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Abstract. 

Purpose: This study evaluates the performance of a Virtual Network Computing (VNC)-based remote monitoring 

system within a Flight Information Display System (FIDS) environment. The research aims to identify infrastructure 

factors affecting monitoring performance and to develop a data-driven framework for evaluating monitoring reliability 

in distributed airport systems. 

Methods: Correlation analysis, Analysis of Variance (ANOVA), and multiple linear regression were applied to analyze 

the relationship between system resource utilization, network characteristics, and monitoring performance. The dataset 

consisted of 1,000 observations collected under various simulated monitoring conditions representing variations in 

latency, throughput, CPU utilization, and memory usage. Residual analysis and model evaluation were also performed 

to validate the statistical model. 

Result: The results showed that most infrastructure variables had very weak correlations (−0.02 to 0.05), indicating 

minimal multicollinearity. ANOVA testing revealed no statistically significant latency differences across low, medium, 

and high CPU load categories (F = 0.1625, p = 0.8500), with average latency remaining stable at approximately 52.82 

ms. Regression evaluation demonstrated stable residual distribution and acceptable model consistency. The findings 

indicate that monitoring performance is influenced more by network conditions, particularly latency and throughput 

variability, than by computational load. 

Novelty: This study proposes an integrated analytical framework combining correlation analysis, ANOVA, and 

regression modeling to evaluate VNC-based monitoring performance in distributed systems. The framework provides 

a practical and reproducible approach for monitoring performance evaluation and infrastructure optimization in airport 

monitoring environments. 

 

Keywords: VNC Monitoring, FIDS, Performance Evaluation, Regression Analysis, Network Latency 

Received April 2026 / Revised May 2026 / Accepted May 2026 
 

This work is licensed under a Creative Commons Attribution 4.0 International License. 

 
 

 

INTRODUCTION 
The swift progress in information technology has greatly enhanced the efficiency and automation of 

operational processes across numerous industries, particularly in air transport. Today’s airports rely 

extensively on interconnected information systems to maintain seamless operations and deliver timely, 

accurate data. Among these, the Flight Information Display System (FIDS) plays a vital role by presenting 

up-to-date flight details—such as departure and arrival times, delays, gate information, and boarding 

updates—via displays located throughout the terminal. The system’s consistent performance and 

accessibility are crucial, as any malfunction can impact passenger satisfaction, disrupt airport workflows, 

and compromise overall service standards [1]. 

 

FIDS operates within a complex distributed computing environment consisting of centralized servers, 

multiple display endpoints, and supporting network infrastructure [2]. Therefore, the performance of FIDS 

depends not only on application reliability but also on system resources such as CPU utilization, memory 

usage, storage performance, and network traffic characteristics including throughput, latency, and packet 

delivery [3]. Performance degradation in these components may result in delayed updates, display 

inconsistencies, or monitoring failures [4]. 
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To ensure reliable operations, it is crucial to monitor the FIDS infrastructure effectively. Traditional 

methods based on manual checks are poorly suited for this task, especially given the extensive network of 

dispersed devices and broad geographical coverage [5]. As a result, remote monitoring technologies have 

become an important solution. One commonly used technology is Virtual Network Computing (VNC), a 

remote desktop protocol that enables administrators to monitor and control devices remotely through 

network connections [6]. VNC facilitates quicker problem resolution, lowers operational expenses, 

and enhances responsiveness when addressing system malfunctions. 

 

However, the performance of VNC-based monitoring is highly dependent on system and network 

conditions [7]. Network problems such as high latency, and bandwidth limitations can significantly reduce 

display responsiveness  [8]. Similarly, high CPU or memory utilization may affect encoding and rendering 

processes in remote desktop services. These challenges highlight the importance of understanding how 

system resource utilization and network traffic characteristics influence remote monitoring performance, 

especially in mission-critical systems such as FIDS [9]. 

 

Several previous studies have analyzed remote desktop performance, network traffic behavior, and system 

monitoring independently [10]. Previous studies mainly focused on bandwidth optimization, QoS 

evaluation, and monitoring responsiveness under different network conditions. For example, Wang et al. 

