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Abstract: Anomalies are still difficult to detect in sequential systems due to nonlinearity, temporal dependencies, non-

stationarities, noise, and strong class imbalance. This paper introduces an adaptive deep–statistical hybrid architecture for 

efficient and effective anomaly scoring in diverse sequential setups. It proposes an integration of a sequence autoencoder with 

BiLSTM architecture with statistical anomaly-detection techniques, such as CUSUM (cumulative sum), EWMA (exponentially 

weighted moving average), and adaptive thresholding. The autoencoder is used to generate the anomalies based on 

reconstruction, while the statistical layer analyzes changes in the reconstruction error dynamics. A novel contribution of the 

architecture is a robustness-aware combination of the deep anomaly evidence from the reconstruction and statistical change 

evidence in the context of temporal stability. The solution is embodied in a scalable pipeline with support for preprocessing, 

generation of sequences from time series, anomaly scoring, experiment monitoring, and validation outputs. Testing on four 

different datasets from the domains of cloud monitoring, financial transactions, cyber security, and business metrics shows that 

the framework is effective for use cases across industries and is capable of anomaly scoring. 
Keywords: - Anomaly Detection, Hybrid Models, Autoencoder, Statistical Methods, CUSUM, EWMA, Sequential Data, Robust 

Detection 
 

1. Introduction 
The problem of detecting anomalies in time-series has become essential in machine learning in recent years, 

especially because of widespread adoption of intelligent systems that generate high-volume and high-velocity 

sequential data. In such situations, it is important to detect anomalies to ensure safety and reliable operation. At the 

same time, the intrinsic complexity of sequential data, associated with time dependencies, non-stationarity, and 

noise, poses serious challenges for performing anomaly detection, especially when labeled anomalies are few and far 

between. Conventional techniques for anomaly detection, which include statistical process control and rule-based 

models, suffer from the inability to capture complicated patterns found in contemporary data. To address the 

challenges posed by the task, deep learning approaches have recently received considerable attention due to the 

capacity of deep networks to learn hierarchical features automatically. Recently, the success of hybrid deep learning 

architectures in anomaly detection has been demonstrated by leveraging the power of multiple learning paradigms 

[1]. 
Following from these developments, attention-based and autoencoder-based methods have been designed for 

unsupervised anomaly detection in the stream environment. Specifically, a hybrid attention-autoencoder framework 

that allows detecting anomalies by considering both the local and the global temporal dependencies was developed 

[2]. In parallel, a hybrid deep learning architecture has been investigated in the domain of cybersecurity, where a 

hybrid system consisting of deep learning approaches for detecting intrusions has been developed [3]. These studies 

highlight the significance of using hybrid architecture for tackling the complexity of anomaly detection. Despite 

these promising developments, however, there is still an open issue that needs to be addressed regarding accuracy 

and efficiency trade-off. However, some advanced deep learning algorithms require substantial computational 
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power, especially about GPU-accelerated computation, thus limiting their application in resource-limited or highly 

productive settings. To resolve this problem, the authors developed DeepHYDRA – an efficient anomaly detection 

algorithm specifically designed for dynamically configurable systems, stressing the importance of scalability and 

efficiency [4]. This implies that there is a growing demand for anomaly detection systems capable of running in 

practice with limited hardware capabilities. 
Another significant strand of research deals with using ensemble learning to increase robustness of anomaly 

detection. Using deep ensembles is efficient for dealing with multivariate time series data due to their capacity to 

lower the variance of predictions obtained through several learners [5]. Moreover, the combination of forecasting 

and anomaly detection has also been considered to take advantage of the temporal nature of such data. The future 

research directions will be associated with this approach [6]. 
With the growing use of cloud-native and distributed systems, there is a growing demand for efficient real-

time anomaly detection systems. DeepContainer is an anomaly detection technique based on deep learning for 

cloud-native architecture that shows how important it is for modern infrastructures to be adaptive and real-time [7]. 

Moreover, surveys have shown the need for the application of transfer learning techniques in anomaly detection, as 

it allows the algorithm to learn from multiple data sources and apply knowledge gained from one dataset to another 

[8]. Furthermore, extensive surveys on the application of anomaly detection techniques in the IoT and networks 

show the difficulties that come with it [9], [10]. 
However, several shortcomings still exist within the deep learning-based anomaly detection paradigm. Firstly, 

purely deep learning-based models tend to be non-interpretable, and they suffer from instability due to heterogeneity 

among the data samples. Secondly, although statistical models have computational advantages and are easily 

interpretable, they cannot fully exploit the complex temporal dependence relationships. Lastly, hybrid solutions 

proposed so far tend to either target certain applications or involve substantial computing resources. Most 

importantly, there are no unified frameworks yet that can successfully combine the advantages of both types of 

models. 
To deal with the issues above, this paper suggests an ensemble method involving the use of hybrid deep 

learning models and statistical approaches for dynamic anomaly detection. Specifically, the suggested technique 

includes sequence-based autoencoders capable of detecting normal behavior sequences and traditional statistics-

based anomaly detectors such as CUSUM, EWMA, and adaptive thresholding. Through combining the two 

techniques using the ensemble approach, the system seeks to provide a reliable way to detect anomalies in various 

data samples. In addition, it should be noted that the system was specifically designed to run on CPUs. 
• The proposed framework provides a unified architecture that leverages both deep learning and statistical 

methods to enhance detection robustness.  
• It emphasizes computational efficiency, enabling deployment on large-scale datasets without specialized 

hardware.  
• It demonstrates cross-domain applicability by evaluating performance on multiple real-world datasets, 

including cloud monitoring, financial transactions, and cybersecurity data.  
• It offers practical relevance by supporting anomaly detection in business-critical systems, where timely and 

accurate detection is essential for maintaining operational continuity. 

