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Abstract - This study proposes a host classification methodology 

based on signal analysis and graph representation as a pre-

placement stage for virtual machines (VM) in a cloud computing 

environment. The Bitbrains dataset is utilized as a source of time-

series data representing CPU, memory, disk, and network 

utilization. Each parameter is modeled as a discrete signal and 

analyzed in both time and frequency domains. The analysis is 

conducted using a fixed observation window and frequency-

domain transformation to capture workload characteristics across 

multiple resources. The Fourier transform results indicate the 

dominance of low-frequency components, suggesting gradual 

workload variations. Spectral energy is calculated and normalized 

to identify quantitative differences between host conditions. The 

results show that the overloaded class contributes 98.9% of the 

total spectral energy, while the underloaded and balanced classes 

contribute only 0.7% and 0.4%, respectively. The extracted 

features are then integrated using a four-node graph model that 

connects all resource dimensions into a single structure. The 

aggregated graph score is employed for dynamic percentile-based 

classification. From a total of 1,239 analyzed hosts, the proposed 

method classifies 421 hosts as overloaded, 409 as underloaded, and 

409 as balanced. These findings demonstrate that spectral 

characteristics combined with graph integration provide a 

quantitatively structured and adaptive host segmentation 

mechanism, where the resulting classification can support VM 

placement decisions by identifying underloaded, balanced, and 

overloaded host conditions. 

Keywords — cloud computing, graph model, host classification, 

spectral analysis 

 

I. Introduction 

Currently, the development of cloud computing has increased 

the complexity of resource management in modern data centers. 

Virtualization allows the consolidation of multiple VMs on a 

single physical host, thereby improving infrastructure 

efficiency [1]–[3]. However, the VM Placement (VMP) process 

becomes a crucial issue because it affects system performance, 

load stability, and data center energy consumption [1]. Various 

approaches have been developed to solve the VMP problem. 

Heuristic methods such as First Fit and Best Fit are widely used 

due to their simplicity and low computational complexity [4]. 

Metaheuristic approaches such as Genetic Algorithm and 

Particle Swarm Optimization have been developed to improve 

solution quality in large-scale scenarios [5]. In recent years, 

machine learning and reinforcement learning-based approaches 

have also been introduced to handle the complex dynamics of 

cloud workloads [6]. 

Nevertheless, most VMP methods still use snapshot values of 

resource utilization such as CPU, memory, storage, and 

network as the basis for decision-making. However, current 

VM placement methods mostly use snapshot-based resource 

utilization or traditional time-series analysis, which don't do a 

good job of capturing changes in workload in the frequency 

domain. Also, graph-based models for managing cloud 

resources often don't use signal-based feature extraction on 

multi-resource time-series data. Consequently, these 

methodologies do not provide a structured depiction of dynamic 

workload behavior across various resource dimensions.  So, 

there is a gap in research when it comes to putting together 

multi-resource signal processing, time-frequency feature 

extraction, and graph-based modeling into a single 

classification framework. Unlike existing approaches that rely 

on snapshot-based metrics or conventional time-series analysis, 

the proposed method captures workload dynamics through 

signal-based modeling in both time and frequency domains. In 

addition, the integration of signal-derived features into a graph-

based representation enables a more structured characterization 

of multi-resource interactions. To fill this gap, this study 

suggests a new method that combines digital signal processing 

with graph representation to allow for adaptive and structured 

host classification using dynamic percentile-based thresholds. 

This approach does not fully represent the temporal dynamics 

of workloads. Resource utilization in data centers naturally 

forms time series that contain fluctuation patterns, bursts, and 

periodic variations [7], [8]. Related research has shown that 

time-series-based modeling is effective for workload prediction 

and anomaly detection in cloud systems [9]. In the field of 

Digital Signal Processing, time-domain and frequency-domain 

analysis enables the extraction of statistical and spectral 

characteristics from discrete signals [10], [11]. Techniques such 

as Fourier transform have been widely used to identify 

dominant patterns in dynamic systems. 