[6] proposed a CNN-based remote desktop optimization method for low-bandwidth environments, which 

improved transmission efficiency. Mukhopadhyay et al. [7] developed a QoS-aware monitoring framework 

that enhanced network reliability and monitoring responsiveness. In addition, Zhang et al. [8] introduced 

an adaptive bandwidth prediction model that improved bandwidth stability in dynamic networks. However, 

most existing studies evaluate network performance and monitoring systems separately without directly 

analyzing the relationship between infrastructure performance and VNC-based monitoring effectiveness in 

FIDS environments [11]. 

 

Despite these contributions, several important limitations remain in prior studies. Existing works on remote 

monitoring systems and distributed network environments generally evaluate infrastructure performance, 

network traffic behavior, or monitoring responsiveness independently. Previous studies also tend to focus 

on bandwidth optimization or Quality of Service (QoS) analysis without systematically examining the 

combined interaction between CPU utilization, network latency, throughput, and monitoring reliability 

within a unified analytical framework [12]. Previous works rarely examine how statistical approaches such 

as ANOVA and regression can be used to quantify the impact of infrastructure conditions on monitoring 

performance. Research specifically addressing the relationship between VNC monitoring performance and 

FIDS operational environments remains limited [13]. Therefore, a comprehensive data-driven analysis that 

connects these aspects is still needed [14], [15]. 

 

To address this gap, this study proposes a data-driven analytical framework combining VNC-based 

monitoring evaluation with ANOVA and regression analysis to assess monitoring performance in FIDS 

environments. Publicly available datasets representing system performance and network traffic 

characteristics were utilized to support reproducible and practical evaluation [16], [17]. The proposed 

framework integrates system resource utilization, network characteristics, and VNC monitoring metrics 

into a unified evaluation model. In addition, this study provides analytical and practical contributions by 

identifying performance factors that influence monitoring reliability and supporting infrastructure 

optimization in distributed monitoring systems [18], [19], [20], [21], [22]. 

 

The remainder of this paper is organized as follows. Section 2 presents the related work and theoretical 

background related to FIDS, VNC, system performance, and statistical analysis methods. Section 3 

describes the research methodology, including dataset description, preprocessing steps, and analytical 

methods. Section 4 presents the results and discussion of ANOVA and regression analysis. Finally, Section 

5 concludes the paper and presents potential directions for future research. 

 

METHODS 

Research Design 

This study proposes a data-driven analytical framework to evaluate the relationship between system 

performance, network traffic characteristics, and the effectiveness of remote monitoring within a distributed 

monitoring environment. The proposed framework integrates infrastructure performance indicators with 

statistical analysis techniques to systematically identify factors that influence monitoring quality and system 
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reliability. Through this approach, infrastructure performance metrics are transformed into measurable 

analytical variables that support quantitative evaluation [23]. 

 

The research framework consists of several main stages, beginning with data acquisition to obtain relevant 

system performance and network traffic datasets. This stage is followed by data preprocessing, which 

includes data cleaning, normalization, and feature selection to ensure data quality and analytical suitability 

[24]. After preprocessing, exploratory data analysis is conducted to understand data distribution, detect 

patterns, and identify potential relationships between variables. The next stage involves statistical analysis 

using Analysis of Variance (ANOVA) and regression modeling to determine significant performance 

differences and to model the relationships between system variables. Finally, performance evaluation and 

interpretation are conducted to generate meaningful insights and practical recommendations. 

 

The main objective of this framework is to systematically transform raw performance data into meaningful 

analytical insights that can support monitoring optimization decisions and infrastructure performance 

improvements [25]. By applying a structured analytical process, this research aims to provide a reproducible 

evaluation model for distributed monitoring systems. 

 

 

Figure 1. Research Architecture Workflow 
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Figure 1 has been revised into a detailed research architecture workflow that systematically illustrates the 

complete analytical process of the proposed study. The updated flowchart includes dataset collection, raw 

data preparation, data cleaning, normalization, feature selection, exploratory analysis, ANOVA testing, 

regression modeling, model diagnostics, performance evaluation, and final conclusion stages. Decision 

symbols are used to represent assumption testing procedures, while database symbols indicate data storage 

processes. In addition, directional arrows and alternative flow indicators are included to clearly describe 

the relationship and transition between analytical stages. The revised flowchart improves methodological 

clarity and provides a more comprehensive representation of the proposed research framework. 

