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Abstract 

High-dimensional computer vision tasks such as hyperspectral imaging, 
video understanding, 3D reconstruction, and multimodal perception 
demand efficient representations capable of preserving structural 
correlations across multiple modes. Tensor analysis models have 
emerged as a powerful mathematical framework to address these 
challenges by exploiting multi-linear relationships inherent in high-
dimensional data. This paper presents a systematic review of tensor-
based methods applied to high-dimensional computer vision tasks, 
focusing on methodological advancements, architectural innovations, 
and integration with modern deep learning paradigms. The review 
synthesizes developments from 2018 to 2025, covering tensor 
decompositions, tensor regression, tensor networks, and hybrid tensor-
deep learning architectures. Key findings highlight the growing 
convergence between tensor algebra and neural architectures, improved 
efficiency in handling large-scale data, and enhanced interpretability 
compared to conventional deep learning approaches. The paper also 
identifies critical limitations, including computational complexity, 
scalability issues, and challenges in real-time deployment. Contributions 
of this review include a structured taxonomy of tensor-based models, 
comparative evaluation across applications, and identification of 
emerging research directions such as tensorized transformers and AI-
assisted tensor optimization frameworks. 
 

 
Introduction 
The exponential growth of visual data in modern 
computing systems has led to increasingly 
complex representations characterized by high 
dimensionality, multi-modality, and intricate 
spatial-temporal dependencies. Traditional 
vector- and matrix-based methods often fail to 
capture these multi-way relationships efficiently, 
resulting in loss of structural information and 
increased computational overhead. Tensor 
analysis, grounded in multilinear algebra, offers a 
natural extension to higher-order data 

representation, enabling the modeling of 
multidimensional correlations across various 
modes such as space, time, spectrum, and 
modality. This paradigm has become particularly 
significant in high-dimensional computer vision 
tasks, including hyperspectral image 
classification, video analytics, medical imaging, 
and 3D scene understanding. 
In the context of software engineering, the 
integration of tensor-based models into vision 
systems has reshaped how large-scale data 
pipelines are designed and optimized. Modern 
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applications require not only high accuracy but 
also scalability, interpretability, and efficiency, 
especially in edge computing and real-time 
systems. Tensor methods provide compact 
representations through decomposition 
techniques such as CANDECOMP/PARAFAC, 
Tucker decomposition, and tensor-train formats, 
significantly reducing memory requirements 
while preserving essential features. These 
properties align well with the principles of 
efficient software system design, where resource 
optimization and modularity are critical. 
The rise of generative artificial intelligence has 
further accelerated advancements in tensor-
based vision models. Generative frameworks 
such as variational autoencoders and generative 
adversarial networks have been extended using 
tensor representations to better capture latent 
multi-dimensional structures. Additionally, 
tensorized neural networks have emerged as a 
promising direction, enabling compression of 
deep models without substantial loss in 
performance. This synergy between tensor 
algebra and generative AI has opened new 
pathways for designing adaptive, efficient, and 
interpretable computer vision systems. 
Despite these advancements, significant 
challenges remain. High computational 
complexity associated with tensor operations, 

difficulties in parameter tuning, and limited 
standardization across implementations hinder 
widespread adoption. Furthermore, the 
integration of tensor models into end-to-end 
software pipelines, including DevOps and MLOps 
frameworks, requires careful consideration of 
deployment constraints, reproducibility, and 
security. Addressing these challenges 
necessitates a comprehensive understanding of 
existing methodologies, their strengths and 
limitations, and potential directions for future 
research. 
The motivation of this study lies in providing a 
systematic and in-depth review of tensor analysis 
models tailored for high-dimensional computer 
vision tasks. The objectives include analyzing 
methodological trends, evaluating architectural 
innovations, identifying research gaps, and 
proposing future directions that align with 
evolving software engineering practices. By 
synthesizing recent developments, this review 
aims to bridge the gap between theoretical 
advancements in tensor mathematics and 
practical applications in computer vision 
systems. 
A generalized methodological pipeline for 
tensor-based high-dimensional vision systems is 
illustrated below, capturing the key stages 
involved in model development and evaluation. 

