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Abstract: 

Monitoring and visualization of operational data play a crucial role in 

supporting data-driven system management. A common challenge 

encountered is that log data from various systems are not integrated into a 

single central repository, which then impedes monitoring efforts. This study 

outlined the use of a log analyzer tool to facilitate the monitoring and 

visualization of operational data through an integrated dashboard. The 

applied methodology includes log data acquisition, data transformation into 

a structured database schema, and information representation in a visual 

format. The developed system provided the capability to observe real-time 

operational conditions and system performance metrics. Research findings 

indicate that the implementation of a log analyzer contributed to improved 

data understanding and increased monitoring process effectiveness. Overall, 

the results of this study conclude that log analyzer can be a supporting tool 

in the process of data-driven decision-making in the operational 

environment of an institution. 

Keywords: Log Analyzer, System Monitoring, Operational Data, Data 

Visualization, Integrated Dashboard  

 

 

Introduction 

 Operational system monitoring is a crucial aspect of managing information 

technology infrastructure because systems generate large volumes of operational data that 

needs to be analyzed to support data-driven decision-making [1][2]. System logs are the 

primary source of operational data as they record system activities and internal 

conditions, but their potential for monitoring is often not optimal [3][4]. Problems arise 

when log data is scattered across various system components and not integrated, making 

it difficult to monitor the overall system conditions in real-time [5][6]. Various studies 

show that log analysis can improve system observability and assist in detecting operational 

anomalies [7][8]. To support understanding, log data is generally presented through visual 

monitoring dashboards, although the analysis and visualization processes are still often 
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separated [9-12] . Therefore, integrating log analyzers and monitoring dashboards is 

necessary to improve monitoring efficiency and data-driven decision-making [13-15].  

Modern operational system monitoring largely relies on log and event data 

continuously generated by information systems [16][17]. Log data is used to represent 

system activities and system states through pattern extraction and modeling processes 

[18][19]. Process mining approaches are utilized to abstract event logs, enabling 

systematic understanding of workflows and system behavior [20][21]. In large-scale 

systems, monitoring is generally implemented in a distributed manner to enhance the 

scalability and reliability of log data processing [22]. Literature indicates that operational 

data in modern systems is characterized by high volume and diversity, thereby requiring 

efficient and structured processing mechanisms [23-25]. The results of log analysis are 

then presented through unified dashboards and visualization platforms to support 

continuous operational monitoring [26-28]. However, the increasing complexity of 

systems and log data poses interpretation challenges, necessitating adaptive and 

transparent analysis approaches [29][30].  

The development of monitoring systems drives the adaption of an integrated 

approach that combines system logs, event records, and various data sources to support 

real-time system condition monitoring [31-33]. The quality and reliability of log recording 

play a crucial role in system observability and the effectiveness of operational analysis and 

decision-making [34-37]. In addition to the analytical aspects, the literature also 

emphasizes the importance of security mechanisms in log management and analysis to 

maintain data integrity and the reliability of system monitoring processes [38]. To manage 

data complexity, data-driven methods supported by artificial intelligence are widely 

applied for pattern identification and system deviation detection [39][40]. The literature 

also indicates that modern monitoring systems can involve various supporting 

technologies to enhance system responsiveness and decision-making efficiency [41-45]. 

Furthermore, data visualization and dashboards play a crucial role in translating technical 

data into information that is easily understood by users [46][47]. In general, integrated 

data-based monitoring systems contribute to improved operational effectiveness, asset 

management, and risk mitigation through continuous analysis and early warning 

mechanisms [48-55].  

 

Research Method 

            This section outlined the research approach applied, covering the study design, 

system framework, information collection procedures, data processing methods, visual 

dashboard development, algorithm design, and system validation and performance 

assessment stages. This approach is designed to facilitate the development and validation 

of a data monitoring system that integrates system indicators with operational 

information.  

 

Research Design  

This research was conducted using an implementation case study research 

methodology, with an emphasis on developing a data monitoring platform as a practical 

tool to facilitate supervision of the system's operational status [56]. This monitoring 

platform is built based on the evaluation of log data and parameters; operational data was 

collected, processed, and archived in a structured repository to support continuous 

observation and evaluation of the system's [57].  
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The output from the data processing is then displayed through a visual dashboard 

to convey operational information concisely and optimize data-driven decision-making 

[58]. The research design establishes a comprehensive workflow, starting from data 

acquisition, archiving in a structured database, to information representation through an 

instrument panel as an integrated monitoring system unit. The research process includes 

several stages:  

• Identification of monitoring needs.  

