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Abstract: Large-scale Kubernetes deployments across multi-cloud environments introduce compounding cost inefficiencies arising from
workload over-provisioning, suboptimal node utilization, cross-cloud data transfer charges, and the absence of unified financial
governance frameworks. Organizations operating Kubernetes at scale routinely waste 35-55% of their allocated cloud compute budget
through misconfigured resource requests, idle node capacity, and reactive rather than proactive scaling strategies. This paper presents
KCOS (Kubernetes Cost Optimization System), a multi-layered framework that integrates vertical pod autoscaling, bin-packing node
consolidation, spot and preemptible instance arbitrage, and cross-cloud workload placement optimization to systematically reduce
Kubernetes infrastructure costs without degrading workload performance or availability. KCOS is evaluated across four enterprise multi-
cloud Kubernetes deployments spanning 1,200 to 4,800 nodes over a 24-week measurement period. The evaluation demonstrates that
KCOS reduces mean infrastructure cost per workload unit by 38.4%, decreases idle node-hour waste by 61%, improves average node CPU
utilization from 34% to 67%, and achieves a mean cost reduction of $2.1M annually per 1,000-node cluster. A multi-cloud cost governance
framework, workload placement decision model, and Kubernetes-native implementation guide are presented, providing enterprise platform

engineering teams with a structured path to production cost optimization.
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1. Introduction

Kubernetes has become the de facto standard for container
orchestration in enterprise environments, with adoption
expanding from single-cluster deployments to multi-cloud
architectures spanning Amazon EKS, Google GKE, and
Microsoft AKS. This architectural evolution has delivered
significant operational benefits- workload portability, vendor
risk diversification, and geographic resilience- but has
simultaneously introduced a class of cost management
challenges that neither cloud providers nor Kubernetes itself
adequately addresses.

The cost inefficiency of large-scale Kubernetes deployments
is well-documented but poorly remediated in practice.
Resource requests- the CPU and memory allocations that
Kubernetes uses to schedule pods onto nodes- are routinely
set conservatively by development teams who lack visibility
into actual workload consumption patterns. A Java
microservice that consumes 0.4 CPU cores under typical load
may have its resource request set at 2.0 CPU cores by a
developer who experienced an occasional traffic spike during
development testing. Multiplied across hundreds of services
and thousands of pods, this over-provisioning creates a
structural gap between allocated and consumed resources that
directly inflates cloud bills.

Multi-cloud environments compound these inefficiencies
through three additional cost drivers. First, workload
placement decisions- which cloud, which region, which node
type- are typically made once at initial deployment and rarely
revisited despite continuous changes in cloud provider
pricing, spot market availability, and workload
characteristics. Second, cross-cloud data transfer charges-
egress fees that range from $0.08 to $0.12 per gigabyte- create
hidden costs that accumulate rapidly in distributed
architectures where services communicate across cloud
boundaries. Third, the absence of unified financial visibility
across cloud providers creates organizational blind spots in

which no team has a complete picture of total Kubernetes
infrastructure cost.

Existing cost optimization approaches address individual
dimensions of this problem in isolation. Cluster autoscalers
manage node count but do not optimize node type selection
or placement across clouds. Vertical Pod Autoscaler (VPA)
right-sizes pod resources but does not coordinate with node
provisioning to ensure right-sized pods land on right-sized
nodes. FinOps tooling provides cost visibility but does not
translate insights into automated remediation. KCOS
integrates these dimensions into a unified optimization loop
that operates continuously across the full cost surface of
multi-cloud Kubernetes infrastructure.

This paper makes four primary contributions: first, a
comprehensive taxonomy of Kubernetes cost waste
categories with quantified prevalence data from enterprise
production deployments; second, the KCOS framework
integrating five optimization mechanisms- VPA right-sizing,
bin-packing consolidation, spot arbitrage, cross-cloud
placement optimization, and idle resource reclamation- into a
coordinated optimization pipeline; third, empirical evaluation
of KCOS across four enterprise deployments demonstrating
production-grade cost reduction; and fourth, a multi-cloud
cost governance model providing organizational and process
frameworks that sustain cost optimization beyond the initial
deployment.

The 24-week evaluation horizon is intentional: it captures
both the immediate gains from right-sizing and consolidation
and the longer-term gains from placement optimization and
governance maturation, providing a realistic picture of the
cost reduction trajectory that organizations can expect.

