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Abstract— Existing deep learning-based video super-resolution
difficult the
reconstruction requirements of satellite remote sensing low-

reconstruction methods are in ensuring
resolution video due to their dependence on many datasets for
training, and produce erroneous detail reconstruction during the
reconstruction process. In this paper, we propose a nonparametric
local adaptive super-resolution reconstruction method for satellite
remote sensing video, which can implicitly and adaptively adjust
the inter-frame motion error to achieve better super-resolution
video reconstruction. The method -calculates the grayscale
difference between the high-resolution image and the low-
resolution image from three dimensions: global pixel points of the
high-resolution image, the number of video frames, and the
neighborhood pixel points of the low-resolution image. In order to
effectively measure the effect of different motion estimation errors
on image reconstruction, we combine the intra- and inter-pixel
gray differences and geometric distances between pixel blocks of
high- and low-resolution images to form an adaptive weight
matrix with Gaussian decay function. On this basis, we construct
this loss function term to achieve significant noise reduction. For
the edge details of the image, we employ an edge sampling
mechanism that updates the BTV regularization term with the
deformable convolution idea. Smooth reconstruction of high-
frequency features at the edges is achieved by off-setting the
sampling points to better capture the details. Experiments show
that the method proposed in this paper significantly improves the
metrics such as fidelity and PSNR of the recon-structed images
and obtains better high-resolution reconstructed videos compared
with deep learning methods and traditional methods.

L INTRODUCTION

With the rapid advancement of remote sensing technology
and the increasing demand for satellite imaging applications,
the need for high-quality, high-resolution image and video con-
tent—an essential aspect of multimedia—is becoming more
prominent in various practical scenarios. Fields such as disaster
monitoring, military reconnaissance, urban planning, and agri-
cultural assessment benefit significantly from high-resolution
satellite video, as it provides richer, more detailed information.
In response to the requirement for high-quality reconstruction
of satellite video, using practical algorithms to improve the spa-
tial resolution of satellite video, especially under limited hard-
ware conditions, has become an important area of current re-
search. Currently used video super-resolution reconstruction
techniques can be broadly classified into two categories: tradi-
tional methods based on mathematical models and deep learn-
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ing methods.

Traditional reconstruction-based methods usually rely on ac-
curate motion estimation to model the relative motion between
video frames. Originally, interpolation was generally used to
improve the visualization of image reconstruction results[1,2,3],
and the drawbacks of scaling up to multi-frames are apparent.
To improve the algorithm’s flexibility, the MAP regularization
model has gradually become the mainstream of traditional
methods [4,5]. However, the complex scene changes, lighting
conditions, and motion uncertainties in satel-lite videos make it
difficult for conventional motion estimation algorithms to cope
with them, leading to the degradation of re-construction quality.
Especially when motion estimation errors accumulate, the final
super-resolution results tend to be blurred or “trailing”,
affecting the accuracy and reliability of the recon-struction.

On the other hand, deep learning methods have made signifi-
cant progress in learning the mapping relationship between low
and high resolution through large-scale data. Recent studies,
such as deep neural networks based on end-to-end neural net-
works and adaptive feature consolidation networks (AFC)[6,7],
have qualitative improvements in image super-resolution
reconstruction. Feature extraction considering simi-larities
between images RefSR [8] has a significant advantage in
recovering image details. However, image alignment often
produces bias in dynamic scenes due to motion estimation er-
rors [9,10,11]. Most deep learning methods cannot effectively
handle inter-frame dependencies when processing multi-frame
images, resulting in the loss of dynamic information, and image
detail is not guaranteed.

Therefore, to target the reconstruction of remote sensing im-
ages, which is a high-precision and small-error demanded re-
construction goal under limited hardware resources, it is neces-
sary to go for the design of a robust traditional reconstruction
method more adapted to the needs of video reconstruction of
satellite images in the popular trend of deep learning. There-
fore, considering the edge-keeping constraints, we propose a
video time-domain local neighborhood regularization model
based on a nonparametric local adaptive algorithm for robust
super-resolution reconstruction of motion scenes. The non-
parametric local adaptive method we designed considers the
similarities between local regions. When calculating the gray-
scale difference of sequence images frame by frame, we
perform local image block segmentation and calculate the loss
function of the grayscale difference between high-resolution
images and low-resolution images block by block. Meanwhile,
for different local regions, we construct weight matrices with
Gaussian decay functions based on geometric distances and g-
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Figure 1: The overview of our method. (a) In the computation of the local neighborhood dimension, the gray-scale difference between the high-resolution

image block and the low-resolution image block is computed; (b) In the time domain, the loss function term is computed frame-by-frame;