 

Overall, the research workflow follows a structured process consisting of data collection, data cleaning, 

feature selection, statistical testing, modeling, evaluation, and conclusion development. This systematic 

workflow ensures that the analysis progresses logically from raw data processing to final interpretation, 

allowing the research findings to be scientifically justified and practically applicable. 

 

VNC Monitoring System Architecture 

The VNC monitoring system architecture used in this research is illustrated in Figure 2. The architecture 

consists of three main components: the administrator workstation, the central FIDS server, and multiple 

distributed display clients. This architecture represents a typical distributed monitoring environment where 

a centralized information system distributes real-time data to multiple endpoints while allowing remote 

monitoring through network infrastructure. 

 

 

Figure 2. VNC Monitoring System Architecture 

The administrator workstation functions as the monitoring control center where system administrators 

access the monitoring environment using a VNC Viewer application. Through the VNC protocol, the 

administrator can remotely monitor the FIDS server interface, observe system behavior, and perform 

troubleshooting activities when necessary. This remote access mechanism allows efficient monitoring 

without requiring physical presence at the server location. 

 

The central server acts as the core component of the system, functioning as the main processing unit 

responsible for managing flight information data, processing updates, and distributing display content to 

connected clients. The server performance, including CPU utilization, memory usage, and processing load, 

plays an important role in ensuring smooth monitoring operations [26]. Any performance degradation at 

this level may directly affect monitoring responsiveness and display synchronization. 

 

The display clients represent distributed monitoring targets consisting of multiple information displays such 

as departure displays, arrival displays, and gate information screens. These endpoints receive information 

from the central server through network connections and continuously update the displayed information. 



 

Scientific Journal of Informatics, Vol. 13, No. 2, May 2026 | 417  
 

Network conditions such as latency,  and bandwidth availability may influence the consistency and 

responsiveness of these displays [27]. 

 

This architecture demonstrates how monitoring performance depends on both system resource availability 

and network performance. Therefore, the proposed architecture provides a suitable experimental model for 

analyzing the relationship between infrastructure performance and remote monitoring effectiveness using 

statistical approaches. The architecture also reflects real-world distributed monitoring scenarios commonly 

found in critical information systems such as airport information services [28]. 

 

Statistical Testing Framework 

The statistical testing framework used in this study is illustrated in Figure 3. This framework is designed to 

systematically analyze the relationship between system performance metrics, network traffic 

characteristics, and remote monitoring effectiveness using a structured statistical approach. The framework 

consists of four main stages: data preparation, ANOVA testing, regression modeling, and result 

interpretation. This pipeline ensures that the analytical process follows a reproducible and scientifically 

valid procedure from raw data processing to final conclusions. 

 

 

Figure 3. Statistical Testing Pipeline 

Data Preparation 

The data preparation stage includes normalization and feature selection processes. Normalization is applied 

to standardize data ranges and reduce scale differences between variables, ensuring proportional 

contribution during analysis. Feature selection is conducted to identify relevant variables affecting 

monitoring performance while minimizing irrelevant data noise [29]. 

 

ANOVA Testing 

The ANOVA testing stage is used to determine whether statistically significant differences exist between 

performance conditions. This process involves calculating the F-statistic and evaluating p-values to analyze 

the influence of infrastructure conditions, such as system load and network characteristics, on monitoring 

performance [30], [31]. 

 

Regression Modeling 

The regression modeling stage aims to quantify the relationship between independent variables and 

monitoring performance indicators. The analysis includes regression model construction, coefficient 

evaluation, and prediction assessment to determine the influence and significance of each variable. 