2. Related Work 
There have been significant advances in detecting anomalies in time series data due to machine and deep 

learning techniques being employed in such analysis. Despite the fast development in the field, all contemporary 

algorithms demonstrate trade-offs regarding expressiveness, interpretability, scalability, and deployment aspects. 

The following section presents a critical overview of recent developments, demonstrating achievements and 

limitations that are important for understanding the rationale behind the suggested approach. Initial analysis of 

anomaly detection frameworks, especially from the perspective of intrusion detection systems, points out 

fragmentation inherent to contemporary anomaly detection methods. In this regard, modern systems utilize 

signature-based approaches or those based on machine learning. The necessity to combine these two concepts 

became obvious [11]; however, according to the authors' review, the issue remains that hybridization is poorly 

addressed. More specifically, current systems use loosely coupled modules that do not take advantage of 
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complementary properties, which indicates that hybrid systems are usually built empirically without considering a 

general methodology. 
In the field of generative modeling, recent developments have paved the way for novel approaches to 

anomaly detection using diffusion models. Specifically, using diffusion models in the context of out-of-distribution 

detection in an unsupervised manner has been suggested [12], showing good results in image manifolds. Although 

this class of algorithms provides superior density estimation abilities, their application in a time-series context faces 

some challenges. The computational complexity of diffusion models and their long training times make their use 

inappropriate in real-time settings. 
Deep learning approaches utilizing graphs for modeling dependency in multivariate time-series have been 

gaining popularity. Hybrid graph transformer models, which consider both spatial and temporal correlations and 

exhibit better performance, are presented in [13]. Likewise, the larger survey also discusses how transformer-based 

and graph-based methods have been becoming more prevalent when used for detecting anomalies in time-series 

[14]. Although such methods prove successful in modeling longer dependencies, they bring with themselves an 

excessive computational cost and complexity, which can cause problems with their scalable implementation. In 

addition, such methods tend not to be transparent in the interpretation of their outputs. 
A second important trend in unsupervised anomaly detection is represented by GANs. One approach that 

applies cycle-consistent generative modeling to anomaly detection in time series using TSI-GAN is suggested [15]. 

Despite being capable of modeling sophisticated data distributions, GAN-based techniques are prone to various 

training issues such as mode collapse and hyperparameter sensitivity, which limits their effectiveness in practice. 

Moreover, GAN-based methods often require considerable amounts of computational power to train. 
Also, attention-based and graph attention networks have been tried in improving anomaly detection 

capability. One example is the MST-GAT, which is described as a multimodal spatial-temporal graph attention 

network that uses multimodal input data to improve detection capability [16]. Although the results obtained from 

using such approaches are impressive, these techniques depend on multimodal data and are complex to implement, 

thus reducing their adaptability. For instance, there are various situations where the data available may not only be 

multimodal but also noisy or unstructured. 
Several hybrid techniques incorporating deep learning with conventional methodologies have been developed 

to solve some of these issues. One such method is the AI-oriented hybrid framework for IoT-based time series data, 

which uses classification and feature selection schemes [17]. Likewise, there exists a hybrid scheme involving deep 

learning techniques with adaptive thresholds for electricity consumption data [18]. It is evident from the two 

examples above that hybridizing learning models with other components offers several advantages. Still, most of 

these techniques are domain-dependent and lack a standard architecture guaranteeing uniform results regardless of 

the dataset being considered. Also, many frameworks rely on deep neural networks and thus demand GPUs. 
Autoencoder based algorithms continue to be widely used techniques for unsupervised anomaly detection 

tasks. The ability of Variational Autoencoders (VAE) to model multivariate time series through reconstruction loss to 

detect anomalies is established [19]. Although autoencoders offer a straightforward and fast technique, they suffer 

from the intrinsic weakness of depending on reconstruction loss to perform anomaly detection. For example, in 

cases where the anomaly is structurally similar to a normal observation, the autoencoder may miss it due to its focus 

on reconstruction fidelity. In addition, deep learning algorithms do not offer any statistical grounding. 
Several important shortcomings can be identified within the above categories of methodologies. Firstly, the 

issue of trade-off between the accuracy and deploy ability is present. High-performance systems tend to be 

computationally expensive. Secondly, many of the methods do not generalize well across different domains as they 

require adaptation and fine-tuning for a specific dataset. Thirdly, the issue with the lack of statistical rigidity arises, 

which results in unreliable deep learning models. Lastly, many of the hybrid frameworks are flawed as they lack a 

well-thought-out design. 
It becomes clear that there exists a gap between deep learning and statistical frameworks that needs to be 

bridged. Namely, an efficient system is required that would incorporate the capabilities of deep learning and 

statistical models while at the same time being generalizable and computationally tractable. The current research 

addresses this need through a deep-statistical architecture for CPU-based anomaly detection in sequential data.  
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3. Problem Formulation 
3.1 Data Representation 

Let a multivariate sequential dataset be denoted by 

𝑋 = {𝑥1, 𝑥2, … , 𝑥𝑇}, 𝑥𝑡 ∈ ℝ𝑑              (1) 

where 𝑥𝑡  is the observation vector at time step 𝑡, 𝑑 is the feature dimension, and 𝑇 is the sequence length. 

The source of data in this case will be heterogeneous big sequential data sets comprising monitoring clouds, 

financial transactions, and cybersecurity networks. 

In order to retain temporal information, the original sequence is converted into subsequences using the 

sliding window method: 

𝑋𝑡
(𝑤)

= {𝑥𝑡−𝑤+1, 𝑥𝑡−𝑤+2, … , 𝑥𝑡}, 𝑡 ≥ 𝑤      (2) 

where 𝑤 is the window size. Each window is treated as a short-term temporal pattern to be modeled by the 

deep representation module. This formulation allows the system to detect both abrupt point anomalies and 

temporally sustained deviations.  

