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ABSTRACT In modern computing environments, the Kubernetes platform has become the standard for automated
deployment, scaling, and management of containerized applications. With the growing popularity of Kubernetes worldwide,
there is an increasing need for accurate and efficient analysis of resource consumption. This is critically important to ensure
stable performance, optimal infrastructure utilization, and economically justified capacity planning. However, resource
management in Kubernetes is complicated by the dynamic nature of workloads and the interdependence of applications
operating within a shared environment. The discovery establishes initial conditions for the analysis, considering the main
types of resources: processor, random-access memory, disk space, and network traffic. For each resource, weighting
coefficients are defined that reflect its relative importance in the context of different task executions. Additionally, each
resource is divided into four states: allocated, reserved, utilized, and free. Such a division allows for a more detailed picture
of the actual state of infrastructure usage and supports decision-making based on both technical and economic efficiency.
The primary model focuses on evaluating the resource consumption of a single application at a specific point in time. Within
this model, the relationship between reserved and actually utilized resources is examined, enabling the identification of
excessive reservation or, conversely, insufficient provisioning. The model forms the foundation for a basic understanding of
the application's behavior in the cluster and allows for initial diagnostics of inefficiencies. Further model refinement
incorporates changes in resource usage over time. The behavior of a single application is analyzed throughout a specified
period, which opens the possibility to identify long-term trends, gradual resource leakage, peak loads, or uneven
consumption. This approach significantly improves the accuracy of assessing application performance and supports informed
decisions regarding scaling or setting constraints. The final level of the model provides for analyzing resource usage by
multiple applications simultaneously over a given period. This allows consideration of the mutual influence between
applications, competition for shared resources, and overall environment load. As a result, a comprehensive picture of
resource balance is formed, which serves as the basis for intelligent cluster policy planning, workload placement optimization,
and service stability assurance. The proposed approach to granular analysis of resource utilization in Kubernetes clusters is a
promising research direction. It opens wide opportunities for further development of forecasting models, automated
resource management, and the construction of adaptive monitoring systems capable of independently responding to
changing cluster loads. The conclusions of the study emphasize the importance of integrating such methods to enhance the
efficiency of modern cloud infrastructure operations.
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I. INTRODUCTION

he Kubernetes platform has become the standard for
T managing containerized applications in the current
era of rapid development of cloud computing and
microservice architecture. However, widespread adoption
of Kubernetes in production environments presents several
challenges related to the efficient utilization of cluster
computing resources-processor time, random access
memory (RAM), network bandwidth, disk space, and
others. A particularly pressing issue is the fair and
productive allocation of shared resources in multi-tenant or
multi-user environments without compromising the quality
of service for individual applications. Despite Kubernetes’
built-in scheduling and resource limitation mechanisms,
these often fail to account for the actual consumption
profiles, workload dynamics, and interactions between
services, which can lead to inefficient infrastructure usage

or performance degradation.
The relevance of this research is driven by the need to
develop methods for detailed, granular analysis of resource

utilization that enable a deeper investigation of individual
cluster components behavior, taking into account workload
context, deployment topology, priorities, and
interdependencies. Such an approach is a crucial step
toward improving resource optimization accuracy,
analyzing consumption conflicts, and ensuring the stable
operation of Kubernetes clusters.

The aim of this article is to develop and describe a
method for granular analysis of shared resource utilization
in a Kubernetes cluster based on system metrics and
contextual analysis. To achieve this aim, the following
tasks are set: to define the classification of resources and
their characteristics, to formulate mathematical models for
analyzing resource consumption for a single application
and for multiple applications over time, and to evaluate the
prospects of applying the proposed approach to optimize
cluster operation.

A review of recent studies shows that previous work
has largely focused on global monitoring and basic
resource scheduling [1-6], while the issue of deep,
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contextual analysis considering the dynamics and
interactions of  cluster components remains
underdeveloped. The method proposed in this article aims
to fill this gap by integrating system monitoring with
analytical models to achieve greater flexibility and
accuracy in Kubernetes resource management.

