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ABSTRACT Low-earth orbit (LEO) satellites are considered essential tools for remote sensing (RS) and
Earth observation (EO) applications thanks to their high spatial resolution images. However, limited on-board
resources (storage, downlink throughput, and bandwidth) make it challenging to manage the large volume
of data collected. Real-time data management is needed to avoid wasting on-board compute and downlink
budget, especially when dealing with a significant influx of anomalous data images resulting from factors
such as redundancy, seasonal changes, sensor properties, and satellite orbit dynamics. This paper introduces a
novel three-layer filtering solution designed to optimize satellite image transmission for EO. Incorporating a
fusion ofmachine learning and deep learningmethodologies, our datamanagement solutionmitigates critical
challenges associated with LEO satellite resource constraints. The proposed solution includes a no-reference
deep image quality assessment (NoR-DIQA) model using a convolutional neural network architecture to
identify and filter out distorted images. Then, it employs a perceptual hashing redundancy detection approach
to eliminate duplicated images, and finally, it employs a classification model that categorizes suitable RS
and EO applications for each image set before transmission. This framework effectively maximizes data
utility and optimizes resource allocation for RS and EO satellites. The proposed framework was tested on
different RS and EO datasets, where each layer was benchmarked against establishedmodels and consistently
achieved superior results (e.g., higher correlation and lower error in image quality assessment, improved
redundancy detection, and classification accuracy up to 99.4%), demonstrating the robustness and reliability
of the three-layer filtering solution.

INDEX TERMS Earth observation, remote sensing, deep image quality assessment, classification, LEO
image filtering.

I. INTRODUCTION
Our world is experiencing an unprecedented digital transfor-
mation, marked by the prolific collection of vast amounts of
data, where low-earth orbit (LEO) satellites are playing a piv-
otal role as sensing platforms [1]. Positioned at low altitudes,
LEO satellites enable reduced communication latency, near-
real-time data transmission, and frequent revisits to the same
Earth locations. They offer advantages such as low cost, data
freshness, and efficient spectrum allocation [2], making them
crucial for remote sensing (RS) and Earth observation (EO)
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applications such as urban planning, agriculture, disaster
monitoring, and environmental surveillance [3], [4], [5],
[6], [7]. However, these satellites face challenges, including
limited resources, bandwidth, and budgets. Their rapid orbits
result in short communication windows, restricting data
collection and transmission opportunities, particularly for
applications requiring continuous data flow. Additionally,
bandwidth limitations hinder the volume and speed of data
transfer [8].

Moreover, since LEO satellites rely on solar power as their
primary energy source, they are vulnerable to distribution
challenges caused by atmospheric changes, which can affect
data management and transmission reliability, leading to
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potential delays or interruptions. Additionally, their compact
size and limited weight limit onboard data storage capacity,
making it difficult to collect, process, and transmit large
data volumes to ground stations and EO applications [9].
The high volume of outliers, anomalies, and redundancies in
LEO images further contributes to these challenges, as these
low-value images increase data volume, consume on-board
resources and power, and increase delivery cost. Addressing
these data-related challenges involves minimizing image
delivery, eliminating redundancies, filtering distorted data,
and categorizing images based on their intended use [10].
Such an approach is crucial for overcoming budget con-
straints, time-efficient transmission, bandwidth limitations,
storage capacity issues, and energy constraints.

To address resource constraints in the remote sensing
field, numerous research studies have been proposed in the
literature. For instance, in [11], the authors introduced a
spatial resampling of RS data to assess whether the use
of high-resolution data in the analysis of vegetation in
an intensively used meadow with a homogeneous cover
is advisable or whether it generates a large amount of
redundant information, which aims to reduce the costs
of retrieval of data for various purposes in the future.
Moreover, in [12], a reduction technique for hyperspectral
RS image classification is proposed using multiple PCA-
based approaches, such as PCA, SPCA (Segmented-PCA),
and SSPCA (Spectrally Segmented-PCA), to enhance clas-
sification performance. These band-reduction strategies can
be categorized into feature-extraction and feature-selection
methods.

Complementary efforts have also focused on network-level
optimization for satellite data transport. For example, in [13],
a multi-hop coflow scheduling process in LEO satellite
networks was formulated as a routing and bandwidth allo-
cation problem, with the proposed Coflow Routing Greedy
Scheduling (CRGS) algorithm mitigating bandwidth con-
tention in multi-hop links. A dynamic data routing for LEO
satellite–based communications was modeled to evaluate
reliability and efficiency improvements in the network [14].
In parallel, AI-driven decision support systems have been
investigated to enhance data transport efficiency [15].
A decentralized satellite-federated learning framework was
proposed in [16] to address single-point failures and slow
convergence caused by intermittent communication, while
also considering traffic limitations, data privacy, and machine
learning efficiency.

Another line of research has emphasized the use of
on-board AI for image compression and data reduction.
In particular, the 8-Sat-2 mission demonstrated the feasibil-
ity of applying a convolutional autoencoder-based lossy com-
pression algorithm directly on CubeSats [17]. This approach
reduces bandwidth usage and storage demands by performing
intelligent compression in orbit. Similarly, simulation frame-
works for multispectral and hyperspectral products have been
developed to support the design of on-boardmachine learning
applications, enabling realistic benchmarking and training of

EO algorithms in representative orbital environments [18].
A recent review of edge AI for EO [19] has also summarized
emerging techniques such as lightweight model design,
pruning, quantization, and federated learning, all tailored for
resource-constrained space systems. These studies highlight
the growing interest in shifting intelligent processing closer
to the data source.

Despite these advances, existing solutions primarily focus
on data compression or transmission efficiency, without
addressing the problem of transmitting low-quality, redun-
dant, or irrelevant images. In such cases, even highly
compressed data still represents wasted bandwidth, storage,
and energy. Therefore, a critical research gap remains: the
absence of a comprehensive framework that not only com-
presses and transmits data efficiently but also intelligently
filters images by quality, redundancy, and relevance before
transmission.