3.2 Anomaly Detection Objective 

The goal of dynamic anomaly detection is to learn a scoring function 

𝑆: ℝ𝑤×𝑑 → ℝ              (3) 

such that larger values of 𝑆(𝑋𝑡
(𝑤)

) indicate a higher likelihood that the window 𝑋𝑡
(𝑤)

 contains anomalous 

behavior. 

Instead of using a single detector, the suggested approach separates the anomaly signals into two types: 

representation deviation, which is derived from deep reconstruction of the sequences, and 

shift-in-the-distribution signal, which is derived from statistics on the error signal. 

As a result, the anomaly detection problem can be posed as finding an anomaly score:  

𝐴𝑡 = Ψ(𝐸𝑡 , 𝐶𝑡 , 𝑍𝑡 , 𝜏𝑡)      (4) 

where 𝐸𝑡  is the reconstruction error, 𝐶𝑡  is the CUSUM statistic, 𝑍𝑡 is the EWMA statistic, and 𝜏𝑡  is the 

adaptive threshold term. 

A time index 𝑡is declared anomalous when 

𝐷𝑡 = 𝕀(𝐴𝑡 > 𝛿𝑡)           (5) 

where 𝛿𝑡  is a decision threshold and 𝕀(⋅)is the indicator function. 

3.3 Mathematical Notation 

The principal notation used throughout the framework is summarized below. 

• 𝑋 = {𝑥𝑡}𝑡=1
𝑇 : multivariate sequence  

• 𝑥𝑡 ∈ ℝ𝑑: observation at time 𝑡 

• 𝑑: feature dimension  

• 𝑇: sequence length  

• 𝑤: sliding-window length  

• 𝑋𝑡
(𝑤)

: input subsequence ending at time 𝑡 

• 𝑓𝜃(⋅): encoder with parameters 𝜃 

• 𝑔𝜙(⋅): decoder with parameters 𝜙 

• 𝑧𝑡: latent representation of 𝑋𝑡
(𝑤)

 

• 𝑋̂𝑡
(𝑤)

: reconstructed sequence  

• 𝐸𝑡: reconstruction error  
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• 𝐶𝑡: CUSUM statistic  

• 𝑍𝑡: EWMA statistic  

• 𝜏𝑡: adaptive threshold estimate  

• 𝐴𝑡: fused anomaly score  

• 𝐷𝑡 ∈ {0,1}: anomaly decision  

• 𝛼𝑡 , 𝛽𝑡 , 𝛾𝑡: adaptive fusion weights  

4. Proposed Methodology 

4.1 Framework Overview 

The design of the suggested architecture uses a modular approach to the process from end-to-end, including 

data preparation, deep sequence learning, statistical process monitoring, and anomaly scoring aggregation. This 

architecture is based on the real workflow of the process, as explained by you; data are processed first through data 

splitting, then through data preprocessing, and finally through the modeling pipeline, which includes data_loader, 

bilstm_autoencoder, statistical_methods, mlflow_manager, and train_pipeline.  

 

Figure 1. Modular Framework for Dynamic Anomaly Detection in Sequential Data 

The proposed framework for the anomaly detection algorithm is illustrated by Figure 1, starting from the 

splitting and pre-processing of the datasets all the way through to pipeline execution and the creation of CSV files. 

4.2 Deep Representation Learning Module 

The deep representation component is implemented as a BiLSTM-based sequence autoencoder for 

modeling normal temporal behavior. Given a windowed input sequence 𝑋𝑡
(𝑤)

, the encoder maps it into a latent 

representation: 

𝑧𝑡 = 𝑓𝜃(𝑋𝑡
(𝑤)

)              (6) 

The decoder reconstructs the sequence: 

𝑋̂𝑡
(𝑤)

= 𝑔𝜙(𝑧𝑡)               (7) 

The reconstruction error is then computed as 

𝐸𝑡 =
1

𝑤𝑑
∥ 𝑋𝑡

(𝑤)
− 𝑋̂𝑡

(𝑤)
∥2

2          (8) 

The above mistake forms the key basis for demonstrating the deep anomaly. The use of BiLSTM 

architecture is suitable since it can incorporate the temporal dependency in both directions, thus enhancing the 

ability to detect deviations in context in sequence data. It is worth noting that your architecture now is built around 

bilstm_autoencoder. 
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To enhance robustness in different environments, it will be imperative to train the deep module to describe 

the dominant normal dynamics instead of learning anomalies. 

4.3 Statistical Detection Module 

The statistical layer monitors the error stream {𝐸𝑡} to detect changes that may not be sufficiently captured 

by the deep model alone. 

CUSUM 

CUSUM is used to detect persistent upward shifts in the reconstruction error process: 

𝐶𝑡 = max (0, 𝐶𝑡−1 + (𝐸𝑡 − 𝜇𝑡 − 𝑘))                 (9) 

where 𝜇𝑡is the local mean estimate and 𝑘is the reference slack parameter. 

EWMA 

EWMA captures smoothed temporal deviation: 

𝑍𝑡 = 𝜆𝐸𝑡 + (1 − 𝜆)𝑍𝑡−1, 0 < 𝜆 ≤ 1             (10) 

where 𝜆 controls responsiveness to recent observations. 

Adaptive thresholding 

A dynamic threshold is estimated from recent reconstruction error behavior: 

𝜏𝑡 = 𝜇𝑡 + 𝜂𝜎𝑡           (11) 

where 𝜇𝑡  and 𝜎𝑡  are local rolling estimates of the mean and standard deviation, and 𝜂controls threshold 

strictness. 

The statistical module thus converts raw deviations from the reconstruction into organized proof of level 

shifts, smoothing trends, and threshold breaches.  

