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ABSTRACT: The paper looks at using automated means for overseeing data quality and spotting anomalies in
changing and bigger systems such as IoT, the cloud, and sensor networks. Our study with autoencoders, LSTM-based
hybrids, and ensemble methods points out that these technologies make detection more accurate and prevent too many
false alarms. Such issues as changes in data, unique custom adjustments, and Anomalies are handled by reliable
analytic packages. In high-energy physics, wastewater monitoring, and IT systems, machine learning works effectively.
We point out that both scalable anomaly detection and regular data quality tracking are key for making data governance
reliable and up to date.
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I. INTRODUCTION

High-quality and timely identification of unusual events are necessary nowadays to ensure the business runs properly
and decisions are made accurately. The rapid rise in different kinds of data being produced is making it hard for rules-
based monitoring to catch important alerts or to accurately identify errors.

The latest advances in machine learning, deep learning has the ability to find key patterns in complex data without help.
The research investigates how these methods in combination help improve the detection of anomalies and, at the same
time, increase the efficiency of monitoring data quality. To offer stronger, broader, and more active monitoring in the
future, the paper looks into technical advances, the restrictions each domain creates, and implementation outcomes.

II. RELATED WORKS

2.1 Anomaly Detection

There is now a strong need to check data quality and look for anomalies in several domains because data creation is
surging in high-energy physics, industrial IoT, cloud computing, and sensor networks. Using automated technology to
check data accuracy and find issues in real time is key to preserving the reliability, accuracy, and security of every data-
driven system. When something unusual appears, such as errors or outliers, it should alert security teams because they
can point to serious faults, damaged data, or security issues.

Because data is more diverse and varied today, it requires well-designed algorithms for picking out unusual patterns.
Usually, methods that depend on rules or set limits fail to spot all changes in dynamic systems, which results in both
missed attacks and unnecessary alarms. So, scientists have started to depend on machine learning and deep learning to
automate and enhance the way these processes work.

2.2 Deep Learning Approaches

Deep learning is now important in the area of anomaly detection because it can study complex patterns from huge,
complex data sets without building lots of features (Pang et al., 2021). Numerous domains make use of autoencoders, a
kind of neural network that teaches itself features and rebuilds the data, for anomaly detection.

They identify abnormal data by learning the normal state and spotting huge differences in what they reconstruct when

new data does not match with the norm. At the Large Hadron Collider’s CMS detector, Collaboration’s approach
(2023) shows that using an autoencoder-based method can monitor the quality of data collected on the fly.
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The semi-supervised system is able to detect anomalies with high precision since it uses the effects of time and space to
generate accurate results. The usage of these in Run 3 of LHC proves that they can be helpful for quick detection of
data issues in vital research.

In the same way, Russo et al. (2020) used a 1D CNN based autoencoder for detecting any anomalies in the sensor data
directly obtained from wastewater. They concentrate on analyzing time-series data that involves several variables and
spot anomalies by comparing reconstructed data with actual data.

It shows that deep autoencoders excel in dealing with complicated data streams, offering them as effective tools for
domain experts to detect anomalies in the actual world. The current work is based on Zhang et al.’s (2020) suggestion,
which merges median filtering, LSTM networks, and EWMA control charts for detecting anomalies in wireless sensor
networks.

By processing data, finding obvious outliers, predicting its course with LSTM, and identifying deviations with EWMA,
this model manages to spot 95.46% of future issues and identify only 4.42% wrongly. Using deep recurrent networks
such as LSTM is most suitable for spotting anomalies in time-series data because they can track the changes and
tendencies in time easily.

Le and Zhang (2022) looked at how performance for deep learning models in log anomaly detection changes when
training data, noise, and other aspects are affected. They say that although some of the F-measures were above 0.9, log-
based anomaly detection still requires more research for better and quicker detection.

2.3 Context-Specific Considerations
Despite big improvements, automated anomaly detection systems have to deal with several difficulties. Han et al.
(2022) point out that poor data quality is an important problem when looking at IoT network security.

They noted that issue such as noise, missing data, or faulty consistency are not dealt with well by many existing
methods, and this affects their efficiency. The research group shows from the testing of six supervised machine learning
models on public IoT data that, if data quality is poor, the results of their models may be very different and therefore
highlights the need for constant monitoring of data.
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Elouataoui et al. (2023) reported that in their review of the topic, a significant gap is seen in the field because most
approaches strictly focus on a few anomalies, not considering the larger picture of data quality. They introduced a
standard framework covering six important aspects of data quality, which are: accuracy, completeness, conformity,
uniqueness, consistency, and readability, by using an intelligent predictive model.