 

Result Interpretation 

The result interpretation stage translates statistical findings into performance insights and technical 

recommendations. This stage focuses on identifying dominant performance factors and supporting 

monitoring optimization in distributed monitoring environments. 
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Statistical Summary of Dataset 

This study utilizes a performance monitoring dataset obtained from a VNC-based remote monitoring 

system implemented on a Flight Information Display System (FIDS) infrastructure. The dataset contains 

multiple infrastructure performance indicators that potentially affect monitoring effectiveness. The 

independent variables include CPU utilization (%), memory utilization (%), network latency (ms) and 

throughput (Mbps), while the dependent variable is monitoring delay (ms), representing the response time 

performance of the VNC-based monitoring system. 

Table 1. Variable Description of Dataset 
Variable Type Unit Description 

CPU Usage Independent % Server Processor Utilization 
Memory Usage Independent % RAM Utilization 

Latency  Independent ms Network Delay 

Throughput Independent Mbps Network Data Transmission Rate 
Monitoring Delay Dependent ms Response time of Monitoring 

 

The statistical analysis confirms that the dataset captures diverse system conditions commonly encountered 

in distributed monitoring environments, including variations in network latency, throughput, and 

computational workloads relevant to operational FIDS scenarios. Although the study utilizes simulation-

based and publicly available datasets, the evaluated infrastructure parameters were designed to reflect 

realistic monitoring characteristics observed in real-time airport information systems. Therefore, the 

analytical findings provide a representative foundation for understanding monitoring performance behavior 

in practical FIDS environments[32]. 

Table 2. Statistical Summary of Dataset 
Variable Min Max Mean Std. Dev 

CPU Usage 21.445 94.332 58.771 14.552 

Memory Usage 50.221 89.776 69.334 9.887 

Latency  12.554 98.221 52.443 17.221 

Throughput 210.332 890.554 475.221 135.776 
Monitoring Delay 8.221 25.887 15.443 3.998 

 

The data were collected over multiple observation periods to ensure representative system behavior. Prior 

to analysis, data preprocessing techniques such as normalization were applied to standardize variable scales, 

while correlation-based feature selection was conducted to remove irrelevant and highly redundant 

attributes by evaluating the linear relationship between infrastructure variables and monitoring performance 

indicators. The processed dataset was then analyzed using ANOVA to identify statistically significant 

performance factors and linear regression to model the influence of infrastructure performance on 

monitoring effectiveness. 

 

Research Variables Table 

The research variables used in this study consist of independent variables representing infrastructure 

performance indicators and dependent variables representing monitoring performance quality. The 

selection of these variables is based on their relevance to distributed system monitoring environments, 

where both computing resources and network conditions may influence remote monitoring effectiveness. 

The independent variables include CPU utilization, memory utilization, network latency, and throughput, 

as these parameters are commonly used to evaluate system and network performance in monitoring 

environments. 

 

The dependent variable represents monitoring performance measured through monitoring delay, which 

reflects the response time behavior of the VNC-based remote monitoring system under different 

infrastructure conditions. By separating variables into independent and dependent categories, this research 

is able to systematically evaluate causal relationships and determine which infrastructure factors 

significantly affect monitoring performance [33]. 

 

ANOVA Analysis 

Analysis of Variance (ANOVA) is used in this study to determine whether there are statistically significant 

differences between infrastructure performance variables and their impact on remote monitoring 

performance. ANOVA is particularly useful for comparing multiple groups of performance observations 
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simultaneously and identifying whether variations in system performance metrics significantly affect 

monitoring effectiveness [34], [35]. 

 

In this research, one-way ANOVA is applied because the study aims to compare monitoring latency across 

three independent CPU load categories (low, medium, and high load) to determine whether infrastructure 

performance conditions result in statistically significant differences in monitoring quality. Prior to analysis, 

the assumptions of normality and homogeneity were evaluated through residual analysis, Q–Q plot 

inspection, and variance consistency across groups, indicating that the dataset was suitable for one-way 

ANOVA testing. The ANOVA method evaluates the ratio between the variance between groups and the 

variance within groups to determine statistical significance. The F-statistic used in ANOVA can be 

expressed as: 

F = MSbetween / MSwithin           (1) 

In this model, MSbetween  denotes the mean square between groups, representing the average variance across 

different groups, while MSwithin denotes the mean square within groups, representing the average variance 

within each group. These values are used to compute the F-statistic to determine whether the differences 

between groups are statistically significant. 

