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Abstract. High-dimensional satellite data provide all-weather, all-season assistance for Earth observation, environmental 
monitoring, disaster relief, and intelligent remote sensing interpretation. They include various spectra, hyperspectral 
information, geographical and temporal dimensions, context, etc. However, there is currently a significant storage pressure, 
transmission latency, and computing overhead because of the quick expansion of spectral bands, spatial resolution, and 
continuous observation frequency. This research proposes a quantum-assisted data compression framework for high-
dimensional satellite data. Reconstruction-aware compression optimization, adaptive low-rank projection, spectral-spatial 
redundancy modeling, and quantum-inspired feature representation are the methods used. In order to reduce the number 
of dimensions while maintaining the original data's discriminative spectral structure and spatial correlation, a comparatively 
compact feature map approach is suggested. Simulated hyperspectral and multispectral satellite data are analyzed 
experimentally. The findings show that the suggested approach maintains a reconstruction accuracy of more than 94.2% 
while reducing the storage size by 68.5% and increasing the compression ratio over that of conventional principal component 
analysis by 21.3%. This research demonstrates how quantum-assisted representation can improve satellite data compression 
efficiency while preserving crucial remote-sensing properties. 
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Introduction 
Satellite remote-sensing systems with hyperspectral sensors, multi-spectral cameras, synthetic aperture imaging, 
and repeated temporal observations are producing high-dimensional data at a growing rate [1]. A single satellite 
scene can contain millions of spatial pixels, several hundred spectral bands, and several other characteristics of 
the acquisition angle, lighting, atmospheric conditions, sensor calibration data, etc. [2]. Urban area research, 
mineral exploration, ecological environments, agricultural supervision, land-cover classification, and disaster 
relief can all benefit from the data [3]. In addition to having a high bandwidth requirement for satellite-to-ground 
communication and a comparatively high storage demand on board [4], high-dimensional satellite observations 
also feature subtle spectral fluctuations that are not visible in standard images [5]. Spectral decorrelation must 
be achieved in order to minimize duplicate information and maintain the usefulness of remote-sensing data, 
according to research on lossless and near-lossless hyperspectral compression [6]. Real-time compression 
approaches have been investigated due to the computational feasibility requirements for satellite or edge 
platforms in high-dimensional image streams [7]. Furthermore, learning-based onboard compression has 
demonstrated that satellite data compression is no longer merely a coding issue but rather a complex 
representation, reconstruction, and deployment problem [8]. The joint model of spectral and spatial features is 
linked to compression quality, and full-convolutional and three-dimensional reconstruction investigations have 
recently been carried out [9]. Research on image compression for embedded devices must simultaneously take 
into account the trade-off between computational cost and reconstruction accuracy [10]. 
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Traditional satellite data compression techniques include predictive coding, transform coding, principal 
component analysis, wavelet decomposition, tensor decomposition, and autoencoder-based compression [11]. 
The nonlinear spectral dependence and spatial correlation of high-dimensional remote sensing data may not be 
effectively utilized by the methods, and their levels of storage need reduction differ [12]. Research on 
dimensionality reduction has demonstrated that feature selection and compact feature representation are 
necessary to preserve compressed data's capacity for remote sensing interpretation [13]. A new method of 
handling high-dimensional data through quantum-inspired optimization and representation techniques is 
provided by the use of probability amplitudes to describe compact-state representations and rotation-based 
searches for complicated data structures in a condensed mathematical form [14]. High-dimensional 
compression has been demonstrated to function on parallel hardware for spectral data and should take 
implementation efficiency into account [15]. A suitable projection structure can preserve the good spectrum 
information in a compressed form, as demonstrated by unsupervised feature extraction and tensor discriminant 
analysis. Protect the spectral signature and spatial texture at the same time by using simultaneous spatial-
spectral extraction and structure-preserving projection research. Additionally, probability-guided exploration 
using quantum-inspired evolutionary and particle swarm algorithms has been suggested to improve high-
dimensional search. 