In this study, we aim to develop a novel solution,
the three-layer image filtering framework, to address the
fundamental challenge of efficient data management for
LEO satellite, where vast amounts of imagery are often
degraded by distortions, duplicated due to frequent revisits,
or irrelevant to mission objectives. These issues waste
limited onboard resources, increase transmission delays, and
elevate operational costs. To tackle these challenges, the
proposed three-layer image filtering framework optimizes
the quality and relevance of collected satellite images before
transmission. The first layer employs a no-reference deep
image quality assessment (NoR-DIQA) model to identify
and discard distorted images using a CNN trained with
artificial mean opinion scores (AMOS). The second layer
removes redundant data through perceptual hashing, while
the third layer classifies the remaining images according
to their targeted RS and EO applications, discarding non-
relevant content. Through this hybrid framework, we aim to
minimize bandwidth usage, reduce storage and transmission
burdens, and maximize the utility of downlinked imagery.
We validate the proposed approach on multiple RS and
EO datasets and benchmark it against baseline models to
demonstrate its effectiveness. The contributions of this paper
can be summarized as follows:

• We investigate the problem of data management on LEO
satellites for RS and EO applications by proposing an
AI-driven framework that autonomously eliminates low-
quality, redundant, and irrelevant data. The framework is
designed as a three-layer pipeline to reduce the volume
of data transmitted to ground stations and alleviate
congestion over low-bandwidth LEO communication
links.

• We adapt a no-reference deep image quality assessment
(NoR-DIQA) model for LEO satellite images to identify
and filter out distorted data. The model leverages the
feature extraction capability of a lightweight CNN
architecture, trained using an artificial mean opinion
score (AMOS) labeling process derived from objective
perceptual quality metrics.
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• We implement a redundancy removal method combined
with an EO classification technique to efficiently discard
duplicate and irrelevant images. Redundancy is detected
using a perceptual hashing (PH) algorithm, while a deep
learning classifier categorizes the remaining images
according to their RS and EO applications.

In summary, the outcome of this work is the devel-
opment of an integrated three-layer filtering framework
that significantly improves the efficiency of LEO satellite
image transmission by ensuring that only high-quality,
non-redundant, and application-relevant data are retained.
To validate the effectiveness of the proposed approach,
we conducted extensive experiments on benchmark RS and
EO datasets, incorporating multiple types of distortions that
mimic real LEO conditions. The fine-tuned NoR-DIQA
model was evaluated against traditional full-reference and
no-reference image quality assessment methods, showing
superior correlation with perceptual quality scores. The
redundancy removal step was validated using a perceptual
hashing with different thresholds. Finally, the classification
layer was assessed using two pre-trained deep learning
architectures, Wide ResNet-50 and VGG-16, highlighting
strong generalization performance and clear advantages
over baseline models. The end-to-end framework is then
evaluated and tested to confirm that it not only addresses
the fundamental challenges of data congestion in LEO
satellites but also provides a scalable and reliable solution for
real-world EO and RS applications.

The remainder of this paper is organized as follows.
Section II presents the architecture of the proposed AI-driven
satellite imagery management framework. Section III delves
into the different components of the proposed framework
and describes the algorithms for quality assessment, image
redundancy elimination, and image classification. Section IV
presents the simulation results. Finally, Section V concludes
the paper.

II. THREE-LAYER FILTERING FRAMEWORK FOR EO
IMAGES
LEO satellite images face various challenges, including
inaccuracies caused by satellite orbit, atmospheric condi-
tions, and sensor properties, which affect image quality and
utility. Seasonal changes, compression, and other factors
contribute to redundant data, increasing the volume of LEO
data and consuming satellite resources such as computational
power, bandwidth, and energy. Despite these challenges, the
importance of RSI for RS and EO applications underscores
the need for high-quality, relevant data. To address these
issues, a three-layer filtering framework is proposed for
integration directly into LEO satellites. This framework
filters redundant images, retaining only essential and relevant
data by excluding low-quality, duplicated, and irrelevant
images. The remaining images are categorized based on
their intended RS and EO applications. This approach
effectively addresses the challenges posed by limited LEO
satellite resources while managing large data volumes. In the

FIGURE 1. Three-layer image filtering framework to discard anomalous
LEO satellite images.

following, we first introduce the workflow of the proposed
three-layer image filtering framework for satellite image
optimization (see Figure 1), followed by a description of the
dataset used in this work.

A. THREE-LAYER FILTERING FRAMEWORK
The initial layer of our proposed solution involves a real-time
assessment of the quality and utility of the LEO satellite
image. This assessment, using a fast, automated approach,
predicts image quality without requiring a reference image.
We aim to filter out low-quality images and thereby minimize
the size of the LEO satellite dataset. Taking advantage of the
strong representational power of CNNs, we propose a deep
learning algorithm for NR-IQA. Unlike traditional methods,
our model does not rely on an original image, making it
specific to LEO satellite imagery. This approach aims to
better reflect human perceptual judgment, consistent with the
objective of natural-image IQA models. Due to the scarcity
of RSI, especially LEO satellite images, traditional collection
methods are time-consuming. To address this, we propose
a labeling methodology that adds random distortions to a
real-world LEO satellite dataset. These distorted images,
along with their clean versions, form an AMOS used to train
the NoR-DIQA model, considering scenarios unique to RSI
cases.

