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Abstract

Real-time systems require predictable response behavior
because excessive and unpredictable execution delays can
affect the reliability of time-sensitive applications. This paper
presents the development of a Linux-based real-time latency
monitoring, storage, and visualization system using the
Real-Time Linux Analysis (RTLA) framework. The proposed
system uses the RTLA timerlat tracer to measure
operating-system timer latency and obtain IRQ, thread, and
user-level latency observations. A Python-based collector
continuously reads the RTLA output, extracts the required
current latency values, and stores the measurements in an
SQOLite database. A Flask-based web backend retrieves the
stored measurements and provides them to a web dashboard
through an application programming interface. The
dashboard presents the current IRQ, thread, and user latency
values together with historical graphs and threshold-based
status information. This architecture provides a continuous
path from kernel-level latency measurement to persistent
storage and web-based visualization, reducing the need for
manual observation of terminal output. The experimental
observations demonstrate that latency can vary significantly
under system activity, highlighting the importance of
monitoring both current and historical measurements rather
than relying only on average values. A documented cyclictest
experiment produced a minimum latency of 26 us, an
average latency of 973 us, and a maximum latency of 16 ms.
The proposed system provides a foundation for further
studies involving machine-learning-based latency prediction,
hardware performance-counter correlation, virtualization
analysis, and automated alert notification.

Index Terms— Real-Time Linux, RTLA, timerlat, latency
monitoring, IRQ latency, thread latency, user latency,
SQLite, Flask, Linux kernel, real-time systems, latency
visualization.

L. INTRODUCTION

Real-time computing systems are required to respond to
events within predictable timing constraints. In such systems,
the correctness of an operation depends not only on the
produced result but also on when the result is produced.
Delays introduced by interrupt handling, task scheduling,
kernel  execution, CPU  contention, and  other
operating-system activities can therefore affect the timing
behavior of applications. Linux provides extensive
scheduling and tracing facilities, while real-time
configurations such as PREEMPT RT are designed to make
important kernel execution paths more preemptible and
reduce sources of scheduling latency [6], [7], [13].
Nevertheless, measuring the actual latency experienced by a
running system remains important because system behavior
can vary with workload, CPU activity, configuration, and
hardware conditions.

The Linux Real-Time Analysis (RTLA) framework provides
tools for analyzing real-time properties of Linux systems.
RTLA uses kernel tracing capabilities rather than treating
Linux only as a black-box system, allowing latency behavior
and possible causes of unexpected results to be investigated
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[1]. One of its principal tools, rtla timerlat, measures timer
latency at the IRQ and thread stages. The timerlat tracer uses
per-CPU kernel threads with periodic timers and reports
latency information associated with timer wakeups [2]. The
top mode provides continuously updated summary
information, while the hist mode presents a distribution of
timerlat samples [2], [5].

Although command-line tools are effective for real-time
analysis, continuously observing terminal output can make it
difficult to maintain historical measurements and visually
identify changes in latency. A monitoring system can address
this limitation by connecting the measurement tool to a
data-collection, storage, processing, and visualization
pipeline. In the proposed system, RTLA provides the
measurement source, a Python-based collector.py process
extracts the required latency fields, SQLite provides
persistent local storage, and a Flask web application provides
the interface between stored measurements and the dashboard
[3], 41, [12].

The proposed dashboard focuses on three latency values used
by the project: IRQ latency, thread latency, and user latency.
The current values are displayed numerically, while historical
observations are plotted to provide a time-based view of
system behavior. A configurable alert threshold is also used
to classify the current state. If any monitored latency exceeds
the configured threshold, the dashboard reports a
high-latency condition. This provides a simple and
transparent mechanism for identifying latency excursions
without changing the underlying RTLA measurement
process.

The main contribution of this work is therefore an integrated
monitoring pipeline that connects operating-system-level
latency measurement with persistent storage and web-based
visualization. The system preserves the measured data so that
current observations can be compared with earlier
observations. It also establishes a software architecture that
can be extended with automated notifications, hardware
performance-counter measurements, virtualization
experiments, and machine-learning-based latency prediction.
These extensions are considered future work rather than
components of the current implementation.

