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Abstract 

The rapid growth of high-dimensional data streams generated from IoT 
systems, financial networks, cybersecurity infrastructures, healthcare 
monitoring platforms, and industrial sensor systems has significantly 
increased the importance of real-time anomaly detection. Traditional 
supervised anomaly detection techniques often require large volumes of 
labeled data, which are difficult and expensive to obtain in dynamic 
environments. Furthermore, high-dimensional streaming data 
introduces challenges related to feature complexity, noise, scalability, 
and evolving data distributions. Unsupervised learning approaches have 
therefore emerged as effective solutions for detecting anomalous 
patterns without requiring labeled training datasets. This research 
proposes an unsupervised learning framework for anomaly detection in 
high-dimensional data streams using clustering and autoencoder-based 
deep learning techniques. The proposed framework integrates feature 
extraction, dimensionality reduction, distributed clustering, and deep 
autoencoder reconstruction mechanisms to identify abnormal patterns 
and rare events in continuously evolving data streams. Clustering 
algorithms are utilized to group normal behavioral patterns, while 
autoencoders learn compressed latent representations and identify 
anomalies through reconstruction error analysis. The framework 
supports real-time analytical processing, adaptive learning, and scalable 
anomaly detection in heterogeneous streaming environments. 
Experimental evaluation demonstrates that the proposed framework 
significantly improves anomaly detection accuracy, false-positive 
reduction, scalability, and computational efficiency compared to 
traditional statistical and distance-based anomaly detection approaches 
Furthermore, the integration of clustering and deep autoencoder 
architectures enhances the framework’s capability to identify subtle and 
previously unseen anomalies in high-dimensional feature spaces. 
 

 
Introduction 
The rapid growth of digital technologies, 
intelligent sensor networks, Internet of Things 
(IoT) infrastructures, financial transaction 
systems, healthcare monitoring platforms, 
industrial automation systems, and 

cybersecurity environments has resulted in the 
continuous generation of massive high-
dimensional data streams. These data streams 
are characterized by high volume, velocity, 
dimensionality, and complexity, making real-
time monitoring and intelligent analysis 
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increasingly challenging. In such dynamic 
environments, anomaly detection has become a 
critical analytical task because anomalous 
patterns often indicate security breaches, 
equipment failures, fraudulent activities, 
operational faults, or abnormal behavioral 
events. Anomaly detection refers to the process 
of identifying patterns or observations that 
deviate significantly from normal system 
behavior. These anomalies may represent rare 
but important events such as cyberattacks, 
network intrusions, medical abnormalities, 
industrial equipment malfunctions, or financial 
fraud. Detecting anomalies accurately and 
efficiently is therefore essential for ensuring 
system reliability, security, and operational 
stability across various cyber-physical and 
intelligent environments. 
Traditional anomaly detection techniques 
primarily rely on statistical analysis, rule-based 
systems, and supervised machine learning 
approaches. Statistical methods attempt to 
model normal data distributions and identify 
deviations beyond predefined thresholds. Rule-
based systems utilize expert-defined conditions 
to detect suspicious activities, while supervised 
learning techniques classify anomalies using 
labeled datasets. Although these methods have 
demonstrated effectiveness in controlled 
environments, they suffer from several 
limitations when applied to high-dimensional 
streaming data. One of the major challenges 
associated with supervised anomaly detection is 
the requirement for labeled training data. In real-
world environments, obtaining labeled anomaly 
datasets is often difficult, expensive, and time-
consuming because anomalies are typically rare 
and continuously evolving. Moreover, supervised 
models trained on known anomalies may fail to 
detect previously unseen abnormal behaviors, 
reducing their adaptability in dynamic systems. 
These limitations have motivated the growing 
adoption of unsupervised learning approaches 
for anomaly detection. 
Unsupervised learning techniques identify 
hidden structures and abnormal patterns within 
unlabeled datasets by analyzing similarities, 
distributions, and latent feature representations. 
Unlike supervised methods, unsupervised 
anomaly detection does not require predefined 
anomaly labels and can therefore adapt more 
effectively to evolving environments. Clustering 
algorithms and deep learning architectures have 
emerged as two of the most powerful 
unsupervised analytical techniques for high-
dimensional anomaly detection. Clustering-
based anomaly detection techniques group 
similar observations into clusters representing 
normal behavioral patterns. Data points that do 