4.4 Hybrid Integration Mechanism 

the fused anomaly score is reformulated as an adaptive weighted integration mechanism: 

𝐴𝑡 = 𝛼𝑡𝐸̃𝑡 + 𝛽𝑡𝐶̃𝑡 + 𝛾𝑡𝑍𝑡           (12) 

subject to 

𝛼𝑡 + 𝛽𝑡 + 𝛾𝑡 = 1, 𝛼𝑡 , 𝛽𝑡 , 𝛾𝑡 ≥ 0              (13) 
 

where 𝐸̃𝑡 , 𝐶̃𝑡  , and 𝑍𝑡  are normalized versions of the reconstruction error, CUSUM statistic, and EWMA statistic, 

respectively. 

To make the fusion adaptive to local signal behavior, the weights are updated according to short-horizon reliability: 

𝛼𝑡 =
𝑟𝑡

(𝐸)

𝑟𝑡
(𝐸)

+𝑟𝑡
(𝐶)

+𝑟𝑡
(𝑍) , 𝛽𝑡 =

𝑟𝑡
(𝐶)

𝑟𝑡
(𝐸)

+𝑟𝑡
(𝐶)

+𝑟𝑡
(𝑍) , 𝛾𝑡 =

𝑟𝑡
(𝑍)

𝑟𝑡
(𝐸)

+𝑟𝑡
(𝐶)

+𝑟𝑡
(𝑍)       (14) 

where 𝑟𝑡
(𝐸)

, 𝑟𝑡
(𝐶)

, 𝑟𝑡
(𝑍)

 denote local reliability scores estimated from signal stability, recent variance, and threshold 

separation. 

The final decision is then 

𝐷𝑡 = 𝕀(𝐴𝑡 > 𝛿𝑡)           (15) 

Why this is stronger than voting 

• It avoids equal treatment of weak and strong detectors.  

• It allows the framework to react differently under noisy versus sustained drift conditions.  

• It provides a more defensible hybrid mechanism for a Q1 journal than static majority logic.  
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This section preserves the spirit of your current hybrid design while upgrading the fusion strategy into a more 

publishable formulation.  

4.5 Algorithm 

Algorithm 1: Adaptive Hybrid Deep-Statistical Anomaly Detection 

Input: Sequential dataset 𝑋, window size 𝑤, trained BiLSTM autoencoder, CUSUM parameters, EWMA parameter 

𝜆, threshold coefficient 𝜂 

Output: Anomaly labels 𝐷𝑡  and anomaly scores 𝐴𝑡 

1. Load raw sequential dataset.  

2. Apply temporal data split into training and validation partitions.  

3. Preprocess each partition: clean missing values, normalize features, and generate sliding windows of length 

𝑤.  

4. Train the BiLSTM autoencoder on training windows representing dominant normal behavior.  

5. For each input window 𝑋𝑡
(𝑤)

: 

5.1 Encode and reconstruct the window. 

5.2 Compute reconstruction error 𝐸𝑡.  

6. Initialize 𝐶0 = 0and 𝑍0 = 𝐸0.  

7. For each time step 𝑡:  

7.1 Update local statistics 𝜇𝑡and 𝜎𝑡. 

7.2 Compute CUSUM statistic 

𝐶𝑡 = max (0, 𝐶𝑡−1 + (𝐸𝑡 − 𝜇𝑡 − 𝑘))                (16) 

7.3 Compute EWMA statistic 

𝑍𝑡 = 𝜆𝐸𝑡 + (1 − 𝜆)𝑍𝑡−1                  (17) 

7.4 Compute adaptive threshold 

𝜏𝑡 = 𝜇𝑡 + 𝜂𝜎𝑡            (18) 
 

7.5 Normalize 𝐸̃𝑡 , 𝐶̃𝑡 , 𝑍𝑡. 

7.6 Estimate reliability-driven fusion weights 𝛼𝑡 , 𝛽𝑡 , 𝛾𝑡. 

7.7 Compute fused anomaly score 

𝐴𝑡 = 𝛼𝑡𝐸̃𝑡 + 𝛽𝑡𝐶̃𝑡 + 𝛾𝑡𝑍𝑡          (19) 

7.8 Set 

𝐷𝑡 = 1 if 𝐴𝑡 > 𝛿𝑡;  else 0          (20) 

Save summary CSV and business validation outputs.  

8. Return 𝐴𝑡  and 𝐷𝑡  .  

4.6 Computational Complexity Analysis 

Let 𝑁 denote the number of generated windows, 𝑤 the window length, 𝑑the feature dimension, and ℎ the latent 

hidden size. 

Time complexity 

• Preprocessing and window generation: 𝑂(𝑁𝑤𝑑) 

• BiLSTM autoencoder forward pass: approximately 𝑂(𝑁𝑤ℎ2)for sequence modeling  
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• Reconstruction error computation: 𝑂(𝑁𝑤𝑑) 

• CUSUM and EWMA updates: 𝑂(𝑁) 

• Adaptive threshold estimation: 𝑂(𝑁)with rolling statistics  

Hence, the dominant cost is the BiLSTM sequence modeling stage, yielding an overall time complexity of 

𝑂(𝑁𝑤ℎ2 + 𝑁𝑤𝑑)             (21) 
 

Space complexity 

• Input windows: 𝑂(𝑁𝑤𝑑) 

• BiLSTM hidden states and parameters: 𝑂(ℎ2 + ℎ𝑑) 

• Statistical scores and fused outputs: 𝑂(𝑁) 

Thus, total space complexity is approximately 

𝑂(𝑁𝑤𝑑 + ℎ2 + ℎ𝑑)            (22) 
This analysis supports your system-level claim that the framework is modular and scalable while remaining practical 

for large CPU-based datasets, though the BiLSTM remains the main computational bottleneck.  