The remainder of this paper describes the technical
background, proposed  architecture, implementation
methodology, experimental setup, results, limitations, and
future extensions of the RTLA-based monitoring system.
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II. RELATED WORK

Real-time Linux analysis has been studied through kernel
scheduling, tracing, latency measurement, and real-time
kernel technologies. The Linux scheduler provides several
scheduling classes and mechanisms for managing CPU
execution, including real-time scheduling facilities and
deadline scheduling [6]. Scheduling behavior is directly
related to latency because a runnable task may have to wait
for the CPU while another execution context is active. Linux
also provides specialized real-time scheduling mechanisms,
while PREEMPT RT modifies important kernel mechanisms
to make execution more preemptible and uses threaded
interrupt handling to reduce sections in which preemption is
restricted [7], [13].

RTLA extends the Linux tracing infrastructure with tools
specifically intended to analyze real-time behavior. The
RTLA framework includes osnoise, timerlat, and
hardware-noise analysis tools [1]. In particular, timerlat
measures timer latency at the interrupt and thread stages and
can provide both summary and histogram representations [2].
The timerlat tracer is intended to help identify sources of
wakeup latency in real-time threads and uses periodic timers
to calculate the difference between expected and actual
wakeup times [2], [5]. These capabilities make RTLA an
appropriate measurement source for the proposed monitoring
system.

Cyclictest is another established tool for measuring real-time
system latency. It repeatedly compares a thread's intended
wakeup time with its actual wakeup time and reports latency
statistics [5]. The project uses cyclictest as a complementary
reference measurement rather than replacing RTLA. The
distinction is important: cyclictest provides latency statistics
for repeated wakeups, whereas the proposed system uses
RTLA timerlat as the primary source and additionally
preserves the IRQ and thread-related information exposed by
timerlat. The documented project experiment produced a
minimum latency of 26 us, an average of 973 us, and a
maximum of 16 ms. These values illustrate why minimum,
average, and maximum observations can provide different
views of system timing behavior.

Kernel tracing is another important area of related work.
Linux tracing facilities such as ftrace allow kernel execution
behavior to be examined at a lower level [8]. RTLA itself
builds on Linux tracing capabilities, making tracing an
important part of the broader methodology for understanding
operating-system latency [1]. The proposed dashboard does
not attempt to replace detailed tracing. Instead, it provides a
higher-level monitoring layer in which selected latency
measurements can be collected, stored, and visualized
continuously.

Persistent storage is also important for latency monitoring
because terminal output alone does not provide a convenient
historical record. SQLite is a lightweight embedded relational
database that can be used without a separate database server
[3], [12]. In the proposed architecture, the database stores
timestamped latency observations produced by the collector.
This enables the Flask backend to retrieve recent
measurements and allows the dashboard to plot historical
values.

Flask provides the web application layer used to expose the
stored measurements to the dashboard [4]. The proposed
implementation uses Flask to query SQLite and return
structured latency data through an API. The browser then
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uses these values to update the current-value indicators,
status information, and historical charts. This separation
between measurement, storage, backend processing, and
visualization allows each stage to be tested independently.

Previous work and documentation also provide a basis for the
future extensions considered in this project. Linux
performance-counter facilities can expose hardware and
software performance events, making it possible to
investigate relationships between latency and events such as
CPU activity and cache behavior [9], [10], [14]. Real-time
virtualization research further motivates evaluation of latency
under  virtualized configurations [11].  Worst-case
execution-time research emphasizes the importance of
understanding timing variability rather than relying
exclusively on average execution behavior [15].

The proposed work differs from these individual tools and
studies by integrating measurement and visualization into a
single monitoring pipeline. RTLA remains responsible for
latency measurement, while the Python collector, SQLite
database, Flask backend, and web dashboard provide
continuous data handling and presentation. Thus, the system
is intended as a practical monitoring layer around existing
Linux real-time analysis facilities rather than as a
replacement for the underlying kernel tracing mechanisms.

II1. SYSTEM ARCHITECTURE

The proposed RTLA Real-Time Latency Monitoring System
consists of multiple software layers that work together to
measure, collect, store, process, and visualize Linux real-time
latency. The architecture is designed so that the latency
measurement mechanism remains independent from the
database, web backend, and visualization components. The
overall data flow is:
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Fig. 1. Overall architecture of the proposed RTLA real-time
latency monitoring system

A. Linux System and RTLA Timerlat

The Linux operating system is the measurement environment
in the proposed system. RTLA is used to analyze real-time
behavior, with rtla timerlat serving as the primary latency
measurement mechanism. Timerlat measures the delay
associated with timer wakeups and reports latency
information for the IRQ and thread stages [1], [2].