The mean square values are calculated using: 

MSbetween = SSbetween / dfbetween            (2) 

MSwithin = SSwithin / dfwithin           (3) 

In the ANOVA framework, SSbetween denotes the between-group sum of squares, representing the variability 

between group means, while SSwithin denotes the within-group sum of squares, representing variability 

within each group. The parameters dfbetween and dfwithin represent the degrees of freedom associated with 

between-group and within-group variations, respectively. These components are used to compute the mean 

square values and the F-statistic for significance testing. 

 

The ANOVA test in this study uses a significance level of 0.05 to determine whether differences between 

variables are statistically meaningful. If the calculated F-value is greater than the critical F-value, or if the 

p-value is less than 0.05, the null hypothesis is rejected, indicating that infrastructure performance variables 

significantly affect monitoring performance. 

 

The results of the ANOVA analysis are used to provide statistical insight into whether variations in CPU 

load conditions significantly influence monitoring latency before further interpreting the relationships 

between infrastructure variables and monitoring performance through regression analysis. This approach 

improves the robustness of the analytical framework and ensures that the regression model is built on 

statistically relevant performance indicators [36]. 

 

Regression Analysis 

Regression analysis is used in this study to identify and quantify the relationship between infrastructure 

performance variables and the effectiveness of the remote monitoring system [37]. This method allows the 

researcher to measure how strongly independent variables such as CPU utilization, memory usage, network 

latency, and throughput influence the monitoring performance metrics. Linear regression was selected due 

to its effectiveness in modeling relationships between multiple performance indicators and a single 

dependent variable [38]. 

 

In this research, multiple linear regression is applied to model the relationship between system performance 

variables and monitoring response performance. The general form of the multiple linear regression model 

used in this study is: 

Y = B0 + B1X1 + B2 X2 + ẞ3X3 + ··· + BnXn + €         (4) 

where: 

In this model, Y denotes the dependent variable represent monitoring performance measured through 

monitoring delay, which reflects the response time behavior of the VNC-based remote monitoring system 

under different infrastructure conditions. The coefficients β₁–β4 indicate the effect size of each independent 

variable, where X₁ represents CPU utilization, X₂ represents memory utilization, X₃ represents network 

latency, X₄ represents throughput. The terms represent the random error component capturing variability 

not explained by the regression model. 

 

The regression coefficients indicate the influence of each independent variable on monitoring performance, 

where positive values represent increased monitoring delay and negative values indicate inverse 
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relationships [39]. Model evaluation was conducted using R², p-value significance testing, and F-test 

analysis to measure explanatory capability and overall model significance [40]. Residual analysis was also 

performed to validate normality, independence, and homoscedasticity assumptions, ensuring reliable 

regression results [41]. 

 

RESULTS AND DISCUSSIONS 

Correlation Analysis Between Variables 

Correlation analysis was conducted to determine the relationships among the independent variables used 

consistently throughout this study, namely CPU usage, memory usage, network latency, throughput, and 

monitoring delay. The purpose of this analysis is to identify the strength and direction of linear relationships 

between infrastructure performance indicators and monitoring performance while detecting potential 

multicollinearity issues and understand how network performance metrics and system resource utilization 

interact within the VNC-based monitoring environment. The Pearson correlation coefficient was used to 

quantify the degree of association, where values close to +1 indicate strong positive correlation, values 

close to –1 indicate strong negative correlation, and values near 0 indicate weak or no linear relationship. 

This analysis also serves as an important preliminary step before conducting regression analysis to ensure 

that the independent variables provide meaningful and non-redundant contributions to the model. 

