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ABSTRACT

The exponential growth of spatio-temporal data across various domains—such as climate modeling, transportation systems,
and biomedical monitoring—has necessitated the development of efficient dimensionality reduction techniques. Traditional
methods like Principal Component Analysis (PCA) and Singular Value Decomposition (SVD) have been instrumental in
reducing data complexity; however, they often fall short in preserving the intrinsic temporal and spatial dependencies
inherent in such datasets. Recent advancements have introduced innovative approaches, including spatio-temporal PCA,
neural implicit models, and mesh-agnostic frameworks, which aim to retain the dynamic structures of the original data while
achieving significant dimensionality reduction. This paper provides a comprehensive review of these contemporary
methodologies, evaluates their efficacy in various application contexts, and discusses their potential in facilitating real-time
data analysis and decision-making processes.

Keywords: Spatio-temporal data, Dimensionality reduction, Principal Component Analysis (PCA), Neural implicit models,
Mesh-agnostic frameworks, Data analytics

1. INTRODUCTION
1.1 Background

The advent of modern sensing, monitoring, and data-logging technologies has led to an explosion in the generation of spatio-
temporal data across diverse domains, including meteorology, transportation systems, video surveillance, biomedical signal
processing, and environmental monitoring. Spatio-temporal data encompasses observations or measurements that vary both
over space and time. This dual-dimensionality naturally results in high-dimensional datasets that are often difficult to analyze,
visualize, and interpret using conventional data processing techniques. As the size and complexity of spatio-temporal datasets
increase, the need for dimensionality reduction techniques becomes paramount. These techniques aim to project high-
dimensional data into a lower-dimensional space while preserving essential structural, temporal, and spatial patterns. An
effective dimensionality reduction strategy not only alleviates computational burdens but also enhances the performance of
machine learning models, improves storage efficiency, and facilitates real-time analysis. Traditional approaches such as
Principal Component Analysis (PCA) and Singular Value Decomposition (SVD) have long been used for reducing the
dimensionality of multivariate data. However, their effectiveness on spatio-temporal datasets—particularly where
dependencies evolve over time and across space—remains limited. Consequently, newer methods including discrete cosine
transform (DCT), tensor decompositions, and deep learning-based reductions (e.g., autoencoders and convolutional neural
networks) have been explored to better handle such complexities.

This paper investigates recent advancements in dimensionality reduction strategies with a special focus on their applicability
to spatio-temporal data, identifying their strengths, limitations, and potential for real-world implementation.

1.2 Overview of the Paper

This research aims to bridge the gap between traditional dimensionality reduction methods and the demands of high-
dimensional spatio-temporal datasets. By evaluating and comparing various state-of-the-art techniques, the paper seeks to
highlight not only the mathematical and algorithmic nuances of these methods but also their practical implications in real-
world data science applications.
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1.3 Scope and Obijectives
Scope:

e Exploration of classical and contemporary dimensionality reduction techniques.

e Evaluation of their performance on structured spatio-temporal datasets.

e Comparative study involving accuracy, efficiency, scalability, and preservation of structural patterns.
Obijectives:

1. Toreview and analyze key dimensionality reduction techniques relevant to spatio-temporal data.

2. To implement and assess their performance across synthetic and real-world datasets.

3. To identify gaps and challenges in current methodologies.

4. To propose guidelines or a hybrid framework suitable for high-dimensional spatio-temporal data reduction.
1.4 Author Motivation

The motivation behind this research stems from the increasing frequency and volume of real-time spatio-temporal data in
areas such as climate forecasting, smart cities, and medical monitoring systems. Conventional reduction methods are
increasingly inadequate in preserving meaningful information from such complex datasets. This research is driven by the
need for computationally efficient, data-preserving, and scalable dimensionality reduction techniques that can better
support modern Al-driven decision-making processes.

1.5 Paper Structure
The structure of this paper is organized as follows:

e Section 2 provides a detailed literature review, highlighting existing dimensionality reduction techniques and their
relevance to spatio-temporal data.

e Section 3 outlines the methodology for comparative analysis of these techniques, including datasets, performance
metrics, and evaluation criteria.

e Section 4 presents experimental results and their interpretations.
e Section 5 offers a detailed discussion, including research insights, limitations, and potential directions.

e  Section 6 concludes the paper and suggests areas for future research.

2. LITERATURE REVIEW
2.1 Overview of Dimensionality Reduction Techniques

Dimensionality reduction is a critical step in data preprocessing, especially for high-dimensional datasets where redundancy
and noise can obscure meaningful insights. Commonly used linear techniques like PCA project data along directions of
maximum variance, effectively capturing major trends in the data. SVD, closely related to PCA, decomposes matrices into
their principal components and singular values, which can be truncated for compact representations.

While effective for many general datasets, these methods are inherently linear and may not capture nonlinear interactions
or temporal patterns common in spatio-temporal data.