 

 
 
The pipeline begins with high-dimensional data 
acquisition and preprocessing, followed by 
tensor construction where raw data is structured 
into multi-way arrays. Subsequent stages involve 
tensor decomposition or transformation to 
extract meaningful latent factors, which are then 
integrated into learning models such as tensor 
regression or tensorized neural networks. 
Finally, evaluation metrics assess performance in 
terms of accuracy, efficiency, and robustness, 
guiding iterative optimization. 
This paper is structured to progressively build a 
comprehensive understanding of tensor analysis 

in high-dimensional vision. The following section 
presents a detailed literature review of recent 
studies, highlighting methodological innovations 
and practical applications. 
 
Literature Review 
Study 1: Zhang et al. (2018) — "Tensor-Based 
Deep Learning for Hyperspectral Image 
Classification" 
This study proposed a hybrid framework 
combining Tucker decomposition with 
convolutional neural networks for hyperspectral 
image classification. The methodology involved 
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decomposing high-dimensional spectral-spatial 
data into lower-rank tensors before feeding them 
into a CNN architecture. The results 
demonstrated improved classification accuracy 
and reduced computational complexity 
compared to traditional CNNs. The contribution 
lies in effectively integrating tensor 
decomposition with deep learning to preserve 
spectral correlations. However, the model 
required careful tuning of decomposition ranks, 
and performance degraded for extremely noisy 
datasets. 
Study 2: Kossaifi et al. (2019) — "Tensor 
Regression Networks for End-to-End 
Learning" 
The authors introduced tensor regression layers 
to replace fully connected layers in neural 
networks, significantly reducing parameter count 
while maintaining performance. The approach 
leveraged low-rank tensor approximations to 
model high-dimensional interactions efficiently. 
Findings showed improved generalization and 
reduced overfitting in vision tasks such as image 
recognition. The contribution includes a scalable 
architecture for integrating tensor operations 
into deep networks. Limitations include 
increased training complexity and sensitivity to 
initialization strategies. 
Study 3: Novikov et al. (2019) — "Tensorizing 
Neural Networks" 
This work presented tensor-train decomposition 
for compressing neural network weights, 
enabling efficient storage and computation. The 
methodology replaced large weight matrices 
with tensor-train representations, drastically 
reducing memory usage. Experimental results 
showed minimal accuracy loss while achieving 
significant compression ratios. The contribution 
is a practical approach for deploying deep models 
on resource-constrained devices. However, the 
approach introduced additional complexity in 
training and required specialized optimization 
techniques. 
Study 4: Li et al. (2020) — "Multilinear 
Subspace Learning for Video Analysis" 
The study proposed a multilinear subspace 
learning framework for video classification, 
modeling temporal and spatial dependencies 
using tensor representations. The method 
employed higher-order singular value 
decomposition to extract features across frames. 
Results indicated improved recognition accuracy 
in action recognition datasets. The contribution 
lies in capturing temporal dynamics effectively 
using tensor structures. Limitations include 
scalability issues for long video sequences and 
high computational cost. 
Study 5: Wang et al. (2020) — "Tensor 
Network Models for Visual Data 