 

 
Figure 4. Heatmap Correlation 

Based on the correlation heatmap results, it can be observed that almost all correlation values are very close 

to zero, ranging from −0.02 to 0.05, indicating the absence of a strong linear relationship among the 

independent variables. This condition occurs because each system parameter operates independently within 

a network-based monitoring environment. For example, CPU usage does not necessarily increase when 

network latency rises, since latency is more strongly influenced by external network conditions than by the 

computational load of the server. From a modeling perspective, this low level of correlation actually 

provides an advantage because it prevents multicollinearity, making the regression model more stable and 

robust, while allowing each variable to contribute more clearly to overall system performance in a 

multifactorial manner. 
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ANOVA Visualization and Statistical Testing 

ANOVA testing was conducted to evaluate differences in latency performance based on three CPU load 

categories, namely Low Load (275 samples), Medium Load (438 samples), and High Load (286 samples).  

 

Table 3. Comparison of Latency Across CPU Load Categories 
CPU Load Category Number of Samples Mean Latency Std. Deviation Minimum Maximum 

Low Load 275 52.48 16.92 12.55 94.33 

Medium Load 438 52.91 17.08 13.02 96.77 

High Load  286 53.07 17.21 12.88 98.22 

Overall 999 52.82 17.07 12.55 98.22 

 

Table 3 compares latency performance across CPU load categories. The results indicate minimal 

differences in mean latency between low, medium, and high CPU utilization levels, suggesting that 

monitoring performance remains stable despite variations in computational load. The comparable 

variability observed across groups further supports the ANOVA findings, confirming that CPU utilization 

is not a dominant factor affecting monitoring latency. This finding is consistent with previous studies on 

distributed monitoring systems, which reported that network-related factors such as latency fluctuation and 

bandwidth availability generally contribute more significantly to monitoring responsiveness than 

computational load alone [7], [8], [27] . The results suggest that VNC-based FIDS monitoring environments 

are relatively resilient to moderate CPU workload variations, provided that network performance remains 

stable. This suggests that other factors, particularly network conditions, may play a more significant role in 

determining monitoring performance. 

 
Figure 5. Frequency of Distribution Research Variable 

Figure 5 shows the frequency distribution of the research variables to examine data variability and 

distribution patterns. The results indicate that most observations fall within moderate operational ranges, 

suggesting that the dataset represents realistic monitoring conditions. CPU and memory utilization show 

relatively balanced distributions, while latency and throughput exhibit moderate variability due to dynamic 

network conditions. Monitoring delay appears more concentrated, indicating stable monitoring response 

performance. Overall, the distribution patterns support the validity of the dataset for ANOVA and 

regression analysis and confirm that the observed performance variations are more likely influenced by 

network dynamics than computational load. 
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Figure 6. Box Plot 

The ANOVA test results produced an F-statistic value of 0.1625 with a p-value of 0.8500, indicating that 

there is no statistically significant difference in latency across the three CPU load categories. This finding 

is further supported by the boxplot visualization, which shows nearly identical median latency values. These 

results provide a practical implication that the performance of VNC-based monitoring in the FIDS 

environment is not significantly affected by variations in server computational load. Therefore, 

optimization priorities for maintaining the stability of real-time information delivery in airports should 

focus more on maintaining network capacity rather than excessively increasing CPU specifications. 

 

Table 4. Anova Comparison of Latency Based on CPU Load Categories 
Source of Variation Sum of Squares (SS) Degrees of Freedom (df) Mean Squared (MS) F-Value P-Value 

Between Groups 95,44 2 47,72 0,1625 0,8500 

Within Groups 292845.22 996 294.02 - - 

Total 292940.66 998 - - - 

 

The ANOVA results demonstrate that latency differences across CPU load categories are statistically 

insignificant (p > 0.05). This suggests that variations in CPU utilization do not significantly impact 

monitoring latency performance. The results indicate that monitoring latency is relatively stable across 

different CPU load conditions, with variations more likely influenced by network-related factors than 

computational load. 
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Regression Model Evaluation 

 
Figure 7. Regression Model Evaluation 

The regression analysis provides limited explanatory capability for representing the relationship between 

infrastructure variables and monitoring performance. Nevertheless, the residual distribution indicates that 

the model remains useful for identifying general performance tendencies within the evaluated monitoring 

environment. The residual plot demonstrates that the residual values are randomly distributed around the 

zero line, suggesting that the model does not exhibit significant bias. Furthermore, the normal Q–Q plot 

shows that the error distribution generally follows a normal pattern, although minor deviations are observed 

at the tails of the distribution, which may be attributed to the dynamic nature of the system. 