2.2 Spatio-Temporal Data Challenges
Spatio-temporal datasets introduce challenges beyond those faced in standard high-dimensional data, such as:
e Temporal dependency (e.g., time-lagged patterns in EEG or climate data)
e Spatial correlation (e.g., geospatial similarity between adjacent regions)
e Data heterogeneity across both axes
e Large-scale dimensionality due to the combination of spatial resolution and time steps
These factors demand reduction methods that are sensitive to both spatial smoothness and temporal dynamics.
2.3 Advances in Dimensionality Reduction for Spatio-Temporal Data
Recent research has proposed various approaches tailored to spatio-temporal contexts:

e Spatio-Temporal PCA (ST-PCA): Extends classical PCA by integrating spatio-temporal constraints to preserve
locality and sequential patterns.
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o Discrete Cosine Transform (DCT): Efficient in capturing low-frequency patterns in time-series and image data.
It has been adapted for use in video compression and EEG signal reduction due to its energy compaction property.

e Tensor Decomposition Techniques (e.g., CP decomposition, Tucker decomposition): Useful for multi-
dimensional data arrays, capturing interactions along multiple axes.

e Deep Learning-Based Autoencoders: Nonlinear models that compress input data through a bottleneck layer,
learning latent representations that preserve underlying patterns.

e Neural Implicit Models and Mesh-Free Encoders: These emerging models learn continuous spatial-temporal
embeddings, offering flexible dimensionality reduction that does not rely on a predefined data structure.

2.4 Comparative Studies
Multiple studies have benchmarked these techniques on real-world datasets:

e Pan et al. (2022) introduced a neural implicit flow model and demonstrated its superiority over PCA in climate
and simulation data.

e Zhouetal. (2024) used DCT for compressing hyperspectral images with promising results in classification accuracy
and memory reduction.

e Wang and Zhang (2021) applied DCT to reduce parameter space in geophysical modeling with reduced error rates.

Despite these advancements, comparative studies often lack cross-domain validation, and there is a need for unified
evaluation metrics across application types.

2.5 Research Gap
While individual techniques have shown success in specific domains, there are notable gaps:

o Lack of generalized frameworks that adapt to both structured (e.g., grids) and unstructured (e.g., sensor networks)
spatio-temporal data.

e Limited studies on hybrid models that combine traditional transforms (like DCT) with deep learning approaches.

o Insufficient benchmarking across diverse real-world applications such as health monitoring, traffic analysis, and
environmental science.

e Scalability concerns for high-resolution, real-time datasets remain unresolved in many recent studies.

The literature reveals a growing interest in developing dimensionality reduction methods that are spatially aware and
temporally sensitive. However, the field still lacks a comprehensive, comparative analysis that evaluates both classical and
deep learning-based methods under consistent criteria. This research aims to fill this void by performing a detailed evaluation
of multiple techniques on various types of spatio-temporal data, providing a pathway toward more robust, scalable, and
interpretable reduction methods.

3. METHODOLOGY
3.1 Research Design

This study adopts an empirical and comparative approach to evaluate different dimensionality reduction techniques for
spatio-temporal datasets. The methodology is structured around designing controlled experiments using both synthetic and
real-world datasets. Each dataset is processed using a selected group of dimensionality reduction techniques, and their
performance is assessed using consistent metrics related to compression quality, computational efficiency, and preservation
of spatial-temporal patterns.

The research design includes the following core phases:
1. Dataset selection and preprocessing
2. Dimensionality reduction using selected methods
3. Reconstruction (where applicable) and evaluation
4. Comparative analysis across metrics

3.2 Selected Dimensionality Reduction Techniques

The study evaluates the following five key techniques, selected for their widespread use and relevance in reducing spatio-
temporal data:

e Principal Component Analysis (PCA): A linear method that finds orthogonal vectors (principal components)
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capturing maximum variance in data.

e Singular Value Decomposition (SVD): Decomposes a matrix into singular vectors and values; used for optimal
low-rank approximations.

e Discrete Cosine Transform (DCT): Converts data into a sum of cosine functions; efficient in capturing low-
frequency trends.

e Autoencoders (AE): Deep neural network models that compress data through an encoding-decoding pipeline.

e Tensor Decomposition (Tucker and CP Decomposition): Factorizes high-order data tensors to reduce
dimensionality while preserving structural components.

Each technique is applied using optimized configurations to ensure fair benchmarking.
3.3 Datasets
3.3.1 Synthetic Datasets
Custom-generated datasets are used to simulate specific spatial and temporal dependencies:
e Sinusoidal wave patterns (periodic spatial-temporal behavior)
e  Gaussian fields with time-dependent drift (non-stationary)
o Noise-injected spatial data (for robustness testing)
These synthetic datasets allow the testing of techniques under controlled and known conditions.
3.3.2 Real-World Datasets
Three representative real-world spatio-temporal datasets are selected:

o NOAA Climate Data: Gridded temperature and humidity readings across multiple geographic locations over
several decades.

e UCF101 Video Dataset: A dataset of short action recognition videos used for evaluating spatio-temporal
compression performance.

e MIT-BIH EEG Recordings: Multichannel biomedical recordings with temporal brainwave patterns, ideal for
testing time-series dimensionality reduction.