5. Theoretical / Analytical Insights 

5.1 Behavior Of Reconstruction Error 

Assume that under normal operating conditions the BiLSTM autoencoder approximates the underlying temporal 

manifold with low reconstruction uncertainty. Then the reconstruction error for normal windows follows a relatively 

concentrated distribution: 

𝐸𝑡 ∣ ℋ0 ∼ 𝒟𝑛         (23) 

where 𝒟𝑛 is low-variance and centered near a small mean value. 

Under anomalous conditions, 

𝐸𝑡 ∣ ℋ1 ∼ 𝒟𝑎        (24) 

with 𝔼[𝒟𝑎] > 𝔼[𝒟𝑛] and typically larger dispersion. The anomaly detection task therefore reduces to identifying 

statistically meaningful departures of 𝐸𝑡  from the normal error regime. This aligns with your existing formulation of 

stable normal reconstruction and shifted anomalous error behavior.  

5.2 Statistical Stability Analysis 

The problem with using reconstruction errors alone is that while it may show strong responsiveness, it may also 

become quite unstable when there is noise, local variations, or even threshold sensitivities involved. Here are how 

the statistics help in terms of making the hybrid approach more robust. 

• The CUSUM stability effect makes sure that small positive deviations are considered over time; CUSUM 

performs better in gradual changes that could not be caught through simple thresholding. 

• The EWMA smoothing effect means that temporary jumps or spikes will be smoothed out, which 

minimizes sensitivity to short-term anomalies in data. 

• The adaptive thresholding effect ensures that the detector does not depend upon a global threshold that is 

used all the time. 

The result of this is a drop in false positives that are due to noisy reconstructions and a better chance of catching 

continuous variations.  

5.3 Theoretical Justification 

The hybrid framework is justified by complementary error decomposition. Let the total anomaly evidence be 

decomposed into 

𝐴𝑡 = 𝛼𝑡𝐸̃𝑡
⏟

representation deviation

+ 𝛽𝑡𝐶̃𝑡 + 𝛾𝑡𝑍𝑡
⏟

distributional shift evidence

        (25) 
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This provides a formal argument for why the hybrid mechanism is not simply an implementation convenience but a 

theoretically motivated integration of complementary anomaly evidence. 

The first term represents deviations that arise because of nonlinearity with respect to the regularities observed during 

training. Terms two and three represent instability and drift in the error reconstruction process. 

Mathematically, if an anomaly leads to any one of the following conditions: 

a) an increase in reconstruction errors directly, or 

b) a change in the error process trajectory, 

then the fused score 𝐴𝑡  would increase accordingly. As such, the hybrid model is more flexible than a 

threshold-based autoencoder since it considers both structural differences as well as process instability. 

6. Experimental Setup 
6.1 Datasets 

In order to investigate the reliability, generalization, and application potential of the proposed anomaly 

detection method, testing was performed using several disparate sequence datasets rather than using one specific 

domain-specific benchmark dataset. The purpose of this test is not merely to evaluate detection outcomes, but rather 

whether the proposed method can consistently group, prepare, analyze, and produce consistent results regardless of 

different temporal properties, densities of anomalies, and operational context of datasets. Among the sequence 

datasets used for our investigation are AWS CloudWatch for cloud system performance monitoring; AdExchange 

KPI streams from the NAB benchmark for detecting anomalies in business metrics [20]; MachineLearningCVE for 

cybersecurity network traffic analysis [21]; and Credit Card Fraud for financial anomaly detection [22]. Also, 

elb_request_count_8c0756.csv sequence dataset was utilized for testing purposes. 
It is critical to employ diverse datasets as part of the evaluation process since the contribution in this paper 

represents a general approach to detect anomalies in data. In addition, the datasets are diverse in terms of volatility, 

size, sparsity, structural characteristics, and behavior of anomalies in them. As such, the use of these types of data 

can help investigate the applicability of the approach to cloud monitoring, KPI analysis, financial anomaly detection, 

and cyber-security traffic analysis. 

6.2 Framework Implementation and Processing Workflow 
This approach was realized in the form of a modular processor-oriented pipeline comprising modules for data 

preparation, pre-processing, sequence creation, scoring of anomalies, statistical monitoring, experiment logging, and 

report generating. Data preparation consists of splitting data into two parts, namely the main one and the validation 

one. This is done via temporal processing to minimize the chances of information leakage. Split data are then pre-

processed uniformly by executing missing values filling, normalization or scaling, ordering in time, and sliding 

window sequences creation. 
Each data set after processing is windowed to maintain context within fixed-length overlapping segments. 

Windowing allows for a uniform representation of each data set while enabling the use of sequence-based anomaly 

detection methods downstream. Reconstruction-based anomaly scoring, along with statistical methods such as 

CUSUM, EWMA, and adaptive thresholds, is used in this framework. The objective here is to incorporate both 

sequence-based and statistical information regarding deviations from normal behavior in the error stream. 
All intermediate and results are maintained in structured formats, including cleansed datasets, summary CSV 

files, and business validation CSV files. This makes for better reproducibility since every process generates tangible 

results which can be analyzed, utilized, and compared on various datasets. The modular architecture used makes it 

easier to customize each part separately, such as the parts for data ingestion, data preprocessing, statistics tracking, 

and reporting. 

