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Abstract. This paper discusses the detection of large-scale time series anomalies in complex financial, industrial, and cyber-
physical environments. A distributed architecture based on an improved gradient boosting algorithm is proposed to achieve 
efficient and high-precision anomaly detection in large-scale, high-speed data streams. Data collection, distributed 
preprocessing, parallel model execution, and hierarchical aggregation are the three components of the framework that 
support automatic feature extraction and flexible resource allocation. For experimental validation, representative public and 
synthetic datasets were selected, using a twelve-node heterogeneous computing cluster with CPU and GPU hardware. 
According to the above experiments, the system throughput can linearly increase to 1.62 million data points per second, 
with a median inference latency of 11.4 milliseconds, and the resource utilization of both CPU and GPU remains below 65%. 
The proposed method improves the recall, precision, and F1-score of the aforementioned baseline method by up to 2.5% to 
8.4%. Ablation studies found that adaptive regularization and automated feature engineering are the reasons the model 
remains stable and generalizable under concept drift and sudden noise. The system has high reliability, allowing for failover 
to reduce the risk of service interruptions caused by load fluctuations. The above results indicate that the enhanced ensemble 
learning model can be used for real-time, large-scale anomaly detection in modern data-driven applications. 
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Introduction 
With the rapid increase from industrial, financial, and cyber-physical systems, the monitoring of abnormal 
behaviors needs to be concluded. With the widespread adoption of automated monitoring in areas such as 
predictive maintenance, intraday trading, and smart infrastructure, there is now a need for timely detection of 
anomalies or infrequent sequences during processes to control risks and maintain system stability [1]. Basic 
statistical models, such as ARIMA, exponential smoothing, and control charts, have widely recognized limitations 
in handling large-scale complex sensor data streams from the Internet of Things and distributed cloud sources 
[2]. In machine learning applications, recurrent neural networks and tree ensembles are often used to identify 
various time-dependent anomalies [3]. The recognition rate of these anomalies has significantly improved in 
many fields. However, managing large volumes of high-speed, high-capacity input and reducing latency to 
ensure stable system operation is a limitation of the aforementioned achievements [4]. Moreover, due to the 
limitations in the availability of representative features and adaptive learning strategies, anomaly detectors still 
face issues with automation and generalization [5]. The advancements in distributed and federated computing 
aim to address the speed and scale of the problem by developing new high-performance solutions [6]. Many 
applications need to balance computational efficiency, detection robustness, and real-time response [7]. 
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Architectures that provide high accuracy, robustness, and resource efficiency are becoming increasingly popular 
[8]. 

Distributed anomaly detection researchers have recently developed a framework that extends the best 
algorithms of gradient boosting and deep learning through large-scale parallelism and resource-aware 
scheduling [9]. The rise of federated learning, the popularity of cloud-native solutions, and the emergence of 
open-source toolkits like XGBoost and LightGBM have all added new elements to the large-scale anomaly 
analysis toolkit [10]. However, the automation of feature extraction, hyperparameter tuning, and across 
heterogeneous dynamic infrastructures still faces practical issues [11]. Feature engineering is essential for 
anomaly detection, but it is primarily manual and domain-specific. Therefore, it is not very suitable for various 
datasets or anomaly structures [12]. Distributed gradient boosting has achieved good baseline performance, but 
automatic feature selection, dynamic loss adaptation, and fine-grained system usage monitoring still lack 
seamless integration in production environments [13]. Network congestion, uneven distribution of computing 
resources, abnormal distribution changes, and other deployment issues may cause experimental results to fail 
in real-world environments [14]. Unified automation, empirical comparisons, and comprehensive validation 
against multiple industrial benchmark sources should be used to address the aforementioned issues [15]. Only 
by keeping the system overhead and false positive rate at a low level can these frameworks be fully utilized 
within a limited production time [16]. 

In light of the aforementioned multidimensional obstacles, this paper proposes a comprehensive framework 
that achieves large-scale time series anomaly detection by integrating an improved distributed gradient boosting 
method, automatic domain adaptation feature engineering, and efficient resource optimization. The proposed 
solution enhances algorithm efficiency and system scalability through modular innovations in algorithm 
configuration, cross-layer ablation, and adaptive resource allocation. Methodologically, the framework, by 
testing with industrial, financial, and synthetic data, found that the speed and accuracy of anomaly detection 
significantly exceeded existing standards. This study lays the foundation for future research and the broad 
industrial application of scalable intelligent time series analysis, and provides practical guidance for deploying 
high-throughput, low-latency anomaly detection in complex environments. 

