonos-2, which have been used for extensive experiments and evaluations
to assess the generalizability and robustness of the proposed method. Although mVDSR-
GMM generally outperformed the other techniques, obtaining lower Brisque, SAM, FD, and
MSE as well as higher PSNR, UIQI, and SSIM statistical scores, the least effective method was
Bicubic. In particular, this applies to the x2 and x3 scale factors. However, approaches such
as SwinlR and SinSR operate well in some contexts, particularly where visual clarity and
subjective quality are prioritized. The mVDSR-GMM framework achieved a measurable
increase in reconstruction quality, as objectively validated by the quantitative improvements
in PSNR, SSIM, and FD metrics across all evaluated satellite datasets. From a remote sensing
perspective, the implications of this work are significant. The mVDSR-GMM framework
provides a robust, software-based solution to the fundamental hardware trade-off between
spatial and spectral resolution in Earth observation satellites. By improving image clarity and
edge sharpness, the proposed method directly enhances the accuracy of land use/cover
analysis, specifically in the binary separation of urban structures (buildings and roads) from
natural environments. This discrimination was facilitated by applying the histogram-curve-
fitting threshold method. The proposed methodologies may be suitably applied to contexts
in which images are utilized for human interpretative tasks, such as cartographic mapping
and visual representation. Further studies could aim to improve the model design,
investigate a broader range of datasets, and address particular issues in practical
applications.

The effects of applying the proposed techniques to Sentinel-2 and Landsat-9 satellite
data, which have comparatively lower spatial resolutions, will be examined. Furthermore,
upcoming research will consider the incorporation of GMM into deep learning architectures
beyond VDSR to enhance its utility and effectiveness.
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