• Construction of system architecture and data models.  

• Development of data acquisition and retention modules.  

• System alignment and control panel arrangement.  

• System validation to verify operationality and data consistency.  

 

System Architecture and Environment  

The system architecture developed in this research is structured as a modular 

monitoring pipelines. This integrates data collection, data archiving, and visual data 

presentation stages into an organized workflow. The objective is to facilitate the 

simultaneous monitoring of system conditions. This method allows each part of the 

system to operate independently while also integrating as a cohesive monitoring 

architecture unit, in line with the principles of monitoring system architecture that relies 

on data visualization [59].  

This system is implemented using several components. PostgreSQL functions as a 

relational database that manages structured operational data storage. Prometheus and 

Node Exporter are chosen to collect various system performance metrics. Meanwhile, 

Grafana is utilized as a means of data visualization through the presentation of monitoring 

dashboards. architecture The clear division of functions between these components is 

designed to ensure orderly data management and simplify system monitoring and analysis 

activities. Prometheus is configured to periodically collect system metrics provided by 

Node Exporter, while PostgreSQL is utilized to store operational data generated during 

monitoring activities. Information from both these sources is subsequently accessed by 

Grafana and displayed in a unified monitoring dashboard. This allows for a concise and 

easily understandable presentation of system status, in line with the function of an 

interactive dashboard as a real-time system condition monitoring interface [60].  

All parts of this system are operated within a virtualization environment. The 

primary goals of this step are to isolate the system, maintain configuration uniformity 

among different components, and simplify the deployment, administration and evaluation 

processes of the monitoring system being developed.  

 

Figure 1. System architecture of the data monitoring platform 
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Data Acquisition  

Data collection in this study originates from two primary sources: system 

indicators and operational information. The goal is to obtain a holistic perception of the 

system's state, encompassing both infrastructure performance aspects and the data 

dynamics occurring within it. This strategy supports a more integrated system observation 

by simultaneously integrating technical and operational dimensions.  

System indicator information is gathered through Node Exporter, which provides 

data on server performance, such as CPU utilization, memory, disk, and network. This 

data is then collected periodically by Prometheus, a monitoring platform focused on time-

series data. Additionally, the study also integrates operational information generated by 

the data generator system. This information reflects operational activities and is stored in 

a database as complementary monitoring elements. Information from both sources is then 

applied to the data processing and visualization phase to support the continuous system 

condition monitoring mechanism.  

 

Data Processing and Extract, Transform, Load (ETL)  

The data processing in this research adopts the Extract, Transform, Load (ETL) 

methodology to prepare acquired data for use in the monitoring and visualization system. 

The ETL process is applied to two main data categories: system metric data and 

operational data, with the aim of ensuring data structure uniformity and facilitating 

interoperability between system components.  

In the extract phase, system metric data is obtained from Prometheus, which 

handles time-series data from the Node Exporter collection. This data reflects the server's 

performance status over specific time spans. Additionally, operational data is extracted 

through a data generator mechanism that produces structured information to describe the 

system's operational activities.  

The transformation phase is carried out to adjust the data format and structure to 

align with the storage schema and visualization requirements. Operational data will be 

structured into a relational format with consistently defined attributes, while metric data 

is prepared to support time-based aggregation and monitoring processes, thus enabling 

integrated utilization of data from both sources.  

In the load phase, the data that has undergone the transformation process is then 

stored into the relevant storage system. A relational database is used to store operational 

data, while a time-series storage system is utilized for metric data. The loaded data can 

then be accessed by the visualization layer to support the integrated and continuous 

presentation of monitoring information. To provide a clearer overview of the data 

processing flow applied, a summary of the stages in the ETL process is presented in Table  

 

Table 1. Summary of Data ETL Process Stages 

Stage Process Description 

Extract Data Retrieval 

System metric data is extracted from 

Prometheus and operational data is 

obtained from the data generator. 

Transform Data Data is structured to conform to the 
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Structuring storage schema and validated to 

ensure consistency across system 

components. 