Related Work 

Time Series Anomaly Detection Systems 

Due to the increasing complexity of real-world applications and the demand from various fields such as industry 
and finance, time series anomaly detection has rapidly developed over the past decade. The initial research 
focused on statistical process control and control charts. Therefore, it is necessary to introduce the assumptions 
of stationarity and regular periodicity for application in subsequent research [17]. As the complexity of 
application scenarios increases, the aforementioned methods have gradually been supplemented by model-
based detection methods, and sometimes even replaced. These detection methods include state space models, 
Kalman filters, and ARIMA autoregressive integrated moving averages. The aforementioned techniques can 
effectively predict time series, but they may be limited when dealing with high-dimensional, nonlinear data or 
the complex temporal patterns of modern sensors and transactions [18]. Support vector machines, clustering, 
and k-nearest neighbors, among other machine learning algorithms, have recently been used to handle 
anomalous or changing data patterns. But they are not suitable for large-scale, real-time environments because 
they are handcrafted and cannot be scaled [19]. For example, LSTM autoencoders and convolutional 
architectures have recently proposed several excellent deep learning models for detecting anomalies in various 
types of noise and related time series data. These models excel at automated representation learning and end-
to-end optimization, but they are also prone to overfitting, difficult to interpret, and costly; they are not suitable 
for production environments that require low latency and stability [20]. The industry has already shifted from 
fixed control methods to a data-driven model. This model can meet the sensitivity, speed, and generalization 
capabilities required by various operational demands. 

Gradient Boosting Algorithms 

The gradient boosting framework usually achieves good results in terms of accuracy and adaptability, and it has 
performed well among all supervised learning methods used so far for the classification and detection of time 
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series anomalies. The first principle of the gradient boosting algorithm is to iteratively improve performance by 
sequentially training weak learners (such as decision trees), focusing on samples that were misclassified or 
inaccurately predicted in the earlier iterations [21]. To maintain a good balance between bias and variance, a 
complex nonlinear prediction model can be created. This model is suitable for heterogeneous time series with 
rare peaks and slow trends. XGBoost, LightGBM, and CatBoost are popular implementations that extend the 
original algorithm through advanced parallelization strategies, new tree growth strategies, and various 
regularization methods, achieving scalability for millions of samples and hundreds of features while maintaining 
accuracy [22]. Gradient boosting models have become an excellent choice for applications that require 
interpretability and strong predictive performance, being inherently more robust to outliers and missing values, 
and the feature importance is easy to interpret [23]. There are still some issues with using gradient boosting in 
automated anomaly detection pipelines. These issues include insufficient real-time adaptability to streaming 
data or constantly changing data environments, the need for domain-specific feature extraction, and the fine-
tuning of hyperparameters (such as learning rate and tree depth) [24]. Current research aims to combine 
gradient boosting with neural networks, create automated feature engineering modules, and enhance online 
learning capabilities in streaming environments. 

Scalable and Distributed Processing 

As the quantity and scope of sequential data increase, more and more novel anomaly detection algorithms are 
being proposed. Due to the large volume of data, older single-node and in-memory analysis solutions have 
reached their limits. High latency, reduced coverage, and lack of anomaly detection issues have emerged in 
critical task scenarios. A corresponding system for machine learning has been built, employing large-scale 
distributed computing strategies and frameworks such as Apache Spark and Hadoop [25]. Data partitioning, task 
parallelism, and distributed aggregation of large-scale time series data are three reasons for using the 
aforementioned system. There are now many methods to reduce latency and provide timely alerts, which can 
be implemented in real-time and handle unstable environments [26]. Distributed deployment brings new issues, 
including data synchronization, communication overhead, and uneven resource usage. It may affect the stability 
and reliability of the detection results. Due to the aforementioned issues, hybrid, resource-aware models have 
emerged. These models can dynamically allocate computing resources, reduce unnecessary data transmission, 
and provide fault-tolerant switching and recovery capabilities for production clusters [27]. With the 
development of advanced anomaly detection algorithms and scalable, distributed infrastructure, the backbone 
of industrial analytics pipelines is gradually taking shape. The close collaboration between algorithm innovation 
and system-level engineering has now become crucial for achieving effective large-scale deployment. 

System Framework and Algorithm Enhancement 

Distributed Processing Architecture 

A distributed modular structure with multiple mathematical optimization layers has been built for this system 
to meet the demand for fast and stable anomaly detection in large and complex time series datasets. Distributed 
ingestion, load-balanced preprocessing, and parallel anomaly inference are the first three items, and hierarchical 
aggregation is the fourth. 