The RTLA timerlat output contains several statistical fields,
including current (cur), minimum (min), average (avg), and
maximum (max) latency. The proposed collector is
configured to extract the required current latency values so
that the dashboard represents the latest observed
measurement rather than unintentionally displaying an
average or maximum value.

The project monitors three values:

* TRQ Latency: latency observed at the interrupt-handling
stage.
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* Thread Latency: latency associated with the timerlat
thread stage.

» User Latency: the user-level latency value collected by
the project.

These measurements form the input to the subsequent

data-processing pipeline.

B. Python Data Collector

The collector.py program acts as the bridge between RTLA

and the database. It continuously reads the output produced
by the timerlat measurement process and parses the relevant
fields.

The collector identifies the appropriate latency values from
the RTLA output and converts them into structured records.
Each record contains the measurement time and the
corresponding IRQ, thread, and user latency values. The
extracted data is then inserted into the SQLite database.

This component is important because raw terminal output is
designed primarily for human observation, whereas the web
dashboard requires structured data. The collector therefore
converts the continuously generated RTLA measurements
into a format that can be stored and processed
programmatically.

C. SQLite Database

SQLite is used as the local persistent storage layer. It
provides a lightweight relational database without requiring a
separate database server [3], [12].

The latency records are stored with fields such as: timestamp,
CPU, IRQ latency, Thread latency, and User latency.

The database provides two main advantages. First, it
preserves measurements after they have disappeared from the
terminal display. Second, it provides historical data that can
later be queried by the Flask backend for graph generation
and analysis. The database therefore acts as the central
storage point between the measurement process and the web
application.

D. Flask Backend

The Flask application provides the server-side layer between
SQLite and the web interface. Flask is used to create the web
application and expose the stored measurements through an
API [4].

The backend receives a request from the dashboard and
executes an SQL query on the latency database. The selected
records are converted into structured response data
containing the timestamp and latency fields. The API can
therefore provide the latest measurements as well as a set of
historical observations required for graph visualization.

This separation prevents the dashboard from directly
accessing the database. Instead, the Flask application controls
how database information is retrieved and presented to the
client.

E. Web Dashboard

The web dashboard is the presentation layer of the proposed
architecture. It receives latency information from the Flask
API and presents it in an easily understandable form. The
dashboard displays:

1. Current IRQ Latency

2. Current Thread Latency

3. Current User Latency

4. Historical latency graphs

5. Threshold-based status
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The graphs provide a time-based representation of the stored
measurements. This makes it possible to observe whether
latency remains relatively stable or experiences an increase
during system activity.

F. Threshold and Alert Classification

A configurable threshold is used to classify the observed
latency. Let T represent the configured threshold and L
L ,and L IRQ

Thread . represent the three current latency values.

Use
The system applies the following rule:
Status = HIGH LATENCY, if max(L | L , L )>T;
IRQ  Thread  User
NORMAL, otherwise
Therefore, the system reports HIGH LATENCY when at
least one of the monitored latency components exceeds the
configured threshold. If all three values remain at or below
the threshold, the dashboard reports NORMAL. The
threshold is an application-level classification boundary. It is
not a universal Linux real-time limit and should be selected
according to the requirements of the monitored application.
G. End-to-End Data Flow
The complete operation of the system can be summarized as
follows:
* Step 1: The Linux system executes the RTLA timerlat
measurement.
* Step 2: RTLA generates timer-latency measurements for
the monitored CPU or CPUs.
* Step 3: collector.py reads the RTLA output and extracts
the required current IRQ, thread, and user latency values.
* Step 4: The collector stores the measurements in the
SQLite latency.db database.
* Step 5: The Flask backend queries the database through
the /api/latency endpoint.
* Step 6: The web dashboard receives the structured data
from Flask.
* Step 7: The dashboard displays the latest latency values,
historical graphs, and threshold-based status.
This architecture establishes a traceable path from the
original kernel-level measurement to the value displayed on
the web page. Consequently, a displayed latency value can be
traced backward through the Flask API and SQLite record to
the measurement collected from RTLA.
IV.METHODOLOGY
The proposed system follows a layered methodology in
which real-time latency is first measured using RTLA and
then collected, stored, processed, and visualized through a
web-based monitoring system. The complete methodology
consists of latency measurement, data collection, database
storage, backend processing, threshold classification, and
dashboard visualization.
A. Real-Time Latency Measurement
The first stage uses the Linux Real-Time Linux Analysis
(RTLA) framework. The rtla timerlat tool is used as the
primary source of latency measurements. Timerlat measures
the delay associated with timer wakeups and provides latency
information at the IRQ and thread stages. The RTLA output
contains several statistical values such as current (cur),
minimum (min), average (avg), and maximum (max). For the
proposed dashboard, the current (cur) latency values are
selected for continuous monitoring. The monitored values are
IRQ latency, thread latency, and user latency.