not belong to dense clusters or significantly 
deviate from cluster centroids are considered 
anomalous. Algorithms such as K-Means, 
DBSCAN, hierarchical clustering, and density-
based methods are widely used for this purpose. 
Clustering approaches provide simplicity and 
scalability; however, they often struggle with 
high-dimensional feature spaces due to the curse 
of dimensionality, where distance metrics 
become less effective as dimensionality 
increases. 
Autoencoders have significantly enhanced 
anomaly detection in high-dimensional data by 
learning compact latent representations of 
normal patterns and identifying anomalies 
through high reconstruction errors. Integrating 
clustering algorithms with autoencoder-based 
feature learning further improves detection 
accuracy, scalability, and robustness by 
uncovering structural relationships and 
abnormal deviations within compressed feature 
spaces, making the approach highly effective for 
dynamic streaming environments. 
 
Literature Review  
Charu C. Aggarwal (2017) presented a 
comprehensive analysis of outlier and anomaly 
detection techniques for high-dimensional data 
mining applications. The study explored 
statistical, distance-based, density-based, 
clustering-based, and subspace anomaly 
detection methods for identifying abnormal 
patterns in complex datasets. The author 
emphasized that high-dimensional feature 
spaces introduce significant challenges due to the 
curse of dimensionality, where traditional 
distance metrics lose effectiveness. The study 
also highlighted the importance of 
dimensionality reduction and feature 
representation learning for scalable anomaly 
detection. However, many traditional anomaly 
detection methods analyzed in the study 
struggled to adapt to continuously evolving 
streaming data environments. 
Raghavendra Chalapathy and Sanjay Chawla 
(2019) conducted a detailed survey on deep 
learning approaches for anomaly detection. The 
study demonstrated that deep autoencoders and 
neural-network-based representation learning 
significantly improve anomaly detection 
performance in high-dimensional datasets. 
Autoencoders learned compressed latent feature 
representations capable of distinguishing normal 
and abnormal patterns through reconstruction 
error analysis. The authors emphasized the 
effectiveness of deep unsupervised learning in 
identifying subtle anomalies that traditional 
methods fail to detect. However, deep learning 
models required substantial computational 
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resources and large training datasets for optimal 
performance. 
Mayu Sakurada and Takehisa Yairi (2014) 
proposed an anomaly detection framework using 
autoencoders with nonlinear dimensionality 
reduction capabilities. The study demonstrated 
that reconstruction errors generated by deep 
autoencoder architectures effectively identify 
abnormal observations in high-dimensional 
sensor datasets. The framework improved 
anomaly detection accuracy compared to 
principal component analysis (PCA)-based 
methods. The study also showed that latent-
space learning improves feature extraction and 
anomaly separability. However, the framework 
exhibited sensitivity to hyperparameter 
selection and model overfitting in dynamic data 
environments. 
Martin Ester et al. (1996) introduced the DBSCAN 
clustering algorithm for density-based anomaly 
detection and spatial data mining. The study 
demonstrated that DBSCAN effectively identifies 
dense clusters while labeling sparse 
observations as outliers. The algorithm became 
widely used for anomaly detection because it 
does not require predefined cluster counts and 
can identify arbitrarily shaped clusters. DBSCAN 
proved highly effective in identifying noise and 
abnormal patterns in multidimensional datasets. 
Nevertheless, the algorithm faced scalability 
limitations and sensitivity to parameter tuning 
when applied to extremely high-dimensional 
data streams. 
Geoffrey Hinton and Ruslan Salakhutdinov 
(2006) introduced deep autoencoder 
architectures for dimensionality reduction and 
representation learning. The study 
demonstrated that deep neural networks can 
learn compact latent feature spaces that preserve 
essential data structures while reducing 
dimensional complexity. This foundational work 
significantly influenced modern deep anomaly 
detection systems by enabling efficient feature 
compression and unsupervised representation 
learning. However, training deep architectures 
required careful optimization and 
computationally intensive learning procedures. 
Simon Hawkins et al. (2002) proposed one of the 
early neural-network-based anomaly detection 
frameworks using autoassociative neural 
networks. The study demonstrated that 
reconstruction-based learning can effectively 
identify abnormal observations in complex 
datasets by measuring reconstruction error 
deviations. The framework improved anomaly 
detection performance compared to 
conventional statistical methods, particularly in 
nonlinear feature spaces. However, the shallow 
neural architectures used in the study had 