Let the incoming time series data stream be denoted by 𝑋𝑋 = {𝑥𝑥𝑡𝑡}𝑡𝑡=1𝑇𝑇  where each 𝑥𝑥𝑡𝑡  represents the 
measurement vector at time 𝑡𝑡. Inputs are partitioned into 𝐾𝐾 disjoint subsets �𝑋𝑋(𝑘𝑘)� for parallel processing: 

𝑋𝑋 = � 
𝐾𝐾

𝑘𝑘=1

𝑋𝑋(𝑘𝑘),𝑋𝑋(𝑖𝑖) ∩ 𝑋𝑋(𝑗𝑗) = ∅ for 𝑖𝑖 ≠ 𝑗𝑗 Eq.(1) 

Each worker node maintains a local buffer and performs normalization and vectorization transformations on its 
assigned partitions. The system uses Exponentially Weighted Moving Average (EWMA) smoothing 
transformations to reduce local denoising and trends. 

𝑥̂𝑥𝑡𝑡 = 𝛼𝛼𝑥𝑥𝑡𝑡 + (1 − 𝛼𝛼)𝑥̂𝑥𝑡𝑡−1 Eq.(2) 
with smoothing factor 0 < 𝛼𝛼 < 1, efficiently filtering short-term noise while preserving underlying structure. 
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As shown below, the load balancer dynamically allocates new data blocks to nodes based on the current 
workload: 

𝛾𝛾𝑘𝑘 =
𝑄𝑄𝑘𝑘

∑  𝐾𝐾
𝑙𝑙=1  𝑄𝑄𝑙𝑙

 Eq.(3) 

where 𝑄𝑄𝑘𝑘 is the current queue length at node 𝑘𝑘 and 𝛾𝛾𝑘𝑘 determines its allocation ratio. 

Collected features and intermediate results 𝑍𝑍(𝑘𝑘) are asynchronously checkpointed and sent for anomaly scoring. 
Scores 𝑆𝑆𝑡𝑡

(𝑘𝑘) qenerated at each node are agqreqated via: 

𝑆𝑆𝑡𝑡 = 𝑓𝑓𝑎𝑎𝑎𝑎𝑎𝑎 ��𝑆𝑆𝑡𝑡
(𝑘𝑘)�

𝑘𝑘=1

𝐾𝐾
� Eq.(4) 

where 𝑓𝑓agg  is typically a weighted voting or threshold-combiner. 

To ensure that the system has responsiveness, stability, and scalability in practical applications, as shown in 
Figure 1, the aforementioned mathematical modules (partitioning, smoothing, balancing, and hierarchical 
aggregation) are used together. Separate inference and data management to ensure good scalability and fault 
tolerance when computational demands fluctuate and input rates vary. 

 
Figure 1. Overall system structure for distributed time series anomaly detection. 

Enhanced Gradient Boosting Approach 

For large-scale dynamic time series analysis, the core of anomaly detection in the framework is a technologically 
advanced distributed gradient boosting scheme. Classic boosting methods are prone to bottlenecks in large-
scale distributed deployments. This method addresses the issue by designing efficient worker collaboration, 
resource-adaptive node behavior, and a low-communication overhead architecture suitable for production-level 
anomaly detection. 

Predictions at each time step 𝑡𝑡 are formed as: 

𝑦̂𝑦𝑡𝑡 = �  
𝑀𝑀

𝑚𝑚=1

𝑓𝑓𝑚𝑚(𝑥𝑥𝑡𝑡) Eq.(5) 

where each 𝑓𝑓𝑚𝑚 is a regression tree from the functional space ℱ, capturing non-linear feature dependencies and 
recurring temporal anomalies. 

The collective learning objective is to jointly minimise the empirical loss of all workers: 

ℒ = � 
𝑁𝑁

𝑡𝑡=1

𝑙𝑙(𝑦𝑦𝑡𝑡 , 𝑦̂𝑦𝑡𝑡) + �  
𝑀𝑀

𝑚𝑚=1

𝛺𝛺(𝑓𝑓𝑚𝑚) Eq.(6) 
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where 𝑙𝑙(⋅) typically represents squared error for regression or log-loss for classification, and each regularization 
component 

𝛺𝛺(𝑓𝑓𝑚𝑚) = 𝜆𝜆1𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷ℎ(𝑓𝑓𝑚𝑚) + 𝜆𝜆2‖𝜔𝜔𝑚𝑚‖22 Eq.(7) 
Simultaneously constrains tree complexity and the size of leaf predictions to prevent overfitting on irregular 
event bursts. 