Il. INITIAL CONDITIONS

To conduct a granular analysis of the usage of shared
resources in a Kubernetes cluster, a baseline set of
characteristics was defined to reflect the state of the
infrastructure at the initial stage of the study. The main
focus was placed on the following types of resources:
central processing unit (CPU), RAM, disk space (Disk),
and network resources (Network) [7]. For each resource,
four key indicators are considered: Allocated — resources
allocated by the cloud provider, the actual resources
allocated to nodes — 4, known immediately after receiving
resources from the cloud service provider; Reserved —
reserved resources, i.e., the amount of resources explicitly
reserved for pods according to the requests specified in the
corresponding declarations — R, known at the time of
application launch; Used — actually used resources at the
moment of metric collection — U, known during application
operation; Free — free resources that remain unused due to
reservation and have not yet been utilized — F, unknown,
calculated based on all previous indicators Fig. 1 [8].

>R

FIG. 1. Schematic representation of key resource metrics.

The concepts of allocated, reserved, used, and free units
of CPU — Ac, Rc, Uc, Fc, RAM — Ar, Rr, Ur, Fr, Disk —
Ad, Rd, Ud, Fd, and Network — An, Rn, Un, Fn have been
introduced accordingly Fig. 2.
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FIG. 2. Schematic representation of key metrics corresponding to
resources.
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All types of resources are measured in their specific
units (for example, CPU — in cores or millicores, RAM —
in megabytes or gigabytes, Disk — in gigabytes, Network —
in megabits per second), which directly affects the
accuracy and completeness of the overall infrastructure
resource analysis. Additionally, among cloud computing
providers, the ratio of allocated resources varies depending
on the instance type, selected configuration, or the
provider’s business model. For example, some types of
virtual machines may have a higher share of CPU per unit
of RAM, or conversely, a larger amount of memory with
lower computing power [9, 10]. In this regard, the concept
of a weighting coefficient is introduced for each type of
resource: ¢ — CPU, r — RAM, d — disk, n — network.

These coefficients allow for the normalization of
heterogeneous resources to a common comparison or
calculation scale, which is especially important when
constructing aggregated load metrics, performing resource
balancing, and analyzing resource usage.

I1l. PRIMARY MATHEMATICAL MODEL FOR
ANALYZING RESOURCES OF A SINGLE APPLICATION
Given the initial conditions — namely, the set of data
reviewed in the previous section, including allocated,
reserved, used, and free resource units, as well as their
weighting coefficients — an initial equation can be
formulated to determine the used resources Eq. (1).

U=Ucxc+Urxr+Udx*d+Unxn, (1)

where c, 1, d, n — weighting coefficients, Uc, Ur,Ud, Un —
utilized resources.

This equation serves as a fundamental tool for the
formalized assessment of the current system load. Such an
approach enables a systematic and quantitative
characterization of the infrastructure’s load level,
identification of potential bottlenecks or inefficient
resource usage. The resulting equation serves as a starting
point for further analysis — both for operational monitoring
and for forecasting, resource optimization, and making
informed decisions regarding scaling, redistribution, or
updating the architecture of the computing environment.

The next step, based on the same information, is to
formulate similar equations for reserved Eq.(2) and
allocated Eq. (3) resources.

R=Rc*c+Rrxr+Rd*d+Rnxn, 2)
where Rc, Rr, Rd, Rn — reserved resources.
A=Ac*c+Ar*r+Ad*d+An*n, 3)

where Ac, Ar, Ad, An — allocated resources.

These equations allow for a quantitative description of
the amount of resources reserved for guaranteed use, as
well as those administratively or systemically assigned to
specific tasks or components. Formalizing these
relationships is important for a comprehensive
understanding of the overall resource distribution in the
system and for ensuring accurate comparison between
actual usage, planning, and resource allocation.

The concept of free resources was defined in the
previous section; however, they are unknown and depend
on the actually used resources and the allocated resources.
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Let us formulate equations that allow the calculation of free
resources for CPU Eq. (4), RAM Egq. (5), Disk Eq. (6),
Network Eq. (7), as well as an overall free resources metric
Eq. (8).

Fc=Ac—Uc, “4)
Fr =Ar —Ur, 5)
Fd = Ad — Ud, (6)
Fn =An—Un, @)

F=Fcxc+Fr+xr+Fdxd+ Fn=x*n, (8)

where Fc, Fr, Fd, Fn — free resources.