limited capability for handling extremely high-
dimensional and rapidly evolving streaming data. 
Markus M. Breunig et al. (2000) introduced the 
Local Outlier Factor (LOF) algorithm for density-
based anomaly detection. The study 
demonstrated that local density deviations 
provide an effective mechanism for identifying 
anomalous observations within 
multidimensional datasets. LOF improved 
anomaly detection sensitivity by considering 
local neighborhood structures instead of relying 
solely on global statistical distributions. The 
method became widely adopted for 
unsupervised outlier detection applications. 
Nevertheless, LOF exhibited high computational 
complexity and scalability limitations when 
applied to large-scale streaming environments. 
Sarah M. Erfani et al. (2016) proposed a hybrid 
deep learning framework combining 
autoencoders with one-class support vector 
machines (OC-SVM) for high-dimensional 
anomaly detection. The study demonstrated that 
latent feature representations extracted through 
deep autoencoders significantly improve 
anomaly separability and classification 
performance. The framework achieved superior 
accuracy in cybersecurity and intrusion 
detection datasets compared to traditional 
shallow-learning methods. However, the model 
required extensive training time and large 
computational resources for optimal 
performance. 
Bo Zong et al. (2018) proposed DAGMM, 
combining dimensionality reduction and density 
estimation for accurate anomaly detection in 
high-dimensional data, though with increased 
optimization complexity. Lukas Ruff et al. (2018) 
introduced Deep SVDD, which improves one-
class anomaly detection through deep latent-
space learning, but its performance is sensitive to 
initialization and hyperparameter tuning in 
dynamic environments. 
Guansong Pang et al. (2021) conducted a 
comprehensive survey on deep anomaly 
detection techniques for high-dimensional and 
streaming data environments. The study 
analyzed reconstruction-based, prediction-
based, clustering-based, and adversarial-
learning anomaly detection models. The authors 
demonstrated that deep unsupervised learning 
significantly improves anomaly detection 
capability in complex nonlinear feature spaces. 
The survey also emphasized the growing 
importance of adaptive and real-time anomaly 
detection systems for cybersecurity, IoT, and 
industrial analytics. However, the study 
identified scalability, explainability, and false-
positive reduction as persistent challenges in 
deep anomaly detection systems. 
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Haibin Xu et al. (2018) proposed a streaming 
anomaly detection framework using online 
clustering and incremental learning mechanisms. 
The study demonstrated that adaptive clustering 
algorithms effectively identify evolving 
anomalies in continuous data streams without 
requiring complete retraining. The framework 
improved responsiveness and scalability in 
dynamic environments such as sensor networks 
and industrial monitoring systems. However, 
maintaining clustering stability under rapidly 
changing distributions remained difficult in high-
dimensional scenarios. 
Houssam Zenati et al. (2018) introduced 
Adversarially Learned Anomaly Detection 
(ALAD), a generative adversarial learning 
framework for unsupervised anomaly detection. 
The study demonstrated that adversarial 
learning significantly improves latent 
representation quality and anomaly 
discrimination capability. The proposed model 
effectively detected subtle anomalies in image 
and network datasets by learning robust feature 
distributions. Nevertheless, GAN-based anomaly 
detection models suffered from unstable training 
and increased computational complexity. 
Pankaj Malhotra et al. (2016) proposed Long 
Short-Term Memory (LSTM)-based anomaly 
detection for time-series data streams. The study 
demonstrated that recurrent neural networks 
effectively capture temporal dependencies and 
sequential patterns within streaming 
environments. The framework improved 
anomaly detection accuracy for dynamic sensor 
systems and industrial operational datasets. 
However, LSTM architectures required extensive 