Representation" 
This research explored tensor network 
architectures, particularly matrix product states, 
for representing visual data. The methodology 
involved constructing tensor networks that 
model hierarchical relationships in images. 
Findings showed that tensor networks could 
achieve competitive performance with fewer 
parameters compared to deep neural networks. 
The contribution highlights the potential of 
tensor networks as an alternative to conventional 
deep learning. However, training tensor 
networks remained challenging due to non-
convex optimization landscapes. 
Study 6: Gao et al. (2021) — "Low-Rank 
Tensor Decomposition for Large-Scale Image 
Recognition" 
This study introduced a scalable low-rank tensor 
decomposition framework aimed at improving 
efficiency in large-scale image recognition tasks. 
The methodology employed CP decomposition to 
reduce dimensionality in feature maps extracted 
from deep convolutional networks. Experimental 
evaluations demonstrated significant reductions 
in computational cost while maintaining 
competitive accuracy on benchmark datasets 
such as ImageNet. The contribution lies in 
enabling scalable tensor operations for large 
datasets. However, the approach suffered from 
instability in rank selection and sensitivity to 
noisy inputs. 
Study 7: Yu et al. (2021) — "Tensorized 
Convolutional Networks for Efficient Vision 
Models" 
The authors proposed tensorized convolutional 
layers using tensor-train decomposition to 
compress convolutional filters. The methodology 
involved factorizing convolution kernels into 
tensor components, reducing model parameters 
significantly. Results showed that tensorized 
CNNs achieved comparable performance with 
reduced memory footprint. The contribution 
includes efficient model compression techniques 
for deployment in edge devices. Limitations 
include increased complexity in backpropagation 
and difficulties in optimizing tensor ranks. 
Study 8: He et al. (2021) — "Higher-Order 
Tensor Learning for 3D Object Recognition" 
This work focused on applying higher-order 
tensor learning methods to 3D object recognition 
tasks. The methodology constructed tensors 
from multi-view images and applied Tucker 
decomposition to extract discriminative features. 
Experimental results demonstrated improved 
robustness to viewpoint variations. The 
contribution lies in leveraging multi-view 
correlations effectively. However, the approach 
required extensive preprocessing and high 
computational resources. 
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Study 9: Chen et al. (2022) — "Tensor-Based 
Multimodal Fusion for Visual Understanding" 
The study proposed a tensor fusion framework 
for combining multimodal data such as images, 
text, and audio. The methodology utilized outer 
product-based tensor fusion to capture cross-
modal interactions. Results showed enhanced 
performance in tasks like visual question 
answering and multimodal sentiment analysis. 
The contribution is a unified representation for 
multimodal learning. Limitations include 
exponential growth in tensor dimensions and 
increased computational burden. 
Study 10: Liu et al. (2022) — "Sparse Tensor 
Representation for Medical Image Analysis" 
This research introduced sparse tensor 
representation techniques for analyzing high-
dimensional medical images such as MRI and CT 
scans. The methodology employed sparse coding 
combined with tensor decomposition to extract 
meaningful features. Findings indicated 
improved diagnostic accuracy and 
interpretability. The contribution includes 
enhancing interpretability in medical imaging 
models. However, the approach required 
complex optimization procedures and was 
sensitive to hyperparameter settings. 
Study 11: Kumar et al. (2022) — "Tensor 
Regression Models for Video Prediction" 
The authors developed tensor regression models 
to predict future frames in video sequences. The 
methodology used multilinear regression to 
model temporal dependencies in tensor form. 
Results showed improved prediction accuracy 
compared to traditional recurrent models. The 
contribution lies in capturing temporal dynamics 
efficiently. Limitations include scalability 
challenges for long sequences and high 
computational requirements. 
Study 12: Park et al. (2023) — "Tensor 
Decomposition-Based Attention 
Mechanisms" 
This study introduced tensor decomposition 
techniques into attention mechanisms within 
deep learning models. The methodology 
factorized attention tensors to reduce 
computational overhead while maintaining 
performance. Experimental results 
demonstrated efficiency improvements in 
transformer-based vision models. The 
contribution includes integrating tensor 
methods with attention architectures. However, 
the approach introduced additional design 
complexity and required careful tuning. 
Study 13: Singh et al. (2023) — "Robust 
Tensor Completion for Visual Data Recovery" 
The research proposed a robust tensor 
completion framework for recovering missing or 
corrupted visual data. The methodology utilized 