For example, an RTLA observation can provide values such

as L =75us, L = 256 us, L = 265 us. These
IRQ Thread User
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values are subsequently passed to the data-collection stage.
B. Latency Data Collection

The second stage is implemented using the Python program
collector.py. The collector reads the continuously generated
RTLA timerlat output and identifies the required latency
fields. The collector performs the following operations:

Starts or reads the RTLA timerlat measurement stream.
Captures the generated terminal output.

Identifies the relevant latency line.

Extracts the current IRQ, thread, and user values.
Associates the measurement with a timestamp.

Stores the structured measurement in SQLite.

The collector acts as the interface between the RTLA
measurement tool and the database. This avoids requiring the
dashboard to directly interpret raw terminal output.

C. Database Storage

After extraction, the measurements are stored in an SQLite
database named latency.db. SQLite is used because it

oopwNa

provides lightweight local relational storage without

requiring a separate database server. A typical record

contains:

Field Description

Timestamp Time at which the measurement was
recorded

CPU CPU associated with the observation

IRQ Latency Current IRQ latency in ps

Thread Latency | Current thread latency in ps

User Latency Current user latency in ps

The database provides persistent storage for the

measurements. Therefore, values that have already

disappeared from the terminal output can still be retrieved
later for graphing and analysis.
D. Flask Backend Processing
The Flask application provides the backend interface between
the SQLite database and the web dashboard. When the
dashboard requests latency information, Flask executes an
SQL query on latency.db and retrieves the required records.
The backend then converts the database records into
structured data and returns them through the /api/latency
endpoint. The basic data flow is:

SQOLite Database — SQL Query — Flask AP — JSON

Response — Web Dashboard

This separation allows the database and user interface to
remain independent. The dashboard does not directly access
the SQLite database.
E. Threshold-Based Status Classification
The methodology includes a configurable threshold for
identifying elevated latency. Let the configured threshold be

T, and let the current measurements be L , L , and

IR Thread
I Q rea

User . L ) > T
Status = HIGH LATENCY, if max(L , L
IRQ  Thread  User
NORMAL, otherwise
Thus, the system checks all three latency values. If even one
value exceeds the configured threshold, the dashboard reports
a high-latency condition. For example, with 7 = 50 ps and
L =26 ps, L =45 ps, L = 75 ps, the status
IRQ Thread User
becomes HIGH LATENCY because the user latency of 75 us

exceeds the 50 ps threshold. The threshold is an

application-level classification limit, not a universal Linux
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real-time limit. Its value should therefore be selected
according to the timing requirements of the application being
monitored.
F. Web-Based Visualization
The final stage is the web dashboard. The dashboard receives
the JSON data from the Flask API and presents the
measurements graphically. The interface contains three main
types of information:
1. Current latency values — displays the latest IRQ,
thread, and user latency.
2. Historical graph —
measurements against time.
3. Status classification — indicates whether the measured
latency is within or above the configured threshold.
The historical graph is particularly useful because a single
current value cannot show how latency has changed over
time. By storing successive measurements in SQLite and
retrieving them through Flask, the dashboard can display the
evolution of latency.
V. EXPERIMENTAL SETUP
The proposed RTLA-based latency monitoring system was
implemented and evaluated in a Linux environment to verify
the measurement, collection, storage, and visualization of
real-time latency. The experimental setup consists of the
RTLA timerlat tool, a Python-based data collector, an SQLite
database, a Flask web server, and a browser-based dashboard.
The overall experimental workflow follows the sequence
RTLA measurement — data collection — database storage
— backend processing — web visualization.
The primary latency measurements were obtained using rtla
timerlat. The tool was used to observe timer latency
associated with the IRQ and thread stages and to provide the
latency information required by the monitoring application
[1], [2]. The RTLA output provides current, minimum,
average, and maximum latency values. In the proposed
implementation, the current (cur) values were extracted by
collector.py and used as the latest latency observations for the
dashboard.
The experimental system used a Linux/Ubuntu environment
with two online CPUs. The Python collector continuously
processed the RTLA output and stored the extracted
measurements in the SQLite database latency.db. Each
database record contains the measurement timestamp and the
corresponding IRQ, thread, and user latency values. SQLite
was selected as the storage mechanism because it provides
lightweight local relational storage without requiring a
separate database server [3], [12].
The Flask application was used as the backend interface
between the database and the web dashboard. The backend
retrieves the stored latency records through an SQL query
and provides the measurements through the /api/latency
interface. The dashboard receives this data and displays the
current IRQ, thread, and user latency values together with
historical latency plots. This arrangement allows the values