At this stage, it is already possible to perform a real-
time analysis of the efficiency of resource usage by a single
containerized application. For example, if the overall
metric of used resources exceeds the metric of reserved
resources Eq. (9) Fig. 3, this indicates either insufficient
reserved resources or a suboptimal application algorithm
that consumes more resources than expected, requiring a
detailed analysis of the application’s algorithm.

Conversely, if the overall metric of used resources is
significantly lower than the metrics of reserved and
allocated resources Eq. (10) Fig. 4, this indicates resource
underutilization, and it is likely possible to reduce the level
of reserved resources, which would in turn decrease the
amount of allocated resources.

U>R. 9)

N/

FIG. 3. Schematic representation of suboptimal resource usage.

U<R<A. (10)

X

FIG. 4. Schematic representation of resource underutilization.
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IV. MATHEMATICAL MODEL FOR ANALYZING
RESOURCES OF A SINGLE APPLICATION
OVER A PERIOD OF TIME

In the previous section, a mathematical model was
developed for analyzing resource usage by a single
containerized application at a fixed point in time. However,
this approach has limited practical value since application
load is dynamic and can vary significantly depending on
the time of day, external events, user activity, and other
factors. At one moment, the application may consume
minimal resources, while at another it may reach peak
loads. To improve the reliability and stability of analysis
results, it is advisable to introduce into the mathematical
model the concept of numerical series describing resource
usage changes over time. This allows analysis not only at
a specific moment but also tracking the dynamics of
resource usage over a certain period — both short-term
(e.g., several minutes) and long-term (hours, days, or even
weeks). Thus, we obtain a time-based model of resource
usage — 7. This significantly increases the analytical value
of the model and makes it suitable for real-world scenarios
such as monitoring, automatic scaling, and optimization of
computing infrastructure Fig. 5.

resource
units
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FIG. 5. Schematic representation of resources on a timeline.

To use time series in the model, it is necessary to have
historical data on resource consumption over a certain
period, which must be collected at consistent intervals and
maintain a high level of consistency. Such series are
formed separately for each type of resource: CPU Eq. (11),
RAM Egq. (12), Disk Eq.(13), and Network Eq. (14).
Obtaining this data is possible thanks to metric exporters
integrated with the Kubernetes cluster. These can be
optionally installed depending on the needs of the user or
system administrator. The most common solutions include
Prometheus Node Exporter, kube-state-metrics, cAdvisor,
and others. They enable automatic and regular collection
of system resource status information both at the instance
level and at the level of individual containers or pods. Thus,
having a metric collection infrastructure is a necessary
prerequisite for building and applying time series in the
analysis model, which opens up opportunities for deeper
and more accurate monitoring, load optimization, and data-
driven decision-making.

Having obtained all the necessary time-dependent
equations, it is possible to construct a mathematical model
incorporating time series Eq. (15).
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U =Uc,*c+Ur,*xr+Ud,*d + Un, *n, (an
t €[1;T],
where T — period.
Ry =Rcy *c+ Rry*r+ Rd; *d + Rn; * n, (12)
t €[1;T].

Ay =Ac,xc+ Ay *r+ Ady xd + An, * n, (13)
t €[1;T].
Fo=Fc,xc+Fryxr+Fdy*d + Fn, *n,
FCt ZACt_UCt,

Fr = Ar, — Ury,

Fd, = Ad, — Ud,,

Fn, = An, — Un,,
t €[1;T].

(14)

(15)

With the established current mathematical model
integrating time series of resource usage, it is possible to
conduct a consistent and comprehensive analysis of the
load generated by a single containerized application over a
selected time period. This approach allows taking into
account not only instantaneous metrics but also changes in
resource consumption over time, enabling the
identification of cyclical fluctuations, peak loads, and idle
periods.