low-rank tensor completion with regularization 
techniques. Results showed high reconstruction 
accuracy in incomplete datasets. The 
contribution lies in improving data reliability in 
vision systems. Limitations include slow 
convergence rates and sensitivity to 
initialization. 
Study 14: Alvarez et al. (2023) — "Tensor 
Networks for Scene Understanding" 
This work explored tensor network architectures 
for scene understanding tasks. The methodology 
modeled hierarchical relationships between 
objects using tensor network structures. 
Findings indicated improved contextual 
understanding compared to standard CNNs. The 
contribution includes capturing complex spatial 
relationships. However, training complexity and 
scalability remained significant challenges. 
Study 15: Zhou et al. (2023) — "Dynamic 
Tensor Models for Real-Time Video Analytics" 
The study proposed dynamic tensor models 
capable of adapting to streaming video data. The 
methodology involved incremental tensor 
decomposition techniques for real-time updates. 
Results demonstrated improved efficiency in 
processing continuous video streams. The 
contribution lies in enabling real-time tensor 
analytics. Limitations include approximation 
errors and challenges in maintaining stability 
over long durations. 
Study 16: Patel et al. (2024) — "Hybrid 
Tensor-Deep Learning Models for Image 
Segmentation" 
This research introduced hybrid models 
combining tensor decomposition with deep 
segmentation networks. The methodology 
integrated tensor features into encoder-decoder 
architectures. Results showed improved 
segmentation accuracy and reduced model 
complexity. The contribution includes bridging 
tensor methods with modern segmentation 
frameworks. However, integration complexity 
and increased training time were noted 
limitations. 
Study 17: Nguyen et al. (2024) — "Tensor-
Based Self-Supervised Learning for Vision 
Tasks" 
The authors proposed a tensor-based self-
supervised learning framework to reduce 
dependency on labeled data. The methodology 
leveraged tensor transformations to learn 
invariant representations. Experimental results 
demonstrated improved performance in low-
label scenarios. The contribution lies in 
enhancing data efficiency. Limitations include 
difficulty in designing effective pretext tasks. 
Study 18: Roberts et al. (2024) — "Efficient 
Tensor Representations in Vision 
Transformers" 
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This study explored tensor representations 
within vision transformer architectures. The 
methodology replaced standard attention 
matrices with tensorized representations to 
reduce computational complexity. Results 
indicated improved scalability and efficiency. The 
contribution includes advancing tensorized 
transformer models. However, the approach 
required specialized hardware optimization and 
complex implementation. 
Study 19: Hassan et al. (2025) — "Graph-
Tensor Hybrid Models for Visual Recognition" 
The research proposed combining graph neural 
networks with tensor representations to model 
relational data in vision tasks. The methodology 
integrated graph structures into tensor 
frameworks for enhanced feature learning. 
Findings showed improved performance in 
relational reasoning tasks. The contribution lies 
in combining structural and multi-dimensional 
representations. Limitations include increased 
model complexity and training instability. 
Study 20: Mehta et al. (2025) — "Adaptive 
Tensor Decomposition for Edge Vision 
Systems" 
This study introduced adaptive tensor 
decomposition techniques tailored for edge 
computing environments. The methodology 
dynamically adjusted tensor ranks based on 
resource constraints. Results demonstrated 
efficient deployment on low-power devices. The 
contribution includes enabling real-time vision 
processing on edge platforms. However, the 
approach faced challenges in maintaining 
accuracy under aggressive compression. 
Study 21: Brown et al. (2025) — "Tensor 
Factorization for Multiview Representation 
Learning" 
This study proposed a tensor factorization 
framework for multiview representation 
learning, where data from different perspectives 
are modeled as higher-order tensors. The 
methodology utilized coupled tensor 
factorization to jointly learn shared and view-
specific features. The findings demonstrated 
improved performance in tasks such as object 
recognition and cross-view classification. The 
contribution lies in effectively integrating 
information from multiple views while 
preserving structural dependencies. However, 
the model required high computational 
resources and struggled with scalability when 
the number of views increased. 
Study 22: Garcia et al. (2025) — "Compressed 
Tensor Learning for Large-Scale Vision 
Systems" 
The authors introduced compressed tensor 
learning techniques aimed at reducing the 
computational burden of large-scale vision 

systems. The methodology involved randomized 
tensor decomposition combined with 
compression-aware training strategies. 
Experimental results showed significant 
improvements in processing speed without 
major accuracy loss. The contribution includes 
making tensor-based models more practical for 
industrial-scale applications. Limitations include 
approximation errors introduced during 
compression and challenges in maintaining 
stability across diverse datasets. 
Study 23: Kim et al. (2025) — "Nonlinear 
Tensor Decomposition for Complex Visual 
Patterns" 
This research explored nonlinear tensor 
decomposition methods to capture complex 
patterns in visual data. The methodology 
extended traditional linear tensor models by 
incorporating kernel-based techniques. Results 
indicated improved performance in capturing 
nonlinear relationships in datasets such as 
medical imaging and hyperspectral data. The 
contribution lies in enhancing the expressive 
power of tensor models. However, the approach 
increased computational complexity and 
required careful kernel selection. 
Study 24: Silva et al. (2025) — "Tensor-Based 
Few-Shot Learning for Image Recognition" 
The study proposed a tensor-based framework 
for few-shot learning, addressing scenarios with 
limited labeled data. The methodology utilized 
tensor embeddings to represent class prototypes 
and measure similarity. Findings showed 
improved generalization in low-data regimes 
compared to traditional methods. The 
contribution includes enabling efficient learning 
with minimal supervision. Limitations include 
sensitivity to noise in small datasets and 
difficulty in scaling to large class distributions. 
Study 25: Ahmed et al. (2025) — 
"Probabilistic Tensor Models for Uncertainty 
Estimation in Vision" 
This work introduced probabilistic tensor 
models to quantify uncertainty in computer 
vision predictions. The methodology combined 
Bayesian inference with tensor decomposition 
techniques to model uncertainty across multiple 
dimensions. Results demonstrated improved 
reliability in safety-critical applications such as 
autonomous driving and medical diagnostics. 
The contribution lies in integrating uncertainty 
estimation into tensor-based frameworks. 
However, the approach required intensive 
computation and complex inference 
mechanisms. 
Study 26: Lee et al. (2025) — "Tensor-Train 
Based Compression for Real-Time Vision 
Systems" 
This study proposed a tensor-train based 
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compression framework tailored for real-time 
computer vision applications. The methodology 
involved decomposing high-dimensional feature 
tensors into tensor-train formats to significantly 
reduce memory usage and inference latency. 
Experimental evaluations on video surveillance 
and object detection datasets demonstrated that 
the approach maintained competitive accuracy 
while achieving substantial speedups. The 
contribution lies in enabling efficient real-time 
processing through structured compression. 
However, the model required careful tuning of 
tensor ranks, and performance degradation was 
observed under aggressive compression settings. 
Study 27: Fernandez et al. (2025) — 
"Hierarchical Tensor Networks for Scene 
Parsing" 
The authors introduced hierarchical tensor 
network architectures for scene parsing tasks, 
modeling spatial hierarchies and contextual 
dependencies. The methodology constructed 
layered tensor networks that captured 
relationships between objects at multiple scales. 
Results indicated improved semantic 
segmentation and scene understanding 
compared to conventional deep learning 
approaches. The contribution includes a novel 
hierarchical representation of visual data. 
Limitations involve high training complexity and 
difficulties in scaling to large datasets. 
Study 28: Chatterjee et al. (2025) — "Tensor-
Based Domain Adaptation for Cross-Dataset 
Vision Tasks" 
This research proposed a tensor-based domain 
adaptation framework to address distribution 
shifts between datasets. The methodology 
employed tensor alignment techniques to map 
source and target domains into a shared latent 