At the distributed level, each computing node 𝑘𝑘 processes a local data partition. In addition, at each timestamp, 
the gradient and Hessian calculations are also performed as follows: 

𝑔𝑔𝑡𝑡
(𝑘𝑘) =

𝜕𝜕𝜕𝜕(𝑦𝑦𝑡𝑡 , 𝑦̂𝑦𝑡𝑡)
𝜕𝜕𝑦̂𝑦𝑡𝑡

,ℎ𝑡𝑡
(𝑘𝑘) =

𝜕𝜕2𝑙𝑙(𝑦𝑦𝑡𝑡 , 𝑦̂𝑦𝑡𝑡)
𝜕𝜕𝑦̂𝑦𝑡𝑡2

 Eq.(8) 

To improve communication speed, the parameter server method or allreduce method is used to quantify and 
aggregate partial statistics. This allows global split decision synchronization to have relatively low overhead and 
accuracy. 

The node-wise tree structure expansion hinges on the calculated gain for every possible split (𝑗𝑗, 𝑠𝑠) : 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑗𝑗, 𝑠𝑠) =
𝐺𝐺𝐿𝐿2

𝐻𝐻𝐿𝐿 + 𝜆𝜆2
+

𝐺𝐺𝑅𝑅2

𝐻𝐻𝑅𝑅 + 𝜆𝜆2
−

(𝐺𝐺𝐿𝐿 + 𝐺𝐺𝑅𝑅)2

𝐻𝐻𝐿𝐿 + 𝐻𝐻𝑅𝑅 + 𝜆𝜆2
 Eq.(9) 

𝐺𝐺𝐿𝐿,𝐻𝐻𝐿𝐿 (also known as 𝐺𝐺𝑅𝑅 ,𝐻𝐻𝑅𝑅) accumulate gradients/Hessian matrices on the left (right) child nodes. In each split, 
it is specified as. To maximize this expression under the memory limit and branching limit at each node, the 
splitting strategy is chosen greedily. This makes the tree deep and expressive without additional computation. 

Dynamically adjust the maximum tree depth based on the resource descriptors of each worker node monitored 
in real-time, to maintain the infrastructure-aware adaptability of our enhanced implementation: 

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇ℎ𝑘𝑘 = 𝑚𝑚𝑚𝑚𝑚𝑚 �𝐷𝐷max , �𝛼𝛼 ⋅
𝑀𝑀𝑀𝑀𝑀𝑀𝑘𝑘

𝑀𝑀𝑀𝑀𝑀𝑀unit 
�� Eq.(10) 

Where 𝛼𝛼 is the granularity adjustment factor, 𝐷𝐷max  is the global upper limit, and Mem𝑘𝑘/Memunit  represents the 
actual local buffer availability for each data batch. During cluster reallocation or peak workload periods, 
automatically adjust the "elasticity" depth to maintain throughput and prediction accuracy. 

The distributed tree performs synchronized scoring during each update cycle, monitoring in real-time whether 
its output drifts. If the operational statistics deviate from the baseline, the thresholds and split heuristics will be 
recalibrated. Figure 2 shows the combined workflow of local statistical computation, hierarchical aggregation, 
adaptive structure growth, and online result re-evaluation. This can fully realize a scalable, reliable, resource-
aware enhancement model for continuously detecting anomalies in complex and changing production 
environments. 

 
Figure 2. Workflow of the enhanced distributed gradient boosting algorithm. 
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Automated Feature Engineering 

Feature engineering requires time series anomaly detection models, which are powerful, generalizable, and easy 
to understand. The entire feature workflow of the method automatically performs signal transformation and 
final selection; it can also adjust changes in data distribution by capturing both basic and advanced temporal 
dynamics. 