V. MATHEMATICAL MODEL FOR ANALYZING
RESOURCES OF MULTIPLE APPLICATIONS OVER A
PERIOD OF TIME

Typically, a Kubernetes cluster is not designed to run
just a single application, as such an approach is
economically inefficient and impractical considering
infrastructure and management costs. Instead, Kubernetes
is built as a platform for scalable management of a large
number of applications simultaneously — P, enabling the
most efficient use of available computing resources, load
distribution, and ensuring high availability and fault
tolerance. Considering this, the next logical step in the
development of the mathematical model is to introduce
parameters that reflect the dependence of used Eq. (16) and
reserved Eq. (17) resources on a specific application (pod).
This will allow modeling and analyzing resource allocation
among many concurrently running applications, taking into
account their individual characteristics and requirements.
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U.(pod) = Uc,(pod) * ¢ + Ur,(pod) *r
+Ud;(pod) * d + Un,(pod) *n,

t €[1;T],
pod € [1;P],
where Uc(pod), Ur(pod), Ud(pod), Un(pod) — utilized
resources, P — pods count.
R;(pod) = Rc;(pod) * ¢ + Rry(pod) *r
+Rd.(pod) * d + Rn.(pod) * n,

t €[1;T],
pod € [1;P],
where Rc(pod), Rr(pod), Rd(pod), Rn(pod) — reserved
resources.
The obtained equations will be presented in a form to

be applied in the mathematical model Eq. (18).
P T

UsS = Z ZUt(pod),

pod=1t=1
P T

D Re(pod),
pod=1t=1
t €[1;T],
pod € [1;P].

(16)

(17)

RS = (18)

Allocated and free resources do not have a direct
dependency on specific applications, since the same
instance allocated by the cloud provider can serve multiple
applications simultaneously. This means that allocated
resources represent a shared pool available to all deployed
applications, while free resources are those remaining
available after distribution and actual consumption.
Therefore, the equations describing the mathematical
model in the context of allocated Egs. (19) and (20) and
free Eqs. (21) and (22) resources should not include
parameters dependent on individual applications (pods).
Instead, these equations reflect the overall availability and
residual resources within a given instance.

A =Ac,xc+Aryxr+ Ady *d + An. * n,

19
t €[1;T]. (19)
T
PZA“ 20
e (20)
t €[1;T].
Fp=Fc,xc+Fryxr+Fdy,*d + Fn, xn,
P
Fc, = Ac;, — Z Uc; (pod),
pod=1
P
Fr, = Ar, — Z Ur; (pod),
pod=1
” 2n
Fd, = Ad, — Z Ud, (pod),
pod=1
P
Fn, = An, — Z Un.(pod),
pod=1
t €[1;T],
pod € [1;P].
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T
FS = ZFt, (22)
t=1
t €[1;T]

Having obtained the equations, the final mathematical
model can be constructed, enabling the calculation of
resource usage and the analysis of their utilization
efficiency Eq. (23).

P T
Us = Z U,(pod),
pod=1t=1
P T
RS = Z ZRt(pod),
pod=1t=1
T
AS = Z Ay, (23)
t=1
T
FS = z F,,
t=1
t €[1;T],
pod € [1;P].

VI. EXAMPLES OF MODEL USAGE

The developed mathematical model can be applied to
various types of resource usage analysis, significantly
expanding the capabilities for monitoring and optimizing
computing infrastructure.

First, the model enables an overall assessment of
resource usage within the entire Kubernetes cluster or a
specific instance, allowing determination of system load
levels, availability of free resources, and scaling potential.
For example, if the total resource usage by a group of
applications approaches the allocated resources Eq. (24),
this indicates that resources will soon need to be increased
or the application algorithms reviewed for potential
inefficiencies in resource utilization.

P T

Z U, (pod) > ZT:At.
t=1

pod=1t=1

24

Second, the model allows evaluation with respect to
specific applications (pods), enabling identification of
which services or applications consume the largest share of
resources and supporting decisions regarding prioritization
of resource allocation or optimization of their operation.
For example, if Application 3 uses more resources than
reserved for it Eq.(25), this indicates that resource
consumption was incorrectly forecasted or there are issues
with the application’s algorithm.

ZT: U, (3) > ZT:Rt(3).

Third, integrating time series into the model opens up
the possibility to analyze resource usage dynamics over
time. This enables tracking changes in load during different
periods, identifying peak and minimum values, and
forecasting future resource needs — an especially important
capability for effective planning and automatic scaling. For
example, if it is observed that resource usage significantly

(25)
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fluctuates at certain intervals, this indicates the regular
occurrence of some internal or external event, such as user
activity or a scheduled task within the application.