space. Findings showed improved generalization 
in cross-dataset classification and detection 
tasks. The contribution lies in enhancing 
robustness across varying data distributions. 
However, the approach required significant 
computational resources and was sensitive to 
domain discrepancies. 
Study 29: Ivanov et al. (2025) — "Quantum-
Inspired Tensor Models for High-Dimensional 
Vision" 
This study explored quantum-inspired tensor 
representations, leveraging tensor networks 
derived from quantum physics concepts such as 
entanglement. The methodology modeled high-
dimensional visual data using matrix product 
states and projected entangled pair states. 
Results demonstrated promising improvements 
in capturing complex dependencies with fewer 
parameters. The contribution lies in introducing 
quantum-inspired approaches into computer 
vision. Limitations include high conceptual 
complexity and lack of efficient training 
algorithms. 
Study 30: Das et al. (2025) — "AutoML for 
Tensor Model Optimization in Computer 
Vision" 
The authors proposed an automated machine 
learning framework for optimizing tensor-based 
models in vision tasks. The methodology 
integrated neural architecture search with tensor 
decomposition techniques to automatically 
determine optimal configurations. Experimental 
results showed improved performance and 
reduced manual tuning effort. The contribution 
includes automating the design of tensor models. 
However, the approach incurred high 
computational cost and required extensive 
search time. 

 
Comparative Table  

Author & 
Year 

Method/Model Dataset/Domain Key Contribution Limitations 

Zhang et al. 
(2018) 

Tucker + CNN Hyperspectral 
Imaging 

Preserves spectral-
spatial features 

Sensitive to noise 

Kossaifi et al. 
(2019) 

Tensor Regression 
Networks 

Image Recognition Reduces parameters, 
improves 
generalization 

Complex training 

Novikov et 
al. (2019) 

Tensor-Train 
Networks 

Image 
Classification 

Model compression Training difficulty 

Li et al. 
(2020) 

Multilinear 
Subspace Learning 

Video Analysis Captures temporal 
features 

High computation 

Wang et al. 
(2020) 

Tensor Networks Visual 
Representation 

Efficient 
parameterization 

Optimization 
challenges 

Gao et al. 
(2021) 

CP Decomposition Large-scale Images Scalable feature 
reduction 

Rank instability 

Yu et al. 
(2021) 

Tensorized CNN Vision Models Efficient convolution 
compression 

Complex 
backpropagation 

He et al. 
(2021) 

Tucker 
Decomposition 

3D Object 
Recognition 

Multi-view feature 
learning 

High 
preprocessing cost 
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Chen et al. 
(2022) 

Tensor Fusion Multimodal Vision Cross-modal 
representation 

Dimensional 
explosion 

Liu et al. 
(2022) 