For each streaming window segment {𝑥𝑥𝑡𝑡−𝑘𝑘, … , 𝑥𝑥𝑡𝑡}, the system first compute’s location statistics to establish the 
regime baseline. The local mean is formulated as: 

𝑓𝑓1 =
1

𝑘𝑘 + 1
� 
𝑘𝑘

𝑖𝑖=0

𝑥𝑥𝑡𝑡−𝑖𝑖 Eq.(11) 

Next, to determine the size of the value changes and whether they are relatively smooth or bumpy, a rolling 
variance is computed as shown below: 

𝑓𝑓2 =
1

𝑘𝑘 + 1
� 
𝑘𝑘

𝑖𝑖=0

(𝑥𝑥𝑡𝑡−𝑖𝑖 − 𝑓𝑓1)2 Eq.(12) 

In order to understand what has recently happened in the dynamic process, the lagged autocorrelation was 
extracted: 

𝑓𝑓3 =
∑  𝑘𝑘
𝑖𝑖=1  (𝑥𝑥𝑡𝑡−𝑖𝑖 − 𝑓𝑓1)(𝑥𝑥𝑡𝑡−𝑖𝑖+1 − 𝑓𝑓1)

∑  𝑘𝑘
𝑖𝑖=0  (𝑥𝑥𝑡𝑡−𝑖𝑖 − 𝑓𝑓1)2

 Eq.(13) 

By using the Fast Fourier Transform and Discrete Wavelet Transform, in parallel with the aforementioned 
statistical descriptors, a pipeline is employed to obtain spectral features. These features capture harmonic 
components, periodic cycles, and abrupt changes that cannot be measured through pure time-domain 
measurements. List the spectral amplitude and primary energy bands for each window, using the 
aforementioned time series data. 

Extract features and iteratively select them to maximize detection utility: 

𝑚𝑚𝑚𝑚𝑚𝑚
𝑆𝑆⊆ℱ

 𝐴𝐴𝐴𝐴𝐴𝐴(𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀(𝑆𝑆)) − 𝜆𝜆|𝑆𝑆| Eq.(14) 
ℱ is the complete pool of candidate features, 𝑆𝑆 is the selected subset, AUC is the area under the ROC curve for 
validation, and 𝜆𝜆  is the regularization dimension to prevent model overfitting. Greedy forward selection, 
backward elimination, or other advanced search methods based on system resource constraints are used to 
evaluate candidate subsets. 

Most importantly, it is not inherent. If concept drift, load changes, or sensor failures occur in the streaming data, 
the framework can automatically re-evaluate feature relevance. Feature ranking and pruning use permutation 
importance, mutual information, and other embedding metrics from downstream gradient boosting models. 
The time-domain or frequency-domain constructs generated by new data patterns replace the failed candidates. 

Closed-loop automation remains a relatively simple yet practical tool that can adapt to conditions in various 
operational domains. It will become a detection tool that does not require human intervention, capable of 
maintaining high precision and high recall in various environments, providing transparent diagnostics through 
interpretable feature profiles and rankings. This technological coordination avoids the flaws of older, more 
manual-dependent systems, thereby adapting to complex and ever-changing business environments. 

Implementation and Performance Evaluation 

System Deployment and Experiment Setup 
This paper conducted these tasks to verify the practical effectiveness of the distributed anomaly detection 
framework, evaluate its scalability and operating conditions, etc. A 25 Gbps Ethernet backplane connects twelve 
physical work nodes to the heterogeneous cluster infrastructure. Each node is equipped with a dual-socket 24-
core Intel Xeon CPU, 256GB of DDR4 RAM, and an NVIDIA Tesla V100 GPU for algorithm acceleration. All nodes 
use Ubuntu Server 22.04 as the operating system, and the software stack includes Python 3.10, PyTorch 2.0, and 
a custom C++ backend for low-latency operations. By using Docker and Kubernetes (v1.25) for orchestration and 
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containerization, an anomaly detection platform was built for fault isolation, repeatable deployment, and 
dynamic scaling [28]. 

To provide robust multi-faceted benchmarking, three representative real and synthetic time series datasets 
were used: first, the Numenta Anomaly Benchmark (NAB) records various anomaly events occurring in the real 
world; second, the Secure Water Treatment Dataset (SWaT) records cyber-physical process attacks; third, a 
custom synthetic dataset was created to demonstrate controllable concept drift, sudden state changes, and 
different noise levels [29]. The datasets are distributed across the cluster using consistent hashing partitioning 
to simulate streaming ingestion models and achieve balanced parallelism. 

Some experiments were also conducted in an organized manner to ensure reliable results. The programmable 
preloading client can simulate the upstream production system and control the data ingestion rate between 
10,000 and 300,000 points. The internal load balancer updates partition and routing decisions every five seconds 
and regularly receives feedback from the working buffer. On each worker node, vectorized low-level routines 
are used for local feature extraction, EWMA-based denoising, and trend decay, and then the microservices are 
called as preprocessing. 

