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ABSTRACT :

Concept drift and anomalies in data streams pose
significant challenges for real-time monitoring
systems, as changes in data distribution can affect
system reliability and decision-making. This paper
presents a real-time concept drift monitoring
system designed to detect both gradual changes
and sudden anomalies in streaming data. The
system integrates statistical drift detection and
anomaly detection techniques with interactive
visualization to improve interpretability.

Unlike traditional approaches that focus primarily
on detection, the proposed system emphasizes
usability and explainability by providing concise
insights and highlighting key events instead of
presenting large volumes of raw data. A live
monitoring module simulates real-time data flow,
enabling continuous detection and immediate
feedback through alerts and system status
indicators. The system is implemented using
Python, Streamlit, and Plotly, ensuring a user-
friendly interface.

Experimental results show that the system
effectively identifies drift and anomaly patterns
while maintaining clarity and ease of use. The
proposed approach supports better decision-
making by combining detection, visualization, and
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actionable insights within a single integrated
platform.
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INTRODUCTION :

In modern data-driven environments, data is
continuously generated in the form of streams
from applications, sensors, and online systems.
Over time, the statistical properties of such data
may change, a phenomenon known as concept
drift. These changes can significantly affect system
performance and lead to incorrect analysis if not
detected in a timely manner.

In addition to gradual changes, data streams often
exhibit sudden irregularities known as anomalies.
Detecting both concept drift and anomalies is
essential for maintaining system reliability and
ensuring accurate decision-making in real-time
environments.

Although several techniques have been proposed
for drift and anomaly detection, most existing
systems focus primarily on detection accuracy
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while providing limited support for interpretation
and usability. Users are often presented with large
volumes of raw outputs, such as event logs, which
are difficult to analyze and may lead to information
overload. This highlights a gap in current
approaches, where detection is prioritized over
clarity and user understanding.

To address this limitation, this paper presents a
real-time concept drift monitoring system that
integrates detection, visualization, and
explainability. The system not only identifies
changes in data behavior but also provides
structured insights and highlights key events,
enabling users to quickly interpret results. A live
monitoring module further enhances the system by
simulating realtime data flow and providing
immediate feedback.

The proposed approach aims to improve usability
and decision-making by combining analytical
capabilities with intuitive visualization, making it
suitable for practical data monitoring applications.

deviations in data streams. Traditional methods
often use statistical thresholds or distance-based
measures to detect outliers. While these methods
are effective in identifying unusual patterns, they
generally provide limited insight into the
underlying causes of anomalies.

Despite advancements in detection techniques,
existing systems face several limitations. Many
approaches focus primarily on detection accuracy
and fail to provide user-friendly interfaces or
meaningful interpretations of results. Users are
often presented with large volumes of raw outputs,
such as event logs or detection flags, which can be
difficult to analyze in real-time scenarios.

Furthermore, most existing solutions lack
integration between detection and visualization,
making it challenging for users to understand data
behavior and trends effectively. This highlights the
need for systems that not only detect concept drift
and anomalies but also present results in an
interpretable and concise manner.

LITERATURE REVIEW :

Concept drift detection has been widely studied in
the field of data stream mining, where changes in
data distribution over time can affect system
performance. Several techniques have been
proposed to address this issue, including statistical
methods such as the Drift Detection Method
(DDM), Early Drift Detection Method (EDDM),
and Adaptive Windowing (ADWIN). These
approaches typically rely on monitoring changes in
data distributions or error rates within sliding
windows to identify drift.

In addition to drift detection, anomaly detection
techniques are commonly used to identify sudden

© 2026, IJSREM | https://ijsrem.com

| Page 2


https://ijsrem.com/

¢h" T2y
ol A
@ﬁy International Journal of Scientific Research in Engineering and Management (IJSREM)

SJIF Rating: 8.659

ISSN: 2582-3930

w Volume: 10 Issue: 05 | May - 2026

SYSTEM DESIGN AND TECHNOLOGY

STACK :

[ﬁ] Table 1: Technologies Used in the Proposed

Visualization | Basic or | Interactive
absent and
structured
Real-Time Limited Supported
Monitoring (live
simulation)
User Low (raw | High (clear
Usability outputs) insights)

Existing systems primarily focus on detection
accuracy while providing limited support for
interpretability and user interaction. In contrast,
the proposed system integrates detection with
visualization and explainability, enabling users to
better understand data behavior. The inclusion of
real-time monitoring further enhances its practical
applicability in dynamic environments.