On the other hand, graph-based modeling has been applied to 

represent the relationships among components in distributed 

computing systems [12], [13]. Graph representations allow for 

the abstraction of host structures through nodes and edges that 

depict the interconnections among resources. However, most 

graph approaches in the context of VMP still use direct 

utilization values without going through a feature extraction 
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stage from the temporal dynamics of resources [14]. Based on 

these conditions, this study proposes a signal-based feature 

extraction approach for multi-resource utilization to build 

graph-based host representations in the classification process 

prior to virtual machine placement. CPU, memory, storage, and 

network utilization are modeled as multi-dimensional discrete 

signals. Time and frequency domain features are extracted to 

obtain a more structured representation and then used in the 

construction of resource-oriented graphs with consistently light 

computational complexity. The main contribution of this 

research is: 

1. Modeling the utilization of multi-host resources as a 

discrete time series signal to support the analysis of 

load characteristics over time. 

2. Integrating time-domain and frequency-domain 

feature extraction in the formation of host 

representation before graph construction. 

3. Developing a graph-based host classification model 

that maintains lightweight properties to support the 

VM Placement process. 

This research is structured into four main sections. Section I 

explains the background of the VM Placement problem, the 

development of related research, as well as the objectives and 

contributions proposed. Section II presents the system model 

and methods used, including modeling resource utilization as a 

time series, feature extraction processes, formation of resource-

oriented graphs, as well as experimental scenarios and 

evaluation metrics. Section III presents the test results along 

with a comparative analysis against conventional approaches, 

including discussions on classification performance and 

computational complexity. Section IV summarizes the main 

findings of the research, their implications, and directions for 

future development. 

II. Research Method 

This section explains the stages of the research method which 

include system modeling, feature extraction, resource graph 

construction, and host classification as a pre-VM placement 

stage [15], [16]. The research framework is shown in Figure 1. 

The dataset used is the Bitbrains dataset which provides time 

series data of resource parameters such as CPU, memory, disk, 

and network from real data center workloads [17]–[19]. The 

dataset consists of multiple virtual machine traces collected 

from real data center environments. Each trace represents the 

temporal behavior of resource utilization over a certain 

observation period, including CPU, memory, disk, and network 

usage. The data are recorded at regular sampling intervals, 

forming consistent time-series signals for each resource. In this 

study, each virtual machine trace is treated as an individual host 

instance for analysis. Only segments with sufficient length are 

considered to ensure consistency in the feature extraction 

process. In general, the research method consists of signal 

modeling and segmentation, time and frequency domain feature 

extraction, four-node graph formation, and dynamic percentile-

based host classification. 

Figure 1 outlines the process starting with the collection of 

resource utilization data, including CPU, memory, storage, and 

network. This data is then modeled as a time series and 

processed through feature extraction stages in both the time 

domain and frequency domain. The obtained features are 

subsequently used in the formation of a resource-based graph 

to represent the relationships between resources. This graph 

representation serves as the basis for the host classification 

process to determine its operational condition before VM 

placement is carried out. 

 

A. Model System 

This study considers a cloud infrastructure consisting of several 

physical hosts running a number of virtual machines. The set of 

hosts is denoted as  𝐻 = {ℎ1, ℎ2, … , ℎ𝑚}, while the virtual 

machines to be allocated are denoted as 𝑉 = {𝑣1, 𝑣2, … , 𝑣𝑛}. 

Each host provides computing resources with limited capacity 

which serves as an upper limit in the allocation process. On each 

host ℎ𝑖, there are four main components available: CPU, 

memory, storage, and network bandwidth. The total capacity of 

each of these components is expressed by equation (1) as 

follows. 

 

𝐶𝑖 = (𝐶𝑖
𝑐𝑝𝑢

, 𝐶𝑖
𝑟𝑎𝑚 , 𝐶𝑖

𝑠𝑡𝑜 , 𝐶𝑖
𝑐𝑝𝑢) 

 
Figure 1. Host Classification Framework 

The utilization values of each resource change over time along 

with the activities of the virtual machine. To capture these 

dynamics, observations are made periodically at fixed time 

intervals, forming a discrete time series. The resource 

utilization on host ℎ𝑖 for resource type 𝑟 within an observation 

window is expressed by equation (2) as follows. 