The second layer of our proposed framework focuses
on redundancy elimination, aiming to discard similar LEO
satellite images and optimize data transfer efficiency. LEO
satellites often capture multiple frames of the same loca-
tion with minor or static changes, leading to redundancy.
To address this, we employ perceptual hash (PH) methods
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FIGURE 2. Detailed three-layer image filtering framework workflow.

from a validated family [20] that has undergone extensive
testing on various open image databases [21], particularly in
RSI scenarios with different alterations and noises. PH algo-
rithms excel at content-based authentication, accounting
for crucial properties of LEO imagery, such as structures
and resolution. Specifically, edge-feature-based perceptual
hash algorithms achieve superior tampering-authentication
accuracy for high-resolutionRSI (HRRSI) imagery compared
to standard techniques.

The third and final layer is dedicated to RS and EO
application classification. Inspired by the exceptional perfor-
mance of pre-trained deep learning models in natural image
classification, we propose using a deep learning model to
classify LEO satellite images for RS and EO applications.
An additional class is introduced to classify images that
do not belong to any specific application, leading to their
exclusion. Our study conducts a comparative RS and EO
classification analysis using a highly scalable and categorized
database with high spatial resolution. We evaluate two
pre-trained deep learning architectures, namely ResNet and
the Visual Geometry Group (VGG), for this classification
task.

In Figure 2, we present a detailed workflow of the
three-layer image filtering selector framework tailored for
LEO satellite images. The architecture involves distinct
phases depicted by green lines, representing the training

process, and a red line indicating the inference process.
Furthermore, we demonstrate the framework’s application
using RSI as input. The resulting output comprises classified,
relevant data images without redundancy, showcasing its
potential utility in satellite image processing.

B. EO IMAGE DATASET AND PREPROCESSING
1) DATASET DESCRIPTION
The framework performance is significantly impacted by
the size of the database. In the context of EO, a large,
diverse dataset is crucial. High spatial resolution is also
essential for effective learning and generalization in deep
learning models. However, databases such as LEO satellite
image datasets for RS and EO application classification are
currently limited compared to typical computer vision and
deep learning datasets. Addressing the limitations of IQA
models based on natural images, especially with the impact
of data augmentation on perceptual and technical quality
scores, presents challenges in incorporating human subjective
labels for satellite images. To overcome this issue, we propose
using the RSI classification benchmark RSI-CB256 [22] for
training, testing, and validation datasets in both layers 1 and 3.

The RSI-CB256 dataset comprises 24,740 images with a
256 × 256 pixel size in TIFF format [22]. It contains more
than 24,000 images across 35 categories, with approximately
690 images per category. This benchmark has a higher spatial
resolution than other existing databases (0.22–0.3 m), which
can also be clearly observed from the larger image memory
size. The dataset is organized into six main categories: agri-
cultural land, construction land and facilities, transportation
and facilities, water and water-conservancy facilities, forest,
and other lands. Each category is further divided into several
sub-classes, with their corresponding image counts presented
in Figure 3, along with some examples of RSI-CB256 images
illustrated in Figure 4. This dataset has demonstrated strong
performance in training CNN models compared with other
satellite datasets, such as UC-Merced [23], a well-known
benchmark for scene classification. Similarly, SAT-4 and
SAT-6 [24] are two other important benchmarks widely
used in RSI classification studies. Recently, a satellite image
classification model was proposed in [25], demonstrating that
RSI-CB256 is well-suited for both fine-grained and global
feature extraction. The same dataset has also been employed
in studies addressing data imbalance and long-tailed distribu-
tions in RS, such as the diffusion-noise-based augmentation
framework proposed in [26], which leverages generative
models to improve class diversity and robustness. Motivated
by its widespread adoption and demonstrated effectiveness
in prior studies, RSI-CB256 was selected as a representative
benchmark for validating the proposed three-layer filtering
framework.

2) DISTORTION INJECTION
Distortions in LEO satellite imagery arise from factors
such as orbit dynamics, atmospheric conditions, temporal
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FIGURE 3. Number of images per sub-class in RSI-CB256.

FIGURE 4. RSI-CB256 original images.

variations, and sensor alignment issues, thereby affecting
resolution, quality, and accuracy. Atmospheric interference,
sun angle, temperature inversions, and scattering from clouds,
haze, and dust degrade visual contrast, blur images, and
affect color accuracy. Temporal and terrain variations, along
with Earth’s curvature and elevation changes, introduce
radiometric and geometric inaccuracies. These real-world
factors were key to introducing distortions into the RSI-
CB256 database, reflecting the challenges LEO satellite
images face across various scenarios. Therefore, in this
study, we propose adding more distortions to the RSI-CB256
database to reflect the natural effects of real-world conditions
to which LEO satellite images can be subjected due to
the previously mentioned factors. The types of distortions
employed in this work are:

FIGURE 5. AMOS output results related to previous RSI-CB256 testing
images.

• Blur distortion: Satellite speed, atmospheric turbu-
lence, sensor properties, and environmental conditions
contribute to image distortion. When combined, these
factors reduce visual sharpness and detail, resulting in
lower image clarity.

• Lens flare: Lens flare, a type of light streak, can be
created by unwanted sources like the sun, artificial light,
or camera sensor coatings and design.

• Radiometric distortion: This distortion refers to the
variation in the intensity of light or the values of
the pixels throughout the image that affects the accuracy
and reliability of the data.

• Quantization noise: These inaccuracies occur when
continuously varying analog data (such as the brightness
or radiometric values of an image) are quantified.

• Temporal noise: refers to variations in image quality
and accuracy caused by factors that affect satellite
sensors or data collection processes at different times.

• Striping noise: Characterized by the presence of visible
bands or streaks of varying brightness or color, which
frequently appear as regular patterns or lines.

These various distortions were randomly introduced into
the RSI-CB256 images using random noise factors. To ensure
harmonized distorted images, we retain some images without
distortion and randomly vary the noise factors across their
lowest and medium values to better simulate real-world
scenarios. In Figure 6, we display examples of altered images
(i.e., originals in Figure 4) along with their corresponding
applied distortions.

III. AI-DRIVEN TECHNIQUES FOR RSI MANAGEMENT
In this section, we present in detail the three layers of the
proposed framework.