VII. CONCLUSIONS

The current method significantly expands the
capabilities for analyzing resource usage in a Kubernetes
cluster, enabling more accurate, flexible, and adaptive
management of computing resources. This approach scales
well and can be fully automated through a Kubernetes
operator that handles the collection, processing, and real-
time updating of metrics. The calculation results — such as
aggregated indicators, efficiency assessments, and residual
resource evaluations — can be presented in an intuitive
graphical format using Grafana, greatly simplifying load
monitoring and  decision-making. Moreover, the
mathematical model can be extended to generate automatic
recommendations that take into account the current and
forecasted system state. Such recommendations, for
example regarding scaling, redistribution, or resource
optimization, can also be visualized in Grafana, making the
system not only analytical but also practically oriented.

The next stage in the development of the proposed
method is the introduction of the concept of a
heterogeneous environment into the model, which is
characteristic of most real cloud infrastructures. This will
allow accounting for the diversity of instance types
provided by cloud providers, each with different
performance profiles, resource capacities, and costs. An
important component will also be the modeling of
application distribution mechanisms across instances
within the Kubernetes cluster, taking into account
placement policies, resource constraints, and scaling logic.
Thus, the model will move closer to representing a
complete and realistic picture of the operation of a
complex, dynamic cloud infrastructure.
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MeTopA rpaHy/1bOBaHOro aHaNi3y BUKOPUCTAHHA CNiJIbHUX
pecypciB Kubernetes Knacrtepa

MuKona bypsak”

Kadepnpa nporpamHoro 3abesneyeHHs KOMN'OTEPHUX CUCTEM, YepHiBeLbKUiA HaLioHaNbHUI yHiBepcuTeT imeHi HOpis deabKkoBuYa,
YepHisui, YkpaiHa

* ABTOp-KOpecnoHAeHT (EnekTpoHHa agpeca: buriak.mykola@chnu.edu.ua)