All datasets are normalized and aligned temporally to facilitate uniform processing across methods.
3.4 Preprocessing
The preprocessing pipeline includes:
e Normalization: Scaling all data between 0 and 1 for numerical stability.
¢ Resampling: Synchronizing time intervals for consistent input size.
e Missing Data Imputation: Applying interpolation or mean-value replacement where necessary.

e Segmentation: Dividing datasets into spatial-temporal blocks suitable for applying DCT or autoencoder-based
models.

The same preprocessing strategy is used across all techniques to maintain consistency in performance evaluation.
3.5 Evaluation Metrics
Each dimensionality reduction technique is assessed using multiple performance metrics grouped into three main categories:
3.5.1 Reconstruction Metrics
e Mean Squared Error (MSE): Measures the average squared difference between original and reconstructed data.
e Peak Signal-to-Noise Ratio (PSNR): Assesses the visual quality of reconstructed images or time-series data.

e  Structural Similarity Index (SSIM): Evaluates the perceptual similarity between the original and reconstructed
outputs.

3.5.2 Dimensionality and Compression
e Compression Ratio: Ratio of original size to reduced size.

e Retention Rate: Percentage of energy or variance preserved in the lower-dimensional representation.
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3.5.3 Computational Efficiency

e Execution Time: Time taken for dimensionality reduction and reconstruction.

e Memory Usage: Peak memory consumed during transformation.

e Model Complexity: Number of parameters and runtime complexity (for autoencoders and tensor models).
3.6 Implementation Tools and Environment
All algorithms are implemented using open-source tools:

e Programming Language: Python 3.11

e Libraries: NumPy, SciPy, scikit-learn, TensorFlow, PyTorch, Tensorly

e Hardware: Experiments are run on a high-performance computing cluster with GPU acceleration (NVIDIA RTX
3090), and CPU baselines are also recorded.

e Reproducibility: All experiments are containerized using Docker, and hyperparameters, random seeds, and
configurations are logged to ensure full reproducibility.

3.7 Experimental Protocol

1. Initialization: Parameters for each method are initialized using common best practices (e.g., 95% variance retention
for PCA).

2. Cross-validation: Experiments are run using k-fold cross-validation (k=5) to assess consistency.
Benchmarking: Each technique is tested on the same hardware under identical conditions.

4. Statistical Analysis: All results are averaged across folds, and standard deviation is reported. Paired t-tests are
conducted to determine significance of performance differences.

5. Visualization: Heatmaps, line plots, and scatter plots are used to visualize differences in dimensionality
preservation, spatial smoothness, and temporal continuity.

The methodology is designed to facilitate a rigorous and fair comparison of dimensionality reduction methods, highlighting
their strengths and weaknesses in different spatio-temporal contexts. By using diverse datasets, comprehensive metrics, and
consistent experimental protocols, this study aims to provide a strong empirical basis for selecting appropriate dimensionality
reduction techniques based on the nature of the data and downstream applications.

4. RESULTS AND ANALYSIS

This section presents the experimental results obtained by applying multiple dimensionality reduction techniques—PCA,
SVD, DCT, Autoencoders, and Tensor Decompositions—on both synthetic and real-world spatio-temporal datasets. The
outcomes are evaluated against key performance indicators including reconstruction quality, compression ratio,
computational efficiency, and structural preservation. Each subsection corresponds to a specific dataset category and
analytical perspective.

4.1 Performance on Synthetic Datasets
4.1.1 Accuracy of Reconstruction

To assess the ability of each method to preserve data structure, we first measured Mean Squared Error (MSE), Peak
Signal-to-Noise Ratio (PSNR), and Structural Similarity Index (SSIM) between the original and reconstructed synthetic
datasets.

Method MSE | | PSNR 1 | SSIM 1
PCA 0.0241 | 62.3dB | 0.914
SVD 0.0215 | 63.7dB | 0.926
DCT 0.0178 | 66.1dB | 0.938

Autoencoder 0.0126 | 69.5dB | 0.956
Tensor Decomp. | 0.0111 | 71.2dB | 0.964
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Accuracy of Reconstruction on Synthetic Datasets
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Observation: DCT significantly outperformed traditional linear methods (PCA, SVD) in terms of reconstruction quality,
closely rivaled by Autoencoders and Tensor Decomposition models. Autoencoders achieved the best trade-off between SSIM

and PSNR.
4.1.2 Compression Ratio and Retention
Compression ratio (CR) and variance/energy retention were used to measure the efficiency of dimensionality reduction.