System
Component | Technology | Purpose
Used

Programming | Python Core logic and
data processing

Ul Streamlit Interactive

Framework dashboard and
visualization

Visualization | Plotly Graph
generation and
event
visualization

Data Pandas Data

Handling manipulation
and analysis

[@ Table 2: Comparison with Existing

Monitoring Approaches
Feature Traditional | Proposed
Systems System
Drift Supported | Supported
Detection
Anomaly Supported | Supported
Detection

Explainability | Limited High
(insight-
based
summaries)

METHODOLOGY :

The proposed system is designed to monitor
streaming data in real-time and detect both concept
drift and anomalies while providing interpretable
insights. The system follows a structured pipeline
consisting of data input, processing, detection, and
visualization components, as illustrated in Figure
1.

Figure 1: System Architecture

Data Input — Processing — Drift Detection —
Anomaly Detection — Visualization — Insights

Initially, the system accepts time-series data,
which is processed sequentially to simulate real-
time streaming behavior. A sliding window
approach is applied to analyze changes in data
distribution over time. By continuously comparing
recent data with previous observations, the system
identifies significant variations in behavior.
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Concept drift detection is performed by monitoring
changes in statistical properties such as mean and
variance across data windows. Gradual variations
in these properties indicate a shift in data behavior
and are classified as concept drift. In contrast,
anomaly detection focuses on identifying sudden
deviations from normal patterns. This is achieved
by comparing incoming data points with expected
values and detecting those that exceed predefined
thresholds.

To further illustrate the detection process, the
workflow is presented in Figure 2, which shows
the sequence of operations involved in identifying
drift and anomalies.

Figure 2: Detection Workflow

Input Data — Sliding Window — Statistical
Analysis — Drift Detection / Anomaly Detection
— Output

To enhance usability, the system incorporates an
explainability —component that summarizes
detected events instead of presenting raw outputs.
Key events are highlighted, and important patterns
are identified, allowing users to understand system
behavior without analyzing large volumes of data.

Additionally, a live monitoring module simulates
continuous data flow, enabling real-time detection
and immediate feedback through alerts and system
status indicators. The integration of detection,
visualization, and explanation ensures that the
system is not only effective in identifying changes
but also user-friendly and suitable for real-time
monitoring applications.

The flowchart in Figure 3 illustrates the detailed
process of drift and anomaly detection in the
proposed system. The system begins by processing
incoming time-series data using a sliding window

approach, which enables continuous monitoring of
recent data patterns. Statistical measures such as
mean and variance are computed and compared
with previous observations to detect significant
changes.

If the variation exceeds a predefined threshold, the
system identifies the presence of concept drift,
indicating a gradual shift in data behavior.
Otherwise, individual data points are analyzed to
detect anomalies based on their deviation from
expected values. Detected events are then stored,
and insights are generated, followed by real-time
updates in  visualizations and  alerts.
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IMPLEMENTATION :

The proposed system is implemented using
Python, with Streamlit used for developing the
interactive user interface. The system is designed
as a modular application to ensure clarity,
maintainability, and ease of extension. Data
processing and analysis are performed using

© 2026, IJSREM | https://ijsrem.com

| Page 4


https://ijsrem.com/

RE\

_.’..’ ‘-.’;\‘
P
@Wg International Journal of Scientific Research in Engineering and Management (IJSREM)

SJIF Rating: 8.659

ISSN: 2582-3930

w Volume: 10 Issue: 05 | May - 2026

standard Python libraries, while Plotly is used for
generating interactive visualizations.

The implementation consists of several key
components. The data processing module handles
input data and simulates streaming behavior by
processing data sequentially. The detection module
includes both concept drift detection and anomaly
detection mechanisms based on statistical analysis.
These modules continuously analyze incoming
data to identify changes and irregularities.

The visualization module is responsible for
presenting results in a clear and interactive manner.
Graphs highlight drift regions and anomaly points,
while summary sections provide key insights
instead of displaying extensive raw data.
Additionally, a live monitoring component enables
realtime simulation, allowing users to observe
system behavior dynamically.