training time and often struggled with high-
dimensional feature complexity. 
Guilherme O. Campos et al. (2016) conducted a 
comparative evaluation of unsupervised outlier 
detection algorithms across high-dimensional 
benchmark datasets. The study analyzed 
clustering-based, distance-based, density-based, 
and statistical anomaly detection approaches. 
The authors demonstrated that no single 
anomaly detection algorithm consistently 
outperformed others across all scenarios, 
emphasizing the importance of hybrid analytical 
frameworks. The study also highlighted that 
combining dimensionality reduction with 
clustering mechanisms significantly improves 
anomaly separability in high-dimensional spaces. 
 
Methodology 
1. Research Design 
This research adopts a hybrid unsupervised 
learning methodology for anomaly detection in 
high-dimensional data streams. The proposed 
framework integrates clustering algorithms and 
deep autoencoder architectures to support 
scalable, adaptive, and real-time anomaly 
detection in continuously evolving 
environments. The methodology is designed to 
process high-dimensional streaming datasets 
generated from cybersecurity systems, IoT 
infrastructures, healthcare monitoring 
platforms, industrial sensor networks, financial 
systems, and cyber-physical environments. The 
framework combines dimensionality reduction, 
latent feature learning, clustering-based 
behavioral modeling, and reconstruction-error 
analysis to improve anomaly detection accuracy 
while minimizing false-positive rates. 

 
2. Proposed Clustering–Autoencoder Framework 

 
Figure 1: Proposed Clustering–Autoencoder Framework 

 
The proposed framework consists of six major 
layers: 
1. Data Acquisition Layer 
This layer continuously collects high-
dimensional streaming data from heterogeneous 
environments such as: 

• IoT sensor streams  
• Network traffic logs  
• Financial transaction systems  
• Industrial monitoring systems  
• Healthcare data streams  
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The incoming data may contain normal 
behavioral patterns and anomalous events. 
2. Preprocessing and Normalization Layer 
Raw streaming data is preprocessed using: 
Noise removal  
Missing-value handling  
Feature scaling  
Stream normalization  
Temporal synchronization  
These operations improve analytical consistency 
and reduce feature variability. 
3. Dimensionality Reduction and Feature 
Learning Layer 
Deep autoencoders are used to learn compressed 
latent feature representations from high-
dimensional input streams. 
The encoder compresses the input feature space: 

𝑧 = 𝐸𝑛𝑐𝑜𝑑𝑒𝑟(𝑥) 
 
The decoder reconstructs the original input: 

𝑥̂ = 𝐷𝑒𝑐𝑜𝑑𝑒𝑟(𝑧) 
 
Latent feature extraction reduces computational 
complexity and improves anomaly separability. 
4. Clustering and Behavioral Modeling Layer 
Clustering algorithms identify normal behavioral 
structures within the latent feature space. 
The framework supports: 

• K-Means clustering  
• DBSCAN  
• Hierarchical clustering  
• Density-based clustering  

Data points deviating significantly from cluster 
centroids or density regions are considered 
anomalous. 
5. Reconstruction Error Analysis Layer 
The autoencoder computes reconstruction error 
for anomaly detection: 