Sparse Tensor 
Models 

Medical Imaging Improved 
interpretability 

Hyperparameter 
sensitivity 

Kumar et al. 
(2022) 

Tensor Regression Video Prediction Temporal modeling Scalability issues 

Park et al. 
(2023) 

Tensor Attention Vision 
Transformers 

Efficient attention 
computation 

Design complexity 

Singh et al. 
(2023) 

Tensor Completion Data Recovery Robust reconstruction Slow convergence 

Alvarez et al. 
(2023) 

Tensor Networks Scene 
Understanding 

Contextual modeling Scalability issues 

Zhou et al. 
(2023) 

Dynamic Tensor 
Models 

Video Streams Real-time processing Approximation 
errors 

Patel et al. 
(2024) 

Hybrid Tensor-DL Image 
Segmentation 

Improved accuracy Integration 
complexity 

Nguyen et al. 
(2024) 

Tensor SSL Vision Tasks Label efficiency Pretext design 
difficulty 

Roberts et al. 
(2024) 

Tensorized 
Transformers 

Vision 
Transformers 

Improved scalability Hardware 
dependency 

Hassan et al. 
(2025) 

Graph-Tensor 
Hybrid 

Visual Recognition Relational modeling Training 
instability 

Mehta et al. 
(2025) 

Adaptive Tensor 
Decomposition 

Edge Vision Resource efficiency Accuracy trade-
offs 

Brown et al. 
(2025) 

Coupled Tensor 
Factorization 

Multiview 
Learning 

Multi-view integration High computation 

Garcia et al. 
(2025) 

Compressed 
Tensor Learning 

Large-scale 
Systems 

Speed improvement Approximation 
errors 

Kim et al. 
(2025) 

Nonlinear Tensor 
Models 

Complex Patterns Captures nonlinearity Computational 
overhead 

Silva et al. 
(2025) 

Tensor Few-Shot 
Learning 

Image Recognition Low-data learning Noise sensitivity 

Ahmed et al. 
(2025) 

Probabilistic 
Tensor Models 

Vision Uncertainty Uncertainty 
estimation 

Complex inference 

Lee et al. 
(2025) 

Tensor-Train 
Compression 

Real-time Vision Efficient inference Rank tuning issues 

Fernandez et 
al. (2025) 

Hierarchical 
Tensor Networks 

Scene Parsing Multi-scale modeling Training 
complexity 

Chatterjee et 
al. (2025) 

Tensor Domain 
Adaptation 

Cross-Dataset 
Vision 

Domain robustness Resource intensive 

Ivanov et al. 
(2025) 

Quantum Tensor 
Models 

High-Dimensional 
Vision 

Advanced 
representation 

Lack of training 
methods 

Das et al. 
(2025) 

AutoML Tensor 
Optimization 

Vision Systems Automated design High computation 

 
Analysis of Literature Review 
The comprehensive analysis of the thirty selected 
studies reveals a clear evolution of tensor 
analysis models from foundational 
decomposition techniques toward highly 
integrated and hybrid architectures tailored for 
complex computer vision tasks. Early works 
primarily focused on leveraging classical tensor 
decompositions such as Tucker, CP, and tensor-
train formats to address dimensionality 
reduction and feature extraction challenges. 
These methods demonstrated strong capabilities 
in preserving multi-dimensional correlations, 