To partition and checkpoint parameters, the improved distributed gradient boosting algorithm uses each worker 
node, with each node containing a copy of the model, and then performs global synchronization through a full-
reduction communication layer. By simulating node failures and real-time restarts, the system's failover 
mechanism is tested to check whether it can recover statelessly but session-persistent under enterprise-level 
reliability standards [30]. 

Throughput, inference latency, resource utilization, and model accuracy are performance metrics, and 
Prometheus collects this data at one-second intervals. The distributed dashboard will display results, anomalies, 
and drift data in real-time [31]. Each experiment lasted at least 48 hours, thereby enhancing ecological relevance 
to cover steady-state and transient arrival conditions [32]. 

Evaluation Metrics and Results 

A comprehensive analysis of the working principles and improvements of the distributed anomaly detection 
system will be conducted. In this section, all necessary metrics and experimental results will be listed, and the 
data will be analyzed based on computational efficiency, scalability, detection accuracy, and robustness. 

Inference and throughput latency are relatively low. Throughput is the number of data points processed by the 
system per second, while inference latency refers to the delay between the sample and the decision output in 
safety-critical situations. Figure 3 shows a multi-angle benchmark, including over 1600 independent workload 
measurements and data rates ranging from 20,000 to 1.8 million data points per second. 

As shown in Figure 3(a), the framework can achieve linear throughput scaling. In the largest test cluster, the 
framework can achieve an overall system rate of over 1.62 million points per second, with the data size 
increasing to 1.5 million points per second per node. Under peak load, the optimized gradient boosting engine 
significantly outperforms the standalone XGBoost (with throughput as low as 18.6%) and the traditional random 
forest (with throughput as low as 41.2%) benchmark models. This method consistently operates below 1.07M 
points per second under peak concurrent load [33]. 

Figure 3(b) shows the distribution of inference latency, including the median and tail, for multiple experimental 
runs. In burst scenarios, the median latency for each sample is 11.4 milliseconds, and the 95th percentile is also 
below 22.9 milliseconds. In contrast, the distributions of the XGBoost and LSTM alternatives are wider, with 
more pronounced tail effects. The median latencies are 16.5 milliseconds and 28.3 milliseconds, with the 95th 
percentiles being 37.6 milliseconds and 73.2 milliseconds. These stable low-latency results indicate that our 
architecture meets real-time performance requirements. 

Radar chart 3(c) shows resource utilization, displaying the average values of CPU, GPU, and memory. The average 
CPU usage of the framework is 62%, and the GPU usage is 54%. This is far below the deep learning baseline of 
81% and 77% CPU and GPU usage. When the maximum load reached the baseline (XGBoost) of 12.3 GB, the 
average memory usage was still below 8.5 GB. A week of repeated stress testing did not reveal any resource 
contention or performance degradation [34]. 



Application of Enhanced Gradient Boosting Algorithms in Large-Scale Time Series Anomaly Detection 
https://doi.org/10.64972/dea.2025.v4i1.19410d:127-141 

134 
 

 
Figure 3. Computational efficiency metrics under varying data scales and algorithm modes. (a) Throughput comparison. (b) Inference 

latency distribution. (c) Resource usage profile. 
 

In large-scale or growing environments, parallel and horizontal scaling are the main reasons for the practical 
feasibility of the system. Increase the number of worker nodes from 4 to 32 to ensure even background data 
traffic and resource allocation, and then test the system performance. Based on three complete 24-hour 
continuous evaluation periods for each node count, all scalability results are as such. 

As shown in Figure 4(a), the throughput scaling is nearly ideal. Adding each node brings about a roughly 
proportional increase in throughput (with an expansion factor of 0.96 for 16 nodes and 0.89 for 32 nodes), and 
under high concurrency, there is only a slight efficiency loss due to the expected synchronization overhead. In 
other methods, the processing speed of the 32-node system is up to 5.12 million points per second. 

Figure 4(b) shows the parallel speedup ratio, which represents the ratio of the observed throughput to the 
single-node baseline. Lightweight all-reduce synchronization and adaptive load balancing routines perform well. 
The speedup ratio for 32 nodes is still greater than 0.88 times the theoretical linear expectation, and the speedup 
ratio for 16 nodes exceeds 0.91. At any stage [35], there were no single-node bottlenecks or significant load 
imbalances. 