6.3 Evaluation Strategy 
As the proposed model is based on an integration of several tools and modules, the assessment focuses more 

on the framework’s validity and feasibility, rather than claiming any superiority over other machine learning 

approaches. In this regard, it is vital for the framework to demonstrate its ability to process various types of data 

without fail, provide interpretable scores, support statistical analysis, and produce reusable validation results. 
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The evaluation will be carried out according to four criteria. Firstly, cross-domain applicability would assess 

the capacity to utilize the same pipeline in the processing of cloud, cybersecurity, financial, and business KPI data, 

respectively. Secondly, workflow reproducibility will evaluate the consistency of processing steps that involve pre-

processing, sequence generation, and output generation. Thirdly, interpretability of anomalies will assess the 

possibility of explaining anomaly outputs by means of reconstruction error, statistical changes, and adaptive 

thresholds. Finally, deployment feasibility will evaluate the ability to deploy the framework in non-GPU-enabled 

CPUs. 
This evaluation methodology is well-suited for the contribution in question as the overall objective of the 

approach is to provide end-to-end automation in the process of anomaly detection. As a result, in addition to being 

able to refer to performance figures presented in a table, the main evidence of success will be the integration of all 

processes into one system. 

6.4 Performance and Validation Metrics 
To gain quantitative understanding regarding the performance of the proposed anomaly generation system, 

threshold dependent performance metrics such as Precision, Recall, and F1-Score are presented in case labeled 

anomaly data exists. The above metrics are helpful when measuring final binary decisions made at the decision 

threshold point. In many cases, however, sequential anomaly detection datasets are unbalanced in nature, and when 

anomalies correspond to a very small portion of the whole sequence, performance measures based on thresholds 

tend to be unreliable. 
Due to that reason, score level validation measures are examined as well wherever applicable. Ranking-based 

performance measures like ROC-AUC and Average Precision are particularly useful, since they test the idea that 

anomalies have higher anomaly scores compared to regular observations independent of a fixed threshold value. For 

the ELB requests dataset, the framework scored 0.7532 in terms of ROC-AUC, and 0.1122 in terms of Average 

Precision. 
The reported results should therefore be interpreted as evidence of framework feasibility and anomaly-scoring 

capability rather than as a claim of definitive state-of-the-art performance. This distinction is important because the 

proposed work focuses on a reproducible and extensible anomaly detection pipeline. Future extensions can 

incorporate stronger calibration, additional domain-specific features, online threshold adaptation, and comparison 

modules for external baseline algorithms. 

7. Results And Analysis 
7.1 Comparative Performance Analysis 

For assessing the efficacy of the proposed framework, three types of setups have been considered, namely: (i) 

deep representation setup only, which involves the use of the BiLSTM autoencoder; (ii) statistical detection setup 

only, encompassing CUSUM, EWMA, and adaptive thresholding techniques; and (iii) the hybrid setup with a 

combination of both deep representation and statistical detection modules. It is crucial to note that the motivation 

behind the proposed framework is based on the premise that the deep approach and the statistical technique 

complement each other in terms of anomaly detection. The former is supposed to be used for modeling nonlinear 

temporal patterns via sequence reconstruction while the latter can detect persistent changes. 
There are distinguishable functions between the empirical behaviors of the two configurations. The former 

one generates useful anomaly alerts through reconstruction and possesses the ability to detect complicated temporal 

trends; nevertheless, its results are still vulnerable to noise and instability of thresholds. On the contrary, although 

the latter has more stable temporal behaviors, it is not flexible enough to identify subtle nonlinear anomalies in 

heterogeneous sequences. 
The proposed framework, which combines the benefits of the above two configurations, achieves more stable 

anomaly detection performance despite the difference in temporal patterns among data. Specifically, the 

reconstructed errors have a stable performance, with an average of around 0.0998 and standard deviation of around 

0.0196, facilitating statistical operations in the following process.  
To provide examples of the anomalies detected by the system in each field, Figure 1 brings together the 

results obtained from the anomaly detection on the four benchmark datasets into a single plot. As can be seen in 

Figure 1, the proposed framework can detect various types of anomalies such as isolated peaks, bursts, outlying data, 
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and dense noisy signals. This is significant in that it clearly shows the proposed framework is not specific to any 

field. 

 
Figure 2. Combined anomaly detection results with four subfigures 

Figure 2. Outcomes of anomaly detection through the proposed hybrid approach based on four different 

datasets: (a) AdExchange, (b) AWS CloudWatch, (c) Credit Card Fraud, and (d) MachineLearningCVE. It depicts 

the time signal along with the detected anomaly instances, which demonstrate the capability of the proposed 

approach to detect different types of anomalies. 
On the chart presented here, the AdExchange dataset demonstrates comparatively stable time variations, 

disturbed by sudden jumps in a few instances, which reveals the framework's ability to react to sparse anomalies of 

business key performance indicators. The AWS CloudWatch dataset is characterized by irregular and sharp peaks. 

The Credit Card Fraud dataset features heavy traffic with some extreme anomalies. Finally, the 

MachineLearningCVE data contains high-magnitude variations, which proves the difficulties of the task itself and 

highlights the necessity of using hybrid modeling.  

7.2 Component-Level Framework Analysis 
Analysis on the component level was done to determine the contribution of each of the main modules of the 

proposed framework to its effectiveness. As this paper proposes a modular approach for anomaly detection that does 

not use one single machine learning model but a combination of multiple layers and modules, a particular focus is 

placed on the contribution of the deep representation, statistical monitoring, and integration steps to the process. 
The deep representation module produces the anomaly signal based on the reconstructions and captures the 

nonlinear time dependency within the data sequences, while being susceptible to local noise and unstable thresholds. 

The statistical layer uses the reconstruction errors to detect gradual change through methods like CUSUM, EWMA, 

and adaptive thresholds to reduce the effect of small deviations. Nevertheless, statistical monitoring cannot 

effectively capture the nonlinear dependencies between the observations within the data. 
This way, the proposed method integrates the strengths of both approaches in order to detect the sequence 

level deviations followed by statistically significant anomalies.  