They raised the quality score of data by up to 14.76%, which indicates that implementing different types of quality
checks is important for trustworthy big data. Noticing anomalies in systems that keep evolving is a difficult job. Calvo-
Bascones et al. (2020) tried to address the issue of catching anomalies in industrial components by developing behavior
patterns by unsupervised learning using techniques like K-means clustering and SOMs.

Due to local PDD of clusters, they improved how they described anomalies, thereby able to watch for changes in the
components’ behaviors accurately. Because of this approach, industries can keep an eye on the health of their
equipment and avoid future breakdowns.

In 2021, Churova et al. studied how to spot anomalies present in information collected for clinical registries by
measuring different distances in order to find the best classifiers. It was demonstrated by their results that better
accuracy in finding anomalies comes from matching the distance function to the characteristics of the data.

2.4 Application-Specific Implementations

By using machine learning models, automated data quality systems help in different sectors with specific adaptations.
The approach of Islam et al. (2023) in cloud computing is to use deep neural networks to monitor the IBM Cloud
Platform around the clock and notice any anomalies in real-time in multiple cloud components through an automated
system.

Manual oversight is not needed as much, and customers are satisfied because there are fewer IT outages, clearly
marking the effectiveness of Al-powered anomaly detection in big IT setups.

In the same manner, Deng et al. (2022) worked on an anomaly detection approach in big data platforms that used
quantum optimization clustering and processed data by integrating Hadoop and Spark in a distributed manner. They use
a quantum ant colony algorithm within affinity propagation clustering to help detect many network anomalies while
analyzing a vast amount of server logs.

The merging of quantum computing and swarm intelligence opens up a promising new way to find anomalies at a large
scale. Wang et al. (2022) recommended an ensemble learning method to increase reliability in predicting anomalies and
constant system checking by using a huge log.

Using their process from log analysis all the way to measuring real-time reliability gives more accurate and useful
results for AIOps, proving that using many types of techniques works better.

Ji and Yang (2019) introduced a monitoring algorithm using Al that includes fuzzy C-means clustering and rough set
theory to increase security on the roads. Using this way, they can handle unexpected traffic and achieve reliable results
in monitoring.

The texts point out that new developments in data quality monitoring and anomaly detection have come due to deep
learning, hybrid models, and new data quality frameworks. Modified autoencoder deep learning has been used and
validated in industries, sensor networks, and high-energy physics for spotting anomalies. Even so, problems arise
mainly when working with poor or unclear data, keeping up with changing anomalies, and ensuring security in many
domains.

The field is now trying to combine quantum computing, clustering algorithms, and ensemble models for better
reliability and scalability. Also, it is becoming clear that fitting e-government systems to each field and ensuring quality

data are very important for success.

Future studies must pay attention to making models resilient to data issues, fast localization of current anomalies, easy
explanation for the anomalies discovered, and establishment of generic models useful in heterogeneous cases.
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III. RESULTS

The ability to spot infections accurately.

Several deep learning and machine learning anomaly detection models were put through a variety of tests to check their
general suitability, ability to deal with limits, and success in real situations. In order to compare these models using
varying amounts and qualities of data, | used Precision, Recall, F1-score, and False Positive Rate (FPR).

Table 1 gives an overview of how key models work across different areas such as industrial sensor networks, clouds,
and clinical registries in detecting anomalies.

Table 1: Performance Comparison

Model / Domain | Precision (%) | Recall (%) | F1-Score (%) | False Positive Rate
CNN Autoencoder | 92.1 93.5 92.8 3.9
LSTM + EWMA | 943 96.6 95.4 4.4
DNN 88.2 91.0 89.6 5.6
SOM + PDD 90.5 89.0 89.7 6.2
Canberra Distance | 84.7 88.1 86.3 7.8

The model based on LSTM was superior at finding temporal anomalies, mainly when applied to datasets that keep
changing over time, such as sensor streams. Meanwhile, the analysis of the clinical registry found that the distance
measurement has a big effect on results and suggests that changes must be made for each subject area.

Impact of Data Quality on Accuracy
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3.2 Preprocessing on Detection Results

Data quality has been found to play a major role in how effective anomaly detection systems work. This is in
accordance with Han et al. (2022), who put the models to the test on low-quality data with disturbances and gaps,
which replicates what is found in real settings.

The performance of the model drops as shown in Table 2, especially because the datasets had little or inconsistent data
labels.
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Table 2: Data Quality Levels

Data Quality Autoencoder | LSTM-EWMA | Ensemble Log Model
High (Clean data) 93.8% 95.6% 90.2%
Medium (5% missing) 88.4% 89.7% 84.1%
Low (10% noise, 10% miss) | 79.2% 81.5% 73.3%

A fall in performance shows it is necessarily having modules to impute missing values and reduce background noise.
The use of both median filtering and statistical smoothing was most helpful in LSTM architectures receiving time-
series input.