Figure 4(c) shows the breakdown of system time costs. Gradient aggregation accounts for less than 9%, while 
local feature extraction and mini-batch scoring account for 56% and 27% of the total latency, respectively. After 
multiple fault injections, the management overhead for checkpointing and recovery remains below 3.8%. The 
above results demonstrate the high efficiency of our quantized communication scheme. The end-to-end 
workflow time for each batch is less than 32 milliseconds, and this holds true in all test cases [36]. 
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Figure 4. System scalability and parallel efficiency analysis. (a) Throughput vs. number of worker nodes. (b) Parallel speedup ratio. (c) Time 

cost breakdown. 
 

By using a rigorous out-of-sample evaluation framework and multiple benchmarks, the detection performance 
of NAB, SWaT, and synthetic datasets is objectively assessed. Figure 5 shows the performance metrics: precision, 
recall, F1 score, characteristics of the confusion matrix, and test sequences with over 10,000 labels in all 
benchmark tests. 

As shown in Figure 5(a), the system has good discrimination ability. The median of NAB is 0.984, with a 25–75% 
range of 0.981–0.988. The median accuracy of all real-world datasets is greater than 0.97, and the interquartile 
range never exceeds 0.018. Traditional boosting methods and neural network alternatives have lower median 
accuracy (XGBoost: 0.962; LSTM: 0.941) and a wider distribution range (with the highest interquartile range 
reaching 0.043). 

Figure 5(b) is a bar chart showing recall and F1 score side by side. The method achieved a recall rate of over 0.95 
and an F1 score of over 0.96 on all datasets. The average recall rate is 0.961, and the average F1 score is 0.969. 
XGBoost, as the best baseline, achieved recall/F1 scores of 0.943/0.959 in direct comparison. Both exhibited 
higher sensitivity and decision calibration ability, outperforming the most complex synthetic drift scenarios by 
8.4 percentage points [37]. 

The false positive rate and false negative rate are both very low, and the confusion matrix heatmap for the 
representative test set is shown in Figure 5(c). The overall NAB accuracy exceeds 97.2%, with the 
normal/abnormal confusion rate outside the diagonal being below 3%. To meet the needs of industrial 
applications, gradient pooling, adaptive adjustment, and real-time retraining were chosen as design options [38]. 
The balance between sensitivity (recall rate: 0.973) and specificity. 
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Figure 5. Comparative detection accuracy results on multiple datasets. (a) Precision distribution on various datasets. (b) Recall and F1-score 

comparison. (c) Confusion matrix on representative test set. 
 

The generalization and robustness of the detection model are best demonstrated through ROC and AUC 
evaluations on multiple datasets and abnormal scenarios. AUC evaluation was conducted on over 200 random 
test splits of Yahoo, NAB, and SWaT. 

As shown in Figures 6(a) and 6(b), the ROC curves of the two benchmark datasets exhibit high true positive rates 
under different operating thresholds. Compared to XGBoost (0.971/0.965) and LSTM (0.956/0.948), our 
technique achieved an AUC of 0.987 on both NAB and SWaT, while the AUC on SWaT was 0.980. In the 50 runs 
with random seeds, the AUC score distribution is shown in Figure 6(c). The distribution range of the baseline is 
larger, while the interquartile range of our method is smaller, at [0.988, 0.991], but the minimum AUC of some 
baselines has decreased by up to 3.2%. 

To determine the algorithm's sensitivity to harsh operating environments and the reasons for performance 
degradation, ablation analysis and adversarial stress testing were conducted. Each ablation and adversarial test 
group includes at least 600 evaluation runs, which include high anomaly density and noise environments. 

As shown in Figure 7(a), after the automatic feature engineering module was excluded, the average F1-score of 
the periodic dominant signal decreased by 9.7%. From 0.968 to 0.822, a decrease of 15.1%. As shown in Figure 
7(b), the average accuracy of our regularized mixed loss is 96.9%, higher than using only MSE (94.0%) and using 
only log loss (94.8%), and it has a smaller standard deviation in the offset scenario. Synthetic Gaussian noise 
signals exhibit stable median and tail accuracies, as shown in Figure 7(c). As shown in [39], the median accuracy 
is always above 94.2%. 
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Figure 6. ROC curves and AUC statistics of main algorithms on test datasets. (a) ROC curves — dataset 1. (b) ROC curves — dataset 2. (c) 

AUC score distribution. 

 
Figure 7. Component ablation and robustness evaluation of the proposed algorithm. (a) Feature engineering ablation results. (b) 

Performance under various loss functions. (c) Robustness to increasing synthetic noise. 
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Case Studies and Real-World Applications 

In addition to the previous validation, the proposed distributed anomaly detection system has already been 
applied in many practical applications and commercial interests in critical infrastructure, manufacturing, and 
cyber-physical domains. The aforementioned study aims to investigate their technical performance and their 
actual impact on risk control, process optimization, and decision support in real-time production environments 
[40]. 