 

𝑥𝑖
𝑟[𝑛], 𝑟 ∈ {𝑐𝑝𝑢, 𝑟𝑎𝑚, 𝑠𝑡𝑜, 𝑛𝑒𝑡} 

 

With 𝑛 representing the time index in the observation period. 

This approach allows each host to be represented based on 

utilization behavior over a certain time range, rather than just a 

single instantaneous value. This information is used in the pre-

placement stage to identify the operational conditions of the 

host before virtual machines are allocated. The formulated 

system model is general and does not depend on a specific 

virtualization platform, so it can be applied to both simulation 

data and real data from data centers. 

B. Power Signal Modeling and Feature Extraction 

The resource utilization on each host, which has been expressed 

as the discrete-time series 𝑥𝑖
𝑟[𝑛] in equation (2), is then 

processed to obtain a more concise representation through 

feature extraction. Before feature extraction, each resource 

(1) 

(2) 
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signal is normalized using min–max scaling to ensure 

comparability across different resource types and to prevent 

dominance of features with larger numerical ranges. This 

approach aims to summarize the characteristics of load 

behavior within an observation window of 𝑁 samples [20]–

[22]. In this study, a rectangular window is applied for 

segmentation, assuming uniform weighting across the 

observation window. The window size is set to N = 200 

samples. This value is chosen to capture short-term workload 

variations while maintaining computational efficiency and 

stability of the extracted features. In the time domain, basic 

statistical parameters are calculated to describe the level of 

resource utilization and stability [23], [24]. The average 

utilization value in the observation is expressed by equation (3) 

as follows. 

 

𝜇𝑖
𝑟 =

1

𝑁
∑ 𝑥𝑖

𝑟[𝑛]

𝑁

𝑛=1

 

 

In addition to the average, the level of load variation is 

calculated through variance, written with the following 

equation (4). 

𝜎𝑖
𝑟2

[𝑘] =
1

𝑁
∑(𝑥𝑖

𝑟[𝑛] − 𝜇𝑖
𝑟)2

𝑁

𝑛=1

 

 

This parameter indicates how stable or fluctuating a resource is 

during the observation period. To complement the analysis in 

the time domain, the signal is also transformed into the 

frequency domain using the Discrete Fourier Transform (DFT), 

The transformation is applied over the defined observation 

window with a uniform sampling interval, following the 

original dataset configuration. The formulation is given in 

equation (5) as follows: 

 

𝑋𝑖
𝑟[𝑘] = ∑ 𝑥𝑖

𝑟[𝑛]

𝑁−1

𝑛=0

𝑒−
𝑗2𝜋𝑘𝑛

𝑁  

 

From the results of the transformation, the spectral energy is 

calculated to depict the distribution of signal intensity in the 

frequency domain. The spectral energy is computed within each 

observation window and interpreted as a relative indicator of 

signal distribution, rather than an absolute measure across 

hosts, written with equation (6) as follows. 

 

𝐸𝑖
𝑟 = ∑|𝑋𝑖

𝑟[𝑘]|2

𝑁−1

𝑘=0

 

 

The time domain and frequency domain features are then 

combined into a feature vector for each host, expressed by 

equation (7) as follows. 

 

𝐹𝑖 = {𝜇𝑖
𝑟 , 𝜎𝑖

𝑟2
, 𝐸𝑖

𝑟}, 𝑟 ∈ {𝑐𝑝𝑢, 𝑟𝑎𝑚, 𝑠𝑡𝑜, 𝑛𝑒𝑡} 

 

This vector represents the comprehensive characteristics of 

resource utilization behavior within the observation window 

and is used as the basis for forming graph models and the host 

classification process in the subsequent stage. This feature 

extraction approach is designed to remain efficient because 

calculations are carried out within a limited window and do not 

require additional optimization iterations, thus maintaining 

computational complexity. 

 

C. Graph Construction and Host Classification 

After the feature vector𝐹𝑖 for each host is obtained in equation 

(7), the next step is to build a graph-based representation that 

depicts the relationships between resources within a host. This 

representation is used to produce a more organized structure 

before the classification process is carried out [25]. The graph 

for each host is defined by the following equation (8). 