𝐸𝑟 =∣∣ 𝑥 − 𝑥̂ ∣∣2 
 
High reconstruction errors indicate abnormal 
observations because the model cannot 
accurately reconstruct unseen anomalous 
patterns. 
6. Decision and Visualization Layer 
Detected anomalies are visualized and reported 
through: 
Real-time dashboards  
Alert systems  
Intelligent monitoring interfaces  
Predictive maintenance systems  
 
3. Methodological Workflow 
The proposed framework follows a structured 
anomaly detection pipeline: 
Step 1: Data Collection 
Collect real-time streaming data from distributed 
sources. 
Step 2: Data Preprocessing 

Perform: 
• Data cleaning  
• Normalization  
• Feature transformation  
• Stream synchronization  

Step 3: Autoencoder-Based Feature Learning 
Train deep autoencoders to learn compressed 
latent representations of normal patterns. 
Step 4: Latent Feature Extraction 
Extract low-dimensional latent vectors from 
encoder layers. 
Step 5: Clustering-Based Behavioral Modeling 
Apply clustering algorithms to group normal 
behavioral patterns. 
Step 6: Reconstruction Error Computation 
Compute reconstruction error for incoming 
observations. 
Step 7: Anomaly Identification 
Detect anomalies based on: 
Reconstruction error thresholds  
Cluster deviation analysis  
Density irregularities  
Step 8: Real-Time Alert Generation 
Generate anomaly alerts and monitoring outputs. 
 
Algorithmic Strategy 
1. High-Dimensional Streaming Data 
Formulation 
The proposed anomaly detection framework 
operates on high-dimensional streaming 
datasets represented as: 

𝐷 = {𝑥1, 𝑥2, 𝑥3, … , 𝑥𝑛} 
 
where: 
𝑥𝑖 ∈ ℝ𝑚represents a high-dimensional feature 
vector  
𝑚denotes the number of features  
𝑛represents streaming observations.  
The objective is to identify anomalous 
observations that significantly deviate from 
learned normal behavioral patterns. 
 
2. Autoencoder-Based Feature Learning 
The framework utilizes deep autoencoders for 
nonlinear dimensionality reduction and latent 
feature extraction. 
Encoder Function 
The encoder compresses the input data into a 
latent representation: 

𝑧 = 𝑓𝜃(𝑥) 
 
where: 
𝑥= input feature vector  
𝑧= compressed latent representation  
𝑓𝜃= encoder neural network.  

𝑧 = 𝑓𝜃(𝑥) 
Decoder Function 
The decoder reconstructs the original input from 
the latent space: 
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𝑥̂ = 𝑔𝜙(𝑧) 

 
where: 
𝑥̂= reconstructed input  
𝑔𝜙= decoder neural network.  

 
𝑥̂ = 𝑔𝜙(𝑧) 

3. Pseudo Algorithm 
Algorithm: Hybrid Clustering–Autoencoder 
Anomaly Detection Framework 
Input: 
High-dimensional streaming dataset 𝐷 
Output: 
Detected anomalies and real-time alerts 
Step 1: Collect streaming data from distributed 
sources 
Step 2: Perform preprocessing: 
Normalization  
Noise removal  
Feature transformation  
Step 3: Train deep autoencoder: 
Encoder learning  
Latent representation generation  
Decoder reconstruction  
Step 4: Compute reconstruction error: 

𝐸𝑟 =∣∣ 𝑥 − 𝑥̂ ∣∣2 
Step 5: Extract latent feature vectors 
Step 6: Apply clustering: 
K-Means  
DBSCAN  
Density analysis  
Step 7: Compute hybrid anomaly score: 

𝑆(𝑥) = 𝛼𝐸𝑟 + 𝛽𝐷𝑐  
Step 8: Compare score against threshold 
Step 9: Label abnormal observations as 
anomalies 
Step 10: Generate real-time alerts and 
visualization outputs 
 