The overall system is structured to ensure smooth
interaction between components, providing a
responsive and user-friendly experience. The
integration of detection, visualization, and
explanation modules allows the system to deliver
both analytical results and meaningful insights
effectively.

RESULTS AND ANALYSIS :

The proposed system was evaluated using time-
series data to simulate real-time monitoring
conditions. The system successfully identified
both concept drift and anomalies by analyzing
variations in data behavior over time.

Concept drift was detected as gradual changes in
statistical properties such as mean and variance
across sliding windows. These changes indicate a
shift in underlying data patterns and were

highlighted as drift regions in the visualization. In
contrast, anomalies were identified as sudden
deviations from expected values and were marked
as distinct points, making them clearly
distinguishable from normal data behavior.

To evaluate system performance, key metrics were
recorded, as shown in Table 3.

Table 3: System Performance Metrics
Metric Value
Total Events Detected | 33
Concept Drift Events | 24

Anomalies Detected 9

Figure 4: Distribution of detected events
(concept drift vs anomalies)

Figure 4, anomaly events occur significantly more
frequently than concept drift events. This indicates
that the dataset contains a higher number of sudden
deviations compared to gradual changes in
behavior.
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@ Table 4: Summary Metrics

Metric Value

Total Events 1093

Concept Drifts 4

Anomalies 1089

Max Deviation 417.10

Peak Time 11:00-11:59
Frequency Pattern | Higher earlier

The results indicate that concept drift events
occurred more frequently than anomalies,
suggesting gradual changes in data behavior over
time rather than isolated irregular spikes. The
system was able to effectively differentiate
between these two types of events, improving
interpretability for users.

The visualization component played a crucial role
in enhancing usability. Instead of presenting raw
logs, the system highlighted important events and
summarized patterns, allowing users to quickly
understand system behavior without excessive
analysis. This significantly reduces cognitive load
and improves decision-making.

The live monitoring module further demonstrated
the system’s ability to operate in a real-time
environment. As data was processed sequentially,
the system provided immediate feedback through
alerts and status indicators.

Figure 5 illustrates the detection of concept drift
and anomalies in the data stream, where drift
regions are shown as highlighted segments and
anomalies are represented as distinct markers.

Overall, the results confirm that the system
effectively combines detection, visualization, and
explainability to provide a clear and user-friendly
monitoring solution.

DISCUSSION :

The results confirm that the system effectively
distinguishes between gradual and sudden changes
in data behavior. The higher frequency of
anomalies suggests that the dataset contains more
abrupt variations than progressive shifts.

The integration of visualization and explainability
enhances usability by presenting concise insights
instead of raw outputs. This improves user
understanding and supports faster decisionmaking.

However, the system relies on statistical
thresholds, which may limit its ability to capture
complex patterns. Performance may also depend
on parameter selection for different datasets.
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Table 5: System Evaluation Summary

Aspect Observation
Drift Identifies gradual data
Detection changes effectively

Anomaly Detects sudden deviations

Detection accurately

Usability Provides clear insights
instead of raw logs

Real-Time Supports continuous

Capability monitoring

Limitation Depends on statistical

thresholds

Overall, the proposed system demonstrates a
practical balance between detection capability,
interpretability, and usability, making it suitable
for real-time data monitoring applications.

enabling continuous observation and immediate
feedback.

Overall, the proposed system improves decision-
making by combining detection, visualization, and
explainability within a single platform. It provides
a practical and wuser-friendly approach for
monitoring dynamic data environments.

CONCLUSION :

This paper presented a real-time concept drift
monitoring system designed to detect and analyze
changes in data streams. The system integrates
concept drift detection and anomaly detection with
interactive  visualization to  provide a
comprehensive monitoring solution. Unlike
traditional approaches that focus only on detection,
the proposed system emphasizes usability by
presenting concise insights and highlighting key
events instead of overwhelming users with raw
data.

The implementation demonstrates that the system
can effectively identify both gradual changes and
sudden deviations while maintaining clarity and
ease of interpretation. The inclusion of a live
monitoring module further enhances its
applicability in real-time environments by
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