 

𝐺𝑖 = (𝑉𝑖 , 𝐸𝑖 ) 
 

Where Vi is the set of nodes representing resources 
{𝑐𝑝𝑢, 𝑟𝑎𝑚, 𝑠𝑡𝑜, 𝑛𝑒𝑡}, and 𝐸𝑖 is the set of edges showing the 

relationships between resources. The weight of each node is 

determined based on the extracted feature values. In general, the 

node weight for resource 𝑟 on host ℎ𝑖can be expressed by 

equation (9) as follows. 
 

𝑤𝑖
𝑟 = 𝑓𝑖

𝑟 

 

The graph structure is used to organize inter-resource 

relationships, while the final classification is based on the 

aggregated feature representation derived from node weights. 

With 𝑓𝑖
𝑟 being the integrated feature value of the resource. To 

describe the relationship between resources, the edge weight is 

determined based on the degree of similarity or correlation 

between two resources within the observation window. The 

correlation value between two resource signals can be 

calculated using equation (10) as follows. 

 

𝑝𝑖
𝑟,𝑠 =

∑ (𝑥𝑖
𝑟[n] − 𝜇𝑖

𝑟)(𝑥𝑖
𝑠[n] − 𝜇𝑖

𝑠)𝑁
𝑛=1

√∑ (𝑥𝑖
𝑟[𝑛] − 𝜇𝑖

𝑟)2𝑁
𝑛=1 √∑ (𝑥𝑖

𝑠[𝑛] − 𝜇𝑖
𝑠)2𝑁

𝑛=1

 

 

With𝑟 ≠ 𝑠. This value reflects the level of inter-resource 

dynamic correlation. Based on the graph structure, each host is 

then classified into certain operational condition categories. 

The classification process is carried out by utilizing node 

weights and graph characteristics as input parameters. In 

general, the classification function can be expressed as 

 

𝑦𝑖 = 𝐶(𝐺𝑖) 
 

Where yi denotes the host condition label, for example 

underloaded, balanced, or overloaded, and 𝒞(⋅) is the 

classification mechanism used. This classification stage serves 

(3) 

(4) 

(5) 

(6) 

(7) 

(8) 

(9) 

(10) 

(11) 
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as a pre-placement process before the VM placement algorithm 

is executed. Thus, only hosts that meet certain criteria are 

considered as candidates for virtual machine placement. This 

approach allows for more structured decision-making without 

significantly increasing computational complexity. To provide 

a more explicit mathematical formulation, the classification 

rule based on the aggregated graph score is defined in Equation 

(12). 

 

𝑦𝑖 = {
underloaded, 𝑆𝑖 < 𝑃25

balanced, 𝑃25 ≤ 𝑆𝑖 < 𝑃75

overloaded, 𝑆𝑖 ≥ 𝑃75

 

Where P25 and P75 are the 25th and 75th percentiles of the 

score distribution, and Si is the final score of host i. According 

to this rule, hosts are put into three groups based on how their 

scores are spread out. Hosts with lower scores are called 

"underloaded," those with scores in the middle range are called 

"balanced," and those with higher scores are called 

"overloaded." This method uses the data's distribution, so the 

classification can change depending on how busy things are. To 

further clarify the implementation of the proposed method, the 

overall procedure is presented in Algorithm 1. 

Algorithm 1: Proposed Host Classification Model 

Input: Time-series data of CPU, memory, disk, and 

network   

Output: Host class (underloaded, balanced, overloaded) 

 

1: for each host i do   

2:     collect resource signals (CPU, memory, disk, 

network)   

3:     model each resource as a discrete time-series signal   

4:      

5:     compute time-domain features: 

6:         mean and variance   

7:      

8:     apply FFT to obtain frequency-domain features   

9:     compute spectral energy   

10:     

11:    construct feature vector Fi   

12:     

13:    build graph Gi with four nodes (CPU, memory, disk, 

network)   

14:    compute aggregated graph score Si   

15:     

16: end for   

17:  

18: determine percentile thresholds P25 and P75   

19:  

20: for each host i do   

21:     if Si < P25 then   

22:         yi = underloaded   

23:     else if P25 ≤ Si < P75 then   

24:         yi = balanced   

25:     else   

26:         yi = overloaded   

27:     end if   

28: end for 

The above procedure summarizes the main steps of the 

proposed method, starting from signal modeling and feature 

extraction to graph construction and host classification. 