displayed in the dashboard to be traced back to the

plots previously collected

corresponding database records and, ultimately, to the RTLA
measurements.
A configurable threshold was used to classify the observed

latency condition. Let 7 denote the configured threshold and
L L ,and L
IRQ  Thread User

The monitoring system classifies the condition as HIGH
LATENCY when at least one of the three measurements

denote the measured latency values.
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exceeds the threshold:
Status = HIGH LATENCY, if max(L , L Lo )>T;
IRQ  Thread  User
NORMAL, otherwise.

The threshold is used as an application-level monitoring
boundary and is not considered a universal real-time limit.
Therefore, the selected threshold value is reported together
with the experimental conditions.

For complementary latency evaluation, cyclictest was also
used. The documented cyclictest experiment was performed
using the command:

sudo cyclictest -p 99 -m -I 1000 -1 100000

The recorded measurements were a minimum latency of 26
us, an average latency of 973 ps, and a maximum latency of
16 ms. These results demonstrate the difference between
typical and worst observed latency during the measurement
interval. The maximum value was substantially higher than
the average, indicating that occasional latency excursions can
be hidden when only average latency is considered.

The experimental setup also supports evaluation under
different system conditions. Measurements can be collected
under an idle system and under additional CPU workload,
such as executing yes > /dev/null. The system can
also be evaluated with different virtual CPU configurations
when running inside a virtual machine. For each condition,
the measured latency values can be recorded in the database
and compared using the historical dashboard plots.

The evaluation focuses on verifying four aspects of the
proposed system: measurement correctness, data consistency,
visualization, and threshold classification. Measurement
correctness is verified by comparing the values extracted by
collector.py with the corresponding RTLA output. Data
consistency is verified by comparing the collector records
with the SQLite database and Flask API response.
Visualization is verified by ensuring that the current values
and historical graphs correspond to the stored measurements.
Finally, threshold classification is verified by determining
whether the displayed status changes when one or more
latency components exceed the configured threshold.

TABLE III. EXPERIMENTAL SETUP
Parameter Configuration
Linux/Ubuntu

2 online CPUs

Operating system

CPU configuration

Primary measurement

tool RTLA timerlat

Data collector Python collector.py

Database SQLite latency.db
Web framework Flask
Visualization Web dashboard / Chart.js

IRQ, Thread, User latency
Configurable threshold

Monitored parameters

Status mechanism

VI. RESULTS AND DISCUSSION
The proposed Linux real-time latency monitoring system was

evaluated to verify the complete measurement and

visualization process using RTLA, Python-based data
collection, SQLite storage, and a Flask-based web interface.
The experimental results include basic latency measurements
using cyclictest, observation of the RTLA timerlat interfaces,
and evaluation of the proposed monitoring dashboard under
normal- and high-latency conditions. The results demonstrate
the ability of the developed system to acquire latency
measurements, retain them in a local database, and present
the observed latency condition through a web-based
interface.

A. Basic Latency Measurement

As an initial latency evaluation, cyclictest was executed using
the following configuration: sudo cyclictest -p 99
-m -I 1000

-1 100000

The measured minimum latency was 26 ps, the average
latency was 973 ps, and the maximum latency was 16 ms.
These measurements provide a baseline for observing the
timing behavior of the Linux system under the selected
experimental configuration. The difference between the
average and maximum values indicates that the system
experienced latency excursions that were considerably larger
than the average observation.