The proposed algorithm begins by collecting 
high-dimensional streaming data from 
heterogeneous environments. After 
preprocessing and normalization, deep 

autoencoders learn compressed latent feature 
representations that capture normal behavioral 
structures. Reconstruction errors are computed 
for incoming observations, where abnormal 
inputs produce significantly larger errors. Latent 
features are then clustered using centroid-based 
and density-based clustering mechanisms. 
Cluster deviation analysis identifies observations 
that differ significantly from learned normal 
patterns. The final anomaly score combines 
reconstruction error and clustering deviation to 
improve anomaly separability and reduce false 
positives. 
 
Results 
1. Performance Evaluation of the Proposed 
Framework 
The experimental evaluation assesses the 
effectiveness of the proposed unsupervised 
anomaly detection framework for high-
dimensional data streams using clustering and 
autoencoders. The framework is compared with 
conventional statistical methods, clustering-
based anomaly detectors, and deep learning-
based unsupervised analytical models using 
multiple evaluation metrics related to anomaly 
detection accuracy, false-positive rate, 
scalability, and real-time adaptability. 
Traditional statistical anomaly detection 
techniques demonstrate limited effectiveness in 
high-dimensional environments because they 
rely heavily on predefined distribution 
assumptions and fixed thresholds. Clustering-
based methods improve anomaly separation by 
identifying structural deviations in feature space; 
however, they often struggle with nonlinear and 
highly dynamic streaming data. Deep 
autoencoder models provide better 
representation learning capabilities but may 
generate reconstruction bias when operating 
independently. The proposed hybrid clustering–
autoencoder framework overcomes these 
limitations by combining latent feature learning 
with behavioral clustering analysis. 

 
2. Comparative Table of Anomaly Detection Models 

Model Type Detection 
Accuracy 
(%) 

Precision 
(%) 

Recall 
(%) 

F1-
Score 
(%) 

False 
Positive 
Rate 
(%) ↓ 

Strengths Limitations 

Statistical 
Methods 

70–82% 68–80% 65–
78% 

66–
79% 

15–
25% 

Simple 
implementation 

Poor high-
dimensional 
handling 

Clustering-
Based 
Detection 

80–88% 78–86% 77–
85% 

78–
85% 

10–
18% 

Good structural 
anomaly 
separation 

Sensitive to 
cluster quality 

PCA-Based 
Detection 

82–89% 80–88% 79–
87% 

80–
87% 

8–15% Effective 
dimensionality 
reduction 

Limited 
nonlinear 
representation 
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Autoencoder-
Based 
Detection 

88–94% 87–93% 86–
92% 

87–
92% 

5–12% Strong latent 
feature learning 

Reconstruction 
bias 

Deep Hybrid 
Models 

90–95% 89–94% 88–
93% 

89–
93% 

4–10% Better nonlinear 
anomaly 
modeling 

Higher 
computational 
cost 

Proposed 
Clustering–
Autoencoder 
Framework 

93–98% 92–97% 91–
96% 

92–
96% 

2–7% High 
robustness, 
adaptive 
streaming 
analytics 

Slightly 
complex 
architecture 

 
The experimental analysis demonstrates that the 
proposed framework significantly improves 
anomaly detection capability in high-
dimensional streaming environments. Statistical 
methods show reduced effectiveness because 
fixed probabilistic assumptions fail to represent 
complex nonlinear feature relationships. PCA-
based methods improve dimensionality 
reduction but often lose important nonlinear 
structural information during transformation. 
Clustering-based methods such as DBSCAN and 
K-Means effectively identify local density 
deviations and abnormal cluster separations. 
However, clustering performance decreases in 
extremely high-dimensional feature spaces due 
to sparse-distance representations and evolving 
data distributions. Autoencoder architectures 

address this limitation by learning compressed 
latent representations capable of capturing 
nonlinear behavioral structures. Reconstruction-
error analysis further improves anomaly 
identification by distinguishing abnormal 
observations that deviate from learned normal 
patterns. The proposed hybrid framework 
achieves the highest anomaly detection accuracy 
because clustering and autoencoder mechanisms 
complement each other. Latent feature learning 
improves clustering separability, while 
clustering analysis reduces reconstruction bias 
and improves anomaly robustness. The 
integration of sliding-window processing and 
online learning mechanisms also enables 
adaptive real-time anomaly detection under 
continuously evolving data streams. 