A. LAYER 1: NO-REFERENCE DEEP IQA FOR LEO
SATELLITE IMAGES OPTIMIZATION
Traditional methods for IQA focus on predicting subjective
quality scores to align with human perceptual judgment.
However, metrics such as mean square error (MSE) [27], and
peak signal-to-noise ratio (PSNR) [28] struggle to accurately
replicate the human visual system. Similarly, the visual

VOLUME 14, 2026 51593



N. Sboui et al.: Three-Layer AI-Driven Image Filtering for Efficient LEO Satellite RS

FIGURE 6. RSI-CB256 images after being distorted randomly. The type of
distortion is indicated at the top of each image.

information fidelity criterion (VIF) [29] faces challenges
with complex textures and patterns in LEO satellite images
and is sensitive to variations in spatial resolution and
dynamic scenes. Additionally, the structural similarity index
(SSIM) [30] and feature similarity index (FSIM) [31] are
highly sensitive to scale changes, details, and large-scale
structures, making them less effective for multi-resolution or
diverse-scale remote sensing images (RSI).

A significant challenge in IQA is measuring distortion
relative to an ideal imaging model or reference image. Full-
Reference (FR) IQA methods work well when reference
images are available, directly comparing distorted and
ideal versions. However, in cases without reference images,
no-reference (NR) IQA methods are crucial, relying on
discriminant features often based on natural scene statistics
(NSS) [32]. While NSS may not fully align with the
characteristics of RSI, traditional methods that use com-
putationally intensive transformations, such as wavelets or
DCTs, are common. Recent methods, such as CORNIA [33]
and BRISQUE [34], use spatial-domain features, reducing
computational time and effectively addressing the complex
textures and patterns in RSI.

Based on these observations, we propose using a CNN
for NR-IQA, enabling autonomous learning of discriminative
features directly from raw images. Unlike traditional methods
that rely on handcrafted features, this approach learns
features from normalized raw image pixels, resulting in
superior performance. This is especially effective for local
evaluation of LEO satellite images. Traditional IQA models
struggle with the multifaceted distortions inherent in the
data, highlighting the need for a more adaptive solution.
Deep learning IQA models based on CNNs are ideal for
addressing these challenges, as they learn features adaptively
from large datasets. This adaptability ensures a more accurate
and contextually relevant evaluation of image quality within
the LEO satellite domain.

1) ARTIFICIAL MEAN OPINION SCORE FOR IMAGE QUALITY
ANNOTATION
To ensure robust alignment between the proposed Artifi-
cial Mean Opinion Score (AMOS) and human subjective
evaluations, we introduce a reference-based quality metric

that combines the Multi-Scale Structural Similarity Index
(MS-SSIM) and the Learned Perceptual Image Patch Sim-
ilarity (LPIPS) with a VGG16 backbone. These metrics
are selected due to their well-documented alignment with
human perception and their ability to quantify structural
and perceptual distortions commonly encountered in LEO
satellite imagery.

MS-SSIM, an extension of the traditional structural
similarity index (SSIM), offers enhanced robustness and
accuracy, especially for distorted images. Considering struc-
tural information at multiple scales, MS-SSIM is well-suited
for evaluating image quality, which is crucial for LEO
satellite images with diverse distortions. Its values range
from 0 (complete dissimilarity between the reference and
altered images) to 1 (complete similarity between the two).

Similarly, the LPIPSvgg16 index, a deep learning-based
perceptual similarity metric, employs features extracted
from a pre-trained VGG16 network to measure perceptual
differences between images. Unlike traditional metrics,
LPIPSvgg16 aligns with human visual perception by cap-
turing subtle degradations such as blurring, noise, and
compression artifacts. Its values also range from 0 (percep-
tually identical to the reference) to 1 (maximally dissimilar).

To unify these complementary perspectives, we fuse
MS-SSIM and LPIPSvgg16 into the AMOS metric. Since
both components require a reference image, AMOS is
inherently a reference-based metric. The fused score com-
pensates for individual limitations: MS-SSIM emphasizes
structural fidelity, while LPIPSvgg16 addresses perceptual
degradations. To align with the conventional 0–10MOS scale
used in human evaluations, we normalize and rescale the
combined score as follows:

AMOS = 10
(
MS_SSIM + (1 − LPIPSvgg)

2

)
, (1)

where 0 corresponds to severe distortion (low quality), and
10 indicates perfect similarity to the reference (high quality).

Figure 5 illustrates the final output in the form of AMOS,
mimicking the human subjective quality assessment of these
altered images in comparison to their pristine versions.

It is important to note that the AMOS used to train the
NoR-DIQA model is derived from a fusion of MS-SSIM
and LPIPS rather than from genuine human subjective
evaluations. As such, this labeling strategy can be considered
pseudo-labeling and may introduce bias toward the percep-
tual characteristics captured by these metrics. Consequently,
the proposed NoR-DIQA model may partially learn a
surrogate representation ofMS-SSIM/LPIPS rather than fully
modeling human perceptual quality. Nevertheless, this choice
is motivated by the lack of large-scale subjective quality
annotations for remote sensing imagery and the practical
difficulty of collecting MOS for satellite data. Importantly,
themodel operates in a fully no-referencemanner at inference
time and demonstrates strong correlation with perceptual
quality indicators across diverse distortions. In a future
and more elaborate work, the integration of subjective

51594 VOLUME 14, 2026



N. Sboui et al.: Three-Layer AI-Driven Image Filtering for Efficient LEO Satellite RS

FIGURE 7. No-reference image quality assessment (NoR-DIQA) model architecture.

annotations, human-in-the-loop evaluation, or hybrid label-
ing strategies will be investigated.