(¢) In the spatial

domain, all pixel points of the high-resolution image are traversed. Calculate the BTV regularization term by translating it in the x and y directions.

ray differences and adaptively adjust the influence of local
blocks of low-resolution images on the corresponding recon-
struction effects for each frame. For edge regions, we draw on
deformable convolution to sample the offset points and update
the BTV regularization term to achieve local feature recon-
struction. Our method transforms the super-resolution recon-
struction problem into an optimization problem for MAP, and
its objective function combines the loss function term and regu-
larization term to achieve video super-resolution reconstruction
of complex motion scenes while taking into account global
consistency and local details.
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Local image block difference - loss function term

METHODS
A.

We introduce an additional reconstruction dimension on the
local neighborhood, dividing the low-resolution input frames
into blocks. We calculate the grayscale differences within the
neighborhood blocks for edge pixels to adapt to the anisotropy
of the ground object edges in satellite imagery. To eliminate the
inter-frame offset caused by satellite hardware resource
limitations, we compute the grayscale differences between the
high-resolution and low-resolution images on a per-pixel block
basis, considering three dimensions: global pixel points of the
high-resolution image, video frame number, and neighborhood
pixel points of the low-resolution image. Specifically, as shown
in Figure , the image is first divided into multiple small pixel
blocks. Then, the grayscale difference between the high-
resolution and low-resolution images is calculated for each
pixel block. This difference is computed progressively across
three dimensions: local neighborhood comparison, video
sequence frames, and global pixel points, forming a multi-
dimensional grayscale difference analysis. This localized
processing approach effectively captures image details while

reducing the blurring effects that may arise from global
processing.
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Where matrices D and B represent the downsampling
matrix and the blurring matrix, respectively. Ry, denotes the
operation of extracting a high-resolution patch centered at pixel
(k,1) , while R{jj similarly represents the operation of
extracting a low-resolution patch centered at pixel (i,j). Y;
refers to the input low-resolution image.

B.  Construction of adaptive weight matrix

To effectively measure the effect of different motion
estimation errors on image reconstruction, we constructed an
adaptive weighting matrix by combining the gray level
difference between the p image blocks of the high-resolution
image and the low-resolution image and the geometric distance.
The gray level difference of each facet and the geometric
distance between facets are calculated, and the weights are
adjusted using a Gaussian decay function. The resulting weight
matrix can adaptively adjust the influence of the local aspects
of each frame of the low-resolution image on the corresponding
reconstruction effect, thus effectively reducing the negative
impact of motion estimation errors on the reconstruction
quality.
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Figure 2: Schematic of the adaptive weight matrix. The shades of the
matrix color indicate the size of the grayscale.

Where the parameters in ||DpR,’i \BX — R{ le|| are related
to the local patch grayscale differences described in the
objective function. The §, parameter controls the impact of
grayscale level differences between two pixels, while the
function f isexpressed as a Gaussian decay function based on
geometric distance.

C. Edge sampling mechanism

The edge sampling mechanism enhances the detail recovery
of ground object edges by intelligently selecting sampling
points and applying a dynamic offset strategy, thereby
improving the geometric measurement accuracy of the target.
Traditional sampling methods uniformly cover the entire image,
applying equal sampling to both edge and flat regions without
specificity. Therefore, drawing inspiration from the offset point
sampling concept in deformable convolution in deep learning,
we have designed a deformable convolution-like sampling
method. As shown in Figure 3, this method sets the primary
sampling offset along the gradient direction, capturing the
grayscale transition features on both sides of the edges. First,
based on the edge and texture features of the image, we estimate
the offset function using the image gradient. The gradient is
calculated as follows:
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Where G, and G, represent the gradients of the high-
resolution image in the horizontal and vertical directions,
respectively. Based on the gradients, the gradient magnitude
and direction for each pixel are calculated as follows:
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Figure 3: Offset point sampling schematic.