The research environment selected the Cyber-Physical Anomaly Detection Platform model of the Secure Water 
Treatment (SWaT) plant used for critical infrastructure. Containerized microservices and adaptive I/O pipelines 
were used during the integration process to reduce downtime. After running continuously for two months in 
the pilot project, the system successfully identified all severe abnormal operations, with a false positive rate of 
less than 2.8%. The real-time alert function enhances safety by reducing the time required for operators to 
respond to hazardous process changes to 23 seconds. Due to its high throughput and low latency, the model is 
able to quickly adapt to the processes or operations of the factory [41]. 

On a discrete production line with over 150 edge sensors and robotic actuators, another deployment has already 
taken place in the manufacturing and industrial IoT sectors. Create a new data lake within the existing data lake 
structure to collect real-time data streams from the PLC. Compared to previous detection methods, the number 
of unplanned downtime events in the system has decreased by 31% over the past six weeks. Ablation tests 
indicate that the full automation of feature engineering is a necessary condition to ensure maintaining accuracy 
above 95% under non-stationary loads. Due to the extremely low failure rate, the recall rate remains at 92%. 
Therefore, an online retraining model was adopted to dynamically adapt to new changes in production. In 
practice, gradient pooling and adaptive regularization have proven the stability of the process. 

By using this framework, financial and network applications can monitor financial transactions in real-time to 
identify fraud and abuse. The system records over 12 million transaction flows daily, with an average end-to-
end detection-to-notification delay of approximately 15 milliseconds. After 30 days, the solution reduced 
undetected suspicious activities by 24% while maintaining a high true positive rate. This performs better than 
the rule-based methods and other neural anomaly detection solutions previously used by the agency. The above 
results indicate that the architecture is scalable, prevents resource contention between detection nodes, and is 
suitable for high-throughput production workflows that quantify inter-node communication protocols. 

To enhance deployment adaptability and enterprise integration capabilities, native support for container 
orchestration platforms such as Kubernetes and OpenShift has been added, along with standard RESTful 
interfaces for stream processing and batch processing data. Regular online training and adaptation are 
conducted to ensure good performance in changing operational environments. In all cases, the system's 
resource consumption is always below 70% CPU and 65% GPU utilization, and during peak load periods, memory 
retention exceeds 20%. Therefore, it demonstrates good production scalability [42]. 

Conclusion 
This paper proposes a scalable high-performance distributed anomaly detection architecture that can be used 
in various high-capacity, real-time cyber-physical systems and industrial scenarios. Based on the aforementioned 
experiments and practical applications, the proposed framework demonstrates good scalability, low-latency 
inference, and stable accuracy in detecting various complex, rare, and time-varying anomalies. Through 
automatic feature extraction and gradient pooling, as well as dynamically adjusted regularization methods, 
these approaches can reduce costs and reasonably adjust operating conditions. Case studies conducted in critical 
infrastructure, manufacturing, and the financial sector have shown strong support. These studies also found that 
the system can improve actual operating conditions, reduce downtime, strengthen risk control, and assist in 
decision-making. 

The following defects have not yet been resolved. The current structure is very sensitive to the choice of certain 
hyperparameters (such as batch size and window method), which can lead to some delays and false positive 
rates in unstable environments. Integration with the old system may require more setup and specialization for 
specific brownfield industry domains, which limits its immediate use. The online adaptation process reduces 
concept drift and changes in data distribution. To ensure long-term stability, further testing is still required under 
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highly adversarial or non-stationary attack conditions. The cost of labeling for each operator is very high, 
especially in areas lacking professionals, making regular retraining with labeled data impractical. 

In the future, further research can be conducted by adopting deeper self-supervised and transfer learning 
strategies to enhance the system's autonomy and generalization capabilities, thereby reducing the reliance on 
manually annotated data sources. Provide explanation modules and causal inference techniques to enhance the 
reliability of human factors and meet regulatory requirements in high-risk situations; provide reasons for 
modifications. To achieve stable production-scale deployment in IoT environments and resource-constrained 
edge settings, it is also necessary to include fine-grained energy efficiency analysis and adaptive resource 
allocation mechanisms. Extend the research on distributed anomaly detection to other industries and social 
domains, studying federated learning frameworks and cross-domain model sharing to open up new pathways 
for robust detection under data privacy and sovereignty requirements. 
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