AHOTALLIA Y cyyacHux obumcntoBanbHUX cepeposuax naatpopma Kubernetes ctana ctaHoaptom Ansa aBTOMATU30BaHOrO
pO3ropTaHHA, MacliTabyBaHHA Ta yNPaBAiHHA KOHTEAHEPU30BAHUMM 3aCTOCYHKaMM. 3i 3pocTaHHAM nonynapHocTi Kubernetes y
CBITi MOCTa€e Aepani rocTpiwa notpeba B TOYHOMY 1 epEKTUBHOMY aHani3i CMOXKMBAHHA pecypciB. Lie KpUTUYHO BaXKAMBO Ans
3abe3neyeHHs CcTabinbHOI NPOAYKTUBHOCTI, ONTUMANIbHOTO BMKOPUCTAHHA iHOPACTPYKTYypU Ta EKOHOMIYHO OBI'PYHTOBAHOMO
nnaHyBaHHA NOTyXHOCTel. OfHaK KepyBaHHA pecypcammn B Kubernetes ycKnagHIOETbCA Yepes AMHaMIYHY npupoay
HaBaHTaYKeHb | B3AaEMO3a/IEXKHICTb 3aCTOCYHKIB, AKi QYHKLIOHYIOTb Y CMi/IbHOMY cepenoBuLL. Y A0CNiAXKEHHI BCTAHOB/IOOTHCA
MOYaTKOBi YMOBU ANA MPOBEAEHHS aHanisy, Ae Po3rffaloTbCA OCHOBHI TMMM pecypciB: Mpolecop, ornepatMBHa Nam’saTb,
[OMCKOBUI MPOCTip | MmepexkeBuid Tpadik. 1A KOKHOrO pecypcy BM3HAYatOTbCA Barosi KoeodiljieHTH, Lo BiA0bparkaloTb Moro
BiZIHOCHY 3HAUYLLCTb Y KOHTEKCTi BUKOHAHHSA 3aBAaHb Pi3HWX TMNiB. KpiM TOro, KOXeH pecypc NoAiNsfeTbcA Ha YOTUPU CTaHMU:
BUAiNEHi, 3ape3epBOBaHi, BUKOPUCTaHI Ta Bi/ibHi. TakWit NOAiN A03BO/AE OTPUMATK BiNbll AeTani3oBaHy KapTUHY GaKTUUYHOIO
CTaHY BMKOPUCTaHHA iHOPACTPYKTYpU Ta MPUMMATU PillEHHA 3 ypaxXyBaHHAM SIK TEXHIYHOI, TaK i EKOHOMIYHOI edEeKTUBHOCTI.
MNepBMHHA MoAeNb aHaNi3y 30CepearKYETbCA HA OLLHLL PECYPCHOrO CMOXMBAHHA OAHOIO0 OKPEMOrO 3aCTOCYHKY B KOHKPETHWUM
MOMEHT Yacy. Y pamkax Ljei moaeni po3rnafaeTbcsa CniBBiAHOWEHHA MiX 3ape3epBOBAaHUMM Ta GAKTUYHO BUKOPUCTAHUMMU
pecypcamu, Lo [03BONAE BUABUTU HALJ/IMLLKOBE pe3epBYBaHHA abo HaBMaKu — HegocTaTHIO 3abesneyeHicTb. Moaenb popmye
ocHoBy gnA 6a30BOro PO3ymiHHA MOBEAIHKM 3aCTOCYHKY Yy KnacTepi Ta A€ 3MOry MPOBOAMTM MOYATKOBY AiarHOCTUKY
HeedeKTMBHOCTEN. MoAanblue YCKNagHEHHA MOZeni [03BO/IAE BPaXOBYBAaTU 3MiHY BUKOPUCTaHHA pecypciB y Yaci. MoBesiHKa
OZHOTO 3aCTOCYHKY aHaNi3yeTbCA MPOTArOM 33[4aHOr0 nepioay, WO BiAKPMBAE MOXK/IMBICTb BUABNATU AOBIOCTPOKOBI TPEHAH,
NoCTYNoBe BUTIKAaHHA pPecypciB, NiKOBi HABaHTaXKEHHS Y HEPIBHOMIPHICTb CMOXMBAHHA. TaKM Nigxia 3HAYHO NifBULLYE TOYHICTb
OLiHKM edeKTMBHOCTI pobOTM 3aCTOCYHKY Ta [A03BOMAE MPUMMATU OOrPYHTOBAHI pillEHHs WoA0 MacwTabyBaHHA abo
HaNaWwTyBaHHA obmexkeHb. OCTaHHIN piBeHb moaeni nepenbayae aHanisa BUKOPUCTAHHA pecypciB baraTbma 3acTOCYHKamw
O[HOYACHO MPOTArOM MeBHOro nepioay. Lle [03BONSAE BpaxoBYBaTU B3aEMHWIA BMAMB MidK 3aCTOCYHKaMM, KOHKYpeHLlo 3a
CNiNbHI pecypcu Ta 3arasibHy 3aBaHTaXKeHICTb cepefoBuLLA. B pe3ynbTaTi GopMyEeTbCA LinicHa KapTUHa pecypcHoro 6anaHcy, Aka
€ OCHOBOIO /19 PO3YMHOTO M/IaHYBaHHSA KJACTEPHMX MOAITMK, ONTUMI3aLLii pO3MilLeHHA poboYMX HaBaHTaXKeHb Ta 3abe3neyeHHs
cTabinbHOCTI 06cNyroByBaHHA. 3anpOMNOHOBAHWIA MigXif 40 rPaHY/IbOBAaHOrO aHanily BUKOPWUCTaHHA pecypciB y Kubernetes-
KnacTepi € NepCnekTMBHUM HaNPAMOM A0CNIAXKEHHS. BiH BiAKPMBAE LMPOKI MOXKINBOCTI 418 NOAA/bLIOIO PO3BUTKY MOAeNekn
NPOrHO3yBaHHA, aBTOMAaTM30BAHOIO KepyBaHHA pecypcamn Ta NobysoBM aAanTUBHUX CUCTEM MOHITOPWUHIY, 34aTHUX
CaMOCTIMHO pearyBaTi Ha 3MiHy HaBaHTaXeHb Yy KaacTepi. BUCHOBKM JocnigKeHH: NigKPecnooTb BaXKAMBICTb iHTerpaLii Takmx
MEeTOoZjB ANA NiABULLEHHA ePEKTUBHOCTI eKCnyaTaLii Cy4acHUX XMapHUX iHGPaCTPYKTyp.

K/IIO4YOBI C/IOBA Kubernetes, onTumisaLisi pecypcis, KOHTeliHepu3aL,is, aHani3 BUKOPUCTaHHS PecypciB, Knactepmsalis.

@ @ This article is licensed under a Creative Commons Attribution 4.0 International License.
To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.
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