Load Data Storage 
Processed data is stored in the 

appropriate database system. 

Output 

Data Ready 

for 

Visualization 

Data is available for use in the 

monitoring dashboard. 

 

Dashboard Procedure  

This phase outlines procedures for presenting monitoring results in a visual 

dashboard format. This dashboard serves as the primary means for concisely and clearly 

communicating system status, encompassing both system metrics and operational 

information. Information is presented in an integrated manner to facilitate continuous 

system status oversight. In this regard, the dashboard acts as an interactive visual interface 

that supports system status observation and data-driven decision-making [61].  

Grafana was chosen as the visualization software due to its capabilities in 

processing and displaying data from multiple sources. In the initial phase, data source 

configuration was performed by integrating Grafana with Prometheus for system metric 

access, and with PostgreSQL for retrieving structured operational data. Thus, two different 

types of data can be consolidated in one visualization environment. The dashboard is 

composed of several fundamental sections. The section measuring system metrics 

contains server performance indicators, including CPU, memory, disk, and network 

utilization. Meanwhile, the operational data section presents an overview of transactions, 

data distribution, and system activity patterns. Data is updated periodically based on the 

retrieval frequency from each source, so the main screen automatically displays the 

current system status. Visualization through monitoring dashboards facilitates a deeper 

observation of the system status and tracked operational data. To differentiate the types 

of data displayed, the visualization is categorized into two main views: a dashboard that 

presents system performance indicators, and an operational data dashboard that presents 

several main views including Executive, Detail, Regional, and Sales. All were developed 

using the Grafana platform to display real-time sales analysis.  

 

Algorithm and Pseudocode  

The algorithm is designed to manage system processes in handling data, covering 

the stages of acquisition, processing, storage, and presentation of information on a 

monitoring dashboard. Broadly, the monitoring system involves two fundamental 

algorithmic paths: algorithms for system metric processing and algorithms for operational 

data processing. These two paths are formulated to operate independently, distinguishing 

the characteristics of their respective data, but are connected at the visualization phase to 

facilitate comprehensive monitoring of system conditions.  

To concretely elaborate the logical sequence of the monitoring system, this 

research presents pseudocode that serves as a structured overview of the crucial stages in 

the process. The pseudocode is presented for two main paths, namely system metric 

monitoring and operational data monitoring. Each pseudocode specifically outlines the 

sequence in terms of data acquisition, data transformation, archiving, and pre-

visualization stages. 
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Table 2. Pseudocode system metric monitoring 

Input Process Output 

• Server/VM 

metrics endpoint 

from Node 

Exporter (:9100) 

• Prometheus 

scrape 

configuration 

(prometheus.yml) 

• Grafana 

datasource 

configuration 

(Prometheus) 

1. Start Node Exporter on the 

monitored server. 

2. Node Exporter exposes 

system metrics, including 

CPU, memory, disk, and 

network usage. 

3. Prometheus periodically 

scrapes metrics from the 

Node Exporter endpoint. 

4. Collected metrics are stored 

as time-series data in 

Prometheus. 

5. Grafana connects to 

Prometheus as a data source. 

6. Grafana queries system 

metrics through dashboard 

panels. 

7. Dashboard panels are 

refreshed based on the 

configured refresh interval. 

Real-time system 

metrics 

visualization on 

Grafana 

dashboard. 

 

 Table 3. Pseudocode operational data monitoring 

Input Process Output 

• Operational data 

generation 

mechanism 

• PostgreSQL 

database 

configuration 

• Grafana data 

source 

configuration 

(PostgreSQL) 

1. Execute the data generator to 

produce operational data 

records. 

2. Validate the generated data to 

ensure structural consistency. 

3. Establish a connection to the 

PostgreSQL database. 

4. Insert operational data into the 

corresponding database tables. 

5. Grafana connects to PostgreSQL 

as a data source. 

6. Grafana queries operational 

data using predefined queries. 

7. Dashboard panels are updated 

periodically based on the 

refresh interval. 