2) NoR-DIQA NETWORK ARCHITECTURE
As presented in Figure 7, the proposed deep CNN model
design for assessing the quality of LEO satellite images
without the presence of reference images consists of a locally
normalized 32× 32 image patch input to 8 2D convolutional
layers with a kernel size of 3×3. The stride is set to 1 for all
convolutional layers except the second and fourth layers; the
stride is 2, and one padding for the first 7 2D convolutional
layers is set to 0 in the final convolutional layer. All the
previous 8 2D-convolutional layers use the ReLU activation
function. After that, two fully connected layers, Fc1 with
128 units and ReLU activation, and Fc2 with 1 unit, will
map the output of the previous convolutional layers to a
128-dimensional space and then to a one-dimensional space.

3) TRAINING
In dataset preparation, prior work processes images by
converting RGB TIFFs to grayscale for simplicity and com-
putational efficiency. These grayscale images are transformed
into PILL objects for easier processing and are divided into
32 × 32-pixel patches, which are locally normalized during
training. Each patch is assigned an AMOS as the ground truth
for predicting local image quality. The ADAM optimizer is
used, with a learning rate of 9 × 10−5 and a weight decay
of 10−4. The training loop employs forward and backward
passes to adjust the model, with the loss function (lossFunc)
quantifying the difference between predicted quality scores
and AMOS. It is given as follows:

lossFunc =
1
n

n−1∑
i=0

lossFunci, (2)

where

lossFunci =
∣∣f (xn,i,AMOSn,i) − qi

∣∣ , (3)

is the loss function of each 32-pixel patch at the ith patch,
n is the number of patches in a single image, qi is the local
predicted quality of the ith patch, AMOSn,i is the ith AMOS
that is correlated with the ith patch, xn,i is the 32-pixel patch
of the input image, and f (.) presents the input function of xn,i
and AMOSn,i.

After completing the training, the model’s performance on
the test dataset is evaluated. Many quality assessment metrics
will be computed and analyzed in Section IV to shed light on
the model’s capacity to predict image quality.

B. LAYER 2: REDUNDANCY REMOVAL
This subsection introduces the second layer of the image
filtering framework, focusing on PH-based redundancy
detection and removal. Redundancy in LEO satellite imagery,
caused by factors such as temporal swathing, compression,
data backup, and weather conditions, wastes computational
resources, increases power consumption, raises costs, and
extends transmission times, especially in bandwidth-limited
scenarios. This inefficiency in data retrieval can lead to longer
wait times for users querying satellite imagery datasets.
To address these issues, we present the PH redundancy
detection approach as the second layer in our satellite image
filtering framework. This simple technique aims to mitigate
drawbacks, maximize data utility, and optimize resource
allocation within the EO satellite dataset.

Perceptual image hashing generates content-based image
hashes that identify duplicate images by measuring the
similarity between them. In dealing with vast EO satellite
imagery datasets prone to various distortions, PH is the
optimal choice. PH is designed to resist common image
distortions, enabling it to match and recover images despite
distortions in LEO satellite imagery during transmission and
processing. Its computational efficiency, compared to raw-
pixel comparisons, is crucial for processing large volumes
of satellite images, reducing the resources required for
interpretation and retrieval. Moreover, PH scales efficiently
for big datasets, making it suitable for both archived and
real-time data from multiple LEO satellites.

This method begins by extracting distinguishing features
from input images, normalizing them to mitigate differences,
and creating a compact representation to capture key percep-
tual information. Quantization then reduces susceptibility to
slight variations. Our proposed redundancy removal method
converts images to grayscale, computes perceptual hashes,
and identifies redundancy using the Hamming distance
between these hashes, offering an efficient, distortion-
resistant approach. In this context, we can modularize the
process to compute PH for redundancy detection with the
following steps:
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1) Convert Images to Grayscale and Resize: First,
we convert the image I to grayscale, reducing the color
dimensions and resizing it to a smaller fixed dimension,
typically 8 × 8 pixels, to reduce computational
complexity and focus on essential details as follows:

Igray = Grayscale(I ), Iresized = Resize(Igray, (8, 8)).
(4)

2) Apply Discrete Cosine Transform (DCT): Then,
we apply the 2D Discrete Cosine Transform (DCT)
to the resized grayscale image to transform it into the
frequency domain, keeping only the most significant
low frequencies (top-left of the transformed matrix) as
follows:

Idct = DCT(Iresized). (5)

3) Select Low Frequencies: From Idct, we select a subset
of low-frequency components (e.g., the top-left 8 ×

8 block), as these represent the most prominent image
features as follows:

Ilow_freq = Idct[: 8, : 8]. (6)

4) Compute Average DCTValue:We calculate the mean
of the DCT values (excluding the DC component
or Ilow_freq[0, 0]) and then create a binary hash by
comparing each element in Ilow_freq with the average µ

as follows:

µ =
1
N

N∑
i=1

Ilow_freq[I ], hi =

{
1 if Ilow_freq[i] ≥ µ,

0 otherwise,
(7)

where N is the number of elements in Ilow_freq. Then,
we concatenate the bits hi to form the final perceptual
hash. Using the above steps, the PH (PH ) for an image
I , which can be expressed as:

PH = concat{
hi =

{
1 if Ilow_freq[i] ≥ µ

0 otherwise

}N

i=1

 ,

(8)

where Ilow_freq is the set of low-frequency DCT
coefficients,µ is the mean of the DCT coefficients, and
hi are the binary hash bits.

Finally, to detect redundancy between two images A and B,
we calculate the Hamming distance d between their percep-
tual hashes PHA and PHB as follows:

d(HA,HB) =

N∑
j=1

|HA[j] − HB[j]|. (9)

If d is below a predefined threshold T , the images are
considered similar to each other, and one of them can be
discarded.