TABLE 1V. BASIC LATENCY MEASUREMENT

Measurement Parameter Observed Value

Minimum latency 26 us

Average latency 973 us

Maximum latency 16 ms

The cyclictest measurement is used as a Dbaseline
measurement in  this work. The proposed system

subsequently extends the monitoring process by obtaining
latency information through RTLA and presenting the
measurements through an integrated dashboard.

B. RTLA Timerlat Observation

The RTLA timerlat interfaces were used to observe the
timing behavior of the Linux system. The project results
document both the timerlat top and timerlat hist interfaces.
The timerlat top interface provides an observation of the
timer latency behavior, whereas the histogram interface
provides a distribution-oriented representation of the
measured latency.

timerlat top interface:

Complementary tool cyclictest
Cyclictest minimum 26 us
Cyclictest average 973 us
Cyclictest maximum 16 ms
© 2026, IJSREM | https://ijsrem.com DOI: 10.55041/IJSREM67590 | Page 5
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timerlat hist interface:

TIMERLAT AUTO ANALYSIS:

The wuse of both interfaces provides complementary
information. The top interface is useful for observing the
current latency behavior, while the histogram representation
provides information about the distribution of latency
observations. This information forms the measurement basis
for the subsequent collection and visualization stages of the
proposed system.

C. Proposed Latency Monitoring Architecture

The experimental implementation follows the architecture
developed for the project. RTLA provides the latency
measurements, which are processed by the Python-based
collector.py program. The collected values are stored in an
SQLite database and subsequently retrieved by the Flask
application through app.py. The processed measurements are
then presented through the web dashboard. The project
document explicitly includes the architecture and the
corresponding implementation stages involving the collector,
SQLite database, Python application, and dashboard. The
complete processing sequence can therefore be represented
as:

RTLA Timerlat — collector.py — SQLite Database —
app.py — Web Dashboard

This architecture separates measurement, storage, processing,
and visualization functions. Such separation allows the
latency measurements obtained from the operating system to
be retained and subsequently analyzed through the web
interface.
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D. Normal-Latency Monitoring Result

The project results include a NORMAL LATENCY
STATUS ALERT obtained from the implemented
monitoring  system. The corresponding experimental
sequence includes the execution of collector.py, storage in
the SQLite database, execution of app.py, and presentation of
the result through the dashboard.

Collector.p

SQLite Database

ap‘l‘

The normal-status result demonstrates that the developed
application can process the collected latency information and
provide a corresponding system-status indication through the
web interface. Rather than requiring continuous observation
of the RTLA terminal output, the user can obtain the
monitoring result through the dashboard.

NORMAL LATENCY
RTLA Real-Time Latency Dashboard

Curvent Latency
— L
256

Latency Graph

This result also verifies the functional relationship between

the backend components. The collector supplies the
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measurement data, SQLite provides persistent storage, and
the Flask application retrieves the stored information for
presentation. Therefore, the normal-status result represents
not only a dashboard output but also the successful operation
of the complete data-processing chain.

E. High-Latency Monitoring Result

A separate experimental result documented in the project
shows a HIGH LATENCY STATUS ALERT. The
corresponding workflow again includes collector.py, the
SQLite database, app.py, and the dashboard.

Collector.p

The high-latency result demonstrates the monitoring system's
ability to distinguish an abnormal latency condition from a
normal condition according to the configured threshold. This
provides a simple mechanism for identifying latency
excursions during system operation.
HIGH LATENCY

RTLA Real-Time Latency Dashboard

Current Latoncy
wer 476
550,
554,

Latency Graph

The comparison between the normal- and high-latency
dashboard results demonstrates that the proposed system is
capable of converting raw latency measurements into an
immediately interpretable monitoring status. The dashboard
therefore serves as the final visualization layer of the
measurement pipeline.

F. Discussion

The experimental results demonstrate that the proposed
system provides an integrated approach for Linux latency
monitoring. The cyclictest experiment establishes the
presence of measurable timing variation, with the recorded
values ranging from a minimum of 26 ps to a maximum of 16
ms. The RTLA interfaces provide additional visibility into
timer latency behavior through both top-level and
histogram-based representations. These measurements are
subsequently incorporated into the developed software
pipeline consisting of collector.py, SQLite, app.py, and the
web dashboard.
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The normal- and high-latency results further demonstrate the
practical operation of the proposed monitoring mechanism.
Under the normal condition, the dashboard reports a normal
latency status, whereas the high-latency experiment produces
a corresponding high-latency status.