Visualization 

of 

operational 

data on the 

monitoring 

dashboard. 
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Testing and Evaluation  

The testing and assessment phase is carried out to ensure that the monitoring 

system that has been developed can operate according to the research objectives. Testing 

focuses on system functionality, data consistency, and the stability of the overall 

monitoring process. This assessment aims to measure the system's readiness in 

supporting continuous monitoring of system conditions. Functional testing is carried out 

by verifying the data flow from each crucial element of the system. Node Exporter is tested 

to verify that system metrics are successfully exposed and collected by Prometheus, while 

operational data generated by the data generator module is tested to ensure it can be 

accurately stored in the PostgreSQL database. Furthermore, Grafana is tested to confirm 

its ability to access both data sources and present monitoring information according to the 

designed dashboard.  

In addition, the data verification process is carried out by comparing the 

information collected in the database and monitoring system with the data shown on the 

dashboard. This activity aims to ensure there are no discrepancies in values or data loss in 

the information acquisition and presentation cycle. An observation of basic system 

performance is also conducted by focusing on the regular data update periods on the 

dashboard, as well as the system's operational stability during the monitoring phase. 

Findings from the testing indicate that the system is capable of functioning stably and 

facilitates monitoring capabilities in accordance with the specified requirements.  

 

Results 

      This section describes the result of the monitoring system implementation and data 

visualization as as described in the methodology. These results are obtained through the 

integration of system metric pipelines and operational information into a Grafana 

dashboard. This allows for an integrated view of performance and operational activities. 

In addition to presenting the implementation results and dashboard, this section also 

includes an assessment of the system's functional performance and an analysis of crucial 

findings to evaluate the effectiveness of the developed data-driven monitoring method.  

 

Results of System Implementation (Monitoring and ETL)  

In accordance with the implementation architecture diagram in Figure 1, system 

monitoring development involves two main flows: the system metrics flow and the 

operational data flow. These two flows are then integrated at the visualization level using 

the Grafana platform. The system metrics flow utilizes Node Exporter to expose server 

performance parameters such as CPU, memory, disk, and network. Subsequently, 

Prometheus periodically collects (scrapes) this data and stores it in a time-series database 

for visualization on the performance dashboard.  

Meanwhile, the operational data flow is implemented through a data generator 

module that produces transaction data in a structured format. This data is then stored in 

a PostgreSQL database and serves as the primary source for visualizing operational 

indicators in Grafana. Thus, the monitoring covers not only infrastructure status but also 

operational activities comprehensively within a unified interface. A summary of the 

implementation results of each element along with its success metrics is detailed in Table 

4. This table indicates that the essential components have functioned as intended and have 

been effectively integrated in the visualization phase.  

 



                                                                         

 

 
Page 1339 of 1351 

 

Table 4. Summary of monitoring system implementation results 

Component Function Implementation Status 

Node Exporter 
Collects system 

metrics 

Successfully running and connected to 

Prometheus 

Prometheus Stores metric data 
Time-series data has been successfully 

stored and visualized 

Data Generator 
Produces 

transaction data 

Successfully generated data according 

to the defined schema 

PostgreSQL 
Stores operational 

data 

Data were successfully stored and are 

accessible by Grafana 

Grafana 

Displays an 

integrated 

dashboard 

Dashboard successfully display real-

time metric and operational data 

 

Through the achievement of integration between these two flows, the subsequent 

discussion will focus on the visual representation of the dashboard and the interpretation 

of the metrics presented in each dashboard view in the following section.  

 

Results Dashboard  

The monitoring system was implemented through the Grafana interface, which is 

divided into two data classifications: system metrics and operational data. This integrated 

design aims to simplify interpretation, allowing users to evaluate infrastructure conditions 

and operational activities within a single review context. By utilizing this interface, 

supervision is carried out in a consolidated manner, presenting more intuitive 

visualizations compared to the original data sources. The created graphical interface 

includes the Metrics Dashboard (Local) along with a series of operational dashboards, 

consisting of four visualization sections: Executive, Detail, Regional, and Sales.  

a. System Metrics Dashboard  

The system metrics dashboard is utilized to directly monitor server performance, 

focusing on CPU, memory, disk, and network parameters. The primary objective is to 

identify deviations or unusual load increases more promptly. In the context of the 

internship report, the implementation of this dashboard presented through the Local 

Metrics Dashboard. Figure 2 presenting a Local System Metrics Dashboard implemented 

using Grafana. This dashboard provides real-time visualization of key performance 

indicators to monitor system behavior.  
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Figure 2. Local System Metrics Dashboard implemented using Grafana 

 

b. Operational Data Dashboard  

The operational data display presents a visual representation of transaction 

information stored in the database, which is then processed through specific requests to 

be reflected in Grafana. The design of this visualization aims to facilitate users in 

monitoring operational activities from a single integrated location, covering performance 

summaries to detailed breakdowns categorized by geographical area and time range. 