III. Results and Discusion 

This section presents the results of the implementation of digital 

signal feature extraction methods and the four-node graph 

model on the Bitbrains dataset. Evaluation was carried out 

through time-domain signal analysis, frequency-domain 

analysis, spectral energy distribution among classes, as well as 

host classification results as a pre-VM placement stage. 

A. Time Domain Analysis Results 

As an initial stage of analysis, CPU signals are observed in the 

time domain to directly see the pattern of load changes against 

the time index. This visualization provides an overview of VM 

activity dynamics before transforming to the frequency domain. 

Based on Figure 2, at the beginning of the observation interval, 

the CPU value was at a very high level, approaching 90%, then 

experienced a sharp decline in a relatively short time until it 

approached zero. After this decline phase, the signal tended to 

stabilize at a very low level throughout the rest of the 

observation period. This pattern indicates a significant change 

in load conditions during the initial phase, which can be 

associated with the completion of computational processes or 

changes in VM status. The dominance of a low steady state 

condition after the initial transition indicates that most of the 

time interval is spent under minimal load conditions. This 

characteristic shows that the signal has a strong transient 

component at the beginning of the period, while in the 

subsequent part, the signal is relatively constant. The uneven 

amplitude variation becomes an important factor in forming 

statistical and spectral features used in the classification stage. 

 
Figure 2. CPU signal in the time domain 

(12) 
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Figure 3. CPU Signal Frequency Spectrum 

 

B. Results of Frequency Domain Analysis 

To observe the spread signal energy with respect to frequency, 

the CPU signal is transformed into the frequency domain using 

Fast Fourier Transform (FFT). 

Figure 3 shows that the largest spectrum magnitude is at low 

frequencies, especially around components close to zero. This 

indicates that CPU load changes are more influenced by slow 

variations than by rapid fluctuations. After a certain frequency, 

the magnitude decreases quite sharply and forms a waveform 

pattern with progressively smaller amplitudes. This pattern 

illustrates that the contribution of high frequencies to the overall 

signal energy is relatively small. To obtain a more stable picture 

of the power distribution, Power Spectral Density estimation 

was performed using the Welch method. 

Figure 4 shows that the highest power density remains at low 

frequencies and then gradually decreases as the frequency 

increases. The resulting curve is relatively smooth and does not 

show significant random spikes. This indicates that the signal 

has a fairly regular spectral structure. The dominance of low 

frequencies reinforces the findings in the time-domain analysis, 

namely the presence of transient components at the beginning 

of the period followed by more stable load conditions. This 

power distribution is then utilized in the calculation of spectral 

energy as one of the determinants in the host classification 

process. 

 
Figure 4. Power Spectral Density 

 
Figure 5. Relative Spectral Energy per Class 

 

C. Comparison Results of Spectral Energy Between 

Classes 

To observe the spectral characteristics capable of distinguishing 

host conditions, a comparison of average spectral energy 

between classes was conducted based on the classification 

results. Spectral energy was calculated from the Fourier 

transform of the CPU signal and then normalized as a 

percentage relative to the total energy of all classes. 

 

Figure 5 shows that the overloaded class has a very dominant 

contribution to spectral energy, which is about 98.9%. In 

contrast, the underloaded and balanced classes contribute only 

about 0.7% and 0.4%, respectively. This difference indicates a 

significant gap in the intensity of signal dynamics between 

classes. Hosts in the overloaded condition generate much 

greater signal variations, resulting in a high accumulation of 

spectral energy. Meanwhile, in underloaded and balanced 

conditions, the signals tend to be more stable with relatively 

small fluctuations, so the energy produced is much lower. These 

findings indicate that spectral energy is not merely a 

mathematical representation in the frequency domain, but also 

quantitatively reflects the level of system activity. The larger 

the spectral energy, the higher the load dynamics occurring on 

the host. Thus, the difference in energy between classes 

provides a strong basis for the use of spectral features in the 

host classification process at the VM pre-placement stage. 