An important feature of the proposed system is that it does
not depend solely on the RTLA terminal interface. Instead,
the measurements are collected and retained in a database
before being presented through the web application. This
provides a structured path for converting low-level Linux
latency measurements into information that can be monitored
through a graphical interface.

The results therefore support the primary objective of the
work: to develop a Linux-based system capable of
measuring, collecting, storing, and visually monitoring
real-time latency information. The current implementation
focuses on measurement and visualization. Advanced
functions such as machine-learning-based prediction,
hardware performance-counter correlation, and automated
external notification can be considered extensions of the
developed framework.

VII. LIMITATIONS

The proposed system provides an integrated framework for
Linux real-time latency monitoring, data storage, and
web-based visualization; however, several limitations
remain. First, the experimental evaluation is based on the
Linux environment and workload conditions used during the
project, and therefore the obtained latency values cannot be
generalized to all hardware platforms, kernel configurations,
or workloads. The measured latency can vary with processor
configuration, scheduling behavior, system load, and other
operating-system conditions.

Second, the current system primarily focuses on collecting
and visualizing the latency measurements generated by
RTLA. Although the dashboard identifies a high-latency
condition using a configurable threshold, it does not
automatically determine the underlying cause of each latency
excursion. Detailed root-cause analysis would require
additional kernel tracing and system-level information.

Third, the threshold used for status classification is an
application-defined monitoring parameter. It provides a
practical criterion for distinguishing normal and high-latency
observations within the developed application, but it should
not be interpreted as a universal real-time performance limit.

Finally, the current implementation does not include
machine-learning-based prediction or hardware
performance-counter correlation. Consequently, the system
currently reports and analyzes measured latency rather than
predicting future latency or correlating latency excursions
with processor-level events.

VIII. FUTURE WORK

The proposed system provides a foundation for several
extensions. One important direction is the integration of a
machine-learning-based latency prediction mechanism.
Historical IRQ, thread, and user latency measurements stored
in the SQLite database can be used as input data for
developing a prediction model. The trained model could
estimate future latency values and display predicted and
actual measurements together on the dashboard. Different
prediction algorithms and evaluation metrics can
subsequently be investigated under different workloads and
system configurations.
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Another extension is the integration of hardware performance
counters. Hardware-level information such as CPU cycles,
cache misses, branch events, and memory-related events can
be collected and correlated with RTLA latency
measurements. Such correlation could help investigate
whether particular hardware-level activities occur together
with increased latency.

The system can also be extended for virtualized and
workload-based experiments. Measurements can be collected
under different virtual CPU configurations and controlled
CPU workloads to study the effect of virtualization and
system activity on real-time latency.

A further extension is automated alert notification. When
IRQ, thread, or user latency exceeds the configured
threshold, the system could generate an external notification
containing the measured values and the component that
exceeded the threshold. A cooldown mechanism could be
incorporated to prevent repeated notifications for the same
continuing latency condition.

These  extensions would transform  the  current
monitoring-oriented framework into a more comprehensive
platform for latency prediction, hardware-level correlation,
workload analysis, and automated real-time monitoring.

IX. CONCLUSION

This paper presented the development of a Linux-based
real-time latency monitoring, storage, and visualization
system using RTLA timerlat. The proposed architecture
integrates RTLA-based latency measurement with a Python
data collector, SQLite database, Flask backend, and
web-based dashboard. This provides a continuous data path
from operating-system-level latency measurement to
persistent storage and graphical visualization.

The experimental results demonstrate the practical operation
of the developed system. The documented cyclictest
experiment produced a minimum latency of 26 pus, an
average latency of 973 ps, and a maximum latency of 16 ms.
The project also demonstrated the use of the RTLA timerlat
top and timerlat hist interfaces and the subsequent processing
of latency information through collector.py, SQLite, app.py,
and the dashboard.

The normal- and high-latency experiments further
demonstrated the ability of the system to classify and
visualize different latency conditions through the web
dashboard. The documented results show the complete
processing sequence involving the collector, database,
Python application, and dashboard for both conditions.

The developed system therefore provides a practical
foundation for continuous Linux latency observation without
depending solely on manual inspection of command-line
output. The current implementation focuses on measurement,
collection, storage, threshold-based classification, and
visualization, while machine-learning prediction, hardware
performance-counter integration, virtualization analysis, and
automated notification remain potential areas for future
development.
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