Broadly, the operational data display is divided into four main sections: Executive 

Dashboard, Detail Dashboard, Regional Dashboard, and Sales Dashboard.  

Executive Dashboard displays a summary of key metrics (e.g., total number of 

transactions/sales and their trends) to provide a brief overview of the operational status. 

Figure 3 presenting an Executive Operational Data Dashboard implemented using 

Grafana. This dashboard provides a comprehensive performance summary visualization 

to facilitate users in real-time monitoring of overall operational status.  
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Figure 3. Executive Operational Data Dashboard implemented using Grafana 

 

Detail Dashboard provides an in-depth view for detailed analysis, such as comparing 

performance between units and presenting a ranked list (best/worst) as needed for 

analysis. Figure 4 presenting a Detail Operational Data Dashboard implemented using 

Grafana. This dashboard enables in-depth monitoring of operational data to help users 

analyze data performance more effectively.  
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Figure 4. Detail Operational Data Dashboard implemented using Grafana 

 

Regional Dashboard shows the distribution and performance comparison based on 

geographical location to identify areas with the highest and lowest activity levels. Figure 5 

presenting a Regional Operational Data Dashboard implemented using Grafana. This 

dashboard visualizes geographic distribution and regional performance comparisons to 

help users understand performance differences between regions.  
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Figure 5. Regional Operational Data Dashboard implemented using Grafana 

 

Sales Dashboard focuses on monitoring sales trends based on time ranges that allow 

for clearer observation of changes in sales patterns. Figure 6 presenting a Sales 

Operational Data Dashboard implemented using Grafana. This dashboard displays sales 

data visualizations based on various key aspects related to consumer behavior and product 

performance.  
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Figure 6. Sales Operational Data Dashboard implemented using Grafana 

 

Through the integrated dashboard, users can efficiently monitor and identify shifts in 

system performance patterns or operational activities based on the presented trend charts.  

 

3.3 Results of System Testing and Evaluation  

Testing was conducted to verify that the developed monitoring system functioned as 

designed, encompassing both system metric pipeline and operational data pipeline, and 

to confirm consistent integration within Grafana. The testing in this section concentrated 

on functional aspects, specifically the interconnections between components, successful 

data acquisition and storage, and data readability on the dashboard. Test Case (TC) codes, 

such as TC-01, were used to each test case. A summary of the functional testing results for 

each component is presented in Table 5, while a summary of the implementation 

evaluation, based on the system's primary aspects, is shown in Table 6.  

 

Table 5. Functional Testing Results of the Monitoring System 

Test 

ID 

(TC) 

Scenario/ 

Component 

Test Steps 

(Brief) 

Expected 

Result 

Actual 

Result 

(Brief) 

Status 

TC-01 

Node 

Exporter 

active 

Access metrics 

endpoint on host 

Endpoint 

responds and 

metrics are 

available 

Endpoint 

OK, metrics 

appear 

Pass 

TC-02 
Prometheus 

scraping 

Check targets 

page 

Target detected 

and status is UP 
Target UP Pass 
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target 

TC-03 
Metric data 

stored 

Run a simple 

metric query 

Data appears 

according to 

time range 

Time-series 

data 

displayed 

Pass 

TC-04 

Generator 

produces 

data 

Run generator 

module 

Transaction 

data is formed 

Data 

formed 

according to 

schema 

Pass 

TC-05 
Data stored 

in database 

Check table 

(sample 

query/row) 