High-Dimensional Satellite Data Compression with Quantum Assistance. Construct a compression system that 
simultaneously takes into account reconstruction error, spectral redundancy, spatial correlation, compact 
feature representation, and downstream remote sensing applications. A novel approach has been put out that 
incorporates quantum-assisted representation concepts into the compression model in place of actual quantum 
hardware. This work addresses three research problems: quantifying spectral-spatial redundancy in high-
dimensional satellite cubes; building compact quantum-inspired feature maps; and minimizing reconstruction 
error while enhancing storage and transmission efficiency. With limited processing and communication power, 
the architecture can assist in the distant storage, downlinking, and processing of satellite data. 

Related Work 

High-Dimensional Satellite Data Compression 

High-dimensional satellite data compression for hyperspectral and multispectral images has been the subject of 
numerous investigations. Because adjacent spectral bands are typically very redundant, spectral decorrelation 
is necessary. In order to enhance reconstruction quality at a high compression rate, compression models have 
recently incorporated denoising, learning representations, and optimized recurrent networks [16]. Noise 
reduction and compression are connected, according to research on hyperspectral denoising; that is, noisy 
bands require coding resources because they don't give relevant information [17]. Multi-scale feature extraction 
can improve the interpretability of compressed or modified hyperspectral data, as shown by Spectral-Spatial 
Feature Networks [18]. Additionally, helpful bands that must be included prior to dimension reduction have 
been found by research on feature selection in hyperspectral remote sensing [19]. The accuracy of the 
reconstructed spectrum after compression can be assessed using spectral angle analysis [20]. Convolutional 
autoencoders have been used in onboard satellite settings to reduce image size before to transmission; 
nevertheless, the network structure and compression ratio have a significant impact on the reconstruction 
results. As a result, adaptive data representation and reconstruction-aware compression have replaced simple 
coding in recent research. 

Spectral-Spatial Feature Representation in Remote Sensing 

Because the high-dimensional satellite data contains both spatial structures and band-wise fingerprints, 
spectral-spatial feature representation is required. Different compression levels produce different kinds of 
spectral-spatial distortion, according to the compression-rate study of convolutional autoencoders [21]. Rough-
wavelet feature techniques and stacked autoencoders have also suggested that, with appropriate latent space 
limits [22], a compact nonlinear representation can preserve discriminative information [23]. A general 
explanation for removing superfluous bands without sacrificing the primary information structure is provided 
by dimensionality reduction theory [24]. Additionally, no single projection technique is appropriate for all 
distributions of high-dimensional data, according to comparative dimensionality reduction studies [25]. 
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According to the research, spectral fidelity and feature separability—rather than merely pixel-wise error—
should be used to assess compression. This requirement is very strict because the compressed result of the 
satellite data will be utilized for land-cover categorization, anomaly detection, target recognition, and other 
applications in the future. 

Quantum-Assisted and Quantum-Inspired Data Processing 

High-dimensional data representation and optimization have recently attracted interest in quantum-assisted 
and quantum-inspired computing. Quantum-inspired techniques have produced some helpful mathematical 
tools for compressed-state encoding and global search, even if the majority of real satellite compression still 
uses conventional hardware [26]. Adaptive update rules and amplitude-like coding are supported in nonlinear 
optimization by advanced quantum-inspired evolutionary optimization [27]. Slap Swarm and quantum-inspired 
genetic algorithms have also been used for continuous and multi-objective optimization [28]. Prior to projection, 
the data can be compactly grouped via quantum-inspired clustering [29]. A reference for eliminating duplication 
in high-dimensional images is provided by feature selection techniques based on quantum-inspired search [30]. 
The research has laid the groundwork for building a quantum-assisted compression model with reconstruction 
control, redundancy estimation, and compact representation. Quantum-assisted dimensionality reduction 
concepts are not general-purpose; instead, they concentrate on normalized state representation, probability-
guided component allocation, adaptive reconstruction constraints, etc. The characteristics—many spectral 
bands, redundancy, and uneven information distribution—are appropriate for satellite compression. 

Quantum-Assisted Compression Method for Satellite Data 

Spectral-Spatial Data Modeling and Redundancy Measurement 

The proposed method represents a high-dimensional satellite scene as a spectral-spatial data cube composed 
of height, width, and band dimensions. Each pixel vector contains spectral responses across multiple bands, 
while each spatial neighborhood contains local texture, edge, and land-cover structure. Compression begins by 
normalizing radiometric values, removing invalid bands, and constructing local spectral-spatial patches. Figure 
1 shows the quantum-assisted compression framework for high-dimensional satellite data. 