 

D. Results of the Four-Node Graph Representation 

After the signal features are extracted from each resource 

parameter, the next step is to represent the relationships 

between these resources in the form of a graph. This 

representation aims to observe the integration of CPU, memory, 

disk, and network contributions within a unified structure 

before the classification process is carried out. 

Figure 6 shows a four-node graph model consisting of CPU, 

MEM, DISK, and NET as the main nodes. Each node represents 

the aggregate value of features resulting from the extraction of 

digital signal parameters, while the edges connect all pairs of 

nodes to depict the relationships between resources within a 

single host system.  
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Figure 6. Four-Node Resource Graph Model 

 

The resulting structure is a fully connected graph, so each 

component has direct or indirect relationships with the other 

components. This result indicates that system load cannot be 

viewed separately by parameter. Changes in the CPU, for 

example, often correlate with memory, disk, or network 

activity. By using a graph model, information from various 

signals can be integrated through the aggregation of node 

scores, producing a composite representation of the host's 

overall condition. 

This approach provides a more comprehensive overview 

compared to single-parameter-based analysis, because 

classification decisions do not rely on just one type of resource, 

but on a combination of the dynamics of all system components. 

This graph representation serves as the basis for forming the 

final host score, which is then used in the classification process 

of underloaded, balanced, and overloaded. Thus, the four-node 

graph functions as a bridge between the results of digital signal 

feature extraction and the classification decision-making stage. 

 

E. Host Classification Results 

The final stage of the proposed method is grouping hosts into 

three categories based on the aggregate score of signal feature 

extraction results and graph representations. The classification 

process is carried out using a dynamic percentile approach to 

divide hosts into underloaded, balanced, and overloaded 

classes. Figure 7 shows the distribution of the number of hosts 

in each class. Out of the total hosts analyzed, 421 hosts were 

categorized as overloaded, while 409 hosts were in the 

underloaded category and 409 hosts in the balanced category. 

This distribution shows a relatively even division among the 

classes, without extreme dominance in any category. 

The results indicate that the classification method based on 

spectral energy and graph aggregation can produce structured 

segmentation based on the distribution of data characteristics. 

The nearly balanced division also shows that the use of dynamic 

percentile-based thresholds operates adaptively to the 

distribution of actual scores, than based on fixed cutoff values. 

 
Figure 7. Host Classification Distribution 

 

Thus, the resulting classification reflects the relative conditions 

among hosts in the system, making it suitable to be used as a 

basis for decision-making in the VM pre-placement stage. 

 

F. Classification Performance Evaluation 

To evaluate the performance of the proposed method, several 

standard metrics are considered, including accuracy, precision, 

recall, and F1-score. The overall results are summarized in 

Table 1. 

 

Tabel 1. Classification Performance of the Proposed Method 

 

Method Accuracy Precision Recall F1-score 

Proposed 0.35 0.96 0.35 0.47 

 

As a simple reference, a baseline based on average CPU 

utilization is considered to illustrate the difference between 

single-resource and multi-resource representations. Table 1 

shows that the proposed method gets a high precision value, 

which means that the class labels it gives are usually correct. 

But the accuracy and recall values are not very high, which 

means that some workload conditions may not be fully 

captured. Figure 8 shows the confusion matrix, which gives a 

more detailed look at the classification results. 

 

 
 

Figure 8. Confusion matrix of the proposed  
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Figure 8 shows how the predicted and actual class labels are 

spread out. It is evident that the majority of accurate 

classifications are found within the predominant class, whereas 

certain misclassifications arise between neighboring workload 

conditions. This means that some patterns of work have similar 

traits, which makes it harder to tell them apart. These results 

reflect the characteristics of real-world workload distributions, 

where the imbalance between different host conditions and 

overlapping behavior can influence classification performance. 

In addition, the relatively small proportion of hosts classified as 

balanced indicates that fewer workload instances remain within 

a stable intermediate range, as most conditions tend to shift 

toward lower or higher utilization levels. 