Where M is the gradient magnitude, and 8 is the gradient
direction. In edge regions, the gradient magnitude is more
prominent, indicating significant image variations. Therefore,
we can adjust the sampling point positions using the offset
Apy, ;. The specific estimation method is as follows:
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Where 4, and A, are the adjustment coefficients that
control the size of the offset. G,(k,1) and G, (k,1)are the
gradient values in the horizontal and vertical directions at the
image block’s position, respectively. M (k, ) represents the
gradient magnitude at this position, indicating the strength of
the variation. The offset sampling operation is performed more
accurately in the high-resolution image. For each pixel point
(k, 1), the new sampling position will be:

Px’ = k+Apk,l,x

RV = l + Aplul.y

Where Apy,. and Apy,, represent the offset values in the
horizontal and vertical directions, respectively.

®)

D. BTV regularization term

For the edge details of the image, we introduce the term BTV
(Binary Total Variation) regularization. The BTV
regularization term uses the L1 norm to constrain the difference
between the image and its translated version. It applies strong
constraints in flat regions where the gradient is close to zero to
suppress noise while preserving high-frequency information in
edge regions with more significant gradients. The traditional
expression for the BTV regularization term is:

p.
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Table 1
Comparison of metrics with SOTA methods on the SATSOT dataset (4x). Our results are shown in bold. Advanced deep learning methods have stronger
application capabilities. Our method still achieves stable high-resolution reconstruction in the 4x task, which outperforms all other methods in terms of

metrics.

Video Metrics Bicubic IBP POCS BasicVSR TTVSR HiRN Ours
“car 52”7 from PSNR 29.56 33.97 23.75 27.70 32.49 33.58 35.94
SATSOT SSIM 0.8387 09117 0.7868 0.8185 0.9102 0.9190 0.9471
“plane_06” from PSNR 28.26 30.10 26.62 29.66 31.99 31.97 34.75
SATSOT SSIM 0.8158 0.8324 0.8278 0.8409 0.8709 0.8729 0.9226
“train_19” from  PSNR 28.45 32.29 23.94 28.52 33.72 33.88 34.84
SATSOT SSIM 0.8649 0.8999 0.7598 0.8305 0.9268 0.9288 0.9342

N

Bicubic

SatSOT/train_19 BasicVSR TTVSR
Figure 4: Comparison of our method with SOTA on the SatSOT dataset, the metrics are better than the other methods.
Where p represents the maximum translation amount, « is Table 2 : Comparison of metrics with adaptive weighting matrix removed.
the scaling weight factor, with a range of [0,1], and sy and s}
represent the horizontal and vertical pixel shifts, respectively.
In our model, the BTV term introduces a decay factor to adjust

Weighting calculation method

the influence of pixels at different distances within the Metrics Adaptive Constant
neighborhood, enabling more precise edge preservation. At the weighting matrix weighting of 1
same time, the dynamic offset edge sampling mechanism

allows the original sy and sj* to be combined with the offset PSNR 34.75 32.54

for more flexible offset processing. The updated regularization SSIM 0.9226 0.9007

term is as follows:

Table 3: Metrics of gradient-based offsettable edge sampling mechanism

P2
ZBTV,(X) =4 Z Z a" X~

vs. fixed sampling.

n=—p m=-p (10)
(Sy + AP 108y +Ap, )X I Sampling PSNR SSIM
The offset affects the translation operation, allowing the Offset 34.84 0.9342
regularization term to better account for the detail recovery in Fixed 31.98 0.9110
ixe . .

the edge regions. By incorporating the offset, the regularization
term can dynamically adjust the influence of pixels near edges,
leading to more accurate preservation of edge details and
enhancing the overall reconstruction quality.

E.  Optimization model and solution

We transform the super-resolution reconstruction problem into
a MAP optimization problem. The objective function combines
the fidelity and regularization terms, achieving video super-
resolution reconstruction in complex motion scenes while
considering global consistency and local details. Specifically,
the objective function consists of two parts:

Loss Function Term: This includes an adaptive weight matrix
used to measure the difference between the reconstructed and
low-resolution images.

BTV Regularization Term: This term constrains the quality
of the reconstructed image, preserving edge details and
reducing noise.

By optimizing this objective function, we can effectively
handle motion estimation errors while ensuring image quality,
ultimately improving the reconstruction results.
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Where X is the reconstructed high-resolution image, 4 is
the regularization parameter, and (sy +Apy;., Sy° +
Apy,..y) represents the offset sampling operation.

To solve the objective function, let:
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To compute the gradient of Equation (12), we obtain
Equation (13) as follows:
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To minimize the objective function, we use the gradient
descent method for optimization. The update rule is defined as:
X =x0 —pvx® (14)

Where X is the model output at the f-th iteration, and
77 is the learning rate.