 
Figure 1. Quantum-assisted compression framework for high-dimensional satellite data 

𝑋𝑋 = �𝑥𝑥ℎ,𝑤𝑤,𝑏𝑏 ∣ 1 ≤ ℎ ≤ 𝐻𝐻, 1 ≤ 𝑤𝑤 ≤ 𝑊𝑊, 1 ≤ 𝑏𝑏 ≤ 𝐵𝐵� Eq.(1) 

The first step is to measure spectral redundancy. Adjacent and physically related bands often show strong 
correlation, but the correlation is not uniform across the entire spectrum. Water absorption regions, 
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atmospheric noise, and sensor response differences may produce unstable bands. Therefore, redundancy is 
estimated through both global band correlation and local spatial consistency. 

𝑅𝑅𝑏𝑏 = � 
𝑘𝑘≠𝑏𝑏

|cov(𝑥𝑥𝑏𝑏 , 𝑥𝑥𝑘𝑘)|
𝜎𝜎𝑏𝑏𝜎𝜎𝑘𝑘 + 𝜀𝜀

 Eq.(2) 

Spatial redundancy is modeled by comparing each patch with its local neighborhood. Smooth regions such as 
water bodies or homogeneous farmland can be compressed more strongly, while urban edges and mixed pixels 
require more careful reconstruction. 

𝑆𝑆ℎ,𝑤𝑤 =
1

|Ω|
�  

(𝑢𝑢,𝑣𝑣)∈Ω

�𝑥𝑥ℎ,𝑤𝑤 − 𝑥𝑥𝑢𝑢,𝑣𝑣�2 Eq.(3) 

The compression priority is obtained by integrating spectral redundancy and spatial complexity. Bands with high 
redundancy and low spatial contribution receive stronger compression, while bands with distinctive spectral 
response or complex spatial context are preserved with higher weight. 

𝑃𝑃ℎ,𝑤𝑤,𝑏𝑏 = 𝜆𝜆𝑅𝑅𝑏𝑏 +
1 − 𝜆𝜆
𝑆𝑆ℎ,𝑤𝑤 + 𝜀𝜀

 Eq.(4) 

Quantum-Inspired Feature Mapping and Dimensional Projection 

The quantum-assisted representation maps each normalized spectral-spatial patch into a compact probability-
amplitude-like feature state. This mapping does not execute quantum circuits; it borrows the idea of amplitude 
encoding to express high-dimensional satellite information in a normalized compact vector. 

𝑞𝑞𝑖𝑖 = �𝛼𝛼𝑖𝑖,1,𝛼𝛼𝑖𝑖,2, … ,𝛼𝛼𝑖𝑖,𝑑𝑑� Eq.(5) 

The amplitude vector satisfies a normalization constraint so that energy distribution across compressed 
dimensions can be interpreted consistently. This constraint prevents the compressed representation from being 
dominated by a small number of high-magnitude bands. 

� 
𝑑𝑑

𝑟𝑟=1

�𝛼𝛼𝑖𝑖,𝑟𝑟�
2 = 1 Eq.(6) 

Projection basis vectors are learned from redundancy-aware spectral-spatial statistics. The projection matrix is 
encouraged to retain informative bands and suppress redundant or noisy dimensions. 

𝑍𝑍 = Φ𝑇𝑇𝑋𝑋𝑞𝑞 Eq.(7) 
To avoid destroying remote sensing feature separability, the projection loss includes a spectral preservation 
term and a spatial smoothness term. The spectral term controls angular distortion, while the spatial term 
constrains local texture degradation. 

𝐿𝐿𝑝𝑝 = ‖𝑋𝑋 − Φ𝑍𝑍‖𝐹𝐹2 + 𝜂𝜂𝐿𝐿𝑠𝑠 + 𝛽𝛽𝐿𝐿𝑔𝑔 Eq.(8) 
The projection dimension is adaptively determined according to the redundancy distribution. Highly redundant 
scenes can be mapped into fewer dimensions, while complex urban and mixed land-cover scenes retain a larger 
compressed dimension. 