C. LAYER 3: RS AND EO APPLICATION CLASSIFIER
The third layer of the filtering framework focuses on satellite
RS and EO image classification, which is essential for
optimizing the use of satellite imagery. Classification is vital
for various RS and EO applications, such as environmental
monitoring and national security, and helps allocate limited
satellite resources efficiently. It supports policymakers in pri-
oritizing needs, reducing costs, and ensuring data is collected
and transmitted effectively for specific purposes. This layer
also addresses challenges related to diverse data volumes
and resolutions while prioritizing data transmission under
bandwidth constraints. Recent advancements in pre-trained
deep CNNs, inspired by their success on the ImageNet
dataset [35], [36], have shown promise for RSI classification.
Training deep CNNs on a large-scale dataset such as RSI-
CB256 ensures better generalization, prevents overfitting,
and enhances model accuracy. This approach optimizes
data utility, storage, bandwidth, and costs. The section will
detail two investigated pre-trained CNN-based classification
systems, specifically Wide ResNet-50-2 and VGG16. The
training parameters of the Wide ResNet-50-2 and VGG16,
as well as their optimized hyperparameters, are given in
Tables 1 and 2.

1) WIDE ResNet-50-2
The DCNN RS and EO classification pipeline, based on a
pretrained Wide ResNet-50-2 [37], commences with image
preprocessing, during which 256 × 256 images are resized
to 64 × 64 per batch. Subsequently, these modified images
are partitioned into three distinct datasets: training, testing,
and validation. The choice of network architecture stems from
its remarkable performance on ImageNet. Specifically, a pre-
trainedWide ResNet-50-2 is employed for feature extraction,
with its layers held fixed (frozen) during training. The output
from the pre-trained layers is then channeled through a
custom, fully connected head architecture designed to address
our classification task. This specialized head architecture
consists of a linear layer with 256 outputs, followed by a
ReLU activation, which introduces essential non-linearity
to the model. To guard against overfitting, a dropout layer
with a dropout rate of 0.5 is thoughtfully integrated. Finally,
a fully connected layer with 35 outputs, matching the number
of RSI-CB256 classes, produces class logits. To facilitate
training, a LogSoftmax layer is appended to the classification
network’s final output. This transformation converts class
logits into log-probabilities, which are instrumental for
computing the cross-entropy loss during training.

2) VGG16
The architecture and design of this model are rooted in
VGG16 [38], tailored for multiclass classification. To train
the RS and EO classification model, the model leverages
pretrained VGG16 layers for feature extraction. The features
extracted from these layers are subsequently fed into a
sequence of fully connected layers with 256 input nodes and
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TABLE 1. Training parameters of the pre-trained classification models for
RS and EO applications.

TABLE 2. Hyperparameter optimization of the Wide ResNet-50-2 and
VGG-16.

FIGURE 8. Training Loss Function measures of the Deep No-reference IQA
model during 500 epochs on RSI-CB256.

FIGURE 9. RMSE values of the Deep No-reference IQA model during
500 epochs on RSI-CB256.

35 output nodes, corresponding to the number of subclasses in
our dataset. This sequence is further enriched by the inclusion
of a ReLU activation function. For enhanced robustness and
regularization, a dropout layer with a dropout rate of 0.5 is
introduced. The model culminates with the application of
a LogSoftmax activation function to its output. This model
leverages the strengths of the VGG16 architecture, fine-
tuning it for the specific needs of multiclass classification in
RS and EO data analysis.

FIGURE 10. SROCC values of the Deep No-reference IQA model during
500 epochs on RSI-CB256.

IV. EXPERIMENTAL RESULTS
In this section, we evaluate the performance of the designed
models in the different layers of the proposed AI-driven
image management system.

A. NO-REFERENCE DIQA RESULTS
1) EVALUATION METRICS
In order to gauge the model’s performance in assessing image
quality during the training, testing, and validation steps, some
metrics are being introduced for this purpose:

• SROCC or ‘‘Spearman Rank-Order Correlation Coeffi-
cient’’ [39] measures the strength of monotonicity and
correlation between two variables. It ranges from -1
to 1, where 1 indicates perfect correlation, -1 denotes
negative monotonicity, and 0 signifies no monotonicity.
The formula for SROCC is:

SROCC = ρ = 1 −
6

∑
12

n(n2 − 1)
, (10)

where n is n is the number of images and 1 is the
difference between the predicted score and the AMOS
of the tested image.

• KROCC refers to the ‘‘Kendall Rank-Order Correlation
Coefficient’’ [40], similar to SROCC, it assesses the
strength and direction of ordinal association between
two datasets. With values ranging from -1 to 1,
1 indicates a perfect positive ordinal association, -1
denotes a perfect negative correlation, and 0 signifies no
ordinal association. The formula for KROCC is given
by:

KROCC = τ =
2(nc − nd )
n(n− 1)

, (11)

where nc is the number of concordant pairs, nd is
the number of discordant pairs, and 2

n(n−1) is the total
number of pairwise comparisons.

• PLCC refers to the ‘‘Pearson Linear Correlation
Coefficient’’ [41], a statistical measure assessing the
direction of a linear relationship between two sets
of variables. Similar to SROCC, the PLCC value ranges
from -1 to 1. A value of 1 indicates a perfect positive
linear correlation, -1 denotes a negative monotonic
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TABLE 3. Performance comparison between the evaluation metrics of
our no-reference deep IQA Model and some traditional FR-IQA measures
on RSI-CB256.

relationship, and 0 signifies no monotonicity. The
formula for PLCC is given by:

PLCC = ρ =

∑
((xi − µx)(yi − µy))

σxσy
, (12)

where µx is the mean of x, µy is the mean of y, σx is the
standard deviation of x, σy is the standard deviation of y,
and xiandyi are individual data points from the x and y
datasets, respectively.