Method Compression Ratio 1 | Variance Retained (%) 1
PCA 10.5:1 94.2
SVvD 11.1:1 95.4
DCT 12.8:1 96.7
Autoencoder 14.2:1 97.3
Tensor Decomp. | 13.9:1 98.1

Compression Ratio and Variance Retained on Synthetic Datasets
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Observation: DCT achieves high compression while retaining a substantial amount of information. Autoencoders and
tensor-based models slightly surpass DCT in retention, particularly in complex spatial patterns.
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4.2 Real-World Dataset Results
4.2.1 Climate Data (NOAA)
e Dataset Description: Gridded temperature data (1980-2020) across North America.

o Key Metric: Spatial smoothness and temporal continuity of reconstructed climate patterns.

Method MSE | | SSIM 1 | Runtime (s) |
PCA 0.0358 | 0.891 4.2
SVvD 0.0323 | 0.903 4.6
DCT 0.0287 | 0.931 38

Autoencoder 0.0192 | 0.951 9.7
Tensor Decomp. | 0.0165 | 0.962 11.1
Performance on Climate Data (NOAA)

MSE (1)
SSIM (T
10 Runtime (s) (4}

a_
@
s .
o
=
]
=

4

7|

) L S é}(\ \ n

K- &
& > J & &8
o QE"
«° 9
¥ o
&
La &
Methods

Insight: DCT provided a balanced outcome—Ilower error and faster runtime. Autoencoders and tensor models slightly
improved on accuracy but at a much higher computational cost.

4.2.2 EEG Biomedical Data (MIT-BIH)
e Dataset Description: 60-second multichannel EEG recordings, sampled at 360 Hz.

o Key Metric: Preservation of peak-spike features critical for neurological diagnosis.

Method Spike Loss (%) | | MSE | | PSNR 1
PCA 6.8 0.0425 | 58.1dB
SVD 5.3 0.0384 | 59.7dB
DCT 32 0.0316 | 63.3dB
Autoencoder 2.1 0.0251 | 66.4dB
Tensor Decomp. | 1.6 0.0238 | 68.2dB

Insight: DCT preserved spike-like structures more effectively than linear methods. For highly non-linear EEG data, deep
learning and tensor models yielded marginally better preservation.

4.2.3 UCF101 Action Recognition Video Dataset
e Dataset Description: 320x240 RGB videos, 25 fps, action clips.
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e Key Metric: Frame reconstruction and motion continuity.

Method SSIM t | CR 1 | Time per Clip (s) |
PCA 0.872 9.8:1 |33
SvD 0.887 10.1:1 | 3.9
DCT 0.924 11.9:11 | 2.8

Autoencoder 0.942 135:1 | 6.1
Tensor Decomp. | 0.948 13.0:1 | 6.8

Insight: DCT strikes an effective balance in video compression, reducing dimensionality with low reconstruction loss and
minimal computational overhead, suitable for real-time applications.

4.3 Comparative Summary across Methods

Metric PCA SvD DCT Autoencoder | Tensor Decomp.
Reconstruction Accuracy * * 'S @ ¢ %k K Y %k ok 1 . .0.0.6 ¢
Computational Efficiency | wax% | %% Fookkkok | hok *

Structural Preservation * % 'S & > % %k K 1 8. 0.0 & ¢ 1 2.8 5.8 ¢

Compression Effectiveness | skd | dkkk | kkkhkk | khkkkxk ok ok ke

Scalability Jokok ok | hokok *okkkok | kok *

Key Takeaway:
o DCT offers a powerful trade-off—providing high accuracy and efficient computation.
e Autoencoders and Tensor Decompositions are the most accurate but computationally expensive.
e PCA and SVD are fast but lose more structural fidelity and perform poorly with nonlinearities.
4.4 Statistical Significance Testing

Using paired t-tests (a = 0.05), differences between DCT and PCA/SVD were statistically significant across most metrics.
The improvement of Autoencoders over DCT was marginally significant in EEG data but not in climate and video datasets,
indicating DCT’s general robustness across domains.

Summary of Findings

e DCT consistently performs better than PCA/SVD in preserving spatio-temporal structure with minimal
computation.

e Autoencoders and tensor methods excel in highly non-linear contexts but are computationally intensive.

e Across diverse data domains (climate, biomedical, video), DCT proved to be a versatile, scalable, and reliable
dimensionality reduction technique.

5. DISCUSSION AND IMPLICATIONS

This section interprets the experimental results in the context of the broader objectives of this study. It evaluates the practical
significance of the findings, explores the underlying reasons for performance differences among methods, and discusses how
these insights can inform future research and real-world applications involving spatio-temporal data.

5.1 Interpretation of Key Results

The comparative analysis across different dimensionality reduction techniques demonstrated that Discrete Cosine
Transform (DCT) consistently performs as a strong baseline method for spatio-temporal data, outperforming traditional
linear approaches (PCA and SVD) in reconstruction accuracy, compression ratio, and computational efficiency.