𝑑𝑑𝑐𝑐 = �𝑑𝑑min + (𝑑𝑑max − 𝑑𝑑min)�1 − 𝑒𝑒−𝑅𝑅‾�� Eq.(9) 

Reconstruction-Aware Adaptive Compression Strategy 

After compact projection, the compressed representation is encoded using an adaptive quantization strategy. 
The quantization interval is smaller for feature dimensions that contribute strongly to reconstruction and larger 
for redundant dimensions. Figure 2 presents the spectral-spatial feature projection and reconstruction 
optimization process. 
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Figure 2. Spectral-spatial feature projection and reconstruction optimization process 

 

𝑄𝑄𝑟𝑟 = Δ𝑟𝑟  round �
𝑍𝑍𝑟𝑟
Δ𝑟𝑟
� Eq.(10) 

The reconstruction module maps the quantized compact representation back to the original spectral-spatial 
space. Reconstruction quality is measured by intensity distortion, spectral angle, and spatial structure 
preservation. 

𝑋̂𝑋 = Ψ𝑄𝑄 Eq.(11) 
The adaptive compression objective combines storage cost and reconstruction distortion. This formulation 
prevents the model from pursuing a high compression ratio at the cost of unacceptable spectral information 
loss. 

𝐿𝐿𝑐𝑐 = 𝛾𝛾𝛾𝛾(𝑄𝑄) + (1 − 𝛾𝛾)‖𝑋𝑋 − 𝑋̂𝑋‖𝐹𝐹2 + 𝜉𝜉𝐴𝐴𝑠𝑠 Eq.(12) 
The spectral angle penalty directly constrains spectral signature deformation. It is especially important for 
hyperspectral satellite data because small angular changes may affect material recognition and land-cover 
discrimination. 

𝐴𝐴𝑠𝑠 =
1
𝑛𝑛
�  
𝑖𝑖

arccos �
𝑥𝑥𝑖𝑖𝑇𝑇𝑥̂𝑥𝑖𝑖

‖𝑥𝑥𝑖𝑖‖‖𝑥̂𝑥𝑖𝑖‖ + 𝜀𝜀
� Eq.(13) 

The final compressed bitstream includes adaptive projection coefficients, quantized compact features, and 
minimal reconstruction metadata. This design provides a balance between compression efficiency, 
reconstruction fidelity, and remote sensing feature preservation. 

𝐵𝐵𝑐𝑐 = Enc(𝑄𝑄,Φ,Δ,𝑀𝑀) Eq.(14) 

Experimental Scheme and Evaluation Metrics 

Dataset Configuration and Preprocessing 

The project makes use of simulated high-dimensional satellite data sets for hyperspectral and multispectral 
remote sensing scenarios. Each image patch is downsized to 256x256 pixels for normalized comparison, and 
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hyperspectral data has 128-224 spectral bands. Scenes that are multispectral have more complex spatial 
textures but fewer bands. Prior to compression, eliminate low-signal and invalid bands, normalize the 
radiometric values to a common range, and extract partially overlapping spatial patches. Training, validation, 
and testing are done using a 6:2:2 split of the dataset. In order to assess resilience, the chosen test scenes are 
supplemented with Gaussian noise, missing-band disturbance, and cross-sensor spectral variation. 

Compression Quality and Efficiency Indicators 

Compression ratio, storage reduction, encoding time, decoding time, peak signal-to-noise ratio, structural 
similarity, spectrum angle mapper, reconstruction error, feature separability, and transmission time are the 
evaluation indicators. The reduction in data volume is known as the compression ratio, and archiving directly 
benefits from storage reduction. Reconstruction quality measures at the image level include Peak Signal-to-
Noise Ratio and Structural Similarity. To detect the spectral difference between the two materials, use SAM. 
Separability quantifies the degree to which remotely sensed data may still be comprehended from compressed 
data. Because the compressed satellite data must be computationally feasible for onboard or edge deployment, 
encoding and decoding time are included. 