The proposed approach, based on signal-driven feature 

representation and structured classification, is able to capture 

the dominant patterns of resource utilization in a consistent 

manner. This also reflects the balance between model simplicity 

and performance, particularly in scenarios that require 

lightweight and adaptive solutions. This classification can assist 

in determining appropriate VM placement. Hosts classified as 

underloaded still have sufficient resources to accommodate 

additional VMs and are therefore suitable candidates for VM 

allocation. In contrast, overloaded hosts exhibit high resource 

utilization, indicating that load redistribution or VM migration 

should be considered to prevent performance degradation. 

Meanwhile, hosts categorized as balanced demonstrate 

relatively stable resource usage, suggesting that no significant 

adjustments are required. The resulting classification provides 

a more structured representation of host conditions and supports 

more informed decision-making for resource management in 

dynamic environments. 

 

G. Discussion 

The results of the time-domain analysis up to the classification 

stage show a consistent correlation between the signal 

characteristics and the host load conditions. In the time domain, 

there is a strong transient component at the beginning of the 

observation period, followed by relatively stable conditions. 

This pattern indicates that the load dynamics do not remain 

constant but undergo significant changes at certain intervals. 

Frequency-domain analysis shows the dominance of low-

frequency components in both the FFT and PSD spectra. The 

concentration of energy in the low-frequency range indicates 

that load changes tend to occur gradually, not because of 

random rapid fluctuations. The gradually decreasing power 

distribution shows that the signal has an orderly structure and 

can be represented through spectral parameters. The 

comparison of spectral energy between classes shows very 

noticeable differences, especially in the overloaded class, which 

has much greater energy contribution compared to the other 

classes. 

This high energy reflects a greater intensity of signal variation, 

while the underloaded and balanced classes show more stable 

characteristics with relatively small energy. These quantitative 

differences support the use of spectral energy as an indicator of 

host condition. The four-node graph model plays a role in 

integrating all resource parameters into a single connected 

representation. With this approach, classification decisions are 

not determined by a single parameter, but rather by a 

combination of CPU, memory, disk, and network dynamics. 

The integration produced host segmentation that is more 

representative of the actual conditions of the system. These 

findings indicate that the approach used is able to map host 

conditions with a pattern consistent with system load dynamics. 

The resulting spectral characteristics align with the 

classification results obtained and provide a quantitative basis 

in the decision-making process before virtual machine 

deployment is carried out. 

The results indicate that some workload conditions are difficult 

to separate, especially between underloaded and balanced 

states. Their patterns look quite similar in several cases, which 

explains why misclassification still occurs. Even so, when the 

model assigns a label, it is usually consistent with the observed 

resource behavior, as reflected by the high precision value. This 

situation is quite common in real cloud environments, where 

resource usage is uneven and constantly changing. In this 

context, the proposed method is still able to capture the main 

behavior of the workload and provide a simple way to classify 

hosts without relying on a training process. 

There are a few things to keep in mind about this study. There 

hasn't been any supervised validation of the classification 

method, so we can't measure how well it works. Also, using a 

fixed observation window might make it harder to see changes 

in workload patterns that happen quickly. Also, the proposed 

method has not been directly compared to machine learning-

based methods, so it is still not clear how well it works 

compared to other methods. 

IV. Conslusion 

The conclusions from the research results are explained in this 

section: 
1. Time and frequency domain analysis shows that the 

host load signal has a structured pattern with a 
dominance of low-frequency components. 

2. Relative spectral energy can clearly distinguish host 
classes, especially under overloaded conditions which 
have the highest energy values. 

3. A four-node graph representation allows the 
integration of CPU, memory, disk, and network into a 
single connected model to produce a comprehensive 
classification score. 

4. From a practical perspective, the proposed approach 
can be utilized as a pre-placement mechanism to 
support VM placement decisions by identifying 
suitable hosts prior to allocation. 

5. This study has several limitations, including the 
absence of supervised validation, the use of a fixed 
observation window that may limit the capture of rapid 
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workload changes, and the lack of comparison with 
machine learning-based approaches. 
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