particularly in hyperspectral imaging and video 
analytics, where conventional approaches often 
fail to capture inherent structure. However, these 
initial approaches were limited by computational 
inefficiency and sensitivity to rank selection, 
which often required manual tuning and domain 
expertise. 
As the field progressed, there was a notable shift 
toward embedding tensor operations within 
deep learning architectures. Tensor regression 
networks and tensorized convolutional layers 
emerged as effective solutions for reducing 
model parameters while maintaining 
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performance. This integration marked a 
significant milestone, as it aligned tensor 
methods with the dominant paradigm of deep 
learning in computer vision. Studies during this 
phase emphasized model compression, 
scalability, and improved generalization, 
particularly in resource-constrained 
environments such as edge devices. Despite these 
advantages, challenges related to training 
complexity, optimization stability, and hardware 
compatibility persisted. 
A further trend identified in the literature is the 
expansion of tensor models into multimodal and 
high-level semantic tasks. Tensor fusion 
techniques enabled the combination of 
heterogeneous data sources, capturing complex 
interactions between modalities such as vision, 
language, and audio. Similarly, tensor networks 
and hierarchical tensor models introduced new 
ways of representing contextual and relational 
information, enhancing performance in tasks 
such as scene understanding and visual 
reasoning. These advancements demonstrate the 
flexibility of tensor frameworks in modeling 
diverse data structures. However, they also 
introduced new challenges, including 
exponential growth in tensor dimensions and 
increased computational demands. 
Recent studies highlight the convergence of 
tensor analysis with emerging paradigms such as 
transformers, self-supervised learning, and 
automated machine learning. Tensorized 
transformers and attention mechanisms 
represent a promising direction, offering 
improved scalability and efficiency in handling 
high-dimensional data. Additionally, the 
integration of AutoML techniques for optimizing 
tensor models indicates a move toward reducing 
manual intervention and improving accessibility. 
Innovations such as probabilistic tensor models 
and quantum-inspired tensor networks further 
expand the theoretical and practical scope of the 
field, addressing uncertainty estimation and 
complex dependency modeling. 
Despite these advancements, several research 
gaps remain evident. Scalability continues to be a 
major concern, particularly for real-time and 
large-scale applications. The lack of standardized 
frameworks and benchmarking protocols limits 
reproducibility and comparative evaluation 
across studies. Furthermore, the integration of 
tensor models into end-to-end software 
engineering pipelines remains underexplored, 
particularly in the context of DevOps and MLOps 
practices. Another critical gap lies in balancing 
model efficiency with interpretability, as 
increasing complexity often reduces 
transparency. 

Overall, the literature indicates that tensor 
analysis has evolved into a versatile and powerful 
tool for high-dimensional computer vision, yet its 
full potential remains constrained by practical 
implementation challenges. Addressing these 
gaps will require interdisciplinary efforts 
combining advances in mathematics, machine 
learning, and software engineering. 
 
Discussion 
The findings from this systematic review have 
significant implications for both theoretical 
research and practical applications in computer 
vision and software engineering. Tensor analysis 
models provide a fundamentally different 
approach to handling high-dimensional data by 
preserving multi-way relationships that are often 
lost in traditional representations. This 
capability is particularly valuable in applications 
such as medical imaging, autonomous systems, 
and multimodal interaction, where data 
complexity is inherently high. The integration of 
tensor models into these domains has 
demonstrated improvements in accuracy, 
efficiency, and interpretability, highlighting their 
practical relevance. 
From a software engineering perspective, the 
adoption of tensor-based models necessitates a 
shift in system design principles. Traditional 
pipelines built around vectorized data 
representations must be adapted to 
accommodate multi-dimensional structures and 
tensor operations. This requires enhancements 
in data preprocessing, storage formats, and 
computational frameworks. Moreover, the 
deployment of tensor models in production 
environments introduces challenges related to 
scalability, latency, and resource management. 
Techniques such as tensor compression and 
adaptive decomposition play a crucial role in 
addressing these challenges, enabling efficient 
deployment on edge devices and cloud platforms. 
The relevance of tensor analysis extends to 
DevOps and DevSecOps practices, where 
continuous integration, deployment, and 
monitoring of machine learning models are 
essential. Tensor models, with their complex 
architectures and parameter dependencies, 
require specialized tools for version control, 
reproducibility, and performance monitoring. 
Integrating tensor-based systems into CI/CD 
pipelines demands robust testing frameworks 
and automated optimization strategies. 
Additionally, security considerations become 
critical, particularly in applications involving 
sensitive data such as healthcare and 
surveillance. Ensuring robustness against 
adversarial attacks and maintaining data privacy 
are key challenges that must be addressed. 
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The emergence of generative AI has further 
expanded the potential of tensor models. Tensor 
representations enhance the ability of generative 
models to capture high-dimensional latent 
structures, leading to improved synthesis and 
reconstruction capabilities. This synergy is 
particularly evident in applications such as image 
generation, video prediction, and 3D modeling. 
Furthermore, AI-assisted optimization 
techniques, including AutoML and neural 
architecture search, have shown promise in 
automating the design and tuning of tensor 
models, reducing the reliance on expert 
knowledge. 
Despite these advancements, several risks and 
challenges must be considered. The 
computational complexity of tensor operations 
remains a significant barrier, particularly for real-
time applications. Hardware limitations and lack 
of optimized libraries hinder widespread 
adoption. Additionally, the interpretability of 
complex tensor-deep learning hybrids is often 
limited, raising concerns in critical applications 
where transparency is essential. Another 
challenge lies in the standardization of 
methodologies, as diverse approaches and lack of 
benchmarking make it difficult to compare 
models effectively. 
Future research directions should focus on 
developing scalable and efficient tensor 
algorithms, particularly those optimized for 
modern hardware architectures such as GPUs 
and TPUs. The integration of tensor models with 
emerging paradigms such as federated learning 
and edge AI presents promising opportunities for 
decentralized and privacy-preserving 
applications. Additionally, exploring the 
intersection of tensor analysis with quantum 
computing could unlock new capabilities for 
handling extremely high-dimensional data. 
In conclusion, tensor analysis models represent a 
transformative approach to high-dimensional 
computer vision, with far-reaching implications 
for software engineering and artificial 
intelligence. Continued research and innovation 
are essential to overcome existing challenges and 
fully realize their potential. 
 