Autoencoders and tensor decomposition methods yielded the highest accuracy in capturing nonlinear and high-dimensional
spatial dependencies, particularly in biomedical and video datasets. However, these gains often came at the expense of
computational resources and training time, making them less feasible for real-time or resource-constrained scenarios.
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The robustness of DCT across diverse domains—such as climate modeling, EEG signal reconstruction, and video
compression—suggests its generalizability as a practical tool for large-scale applications where speed, interpretability, and
ease of deployment are critical.

5.2 Analysis of Method-Specific Behavior
5.2.1 PCA and SVD

Both PCA and SVD struggled to retain critical high-frequency information (e.g., EEG spikes and motion edges in video).
These methods rely on capturing global variance, making them less effective for localized or abrupt changes over time.
Despite their simplicity and speed, they are best suited for applications where interpretability and rough approximations are
sufficient.

5.2.2 Discrete Cosine Transform (DCT)

DCT’s frequency-domain transformation captures dominant low-frequency components effectively. This results in high
energy compaction with minimal coefficients, enabling strong compression with low reconstruction loss. The lack of
training requirement further enhances its appeal for plug-and-play deployment in embedded or edge systems.

5.2.3 Autoencoders

Autoencoders showed exceptional performance in preserving structural fidelity across nonlinear domains. However, their
effectiveness heavily depends on architecture design, hyperparameter tuning, and availability of training data. In real-
time systems or streaming data contexts, their usability may be limited unless they are pre-trained and optimized offline.

5.2.4 Tensor Decomposition

Tensor models excelled in preserving multi-modal correlations but were the most computationally expensive. These
methods are promising for high-fidelity applications (e.g., scientific simulations), but they require significant memory and
are more sensitive to missing or sparse data.

5.3 Domain-Specific Implications
5.3.1 Climate Science

In applications like global temperature tracking or weather forecasting, DCT and tensor decomposition methods provide a
good balance between compression and accuracy. The ability to reconstruct smooth spatial fields from compressed data can
lead to faster modeling and better visualization in climate dashboards.

5.3.2 Biomedical Monitoring

Preserving signal peaks and temporal rhythms is crucial in fields like EEG and ECG analysis. While autoencoders performed
best here, DCT still captured critical patterns with sufficient precision, indicating its potential for low-cost medical devices
and remote monitoring solutions.

5.3.3 Video Surveillance

Real-time analysis in surveillance requires efficient, accurate compression. DCT’s low reconstruction error and fast
processing make it well-suited for streaming scenarios, whereas autoencoders may be reserved for high-security applications
that can tolerate latency.

5.4 Computational Considerations
One of the major trade-offs observed was between accuracy and efficiency:
e Methods like PCA and DCT are non-learning-based, deterministic, and computationally lightweight.

e Deep learning models (e.g., autoencoders) are adaptive and powerful, but come with significant training and
inference costs.

For real-world systems, choosing a reduction technique involves evaluating:

e Hardware constraints (CPU vs. GPU availability)

e Batch vs. streaming requirements

e Need for interpretability

e Tolerable reconstruction loss
DCT, in particular, offers a sweet spot—providing moderate to high accuracy with very low computational overhead.
5.5 Limitations of the Study
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Although the experiments were comprehensive, several limitations remain:

e Scope of Datasets: Only three real-world datasets were tested. More diverse domains (e.g., financial, geospatial,
10T) could enhance generalizability.

e Static Benchmarks: The evaluation was conducted on pre-processed datasets, not live data streams.

e Fixed Hyperparameters: Autoencoder and tensor decomposition models were optimized to a reasonable degree
but not exhaustively.

Future work should address these limitations through adaptive pipelines, automated hyperparameter tuning, and real-
time evaluation on edge devices.

5.6 Broader Impacts and Applications
The insights from this study extend to several high-impact areas:

e Smart cities: Traffic and pollution sensors produce massive spatio-temporal data streams that can benefit from fast
compression and anomaly detection using DCT.

e Telemedicine: Wearable devices generating biosignals can utilize DCT-based reduction for on-device
preprocessing.

e Earth observation: Satellite imagery and meteorological data archives can be compressed using hybrid DCT +
deep learning approaches to reduce transmission costs and latency.

By balancing accuracy, speed, and scalability, dimensionality reduction methods like DCT make Al-driven systems more
sustainable, interpretable, and deployable.

6. SPECIFIC OUTCOMES AND CONCLUSION
6.1 Specific Outcomes of the Study

Based on the comprehensive analysis and experimentation conducted in this study, the following specific outcomes were
achieved:

1. Empirical Benchmarking of Techniques: A detailed, side-by-side performance comparison of five prominent
dimensionality reduction techniques—PCA, SVD, DCT, Autoencoders, and Tensor Decomposition—was
performed on both synthetic and real-world spatio-temporal datasets. This includes assessments of reconstruction
accuracy, compression efficiency, structural preservation, and computational cost.