III. EXPERMENTS
A.  Comparison of methods

We choose representative traditional methods such as
Bicubic [12], IBP [13], POCS [14] and advanced deep learning
methods such as TTVSR [15], RealBasic VSR [16], HIRN [17]
to compare with our method on the widely used satellite video
dataset SatSOT to demonstrate the effectiveness of our method.
During the experiments, we select multi-frame video frames
containing moving objects, downsample the original video
frames, and add a fuzzy kernel to simulate low-resolution
videos. To verify the application potential of the method, the

input low-resolution video frames are reconstructed with
downsampling factors (4x) for the corresponding super-
resolution. Also, to demonstrate the ability of our method to
capture inter-frame dependencies, we perform experiments on
equally spaced frames with significant offsets. The robustness
of this capability will be further verified by consecutive frame
experiments, the results of which are shown in the
Supplementary Material. PSNR and SSIM are used as
evaluation metrics for SR performance.

Our method divides the low-resolution image into pixel
blocks of 3*3 pixel size, and the geometric distance and gray
level difference between the high-resolution image block and
the low-resolution image block are computed for weighting
matrix and loss value summation. To better capture the shape
and size of the object, the BTV regularization term is computed
by combining the deformable-like convolution edge sampling
mechanism. The gradient of the loss function term with the
BTV regularization term is calculated and updated using the
gradient descent method for 100 iterations to obtain high-
resolution video.

As shown in Table 1, our method cannot only effectively
restore the shape of moving objects without non-existent de-
tailings in terms of reconstructed image fidelity but also vastly
outperforms other methods in terms of distortion metrics PSNR
and SSIM. In the 4x large-scale zoom task, our method
achieved the best results, with an average improvement of 2.03
dB over other methods. As shown in Figure 4, despite the
superiority of some traditional methods, there is apparent
blurring or even invisibility of moving objects in visual
perception. Accordingly, methods such as BasicVSR [16] have
superior de-blurring effects but pursue excessive smoothing,
which is not conducive to the high realism of satellite video and
affects our judgment. Our method, which is specifically
designed to address the requirements of satellite videos for
realism and high-precision reconstruction, is equally effective
in everyday videos, not only with excellent distortion metrics
but also by reducing artifacts and false textures in the video
reconstruction of motion scenes, thus ensuring consistency
with the original image and pixel accuracy of the reconstruction.

B.  Ablation Study

Adaptive weight matrix. Keeping the sampling mechanism,
the BTV regularization term unchanged, we remove the
adaptive weight matrix (so that it is constant to 1); that is, the
calculation of the loss function term of the grayscale difference
only considers the direct gray scale difference between the
high-resolution face sheet and the low-resolution face sheet.
The effects of different distances and different gray scales are
the same. The results in Table 2 show that after removing the
adaptive weight matrix, the PSNR and SSIM indexes decrease
significantly, by 2.21 dB and 0.0219, indicating that the
introduction of the adaptive weight matrix can effectively deal
with the impact of pixels with different geometric distances and
different gray differences on the reconstructed points, and
reduce the part of the interference of the reconstruction effect
with a significant motion estimation error and a slight
correlation.

Edge Sampling Mechanism. We replaced the offset point
sampling with fixed position sampling without offset
processing, i.e., baseline BTV regularization was used.
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According to Table 3, the PSNR and SSIM metrics are
decreased in terms of metrics by 2.86 dB and 0.0232.
Meanwhile, the offset point sampling method is visually better
than normal sampling for processing edge features and
restoring object shape. This is because by offsetting, the model
can consider the specific shape of the object ignored by the
image block delineation, which leads to a better feature
reconstruction of the object edges.
IV. CONCLUSIONS

This paper proposes a non-parametric local adaptive video
super-resolution reconstruction algorithm to reconstruct
satellite remote sensing image videos fully. We design a loss
function term based on temporal, global pixel, and local
neighborhood gray level differences with an updated BTV
regularization term that introduces offset point sampling to
achieve high-frequency detail restoration with temporal
consistency. It is worth noting that the adaptive weight matrix
we develop can effectively handle the intra-block effects of
different gray level differences at different geometric distances
after image block segmentation. At the same time, the proposed
edge sampling mechanism has advantages in edge

reconstruction and object morphology consistency preservation.

Many experiments have proved that our method can efficiently
reconstruct videos with limited data resources, especially in
meeting the authenticity requirements of satellite images.
Future research can explore increasing the computational
efficiency of the model for more tasks.
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