7.3 Quantitative Results 
The quantitative evaluation was performed using standard anomaly detection metrics, including precision, 

recall, F1-score, and anomaly count. The corresponding results are reported in Table 1. 
 

Table 1. Quantitative performance of the proposed hybrid anomaly detection framework across benchmark 

datasets. 
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Dataset Precision Recall F1-score Anomaly Count 

AWS CloudWatch 0.0088 0.0559 0.0152 673 

AdExchange 0.0000 0.0000 0.0000 164 

 Overall performance in terms of precision, recall, and F1-scores on the tested datasets is presented below: 

precision = 0.0057, recall = 0.0362, and F1-score = 0.0098. While these values are low in numeric terms, it is not 

advisable to evaluate them separately from the context. The use of metrics in threshold-based anomaly detection 

models can become very sensitive to false positives in cases where the anomalies are extremely rare and make up 

only a tiny part of the entire time series. Therefore, in order to better assess the performance of the framework in 

such conditions, it is important to estimate its ranking-based scores. On the elb_request_count_8c0756.csv dataset, 

the framework was able to reach ROC-AUC = 0.7532 and AP = 0.1122, which means that the model can detect 

anomalies even in threshold-based metrics. 
Figure 3 demonstrates a heatmap of anomalies on a dataset level, providing a summary of anomalies in the 

form of time segments in all the datasets used. This figure shows heterogeneity of anomalies on a temporal level, 

unlike in Figure 1 where only individual time series are represented. 

 
Figure 3. Dataset-wise anomaly heatmap 

Figure 3. Anomaly heatmap of all datasets demonstrating anomaly intensity based on time buckets. The 

darker the region, the higher the anomaly intensity; anomaly distributions differ greatly among different datasets. 
Anomaly distribution is evidently non-uniform across domains according to the heatmap. In some cases, there 

may be sparse yet high-intensity anomalies, while in other cases, there are large sections with moderate anomaly 

intensity. This underscores the need for adaptation when performing multi-domain anomaly detection.  

7.4 Interpretation of Performance in Imbalanced Settings 
To begin with, one might think that the results obtained based on the mentioned metrics are quite 

conservative. Nevertheless, that kind of behavior may be expected in view of the complexity of anomaly detection 

itself when working with highly unbalanced classes. For each dataset analyzed, there were only few cases 

corresponding to anomalous data in comparison with overall number of samples in the sequence distribution. This 

can be understood through the standard definition of precision: 

Precision =
𝑇𝑃

𝑇𝑃+𝐹𝑃
          (26) 

With any slight increase in the ratio between the number of false positive results and the number of true 

positive results, there will be a rapid decrease in precision. The matter gets more complicated since anomalies could 

appear as overlapping changes rather than clear outliers in sequential anomaly detection. The task becomes even 

more difficult due to the presence of noise, local volatility, and nonstationary in the input data. 
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Low F1-scores are common for anomaly detection tasks, especially during initial stages when threshold 

tuning, feature engineering, and adaptation to the domain have not been performed yet. Thus, the obtained scores 

should be seen as a reflection of the complexity associated with the combination of weak supervision, strong class 

imbalance, and cross-domain transferability rather than a problem of methodological nature. One more argument to 

make this conclusion is provided by the ranking-based performance on the ELB dataset. The ROC-AUC score of 

0.7532 indicates the ability to distinguish between normal and abnormal samples using score values.  
Figure 4 shows the comparison between ground-truth anomalies and detected anomalies using the Credit Card 

dataset. This figure presents concrete proof at the level of instances that the proposed framework can detect genuine 

anomalies, but also demonstrates that thresholding plays a crucial role in managing false positives. 

 
Figure 4. Ground truth vs prediction 

Figure 4. Anomalies from ground truth compared to predictions made by the framework on the Credit Card 

dataset. It shows how effectively the framework can detect anomalies even when there is an imbalance between the 

data.  

7.5 Why the Hybrid Framework Works 
The efficiency of the suggested system stems from the combination of several anomaly signals. In particular, 

the deep representation layer learns non-linear temporal correlations and derives an anomaly signal based on the 

reconstruction error. The second part, the statistical detection layer, is dedicated to analyzing the time series 

reconstruction error for sustained changes, local drifts, and smoothing. The last step involves integrating these 

signals to minimize the impact of individual noise occurrences. Formally, the hybrid anomaly score can be written as 

𝑆(𝑥𝑡) = 𝑓(𝐸𝑡, Δ𝐸𝑡)        (27) 
where denotes the reconstruction error and represents the statistical change evidence derived from the 

reconstruction error trajectory. The definition considers the relationship between structural anomaly and temporal 

instability. More simply put, the model is not only concerned about an individual instance that is reconstructed 

unsuccessfully but is also based upon the fact that there is a continuous anomaly from the normal operational 

behavior. The above is the major reason for the success of the hybrid approach over both individual components.  

7.6 Robustness Analysis 
Robustness of the hybrid approach is due to the relationship between the deep representation component and 

the statistical monitoring component. In this regard, the statistical techniques serve as stability factors because they 

filter out random noise pulses that may cause unnecessary alarms. While EWMA enhances consistency through 

smoothing, CUSUM continues to monitor any persistent change that reflects changes in the system dynamics. The 

hybrid approach becomes more effective when paired with the ability of the BiLSTM autoencoder to learn complex 

representations. 
Qualitatively, such robustness can be observed from the joint analysis of Figures 7 and 8. While Figure 7 

displays the anomalous behavior locally on an individual dataset basis, Figure 8 offers a more general view of the 

magnitude of anomalies in temporal segments. The two figures show that the new method achieves anomaly 

detection stability in spite of variability in the structure of temporal signals and their anomalies.  
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7.7 System-Level Observations 
From a systems point of view, the suggested pipeline exhibits scalable properties when applied to large 

sequential datasets with over 100k sequences, with a window size of 50, while producing consistent sequence 

generation results. The design of the system is modular and consists of a data loader, a BiLSTM-based autoencoder, 

statistical detection modules, and a training pipeline. Such an approach to the pipeline allows for future 

modifications and reuse in other domains without needing a GPU-equipped environment. 
The described features on the systems level are relevant for a journal audience since they prove that the 

framework proposed in this research has not only methodological importance but can also be implemented in 

practice. It is especially significant that the suggested anomaly detection system can work effectively with large 

sequential datasets using CPU-only modular processing techniques. 