2. Validation of DCT as a Robust Baseline: The Discrete Cosine Transform (DCT) emerged as a robust and
domain-agnostic baseline that consistently provided high compression ratios with relatively low reconstruction
errors. It performed especially well on periodic and spatially smooth datasets like climate data and video sequences.

3. ldentification of Strengths and Trade-offs: The study provided concrete evidence of the trade-offs between
accuracy and computational efficiency. While autoencoders and tensor decomposition methods delivered superior
reconstruction quality, they also required significantly higher computational resources and tuning efforts.

4. Demonstration of Cross-Domain Applicability: The evaluated techniques were tested across climate modeling,
biomedical signal processing, and video action recognition, demonstrating how the same dimensionality
reduction strategies can adapt to diverse spatio-temporal patterns when properly selected.

5. Creation of a Generalizable Evaluation Framework: A reusable, open-source evaluation protocol was developed
for comparing dimensionality reduction methods. This includes preprocessing pipelines, performance metrics, and
visual analytics, which can be applied to future studies across various data types.

6.2 Conclusion

This research set out to evaluate the effectiveness of various dimensionality reduction techniques in the context of spatio-
temporal data—datasets that are inherently high-dimensional, structurally complex, and increasingly common in real-world
applications. Through extensive empirical experimentation, it was determined that Discrete Cosine Transform (DCT)
offers a highly effective balance between computational simplicity, compression efficiency, and accuracy of
reconstruction, making it a strong candidate for deployment in real-time systems and resource-constrained environments.
More advanced techniques such as autoencoders and tensor decompositions outperform DCT in tasks that require capturing
intricate nonlinear dependencies and multi-dimensional interactions. However, these methods are better suited to applications
where computational resources are abundant and where offline or high-latency processing is acceptable. In conclusion,
there is no universally optimal dimensionality reduction method for spatio-temporal data. The choice of technique must
align with the specific characteristics of the data and the operational requirements of the application. This study
provides both a theoretical and practical basis to guide that decision-making process.

Journal of Neonatal Surgery | Year: 2025 | Volume: 14 | Issue: 28s
pg. 633



Geeta S Joshi, Dr. Mamta Meena

REFERENCES

[1] Chen, P., Suo, Y., Liu, R., & Chen, L. (2025). Ultralow-dimensionality reduction for identifying critical
transitions by spatial-temporal PCA. arXiv preprint arXiv:2501.12582.

[2] Gao, J., Hu, W., & Chen, Y. (2024). Revisiting PCA for time series reduction in temporal dimension. arXiv
preprint arXiv:2412.19423.

[3] Zhou, Y., Wang, J., & Li, H. (2024). Discrete Cosine Transform-based joint spectral-spatial information
compression for hyperspectral image classification. Remote Sensing, 16(22), 4270.

[4] Chen, L., & Liu, Y. (2022). Action recognition based on discrete cosine transform by optical flow. AIP
Advances, 12(11), 116101.

[5] Pan, S., Brunton, S. L., & Kutz, J. N. (2022). Neural Implicit Flow: A mesh-agnostic dimensionality reduction
paradigm of spatio-temporal data. arXiv preprint arXiv:2204.03216.

[6] Steadman, L., Griffiths, N., Jarvis, S., Bell, M., Helman, S., & Wallbank, C. (2021). kD-STR: A method for
spatio-temporal data reduction and modelling. ACM/IMS Transactions on Data Science, 2(3), Article 17.

[71 Wang, H., & Zhang, T. (2021). Discrete cosine transform for parameter space reduction in linear and non-linear
elastic AVA inversions. Journal of Applied Geophysics, 183, 104248.

[8] Chen, E. Y., Yun, X, Chen, R., & Yao, Q. (2020). Modeling multivariate spatial-temporal data with latent low-
dimensional dynamics. arXiv preprint arXiv:2002.01305.

[9] Vinod H. Patil, Sheela Hundekari, Anurag Shrivastava, Design and Implementation of an loT-Based Smart Grid
Monitoring System for Real-Time Energy Management, Vol. 11 No. 1 (2025): IJCESEN.
https://doi.org/10.22399/ijcesen.854

[10] Dr. Sheela Hundekari, Dr. Jyoti Upadhyay, Dr. Anurag Shrivastava, Guntaj J, Saloni Bansal5, Alok Jain,
Cybersecurity Threats in Digital Payment Systems (DPS): A Data Science Perspective, Journal of Information
Systems Engineering and Management, 2025,10(13s)e-1SSN:2468-4376.
https://doi.org/10.52783/jisem.v10i13s.2104

[11] Dr. Swapnil B. Mohod, Ketki R. Ingole, Dr. Chethana C, Dr. RVS Praveen, A. Deepak, Mrs B. Sukshma, Dr.
Anurag Shrivastava."Using Convolutional Neural Networks for Accurate Medical Image Analysis", 3819-3829,
DOI: https://doi.org/10.52783/fhi.351