Data stored 

without error 

Data is 

queryable 
Pass 

TC-06 

Prometheus 

Datasource 

in Grafana 

Test datasource 

connection 

Connection 

successful 

Connection 

OK 
Pass 

TC-07 

Grafana 

operational 

DB 

Datasource 

Test datasource 

connection 

Connection 

successful 

Connection 

OK 
Pass 

TC-08 
Executive 

Dashboard 

Open dashboard 

and check main 

panel 

Panel rendered 

and populated 

Panel 

displayed 

normally 

Pass 

TC-09 
Detail 

Dashboard 

Open dashboard 

and check 

tables/rangkings 

Detail Panel 

displayed and 

readable 

Panel 

displayed 

normally 

Pass 

TC-10 
Regional 

Dashboard 

Open dashboard 

and check region 

panel 

Region panel 

displayed 

according to 

query 

Panel 

displayed 

normally 

Pass 

TC-11 
Sales 

Dashboard 

Open dashboard 

and check sales 

trends 

Trends 

displayed 

according to 

period 

Trends 

displayed 

normally 

Pass 

TC-12 
Dashboard 

data update 

Observe panel 

refresh 

Values change 

following 

update 

Refresh 

executed 
Pass 

 

Table 6. Summary of Implementation Evaluation Results 

Evaluation 

Aspects 
Indicators Success Criteria Results 

Component 

Connectivity 

Prometheus 

Target Status 

Target Detected 

and UP 
Fulfilled 

Data Source 

Integration 

Grafana 

Datasource 

Connection 

Prometheus & DB 

Connected 
Fulfilled 
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Dashboard 

Readability 
Panel Rendered 

Panel Displays 

Without Error 
Fulfilled 

Data Updates 
Refresh/Update 

Interval 
Consistent Updates Fulfilled 

Operational Data 

Consistency 

Panel Value vs. 

Query Result 
Consistent Values Fulfilled 

Display Stability 
Panel 

Errors/Timeouts 

No Errors During 

Testing 
Fulfilled 

 

Based on the findings presented in Table 5, it can be concluded that all crucial 

elements in the system metrics pipeline and operational data pipeline function as intended 

and are well-integrated, achieving the visualization stage on the Grafana platform. Further 

evaluation outlined in Table 6 indicates that the data source integration process, 

dashboard display clarity, and data update frequency exhibit consistent performance. This 

enables the dashboard to serve as a central interface for comprehensively monitoring 

system status and operational activities. Therefore, the developed monitoring system has 

successfully met the basic functional requirements for oversight and the presentation of 

information relevant to the implementation objectives. 

 

Discussion  

        Based on the dashboard visualization output and functional verification, the 

monitoring system that has been built indicates that the integration of system metric data 

with operational data can be used for integrated supervision through Grafana. This 

integration process provides convenience for users because the observation of 

infrastructure status and operational activities can be carried out within a single analysis 

framework, leading to a more organized interpretation of system conditions.  

In terms of system metrics, the Metrics Dashboard (Local) facilitates the observation 

of CPU, memory, disk, and network with trend representations so that performance 

fluctuations can be identified more efficiently. For operational data, the Executive 

Dashboard presents an overview of conditions, the Detail Dashboard supports in-depth 

analysis through performance comparison between units, the Regional Dashboard aids in 

understanding disparities based on geography, and the Sales Dashboard simplifies the 

monitoring of sales patterns according to time ranges. Overall, the test findings indicate 

that the core system components function as intended up to the visualization phase; 

however, further evaluation development is still possible through the establishment of 

quantitative measures (such as data update latency and load testing) and the integration 

of an early warning system (alerting).  

 

Conclusion 

Based on the problem statement established, this research successfully achieved 

its objective of integrating operational data monitoring and visualization. This was 

accomplished through the utilization of tools such as log analyzers and Grafana 

dashboards. The system was built by designing two main process pipelines: first, system 

metric monitoring using Node Exporter and Prometheus; second, operational data 

monitoring with a data generator and PostgreSQL. Both pipelines were then integrated 

in the visualization stage using Grafana. As a result, information about the 

infrastructure's condition, including CPU, memory, disk, and network, along with 
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operational activities, can be observed on a single integrated platform. This display 

presents a more concise and informative analysis, ultimately supporting data-driven 

decision-making in the operational environment.  

Functional testing results confirmed that all essential components operated 

according to specifications up to the visualization phase. This included interconnections 

between components, data source integration, clarity of panel displays, and uniformity 

of data updates on the dashboard. In the next development phase, the system can be 

enhanced with the implementation of an early warning system (alerting) and 

quantitative analysis, such as measuring data update latency and load testing. This step 

will strengthen the measurable proof of monitoring effectiveness and prepare the system 

for deployment in more demanding operational scenarios.  
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