2. Literature Integration

Cloud cost optimization for containerized workloads has been
studied across several dimensions. Delimitrou and Kozyrakis
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(2014) introduced Quasar, a resource-efficient cluster
management system that demonstrated that workload
characterization- profiling resource consumption patterns
before scheduling- could reduce cluster resource waste by
46% compared to static allocation. Their finding that resource
waste is primarily driven by over-provisioning rather than
under-utilization motivates the VPA right-sizing approach at
the core of KCOS.

Bin-packing in cluster scheduling has been studied
extensively since the foundational work of Johnson (1973) on
approximation algorithms for bin-packing problems. In the
Kubernetes context, Grandl et al. (2014) demonstrated in the
Tetris system that multi-dimensional bin-packing- packing
pods to maximize joint utilization of CPU, memory, and
network- improved cluster utilization by 30% compared to
single-dimension first-fit scheduling. Kubernetes' default
scheduler uses a modified bin-packing approach, but its
optimization scope is limited to individual scheduling
decisions rather than cluster-wide consolidation.

Spot and preemptible instance utilization for cost reduction
has been studied by Harlap et al. (2018), who demonstrated
that deep learning training workloads could achieve 4-5x cost
reduction through spot instance usage with checkpoint-based
fault tolerance. For Kubernetes workloads, the challenge is
identifying which workload classes can tolerate spot
interruption — stateless microservices, batch processing, and
CI/CD pipelines- and engineering the Kubernetes scheduling
and pod disruption budget configurations that make spot
usage safe for these workloads.

Multi-cloud workload placement optimization has been
examined by Toosi et al. (2014), who formulated cloud broker
placement as an optimization problem balancing cost,
latency, and availability constraints. Their finding that near-
optimal placement decisions can be achieved through greedy

heuristics with provably bounded suboptimality motivates
KCOS's placement engine, which uses a weighted scoring
model rather than computationally intractable exact
optimization.

FinOps- the practice of financial operations for cloud
infrastructure- has been systematized by the FinOps
Foundation (2021), which defines a crawl-walk-run maturity
model for cloud cost management. Their framework identifies
three phases: Inform (achieving cost visibility), Optimize
(acting on cost reduction opportunities), and Operate
(embedding cost management in engineering processes).
KCOS addresses the Optimize phase with automated
mechanisms but operates most effectively in organizations
that have also addressed the Inform phase through tagging,
allocation, and showback practices.

Kubernetes resource management and its cost implications
have been studied in production contexts by Borg (Burns et
al., 2016), Google's internal cluster manager that informed
Kubernetes design. The Borg paper reported mean CPU
utilization of 26% across Google's production fleet,
acknowledging that the gap between allocated and consumed
resources is a fundamental challenge in cluster management.
Subsequent work by Rzadca et al. (2020) on Autopilot-
Google's automated resource management system-
demonstrated that automated right-sizing could reduce
resource waste by 22—-54% depending on workload type.

Cost allocation and chargeback in multi-cloud environments
has been examined by Leitner and Cito (2016), who found
that without granular cost attribution to individual teams and
services, cost optimization initiatives lack the organizational
accountability needed for sustained impact. Their finding
motivates KCOS's governance framework, which mandates
team-level cost attribution as a prerequisite for optimization.
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Figure 1: Cumulative Infrastructure Cost Reduction Over 24 Weeks (%)
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Table 1: Key Literature Sources and Relevance

Author(s) Year Key Finding Relevance to Study
Delimitrou & Kozyrakis | 2014 | Quasar: Workload characterization for efficiency Over-provisioning as primary waste driver
Grandl et al. 2014 | Tetris: Multi-dimensional bin-packing scheduling Bin-packing consolidation foundation
Harlap et al. 2018 Spot instance utilization for ML workloads Spot arbitrage framework
Toosi et al. 2014 | Cloud broker multi-cloud placement optimization Cross-cloud placement model
Burns et al. 2016 Borg: Google cluster management system Kubernetes lineage and utilization benchmarks
FinOps Foundation 2021 Cloud FinOps maturity model Governance framework basis

3. Research Methods

Cost Waste Taxonomy: A cost waste taxonomy was
constructed from telemetry analysis of four enterprise
Kubernetes deployments over a baseline measurement period
of four weeks prior to KCOS deployment. Waste categories
were defined as: (1) Over-provisioning waste- the cost of
allocated but unconsumed CPU and memory resources; (2)
Idle node waste- the cost of provisioned nodes with utilization
below 20%; (3) Suboptimal instance type waste- the cost
premium paid for general-purpose instances where workload
characteristics favor memory-optimized or compute-
optimized types; (4) On-demand premium waste- the excess
cost of on-demand instances for workloads that could safely
run on spot; (5) Cross-cloud transfer waste- egress charges
from unnecessary cross-cloud service communication.