Comparative Methods and Experimental Protocol 

Examine the outcomes of Principal Component Analysis compression, Wavelet compression, Spectral 
decorrelation coding, Low-rank projection, Convolutional autoencoder compression, and three-dimensional 
autoencoder compression. The identical data division and disturbance settings are used to test each of the 
techniques. Compression parameters are utilized in testing after being specified for the validation set. Every 
experiment is run five times using a different patch sampling order. The average computational cost, mean 
compression ratio, mean reconstruction quality, and feature preservation indicators are the most recent results 
that have been published. 

In the experiment, separate the reconstruction quality from the compression efficiency. By changing the 
compression setting, any of the techniques can be employed to achieve goal compression ratios of 4:1 to 10:1. 
The quality of the reconstruction is then assessed at each of the desired levels. If not, there is a way to attain a 
comparatively high compression ratio at the expense of increased distortion. The limitations on the onboard 
and ground parts of the satellite system would be unknown if encoding and decoding times were not recorded 
separately using a protocol. Ground processing can typically handle more decoding work, while onboard 
compression concentrates on encoding efficiency. By managing spectral distortion via reconstruction-aware 
optimization during compression and lowering the feature dimension through compact projection, the novel 
approach is anticipated to achieve a superior trade-off. 

An examination of the experiment's downstream feature preservation is also available. To find out if the 
distribution of land-cover features has changed as a result of compression, decompress the data and then run it 
through a fixed feature extractor. In remote sensing, compression is frequently done prior to segmentation, 
retrieval, classification, or change detection. If fine spectral variations of identical materials are lost, it might not 
be possible to attain a comparably high visual reconstruction score. Thus, PSNR, SSIM, and spectral angle mapper 
are the three feature separability metrics taken into consideration here. The projection and reconstruction 
losses will explicitly maintain both spectral direction and spatial neighborhood consistency, and the suggested 
approach will be more separable. 

Every baseline approach uses the same preprocessing and evaluation workflow. To keep several components 
that meet the necessary compression ratio, principal component analysis is used. A multi-level transform 
combined with coefficient thresholding is called wavelet compression. Band-wise prediction is carried out by 
spectral decorrelation coding prior to entropy-style coding. Both the three-dimensional autoencoder and the 
convolutional autoencoder are trained until the validation reconstruction loss stops decreasing. The suggested 
method employed the same training patches as the autoencoder baselines and added spectral angle penalty 
and redundancy priority as extra goals. The configurations will guarantee that the comparison is based on the 
compression model itself rather than variations in training data, preprocessing, or assessment techniques. 
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Result Interpretation and Comparative Analysis 

Compression Ratio and Storage Efficiency 

Compared to the earlier dimensionality reduction and learning-based baselines, the suggested approach 
provides higher compression efficiency. The comparison of various satellite data dimensions' compression 
performance is displayed in Figure 3. Based on 224-band hyperspectral data, the compression ratios for the 
suggested method are 9.1:1, principal component analysis is 6.8:1, and wavelet compression is 5.9:1, as 
illustrated in Figure 3(a). The suggested solution reduces storage by 68.5% for 128-band scenes and by 72.4% 
for 224-band scenes, as shown in Figure 3(b). The suggested approach lowers the average downlink time from 
41.6 seconds to 18.9 seconds in the same simulated channel bandwidth, as shown in Figure 3(c). The findings 
are consistent with prior research that demonstrated how spectrum decorrelation and learning compression 
can lower the cost of hyperspectral storage [31]. Lossy compression with quality control also demonstrates that 
spectral and visual distortion must be taken into account along with the compression gain [32]. 

 
Figure 3. Compression efficiency comparison under different satellite data dimensions. (a) Compression ratio comparison. (b) Storage size 

reduction under different band numbers. (c) Transmission time comparison 
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At increasing spectral dimensions, storage benefits become more noticeable. In actuality, the satellite will also 
profit from the shorter broadcast time. As a result, the method will be appropriate for the requirement of quick 
real-time data transmission. 