• MAE stands for ‘‘mean absolute error,’’ [42] a metric
used to evaluate the accuracy of a predictive model. The
formula for MAE is given by the following equation:

MAE =

∑
|yi − ȳi|
n

, (13)

• RMSE: stands for ‘‘Root Mean Squared Error,’’ [43]
a metric that quantifies the average error between
predicted and observed values. The RMSE formula is
given by the following equation:

RMSE =
√
MSE, (14)

where yi observed values, ȳi the predicted value of y, and
n is the number of data points.

We report results obtained from 500 train-test iterations,
where in each iteration, we randomly select 0.8 of the
RSI-CB distorted images and their corresponding AMOS as
the training set, 0.1 as the validation set, and the remaining
0.1 as the test set.

In Figure 8, the trend of the training loss function for
the NoR-DIQA model is shown over 1.2 million training
iterations, equivalent to 500 training epochs. The figure
demonstrates a consistent decrease in the training loss
function throughout each epoch, stabilizing between 700,000
and 1,100,000 iterations. It reaches its minimum value
of 0.1 by the conclusion of the training as presented in
the formula (2). This trend indicates that the model is
trained and able to detect low-quality/distorted images. These
results are confirmed in Figures 9 and 10, which show a
consistent decrease and increase in the RMSE and SROCC
values over 500 training epochs. These curves stabilize from
epoch number 400, reaching final values of 0.18 and 0.92,
respectively.

Furthermore, the findings presented in Table 3 provide
a comprehensive assessment of the proposed model for

FIGURE 11. Predicted quality scores of the distorted RSI-CB256 testing
images with their corresponding AMOS.

different evaluation metrics during the testing phase. A per-
formance comparison between our NoR-DIQA model and
traditional FR-IQA models (e.g., FSIM, SSIM, and VIF) on
the RSI-CB256 dataset reveals compelling statistical insights.
A noteworthy MAE value of 0.165, coupled with an RMSE
value of 0.301, attests to the model’s efficiency in generating
accurate predictions of the AMOS. These low error values
imply minimal disparity between predicted quality and the
input MOS within the 0-10 range. Additionally, the SROCC
index of 0.960, the PLCC index of 0.995, and the KROCC
index of 0.865 demonstrate a robust positive linear correlation
between predicted quality and AMOS. These results affirm
the model’s strong predictive capabilities, demonstrating
high correlation and accuracy. They also highlight the
superiority of the proposed solution over traditional IQA
techniques. Importantly, the choice to employ a CNN in
IQA with RSI is validated, highlighting its inherent ability
to extract features from challenging RSI images, a task
particularly demanding compared to natural images. CNN’s
adaptability and feature extraction capabilities underscore its
effectiveness in handling the complexities of remote sensing
IQA.

Computational speed of NoR-DIQA: The overall pro-
cessing time for our NoR-DIQAmodel on these test examples
is approximately 0.802 seconds for every set of 10 images,
translating to an efficient 0.0802 seconds per individual
image. This performance is achieved using a single CPU
processor.

To provide a more detailed assessment of our model’s
performance, Figure 11 shows examples of the predicted
AMOS score and the ground-truth score for selected images
from the dataset. It shows strong correspondence between the
AMOS and the predicted image quality score.

B. LAYER 2: REDUNDANCY REMOVAL RESULTS
In this section, we present the results of the redundancy
removal model experiment using a PH method described
in Section III-B. Figure 12 illustrates the impact of the
Hamming distance threshold on redundancy detection per-
formance in terms of classification accuracy and F1-score.
For a threshold increase from 5 to 7, we notice that the
accuracy remains relatively stable (around 94%), while the
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FIGURE 12. Performance of Layer 2 in terms of Accuracy and F1-Score for
different Hamming distance thresholds.

FIGURE 13. RSI-CB256 redundant images with varying distortion levels
(blurring and atmospheric noise), representative of real-world distortions
experienced by LEO satellite images, were identified using the Perceptual
Hashing Algorithm. For example, a Hamming Distance of 10 was used.

F1-score improves noticeably, indicating better identification
of redundant samples without excessive removal of relevant
data. When the threshold is further increased to 10, both
accuracy (96.58%) and F1-score (88.88%) reach their peak
values. A further increase to 15 results in only marginal
improvement in accuracy (96.70%) but a slight decrease in
F1-score (88.25%). Based on these results, a threshold of

TABLE 4. Performance of the DCNN classification model of RS and EO
applications.

10 provides the most balanced and robust performance within
the proposed cascaded framework. Finally, in Figure 13,
we illustrate examples of the adopted PH algorithm in effec-
tively detecting image redundancy among various classes of
LEO satellite RS and EO images, although the presence of
multiple distortions with different levels.

C. LAYER 3: IMAGE CLASSIFIER RESULTS
Following training and testing in the RSI-CB256 dataset for
20 epochs with a learning rate of 0.0001 using the ADAM
optimizer, this section provides a comparative analysis of the
classification performance between two selected models for
EO image classification:Wide ResNet-50-2 andVGG16. The
final results are shown in Table 4, showcasing the training and
validation performances of the investigated pre-trained deep
CNN models. These results clearly demonstrate effective
classification performance among 35 categories of EO
applications, robust generalization capabilities, and profound
learning aptitude achieved by ResNEt-50-2, which has
achieved 0.9941 accuracy compared to 0.9687 for the
VGG-16. The remarkable performance of these models
underscores their suitability for real-world applications,
where high-quality classification and reliable generalization
are imperative.

D. PIPELINE TESTING ON SELECTED DATASET
CATEGORIES
To further evaluate the effectiveness of the proposed
three-layer filtering framework, we select a representative
subset of six classes with the largest image subsets in the RSI-
CB256 that exhibit diverse textural and spectral characteris-
tics: shrubwood, dry_farm, storage_room, snow_mountain,
sparse_forest, and desert. These categories are chosen to
encompass various land cover types, including vegetation-
rich, arid, and man-made regions, thereby enabling a
comprehensive assessment of the model’s robustness across
heterogeneous visual conditions. An auxiliary other_objects
class containing irrelevant images. For each class, all
samples were originally fit for use. These images are
then passed sequentially through the three filtering layers.
At each stage, we count how many images are rejected
and how many continue to the next layer to calculate the
percentage of eliminations per layer and the final proportion
of images correctly retained, lost, or incorrectly maintained
(intrusions).
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TABLE 5. Unified summary of eliminations per layer and final performance statistics.