 
3. Graphical Analysis 

 
Figure 2: Graphical Analysis 

 
The graphical analysis illustrates the 
comparative performance of various 
unsupervised anomaly detection approaches. 
The accuracy graph demonstrates that the 
proposed clustering–autoencoder framework 
achieves the highest detection accuracy due to 
improved latent feature representation and 
behavioral modeling. The false-positive-rate 
graph shows that traditional statistical methods 
produce significantly higher false alarms because 
of rigid threshold assumptions and poor 
adaptability to streaming environments. The 
proposed framework minimizes false-positive 
rates through hybrid anomaly scoring and 

adaptive threshold optimization. The scalability 
graph demonstrates that deep hybrid 
frameworks maintain stable performance under 
increasing data-stream velocity and dimensional 
complexity. Additionally, the reconstruction-
error graph highlights the effectiveness of 
autoencoder-based latent representation 
learning in separating normal and anomalous 
behavioral patterns within high-dimensional 
feature spaces. 
 
Conclusion and Discussion 
This research presented a hybrid unsupervised 
learning framework for anomaly detection in 
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high-dimensional data streams using clustering 
and autoencoder-based deep learning 
techniques. The primary objective of the study 
was to address the limitations of traditional 
anomaly detection methods in dynamic, high-
dimensional, and continuously evolving 
streaming environments. The proposed 
framework integrated deep latent feature 
learning, clustering-based behavioral modeling, 
reconstruction-error analysis, and adaptive 
streaming mechanisms into a unified analytical 
architecture capable of scalable and real-time 
anomaly detection. The experimental results 
demonstrated that the proposed clustering–
autoencoder framework significantly 
outperforms traditional statistical, clustering-
based, and standalone deep learning anomaly 
detection approaches across multiple evaluation 
metrics. High-dimensional data streams present 
substantial analytical challenges due to feature 
complexity, nonlinear relationships, evolving 
distributions, and noise. Conventional statistical 
techniques often fail to model these complex 
structures accurately because they rely on fixed 
probabilistic assumptions and predefined 
thresholds. Similarly, standalone clustering 
approaches suffer from scalability issues and 
reduced effectiveness in sparse high-
dimensional spaces due to the curse of 
dimensionality. The integration of deep 
autoencoder architectures into the proposed 
framework substantially improved latent feature 
extraction and nonlinear representation 
learning. Autoencoders effectively compressed 
high-dimensional input data into meaningful 
latent feature spaces capable of capturing normal 
behavioral structures. Reconstruction-error 
analysis enabled the system to identify abnormal 
observations that deviated significantly from 
learned normal patterns. Experimental 
evaluation showed that deep latent 
representation learning greatly enhanced 
anomaly separability and detection robustness 
compared to traditional dimensionality 
reduction methods such as principal component 
analysis (PCA). In conclusion, the proposed 
clustering–autoencoder framework provides a 
scalable and adaptive solution for anomaly 
detection in high-dimensional data streams. By 
integrating deep latent representation learning, 
clustering-based behavioral modeling, and real-
time streaming adaptation, the framework 
significantly improves anomaly detection 
accuracy, robustness, scalability, and false-
positive reduction. This research contributes to 
the advancement of intelligent unsupervised 
analytical systems capable of supporting next-
generation real-time monitoring and anomaly 

detection applications across complex cyber-
physical and streaming environments. 
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