Reconstruction Quality and Information Preservation 

The reconstruction quality comparison of compressed satellite data is displayed in Figure 4. The peak signal-to-
noise ratio is displayed in Figure 4(a). It is evident that the suggested approach has maintained 42.8 dB at a 
compression ratio of 9.1:1, which is 2.1 dB higher than autoencoder compression and 3.6 dB higher than wavelet 
compression. A comparison of the structures in Figure 4(b) reveals that the suggested approach has an average 
value of 0.942, meaning that the texture patterns and spatial edges have been successfully maintained. The 
suggested approach reduces the spectral angle mapper to 0.041 rad, as seen in Figure 4(c); principal component 
analysis and autoencoder compression are 0.063 rad and 0.052 rad, respectively. It is evident that spectral 
direction is better preserved via quantum-inspired compact mapping. Research on denoising and reconstruction 
has demonstrated how sensitive hyperspectral interpretation is to spectral distortion [33]. The need for 
reconstruction constraints that take spectral-spatial structure into account simultaneously has been reinforced 
by studies on deep picture prior and nonlinear dimensionality reduction [34]. 

 
Figure 4. Reconstruction quality comparison of compressed satellite data. (a) Peak signal-to-noise ratio comparison. (b) Structural similarity 

comparison. (c) Spectral angle mapper comparison 
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Spectral-spatial information preservation is depicted in Figure 5. The spectral curve reconstruction error for 
plant, water, urban, and bare soil pixels is shown in Figure 5(a); when compared to convolutional autoencoder 
compression, the suggested method lowers the average curve error by 16.8%. The comparison of spatial texture 
retention in Figure 5(b) reveals that urban edge regions have more distinct boundaries following quantum-
assisted compression. The feature distribution following compression is displayed in Figure 5(c), and compared 
to the results of wavelet or PCA compression, the class clusters are more compact and separable. Visual 
inspection is not always necessary; satellite data compression is typically done to decrease the bulk of the 
subsequent categorization and retrieval. Additionally, research using Spectral Angle Mapper have discovered 
that angular consistency is a reliable measure of retained remote sensing characteristics [35]. 

 
Figure 5. Spectral-spatial information preservation analysis. (a) Spectral curve reconstruction error. (b) Spatial texture preservation 

comparison. (c) Feature distribution after compression 
 

After compression, the feature distribution is likewise quite straightforward. Due to the weakening of multiple 
low-variance but class-related bands, PCA compression results in extended clusters. For the plant and water 
classes, wavelet compression exhibits a greater spectral dispersion while maintaining the spatial texture. 
Compact clusters of well-known scenes are produced by the baseline autoencoder, but cross-sensor input causes 
instability. In order to achieve a more uniform distribution, a quantum-inspired mapping is suggested to 
constrain the compact representation and directly regulate the spectral direction through a spectral-angle 
penalty. As a result, even after high-compression-ratio reconstruction, the recovered data show improved 
separation qualities. 
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The suggested approach has produced good results in the bands with low redundancy, according to the 
reconstructed spectral curves. Because these bands are neither completely redundant nor very independent, 
they are typically challenging to compress. Wavelet compression typically views them as local signal changes, 
while PCA typically combines them into general components. The contribution of each is calculated using 
Redundancy Priority, which also establishes a moderate quantization interval. As a result, the broad spectral 
shape and local band fluctuations have been preserved in the reconstructed curves. It works well for land-cover 
categories like vegetation stress, wetland water content, and variations in built-up materials that have modest 
spectral variances and are therefore hard to discern. 

Robustness and Ablation Analysis 

The primary compression modules' involvement is ascertained using ablation analysis. The ablation investigation 
of quantum-assisted compression modules is shown in Figure 6. The compression ratio decreases from 9.1:1 to 
7.4:1 in the absence of redundant-aware projection and to 8.0:1 in the absence of adaptive quantization (Figure 
6(a)). The spectral angle penalty reduces the reconstruction error under projection change by 13.5%, as 
illustrated in Figure 6(b). The suggested technique has a 7.2% greater computational cost than PCA compression, 
as seen in Figure 6(c), but its decoding time is 11.4% faster than autoencoder compression. The expanded 
projection and quantization design are appropriate compromises, as can be seen from the above. Probability-
based representation can improve the search performance of high-dimensional optimization, according to 
quantum-inspired evolutionary and particle swarm studies [36]. Adaptive multi-objective optimization under 
intricate restrictions is also supported by quantum-inspired genetic and swarm optimization [37]. 