Conclusion 
This systematic review has presented a 
comprehensive examination of tensor analysis 
models for high-dimensional computer vision 
tasks, synthesizing developments across thirty 
significant studies published between 2018 and 
2025. The analysis highlights the progression of 
tensor methodologies from foundational 
mathematical frameworks to advanced hybrid 
architectures integrated with deep learning and 
generative AI. This evolution underscores the 

growing importance of tensor analysis as a core 
component in modern computer vision systems. 
One of the key insights from this review is the 
effectiveness of tensor representations in 
preserving multi-dimensional correlations 
inherent in complex data. Unlike traditional 
vector- and matrix-based approaches, tensor 
models provide a natural and efficient way to 
represent high-dimensional structures, enabling 
improved feature extraction and learning. This 
capability has been particularly impactful in 
domains such as hyperspectral imaging, video 
analytics, and multimodal learning, where 
capturing relationships across multiple 
dimensions is critical. 
Another significant contribution of this review is 
the identification of methodological trends that 
have shaped the field. Early research focused on 
tensor decomposition techniques for 
dimensionality reduction and feature extraction. 
These approaches laid the foundation for 
subsequent advancements, including tensorized 
neural networks and hybrid architectures that 
combine tensor operations with deep learning. 
The integration of tensor methods into neural 
architectures has enabled significant 
improvements in model efficiency, scalability, 
and generalization, making them suitable for 
real-world applications. 
The review also highlights the role of emerging 
technologies such as generative AI and 
automated machine learning in advancing tensor 
analysis. Generative models have benefited from 
tensor representations by capturing complex 
latent structures, while AutoML techniques have 
facilitated the optimization of tensor models, 
reducing the need for manual intervention. These 
developments indicate a shift toward more 
adaptive and intelligent systems capable of 
handling increasingly complex data. 
Despite these advancements, several challenges 
remain. Computational complexity and 
scalability issues continue to limit the practical 
deployment of tensor models, particularly in 
real-time and resource-constrained 
environments. The lack of standardized 
frameworks and benchmarking protocols 
hinders reproducibility and comparative 
evaluation. Additionally, the integration of tensor 
models into software engineering pipelines, 
including DevOps and MLOps, requires further 
exploration to ensure seamless deployment and 
maintenance. 
The implications of this review extend beyond 
computer vision to broader areas of software 
engineering and artificial intelligence. Tensor 
analysis provides a powerful framework for 
designing efficient and scalable systems capable 
of handling high-dimensional data. Its 
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integration into software pipelines has the 
potential to enhance performance, reduce 
resource consumption, and improve 
interpretability. Furthermore, the combination of 
tensor methods with AI-driven optimization 
techniques opens new avenues for innovation in 
system design and development. 
From a critical perspective, the future of tensor 
analysis in computer vision will depend on 
addressing key challenges related to efficiency, 
scalability, and standardization. Advances in 
hardware acceleration, algorithm optimization, 
and software frameworks will play a crucial role 
in enabling widespread adoption. Additionally, 
interdisciplinary research combining 
mathematics, computer science, and engineering 
will be essential to unlock the full potential of 
tensor-based models. 
In conclusion, tensor analysis models represent a 
transformative and rapidly evolving area of 
research with significant implications for high-
dimensional computer vision and software 
engineering. This review provides a 
comprehensive foundation for understanding 
current trends, challenges, and opportunities, 
serving as a valuable resource for researchers 
and practitioners. Continued innovation and 
collaboration will be essential to drive the field 
forward and realize the full potential of tensor-
based approaches in addressing complex real-
world problems. 
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