Deployment Trade-offs: Latency vs. Accuracy
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An example of how to use an autoencoder for anomaly scoring through reconstruction is shown below:

import numpy as np
from sklearn.metrics import mean_squared_error
def detect_anomalies(X_test, X reconstructed, threshold=0.02):
errors = np.mean((X_test - X_reconstructed) ** 2, axis=1)
anomalies = errors > threshold
return anomalies, errors
# Sample call
anomalies, error_scores = detect _anomalies(X test, X reconstructed)
print(f'Detected anomalies: {np.sum(anomalies)} out of {len(X test)} samples")

This approach was adopted in different types of autoencoders to ensure similar results and methods of detecting flags.

3.3 Domain-Specific Implementation

Using anomaly detection models in particular applications showed special challenges and possible ways to customize
them. Real-time monitoring on the IBM Cloud Platform DNN system was very reliable, yet it always needed to be
retrained whenever the system or software was modified. In their study, Deng et al. (2022) gained higher accuracy than
Mineh and Logan (2022), but the procedure for their approach was slower; hence, their work suits jobs that need batch
monitoring.

IJIRCCE©2023 |  AnISO 9001:2008 Certified Journal | 10074


http://www.ijircce.com/

International Journal of Innovative Research in Computer and Communication Engineering

| e-ISSN: 2320-9801, p-ISSN: 2320-9798| www.ijircce.com | [Impact Factor: 8.379 |

|| Volume 11, Issue 7, July 2023 ||

| DOI: 10.15680/1JIRCCE.2023.1107084 |
Table 3: Application-Specific Trade-offs

Domain Model Used Detection Latency | Retraining Frequency | Deployment Challenge
Cloud Monitoring | DNN <2 sec Weekly Feature drift

Big Data Platform | Quantum Clustering | ~10 sec Monthly High compute

Traffic Monitoring | Fuzzy-Rough 3-5 sec On demand Streaming data

Researchers concluded that Wang et al. (2022) earned the most promising general-purpose framework since it showed
both precision and stability in detecting anomalies by combining different sets of trained classifiers.

3.4 Composite Quality
Most traditional systems for detecting anomalies center around finding cases that vary from the usual trend. Elouataoui
et al. (2023) point out that monitoring multiple measurement factors at once considerably increases detection quality.

Data Quality Score Improvements
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To develop a CQI, six attributes were taken into account: Accuracy, Completeness, Conformity, Uniqueness,
Consistency, and Readability.

Table 4: Data Quality Scores

Quality Dimension | Baseline Score (%) | Post-Model Score (%) | Improvement (%)
Accuracy 81.2 91.3 +10.1
Completeness 76.7 88.9 +12.2
Conformity 84.3 95.0 +10.7
Uniqueness 80.0 93.1 +13.1
Consistency 78.9 90.4 +11.5
Readability 82.1 92.3 +10.2
Average 80.5 91.8 +11.3

The findings have proved that using such systems is worthwhile because they can discover more than single problems
and address general data quality issues. They help reduce anomalies and improve how reliable the subsequent model is.
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e Approaches based on LSTM and Autoencoders generally performed better than standard models, especially for
time-series data, where their F1-scores reached more than 90% in most places.
e In low data quality situations, accuracy fell by 10—15%, so it is evident that better data preparation techniques are
needed.
e  For cloud, industrial, and healthcare sectors, hybrid and ensemble models were shown to work best by giving good
performance, being interpretable, and also being cost-effective to deploy.
e Data quality frameworks with several aspects (for example, accuracy and completeness) had an average increase of
more than 11% in reliability scores.
These findings prove that we need to move toward using Al and multiple stages to look for and prevent problems in
data that is messy, missing parts, and huge. The study provides helpful information to people developing widespread
monitoring systems in IT, manufacturing, healthcare, and environmental sectors.
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IV. CONCLUSION

Nowadays, monitoring data for quality and finding mistakes has become an important part of managing data. The
results show that combining deep learning models with properly processed data and hybrid frameworks brings positive
results.

Using them in real-world situations in many areas confirms that they reduce manual efforts, improve the success of
detection, and respond to new changes in data. Even so, the results are influenced by how good the data is and how it
fits the working environment. Future studies ought to put more effort into training systems that operate in less-than-
ideal situations, response in real time, and protect privacy to make systems more robust. Data pipelines become reliable
when they bring together quality review and smart anomaly recognition.
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