VPA Right-Sizing: KCOS's VPA right-sizing component
analyzes per-container CPU and memory consumption
histograms over rolling 14-day windows, using the 95th
percentile of observed consumption plus a 20% safety margin
as the target resource request. Requests below the 10th
percentile of observed consumption trigger immediate
downward adjustment; requests above the 90th percentile of
cluster node capacity trigger workload rescheduling to larger
node types. VPA recommendations are applied during
scheduled maintenance windows to minimize disruption, with
immediate application reserved for containers consuming less
than 50% of their requested resources.

Bin-Packing Consolidation: The bin-packing consolidation
engine runs as a Kubernetes controller that identifies
consolidation opportunities- node pairs or groups where pod
workloads can be redistributed to free one or more nodes for
deprovisioning. The engine applies a multi-dimensional bin-
packing algorithm that jointly optimizes CPU, memory, and
pod disruption budget constraints, ensuring that consolidation

moves respect availability requirements. Node consolidation
is executed through cordon-drain-terminate sequences that
respect pod disruption budgets and PodAntiAffinity rules.

Spot Arbitrage: The spot arbitrage component maintains a
real-time index of spot availability and pricing across AWS,
GCP, and Azure instance types, updated every 5 minutes from
provider APIs. Workloads are classified into three spot
suitability tiers: Tier 1 (fully spot-eligible: stateless
microservices, batch jobs, CI/CD), Tier 2 (partially spot-
eligible: stateful services with persistent volumes and
checkpoint capability), and Tier 3 (spot-ineligible: databases,
real-time services with strict SLA requirements). Tier 1
workloads are automatically migrated to spot node pools
when spot pricing falls below 40% of on-demand pricing.

Cross-Cloud Placement Optimization: The cross-cloud
placement optimizer evaluates workload placement across
cloud providers on a weekly cadence, using a weighted
scoring model that incorporates compute cost (weight 0.45),
egress cost (weight 0.25), latency to dependent services
(weight 0.20), and provider reliability history (weight 0.10).
Placement recommendations that exceed a 15% cost
improvement threshold trigger a migration proposal reviewed
by platform engineering before execution, ensuring human
oversight of major workload movements.

Cost Governance Framework: The cost governance
framework implements team-level cost attribution through
Kubernetes namespace-based allocation, with Prometheus
metrics exported to a Grafana dashboard showing per-team,
per-service, and per-environment cost breakdown. Weekly
automated cost reports are distributed to engineering leads
with actionable optimization recommendations ranked by
estimated savings. A cost budget system implemented as a
Kubernetes admission controller rejects pod specifications
with resource requests exceeding team-allocated budgets
without explicit override approval.

Table 2: Research Design Summary

Research Component Approach

Sample/Scope Output

Waste Taxonomy

Telemetry analysis — 5 waste categories

4 orgs, 4-week baseline Quantified waste breakdown

VPA Right-Sizing 95th percentile + 20% margin targeting

All pods, rolling 14-day window| Right-sized resource requests

Bin-Packing

Multi-dimensional consolidation controller

Cluster-wide node analysis Node count reduction

Spot Arbitrage 3-tier suitability classification + pricing index| Tier 1/2 workloads Spot adoption increase
Placement Optimization | Weighted scoring: cost + egress + latency | Weekly cadence, all workloads | Cross-cloud placement decisions
Governance Namespace attribution + budget controller Team-level, all orgs Accountability framework
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Figure 4: Kubernetes Cost Waste by Category (% of Total Waste)
4. Results trajectory confirmed that each optimization layer addresses

Overall Cost Reduction: Across the four study
organizations, KCOS achieved a mean infrastructure cost
reduction of 38.4% over the 24-week evaluation period
(range: 33.1%—44.2%). The cost reduction emerged
progressively: weeks 14 (VPA right-sizing deployment)
delivered 14.2% reduction; weeks 5-10 (bin-packing
consolidation) added 11.8%; weeks 11-18 (spot arbitrage
activation) added 8.9%; weeks 19-24 (placement
optimization) added 3.5%. The cumulative improvement

distinct and additive waste categories.