 

However, the comparison between the actual and predicted values reveals a relatively wide dispersion of 

data points, indicating that a portion of the variability in monitoring performance has not been fully captured 

by the linear model. The regression model achieved an R² value of −0.0109, with an RMSE of 27.58 and 

an MAE of 23.54, indicating that the evaluated infrastructure variables explain only a limited proportion of 

the variability in monitoring latency. These results suggest that monitoring performance in VNC-based 

FIDS environments is influenced by more complex and dynamic factors beyond the linear relationships 

captured in the current model, such as dynamic bandwidth fluctuations and unmeasured network 

disturbances. Consequently, the performance of the VNC-based monitoring system should be interpreted 

as the result of a complex interaction between system computational factors and external network 

conditions. 

Overall, the regression model used in this study provides limited explanatory capability for representing 

the relationships among infrastructure variables and monitoring performance. Nevertheless, the analysis 

remains useful for identifying general performance tendencies within the VNC-based monitoring 

environment. These results indicate that monitoring performance in a FIDS environment is influenced not 

only by system and computational factors but also by dynamic external factors that vary over time. 

 

DISCUSSION 

The results indicate that monitoring performance in the VNC-based FIDS environment is influenced more 

by network conditions than by server computational load. The ANOVA analysis showed no statistically 

significant latency differences across CPU load categories, suggesting that the monitoring system remains 

stable under varying processing conditions. In contrast, network-related variables such as latency and 

throughput demonstrated a stronger relationship with monitoring responsiveness and reliability. 

 

Compared with previous studies, the findings of this research are consistent with Wang et al. [6], who 

emphasized the importance of bandwidth optimization in remote desktop environments, and 
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Mukhopadhyay et al. [7], who reported that network QoS significantly affects monitoring responsiveness 

in distributed systems. Similarly, Zhang et al. [8] demonstrated that bandwidth stability plays an important 

role in maintaining real-time network performance. However, unlike previous works that mainly focused 

on QoS optimization or remote desktop efficiency independently, this study integrates VNC monitoring 

evaluation, infrastructure performance analysis, and statistical modeling within a unified analytical 

framework. 

 

In addition, this study extends previous research by applying ANOVA and regression analysis to evaluate 

monitoring performance in a simulated FIDS environment using publicly available datasets. This approach 

provides a reproducible and data-driven framework that can support future distributed monitoring 

performance studies and infrastructure optimization strategies 

 

CONCLUSION 

This study developed an integrated analytical framework to evaluate the performance of a VNC-based 

remote monitoring system within the Flight Information Display System (FIDS) infrastructure. Using a 

data-driven analysis of nearly 1,000 observations, the results demonstrate that monitoring latency remained 

relatively stable across low, medium, and high CPU load categories, with an average latency of 

approximately 52.82 ms and no statistically significant differences identified through ANOVA testing (F = 

0.1625, p = 0.8500). In contrast, network-related factors such as latency fluctuation and throughput 

variability contributed more substantially to monitoring performance behavior, indicating that monitoring 

performance in operational airport environments is primarily driven by network conditions rather than 

computational load. The regression evaluation further showed stable residual distribution and acceptable 

model consistency, suggesting that the proposed analytical framework is sufficiently reliable for monitoring 

performance evaluation in distributed monitoring environments. From a practical perspective, the findings 

suggest that VNC-based monitoring systems demonstrate relatively stable and robust performance under 

varying server workloads, provided that network conditions remain within acceptable operational ranges. 

Methodologically, this study also demonstrates the effectiveness of combining ANOVA and multiple linear 

regression for evaluating infrastructure performance in mission-critical distributed systems. Despite these 

contributions, this study is limited to the VNC protocol and linear statistical modeling assumptions. Future 

research may extend this work by incorporating non-linear machine learning approaches and conducting 

comparative evaluations with alternative remote desktop protocols to improve predictive capability and 

generalizability across broader distributed system environments. 
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