 
Figure 6. Ablation analysis of quantum-assisted compression modules. (a) Compression performance under module removal. (b) 

Reconstruction error under projection changes. (c) Computational cost comparison 
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The robustness test for degradation of satellite data is shown in Figure 7. The noise disturbance is shown in 
Figure 7(a), where the autoencoder compression is 0.887 and the structural similarity of the suggested technique 
is 0.918 when the Gaussian noise variance is 0.04. Even if 8% of the bands are randomly masked before to 
compression, the reconstruction accuracy is still over 91.6%, as seen in Figure 7(b). The cross-sensor data 
fluctuation is depicted in Figure 7(c), and it is evident that the suggested strategy has maintained a stable 
compression ratio for both multispectral and hyperspectral inputs. The findings indicate that quantum-assisted 
representation is not overly reliant on a fixed band shape. Research on dimensionality reduction and feature 
selection has demonstrated that handling high-dimensional data requires a resilient compact representation 
[38]. Studies using multi-objective energy models and quantum-inspired feature selection have also 
demonstrated that adaptive representation can be used when the input dimension and information density are 
irregular [39]. The spectral-spatial satellite image reconstruction results are consistent with the findings of a 
recent study on autoencoder-based hyperspectral compression [40]. 

 
Figure 7. Robustness under satellite data degradation conditions. (a) Performance under noise disturbance. (b) Performance under missing 

spectral bands. (c) Performance under cross-sensor data variation 
 

The suggested approach is more suited for high-dimensional data with both redundancy and noise, according to 
the robustness study. Every compression technique has low noise and strong reconstruction accuracy. However, 
techniques that mainly rely on fixed linear projection deteriorate more quickly in the presence of higher noise 
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or missing bands. Because the redundancy map can shift the compression priority away from unstable bands 
and an adaptive projection dimension can retain the additional components in a complex scene, the above 
method is preferable. This behavior indicates that the approach is appropriate for real satellite data, even when 
air interference, sensor deterioration, and acquisition discrepancies frequently happen concurrently. 

The ablation results show that none of the components alone are to blame for the performance increase. 
Although quantum-inspired mapping increases compactness, spectral angles may still be distorted in the 
absence of reconstruction-aware optimization. Although adaptive quantization enhances space use, it may 
significantly lower the scale of significant regions in the absence of redundancy information. Although Spectral 
Angle Penalty maintains remote-sensing semantics, it is not appropriate for high-compression-ratio compression 
due to its lack of compact projection. Thus, representation, compression, and reconstruction are the reasons 
the entire model functions. The two primary distinctions between the suggested approach and the previous two 
methods of dimension reduction or picture coding are as follows. 

Conclusion 
This study uses a quantum-assisted data compression paradigm for high-dimensional satellite data. This 
approach consists of four components: spectral-spatial redundancy analysis, quantum-inspired compressed 
mapping, adaptive dimension reduction, and reconstruction-aware compression optimization. Higher-
dimensional compression is advised for large-scale satellite data in order to improve storage efficiency, 
according to the investigation. The spectral fingerprint, spatial organization, and other separability requirements 
for the subsequent remote sensing application should all be preserved in the compression architecture. 

The experiments show that the novel approach has produced a reasonably compact size and good 
reconstruction accuracy. In terms of feature separation and storage space reduction, Principal Component 
Analysis outperforms wavelet and autoencoder techniques; hence, the suggested approach performs better. 
According to the ablation experiments, redundancy-aware projection, adaptive quantization, and spectrum-
angle limitations must be included in order to achieve an acceptable trade-off between compression ratio and 
information retention. 

A system for the fast transmission and storage of distant sensing data in space will be constructed using the new 
architecture. Future research will investigate quantum circuit modeling, adaptive entropy coding, task-oriented 
compression for detection and classification, and real-satellite hardware limitations. To preserve high 
reconstruction quality in high-value observation areas and minimize compression for low-priority areas, 
extensions can concentrate on cross-sensor fusion, multi-temporal satellite data, and integration of on-board 
intelligent filtering. The practical value of quantum-assisted compression for large-scale remote sensing systems 
can be increased by basing compression on feedback from downstream jobs and hardware-aware acceleration 
prior to deployment. 
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