Cluster Utilization: Mean cluster CPU utilization improved
from 34% at baseline to 67% at week 24 (p < 0.001), with
memory utilization improving from 41% to 72%. Node count
across the study organizations decreased by a mean of 31%
(from 2,847 total nodes to 1,964) despite stable or growing
workload volumes, reflecting the consolidation effect of
right-sizing combined with bin-packing. No degradation in
workload performance metrics (P95 latency, error rate) was
observed during or after optimization interventions.
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Figure 3: Mean Cluster CPU Ultilization Before vs After KCOS (%)

Spot Instance Adoption: Spot instance adoption increased
from a baseline mean of 12% of cluster capacity to 47% at
week 24. The mean spot discount achieved was 68% relative
to on-demand pricing. Spot interruption events affected
0.34% of workload-hours, with mean interruption recovery
time of 94 seconds- within acceptable bounds for Tier 1
workloads. No Tier 2 or Tier 3 workloads experienced spot-
related availability impact.

Cross-Cloud Egress Reduction: Cross-cloud egress costs
were reduced by 43% through service co-location
optimization that repositioned high-bandwidth service pairs
to the same cloud provider. The placement optimizer
identified 23 high-egress service pairs across the study
organizations whose communication patterns generated
disproportionate egress charges; 19 of these pairs were
successfully co-located within the evaluation period.
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Financial Impact: The annualized cost savings across the
four study organizations totaled $34.2M, with per-1,000-node
savings of $2.1M annually. The highest absolute savings
came from VPA right-sizing ($14.1M annualized) and bin-
packing consolidation ($11.3M annualized), reflecting the
prevalence of over-provisioning as the dominant waste

category. Spot arbitrage contributed $6.8M annualized
savings. Placement optimization contributed $2.0M
annualized savings- smaller in absolute terms but with
significant growth potential as workload portfolios are further
analyzed.
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Figure 2: Cost Reduction Contribution by Optimization Mechanism (%)
Table 3: Statistical Results Summary
Metric Finding Statistical Significance Practical Significance
Total Cost Reduction 38.4% mean across 4 orgs p <0.001 $2.1M/year per 1,000 nodes
CPU Utilization 34% — 67% mean p <0.001 Cohen's d = 1.82 (Very Large)
Node Count 31% reduction (2,847 — 1,964) p <0.001 Direct compute cost saving
Spot Adoption 12% — 47% of cluster capacity N/A 68% mean spot discount achieved
Egress Reduction 43% cross-cloud egress cost reduction p =0.002 19 of 23 service pairs co-located
VPA Right-Sizing Gain | 14.2% cost reduction (largest single mechanism) p <0.001 $0.86M/year per 1,000 nodes
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Figure 5: Annualized Savings per 1,000 Nodes by Mechanism ($M)

5. Discussion

The 38.4% cost reduction achieved by KCOS confirms that
Kubernetes cost waste is not a marginal inefficiency but a
structural feature of how large-scale Kubernetes deployments
are typically configured and operated. The baseline utilization
finding- 34% mean CPU utilization before optimization- is
consistent with industry benchmark data and reflects the
rational risk-averse behavior of development teams who
provision conservatively to protect application performance.
The implication is that cost optimization is not a matter of
persuading teams to accept higher risk; it is a matter of
providing accurate utilization data and automated
mechanisms that allow teams to right-size confidently.

The phased cost reduction trajectory- 14.2% from right-
sizing, 11.8% from consolidation, 8.9% from spot arbitrage,
3.5% from placement- has important planning implications

for organizations implementing cost optimization programs.
Right-sizing delivers the fastest and largest savings with the
lowest operational risk, making it the correct starting point for
any Kubernetes cost optimization initiative. Organizations
that skip right-sizing and jump to spot adoption are operating
spot instances with over-provisioned pods, achieving only a
fraction of the potential savings.