TABLE 6. Complexity analysis of the proposed three-layer filtering framework with processing time statistics (measured or estimated over 1000 runs).

The results presented in Table 5 reveal several important
insights about the pipeline’s behavior. On average across
the six classes, only 4.04% of images were removed by
the quality assessment layer, while the redundancy stage
accounted for the largest proportion of eliminations (7.98%),
reflecting strong visual similarities within several land-
cover types. The relevance classifier removed only 1.13%
of images, demonstrating the stability and reliability of the
Wide ResNet model in preserving valid content. In total, the
system correctly retained 88.21% of the fit images while
discarding 11.79% as lost data, and the performances vary
from one class to another due to the impact of Layer 2.
Only 0.36% of irrelevant images from the auxiliary category
bypass the full pipeline and are misclassified to one of
the desired classes. These results confirm that the proposed
framework efficiently identifies and removes low-quality,
redundant, and irrelevant samples while preserving the vast
majority of useful data. They also confirm the generalization
capability of the framework across heterogeneous data,
ensuring reliable filtering of low-quality, redundant, and
irrelevant satellite imagery while minimizing unnecessary
rejection of fit data. The preserved class-wise matching
rates (88.21% on average) suggest that mis-filtering at early
stages does not significantly propagate or distort downstream
performance. While borderline cases may occur, their impact
remains limited given the high individual accuracy of each
layer.

E. COMPLEXITY ANALYSIS
Table 6 provides a detailed analysis of the complexity of
the proposed three-layer filtering framework in terms of
parameter count, memory footprint, and processing time.
The NoR-DIQA layer is deliberately lightweight, with
approximately 0.67M parameters requiring about 2.7 MB
of memory, and achieves an average runtime of 80 ms
per image on a CPU. The redundancy detection stage,

based on perceptual hashing, is non-learned and requires
negligible memory, with runtimes consistently below 3 ms
per image, showing that this stage has virtually no impact
on resource consumption. In contrast, the classification layer,
implemented usingWideResNet-50-2, contains roughly 68M
parameters (plus a 0.53M-parameter head), with a memory
footprint of about 272 MB in FP32 precision (reduced
to 68 MB with INT8 quantization). This layer dominates the
computational load, averaging 620ms per image onCPU, and
thus represents the primary bottleneck of the pipeline. These
results were obtained on a workstation with an Intel Core
i7 CPU (3.6 GHz, 16 GB RAM) without GPU acceleration,
which provides a conservative baseline. They suggest that
the proposed framework design is compatible with resource-
constrained environments, although real-time performance
on actual satellite hardware depends on platform-specific
characteristics.

F. DISCUSSION AND LIMITATIONS
LEO RS imagery is inherently affected by multiple sources
of uncertainty, including cloud coverage, atmospheric dis-
turbances, sensor noise, and variations in illumination and
viewing geometry. While the proposed framework does
not explicitly model uncertainty in a probabilistic sense,
it is designed to implicitly mitigate its impact through
a cascaded filtering strategy. Specifically, images with
high uncertainty often manifest as low-quality observations
and are discarded by Layer 1 of the pipeline. Images
that pass this stage but remain irrelevant to the targeted
RS or EO application are subsequently removed by the
classification layer (Layer 3), further reducing the influence
of uncertain or non-informative data. As a result, the pipeline
serves as a progressive uncertainty-reduction mechanism by
retaining only high-quality, non-redundant, and application-
relevant imagery. Nevertheless, limited residual uncertainty
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can still propagate across layers, especially in borderline
cases. Exploring uncertainty-aware extensions, such as
confidence-based filtering or uncertainty-guided mission
planning frameworks [44], represents a promising direction
for future work.

On the other hand, deploying AI-driven frameworks on-
board LEO satellites introduces additional challenges related
to limited computational resources, memory capacity, and
power budgets. While the experimental results demonstrate
that the proposed framework can achieve reasonably fast
execution on a general-purpose CPU, these results should
be interpreted as a conservative baseline rather than a direct
indication of real-time on-board performance. Adapting the
framework to resource-constrained space-qualified hardware
requires careful optimization, including model compression,
quantization, and the selection of lightweight architectures.
Nevertheless, the modular design of the proposed three-layer
framework facilitates such adaptations, allowing individual
components to be optimized or replaced depending on
platform capabilities. Investigating and validating these
adaptations on representative on-board hardware platforms
remains an important direction for future work.

V. CONCLUSION
In this paper, we presented a three-layer filtering frame-
work designed to enhance the efficiency of LEO satellite
image transmission by systematically eliminating low-
quality, redundant, and non-relevant data. By combining
a no-reference image quality assessment model, a percep-
tual hashing-based redundancy filter, and a deep learning
classifier, the framework ensures that only the most valu-
able imagery is preserved for RS and EO applications.
Extensive experiments across multiple datasets confirmed
its effectiveness, with each layer outperforming baseline
methods—for example, achieving stronger alignment with
image quality metrics, robust redundancy detection, and clas-
sification accuracy nearing 99.4%. These findings highlight
the robustness of the approach in reducing transmission
load while improving data utility. Nevertheless, the current
evaluation relies on public benchmark datasets and has not
yet been validated on real on-board hardware, aspects that are
being addressed in our ongoing work. Future research will
also investigate adaptive sequencing of the filtering layers,
extend the evaluation to additional datasets, and investigate
complexity reduction strategies for onboard deployment
to enhance the framework’s applicability in real satellite
operations.
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