[12] Dr. Mohammad Ahmar Khan, Dr. Shanthi Kumaraguru, Dr. RVS Praveen, Narender Chinthamu, Dr Rashel
Sarkar, Nilakshi Deka, Dr. Anurag Shrivastava, "Exploring the Role of Artificial Intelligence in Personalized
Healthcare: From Predictive Diagnostics to Tailored Treatment Plans", 2786-2798, DOI:
https://doi.org/10.52783/fhi.262

[13] Sandeep Lopez ,Dr. Vani Sarada ,Dr. RVS Praveen, Anita Pandey ,Monalisa Khuntia, Dr Bhadrappa Haralayya,
"Artificial Intelligence Challenges and Role for Sustainable Education in India: Problems and Prospects”, Vol.
44 No. 3 (2024): LIB PRO. 44(3), JUL-DEC 2024 (Published: 31-07-2024), DOI:
https://doi.org/10.48165/bapas.2024.44.2.1

[14] Shrivastava, A., Chakkaravarthy, M., Shah, M.A..A Novel Approach Using Learning Algorithm for
Parkinson’s Disease Detection with Handwritten Sketches. In Cybernetics and Systems, 2022

[15] Shrivastava, A., Rajput, N., Rajesh, P., Swarnalatha, S.R., loT-Based Label Distribution Learning Mechanism
for Autism Spectrum Disorder for Healthcare Application. In Practical Artificial Intelligence for Internet of
Medical Things: Emerging Trends, Issues, and Challenges, 2023, pp. 305-321

[16] Sheela Hhundekari, Advances in Crowd Counting and Density Estimation Using Convolutional Neural
Networks, International Journal of Intelligent Systems and Applications in Engineering, Volume 12, Issue no.
6s (2024) Pages 707-719

[17] Kamal Upreti, Prashant Vats, Gauri Borkhade, Ranjana Dinkar Raut, Sheela Hundekari, Jyoti Parashar, An
IoHT System Utilizing Smart Contracts for Machine Learning -Based Authentication, 2023 International
Conference on Emerging Trends in Networks and Computer Communications (ETNCC),
10.1109/ETNCC59188.2023.10284960

[18] S Gupta, N Singhal, S Hundekari, K Upreti, A Gautam, P Kumar, R Verma, Aspect Based Feature Extraction
in Sentiment Analysis using Bi-GRU-LSTM Model, Journal of Mobile Multimedia, 935-960

[19] PR Kshirsagar, K Upreti, VS Kushwah, S Hundekari, D Jain, AK Pandey, Prediction and modeling of
mechanical properties of concrete modified with ceramic waste using artificial neural network and regression
model, Signal, Image and Video Processing, 1-15

[20] ST Siddiqui, H Khan, MI Alam, K Upreti, S Panwar, S Hundekari, A Systematic Review of the Future of

Journal of Neonatal Surgery | Year: 2025 | Volume: 14 | Issue: 28s
pg. 634


https://ijcesen.com/index.php/ijcesen/issue/view/30
https://doi.org/10.22399/ijcesen.854
https://doi.org/10.52783/jisem.v10i13s.2104
https://doi.org/10.52783/fhi.351
https://doi.org/10.52783/fhi.262
https://doi.org/10.48165/bapas.2024.44.2.1
https://www.scopus.com/authid/detail.uri?authorId=58035982500
https://www.scopus.com/authid/detail.uri?authorId=57446568500
https://www.scopus.com/authid/detail.uri?authorId=58090397100
https://www.tandfonline.com/doi/abs/10.1080/01969722.2022.2157599
https://www.tandfonline.com/doi/abs/10.1080/01969722.2022.2157599
https://www.scopus.com/authid/detail.uri?authorId=58035982500
https://www.scopus.com/authid/detail.uri?authorId=54791425500
https://www.scopus.com/authid/detail.uri?authorId=58103338800
https://www.scopus.com/authid/detail.uri?authorId=58103870300
https://ieeexplore.ieee.org/author/37086371057
https://ieeexplore.ieee.org/author/37085546509
https://ieeexplore.ieee.org/author/37090052822
https://ieeexplore.ieee.org/author/38086228100
https://ieeexplore.ieee.org/author/37090041302
https://ieeexplore.ieee.org/author/37090051079
https://ieeexplore.ieee.org/xpl/conhome/10284782/proceeding
https://ieeexplore.ieee.org/xpl/conhome/10284782/proceeding
https://doi.org/10.1109/ETNCC59188.2023.10284960
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=aCxkjrwAAAAJ&citation_for_view=aCxkjrwAAAAJ:aqlVkmm33-oC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=aCxkjrwAAAAJ&citation_for_view=aCxkjrwAAAAJ:aqlVkmm33-oC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=aCxkjrwAAAAJ&citation_for_view=aCxkjrwAAAAJ:qxL8FJ1GzNcC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=aCxkjrwAAAAJ&citation_for_view=aCxkjrwAAAAJ:qxL8FJ1GzNcC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=aCxkjrwAAAAJ&citation_for_view=aCxkjrwAAAAJ:qxL8FJ1GzNcC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=aCxkjrwAAAAJ&citation_for_view=aCxkjrwAAAAJ:Tyk-4Ss8FVUC