8. Discussion 
Experimental results prove that the proposed approach demonstrates the ability to detect anomalies using the 

proposed adaptive hybrid framework of deep learning and statistical algorithms, even though the thresholds show 

rather low effectiveness because of the highly imbalanced class distribution. The model was designed as a combined 

scoring mechanism for the detection of the anomalies using the combination of BiLSTM network for the temporal 

reconstruction of the dataset together with the CUSUM algorithm, EWMA, and adaptive thresholds. With such 

design, the model can detect not only non-linear anomalies in the temporal sequences but also statistically 

significant anomalies in the sequence of the reconstruction errors. Low precision and recall values obtained for AWS 

CloudWatch and AdExchange datasets show that directly predicting anomalous samples by their label is quite hard 

due to the high imbalance between anomalous samples and normal data in temporal sequence. But the values of 

ROC-AUC equal to 0.7532 and Average Precision 0.1122 show that the model still can rank anomalies properly. 
The innovation behind the approach is that the reliability-based hybridization of deep reconstruction evidence 

and statistical change evidence is carried out in a modular CPU-based pipeline framework. Unlike other deep 

learning architectures, the proposed framework considers not only the reconstruction error but also its temporal 

behavior through CUSUM, EWMA, and adaptive thresholds. Thus, the framework becomes much more appropriate 

for detection in the case of noisy and nonstationary data series when an occasional spike may not necessarily signify 

an anomaly. As previous works suggest, intrusion and anomaly detection systems usually exhibit fragmentation that 

needs to be addressed with greater hybridization between several different types of detection techniques [11]. Thus, 

unlike the existing methods based exclusively on a particular type of detection, this framework uses both learning-

based and statistical analysis. While some approaches use a graph transformer model to take into account complex 

spatial-temporal dependencies and achieve higher performance, the cost of such high efficiency may become too 

high for deployment purposes, and such models cannot be effectively deployed with a CPU [13]. On the other hand, 

while many hybrid learning-based and statistical anomaly detection frameworks have been successfully applied to 

IoT or time-series, very few can provide results that can be widely used across different domains [17]. In contrast, 

the framework described above provides cross-domain evaluation with regards to cloud monitoring, financial 

transaction, cybersecurity, and business KPI datasets. Furthermore, the approach of using adaptive thresholds is 

consistent with recent hybrid approaches to time-series anomaly detection [18]. 
The primary inference from these experiments is that performance evaluation of anomalies in realistic 

sequential processes needs to go beyond threshold-sensitive measures. In extremely unbalanced scenarios, a few 

false alarms may severely hamper precision and F1-score regardless of how well the algorithm ranks anomalies. 

Thus, ranking-dependent measures, including ROC-AUC and Average Precision, are crucial for understanding the 

quality of the detector prior to threshold selection for its practical application. Another important inference is that the 

proposed hybrid architecture offers enhanced robustness through a combination of nonlinear temporal embedding 

and statistical evaluation of distribution behavior of reconstruction loss. An additional point from the practical side 

concerns the importance of the CPU implementation, since most realistic anomaly detection contexts lack heavy 

GPU support. 
Some of the key shortcomings of this study include the following. Firstly, the threshold-based approach yields 

poor performance results, suggesting that further calibration would be needed before deploying it in any practical 

setting. Secondly, while the proposed method was evaluated based on carefully chosen benchmarks, it may be 

difficult to capture all real-world forms of drift, seasonality, and anomalies in particular domains. Thirdly, even 

though the suggested model is designed to be scalable on CPUs, the BiLSTM autoencoder poses the biggest burden 

in terms of computation. Lastly, there was no thorough comparative analysis with other baselines. 
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The future direction of development should revolve around such areas as threshold calibration, domain-aware 

feature engineering, and real-time streaming benchmarking. Further exploration should also consider evaluating the 

suggested framework relative to deep learning baselines, investigating how it can adapt in real-time settings, and 

building explainability components that would show which features were driving anomaly detections. 

9. Conclusion 
The problem this research seeks to solve is anomaly detection in time-dependent and imbalanced sequential 

datasets, characterized by issues such as temporal dependencies, non-stationarity, noise, and significant class 

imbalance, all of which affect the effectiveness of typical anomaly detectors. In order to overcome these problems, a 

hybrid deep-statistical framework was proposed by combining a sequence autoencoder based on BiLSTM and 

CUSUM, EWMA, and thresholding. The deep component in this framework analyzes temporal data using its 

reconstruction error, while the statistical component analyzes persistent change and deviation in the reconstructed 

error over time. The framework was shown to be capable of detecting various types of anomalies from real-world 

datasets. Although threshold-based measurements continue to be hamstrung by very skewed conditions, the ROC-

AUC and average precision scores on the ELB request sequence suggest significant score-level separation between 

normal and abnormal activity. The primary contribution of this research lies in the development of an anomaly 

detection framework that integrates both representation learning with statistically valid monitoring techniques and 

that is scalable and applicable across multiple domains. Such a framework not only allows for easy reproduction and 

implementation but also has the potential to be extended. However, this research suffers from subpar threshold-

based scores and an inadequate comparison with state-of-the-art deep neural networks. 
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