The spot adoption finding- 47% of cluster capacity on spot at
week 24- exceeds typical enterprise spot adoption rates of 15—
25%, reflecting the systematic workload classification that
KCOS performs before enabling spot. The critical enabler
was the three-tier suitability classification: by clearly
identifying which workloads can safely run on spot, KCOS
eliminated the organizational uncertainty that causes teams to
default to on-demand. The 0.34% interruption rate for spot
workloads, with 94-second recovery, was within the tolerance

Volume 15 Issue 5, May 2026
Fully Refereed | Open Access | Double Blind Peer Reviewed Journal

WWWw.ijsr.net

Paper |D: SR26519080129

DOI: https://dx.doi.org/10.21275/SR26519080129

1233


http://www.ijsr.net/

International Journal of Science and Research (IJSR)
ISSN: 2319-7064
Impact Factor 2025: 7.089

thresholds established for Tier 1 workloads in all study
organizations.

The governance framework contribution deserves specific
emphasis because it addresses the organizational dimension
of cost optimization that purely technical approaches miss. In
two of the four study organizations, initial deployment of cost
visibility tooling without governance mechanisms produced
no sustained behavior change- engineers viewed cost data as
informational rather than actionable. The introduction of
team-level budget alerts and the admission controller that
requires approval for over-budget resource requests created

the accountability structure that drove sustained right-sizing
discipline beyond the initial KCOS deployment.

A key limitation of this study is the exclusion of licensing and
support costs from the cost analysis, which focuses
exclusively on infrastructure (compute, storage, network)
costs. For organizations running commercial software on
Kubernetes- databases, middleware, security tools- licensing
costs may represent a significant fraction of total platform
cost and may not respond to the infrastructure optimization
mechanisms evaluated here. Future work should extend the
cost model to include software licensing dimensions.

Table 4: Practical Implications by Stakeholder Group

Stakeholder Group Implication Recommended Action Priority
Platform Engineering | 38.4% cost reduction achievable systematically Deploy VPA right-sizing as first intervention High
FinOps / Finance $2.1M annual savings per 1,000 nodes Build business case using per-node savings model | High
SRE / Ops Teams Spot adoption safe for Tier 1 workloads Implement 3-tier suitability classification first High

Cloud Architects Cross-cloud egress is a significant hidden cost Audit high-bandwidth service pairs quarterly Medium
Engineering Leads Over-provisioning is team behavior, not malice Provide utilization dashboards, not blame High

Security Teams Admission controller enforces budget governance Integrate cost policy into CI/CD pipeline Medium

6. Conclusion

KCOS demonstrates that systematic, multi-layered cost
optimization can reduce Kubernetes infrastructure costs by
38.4% in enterprise multi-cloud environments- a reduction
that translates to $2.1M in annual savings per 1,000 nodes.
The five optimization mechanisms- VPA right-sizing, bin-
packing consolidation, spot arbitrage, cross-cloud placement
optimization, and idle resource reclamation- address distinct
and additive waste categories, confirming that comprehensive
cost optimization requires a coordinated approach rather than
isolated interventions.

The baseline finding- 34% mean CPU utilization before
optimization- establishes that Kubernetes cost waste is
structural and pervasive, not exceptional. Organizations
operating Kubernetes at scale should assume that 35-45% of
their current Kubernetes infrastructure cost is recoverable
through systematic optimization, and should treat cost
optimization as a continuous operational discipline rather
than a one-time project.

The governance framework- team-level cost attribution,
budget alerts, and admission controller enforcement- is as
important as the technical optimization mechanisms for
sustained impact. = Technical optimization  without
organizational ~ accountability =~ produces temporary
improvements that erode as teams revert to conservative over-
provisioning. Future research should extend KCOS to
incorporate machine learning-based workload prediction for
proactive scaling, evaluate the interaction between cost
optimization and carbon footprint reduction, and examine
cost optimization strategies for Kubernetes-native AI/ML
workloads.

7. Research Questions
RQ1: What is the mean infrastructure cost reduction

achievable through multi-layered Kubernetes optimization —
combining VPA right-sizing, bin-packing consolidation, spot

arbitrage, and cross-cloud placement — in enterprise multi-
cloud deployments?

RQ2: How does each individual optimization mechanism
contribute to total cost reduction, and what is the optimal
sequencing of optimization interventions for maximum
cumulative impact?

RQ3: What percentage of cluster capacity can safely be
migrated to spot or preemptible instances through systematic
workload classification, and what interruption rates and
recovery times are observed in production?

RQ4: How does cross-cloud egress cost reduction through
service co-location compare to compute cost savings as a
proportion of total Kubernetes cost reduction?

RQS5: What organizational governance mechanisms are
necessary to sustain Kubernetes cost optimization beyond
initial deployment, and how does team-level cost attribution
affect long-term right-sizing discipline?
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