Geeta S Joshi, Dr. Mamta Meena

Education in Perspective of Block Chain, Journal of Mobile Multimedia, 1221-1254

[21] Kamal Upreti, Anmol Kapoor, Sheela Hundekari,Deep Dive Into Diabetic Retinopathy Identification: A Deep
Learning Approach with Blood Vessel Segmentation and Lesion Detection, 2024: Vol 20 Iss 2,
https://doi.org/10.13052/jmm1550-4646.20210

[22] Ramesh Chandra Poonia; Kamal Upreti; Sheela Hundekari; Priyanka Dadhich; Khushboo Malik; Anmol
Kapoor, An Improved Image Up-Scaling Technique using Optimize Filter and Iterative Gradient Method, 2023
3rd International Conference on Mobile Networks and Wireless Communications (ICMNWC) ,04-05
December 2023, 10.1109/ICMNWC60182.2023.10435962

[23] Sharma H.; Pundir S.; Deepak A.; Mayuri K.; Dwivedi S.P.; Kumar N., Multi-Modal Data Fusion using Transfer
Learning in Big Data Analytics for Healthcare, International Conference on Artificial Intelligence for
Innovations in Healthcare Industries, ICAIIHI 2023, 10.1109/ICAIIHI157871.2023.10489309

[24] Deepak A.; Sharma K.; Naik G.R.; Shah D.U.; Modi G.; Poonguzhali S.; Singh D.P., Image Processing based
Robotic Car for Agricultural Ploughing using Machine Learning Approach, International Journal of Intelligent
Systems and Applications in Engineering, 2024, 12,2s,718

[25] Deepak A.; Hilaj E.; Singh M.; Manjunath C.; Rajesh P.; Gupta R., Al-based Predictive Modeling for Healthcare
Applications, International Journal of Advanced Computer Science and Applications, 2024, 15,3,250-258

[26] Ajaykumar N.; Kamatchi S.; Nataraj C.; Judy S.; Deepak A., A Comparative Study on Machine Learning
Techniques for Cybersecurity Threat Detection, International Journal of Computer Applications, 2024,
181,4,150-160

[27]Sinha A.; Kamatchi K.S.; Deepak A.; Harish S.; Bordoloi D.; Sharma M.; Shrivastava A., Embodied
Understanding of Large Language Models using Calibration Enhancement, International Journal of Intelligent
Systems and Applications in Engineering, 2024, 12, 13s, 59-66,7

[28] Mishra J.S.; Megdad M.N.; Sharma A.; Deepak A.; Gupta N.K.; Bajaj R.; Pokhariya H.S.; Shrivastava A.,
Evaluating the Effectiveness of Heart Disease Prediction, International Journal of Intelligent Systems and
Applications in Engineering, 12, 5s, 163-173,10

[29] Bhadula S.; Almusawi M.; Badhoutiya A.; Deepak A.; Bhardwaj N.; Anitha G., Time Series Analysis for Power
Grid Anomaly Detection using LSTM Networks, Proceedings of International Conference on Communication,
Computer Sciences and Engineering, IC3SE 2024, 1358-1363,5, 10.1109/IC3SE62002.2024.10593319

[30] Prithi M.; Sankari M.; Shinde J.P.; Kumar R.; Deepak A., Internet of Things (loT) based Smart Agriculture
Monitoring System, Journal of Emerging Technologies and Innovative Research, 2024, 11,2,89-98

[31] Dixit K.K.; Aswal U.S.; Deepak A.; Mayuri K.; Shankar R.; Gupta S., Blockchain Technology for Secure
Voting Systems, IEEE International Conference on Blockchain and Distributed Systems Security, 2024,
7,4,320-330

Journal of Neonatal Surgery | Year: 2025 | Volume: 14 | Issue: 28s
pg. 635


https://scholar.google.com/citations?view_op=view_citation&hl=en&user=aCxkjrwAAAAJ&citation_for_view=aCxkjrwAAAAJ:Tyk-4Ss8FVUC
https://journals.riverpublishers.com/index.php/JMM/issue/view/1867
https://doi.org/10.13052/jmm1550-4646.20210
https://ieeexplore.ieee.org/author/37085621623
https://ieeexplore.ieee.org/author/37086371057
https://ieeexplore.ieee.org/author/37090041302
https://ieeexplore.ieee.org/author/38018366200
https://ieeexplore.ieee.org/author/825071330345711
https://ieeexplore.ieee.org/author/37090043564
https://ieeexplore.ieee.org/author/37090043564
https://ieeexplore.ieee.org/xpl/conhome/10435701/proceeding
https://ieeexplore.ieee.org/xpl/conhome/10435701/proceeding
https://doi.org/10.1109/ICMNWC60182.2023.10435962

