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Abstract

As industries advance toward sustainability, incorporating environmental performance into
cost estimation is increasingly important. This study presents a framework for evaluating
carbon emissions and costs across infrastructure services, hardware systems, and Al
workloads. The method estimates greenhouse gas (GHG) emissions for IT systems, with
particular attention to the growing energy demands of Al-driven computing, and for
hardware including components, COTS items, and complete hardware lifecycles. The
assessment is structured by Life Cycle Assessment (LCA) stages, including production,
transportation, operation, and end-of-life. For Al, the framework now provides a more
complete LCA-based calculator that combines operational emissions for training and
inference with allocated embodied emissions, data storage emissions, allocated
transportation emissions, and allocated end-of-life emissions of shared compute
infrastructure. Developed in accordance with ISO 14040/44 and ISO 14067 standards, the
framework consistently integrates carbon data into engineering and cost analyses. It
identifies emission hotspots, assesses design and sourcing alternatives, and aligns cost
efficiency with sustainability goals. By linking carbon performance to financial results, the
approach supports transparent, climate-aware cost management across sectors.

Index Terms

Life Cycle Assessment (LCA); carbon footprint; carbon cost; cost estimation; Green IT;
end-of-life emissions; Al lifecycle assessment; cooling emissions; transportation
emissions; allocated embodied carbon; inference emissions.

Nomenclature
Symbol Definition
CO2e Carbon dioxide equivalent
Cl Grid carbon intensity (kg CO2e/kWh)
PUE Power Usage Effectiveness (total facility
energy / IT equipment energy).
E Energy (kWh)
P Power (kW)
t Time (hours)
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EC Embodied (production) emissions of an
asset (kg CO2e)

feoL End-of-life factor (fraction of embodied
carbon used to estimate end-of-life
emissions when detailed pathway data are
unavailable)

a Allocation factor (share of an asset
attributed to a service or workload)

EF,0de Emission factor (kg CO2e per tonne-km)

\% Shipped weight (tonnes)

D Transport distance (km)

Cearbon Carbon cost (USD)

Dcarbon Carbon price or internal fee (USD/tonne
CO2e)

I. Introduction

Engineering and acquisition organizations increasingly need methods that connect
sustainability outcomes to conventional cost and performance analysis. Carbon footprint is
a quantitative measure of greenhouse gas emissions (typically reported as CO2e) associated
with a product, service, or activity. Carbon cost translates these emissions into a financial
value using a carbon price or internal carbon fee, enabling direct trade studies between
cost, performance, and sustainability.

This work extends earlier Green IT cost estimation!!! efforts by shifting from corporate
emissions scopes (Scope 1, Scope 2, Scope 3) to an LCA stage-based structure that aligns
with engineering levers. In parallel, the increasing energy demand of Al-driven computing
motivates explicit accounting for both training and high-volume inference. The
contribution of this paper is a consistent, implementable framework with three calculators
(IT services, hardware systems, and Al workloads) that output emissions by LCA stage
and compute carbon cost, enabling carbon-aware cost estimation and trade studies.

I1. Industry Motivation: Why Carbon and Carbon Cost Matter

Large technology companies increasingly treat carbon as a measurable operational and
financial factor. Microsoft has operated an internal carbon fee model to hold business units
financially accountable for emissions and fund decarbonization actions?* [*]. Amazon
reports its corporate footprint using the GHG Protocol and publishes methodology
documentation describing how emissions are calculated and categorized [,

At the infrastructure level, AWS provides a Customer Carbon Footprint Tool and publishes
supporting methodology and input data documentation, reflecting growing demand for
lifecycle visibility in cloud usage decisions™* [®!, Efficiency improvements also translate to
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cost: Google reports an annual average data center PUE of 1.10 in 2023[7), while Uptime
Institute reports an industry-average annual PUE of 1.58 in 20238]. Product-level lifecycle
reporting is also expanding: Dell publishes product carbon footprint reports for server
models®), and Apple publishes Product Environmental Reports that include lifecycle
greenhouse gas emissions by stagel'%l. These examples motivate engineering methods that
integrate carbon accounting with cost estimation so that carbon reduction actions can be
evaluated using the same trade study discipline as traditional cost drivers.

II1. Background: LCA, Corporate Scopes, and Related Work

Life Cycle Assessment (LCA) evaluates environmental impacts across the full life of a
product or service, typically structured by stages such as production (also called embodied
emissions), transportation, operation (use phase), and end-of-life!'!} 121 [SO 14067
specifies requirements for quantifying and reporting the carbon footprint of products using
an LCA-consistent approach!3],

Corporate Scope 1, 2, and 3 inventories, as defined by the GHG Protocol, categorize
emissions by organizational control and value chain location, rather than by lifecycle
stagel'*l. Scopes are essential for corporate reporting and target setting, but an LCA stage-
based structure is often more actionable for engineering trade studies and estimation
because it maps directly to design choices (materials, manufacturing, logistics, energy
efficiency, and end-of-life handling).

Several tools and methods estimate emissions from computation and software systems.
Green Algorithms provides a practical model to estimate operational emissions of
computing jobs using IT power, runtime, PUE, and grid carbon intensity!!>). Cloud Carbon
Footprint is an open-source tool that estimates cloud emissions from usage data and
published factors!'®!. The Green Software Foundation’s Software Carbon Intensity (SCI)
specification also formalizes a method to express software emissions as a rate normalized
by a functional unit!!”). For AI, prior work highlights the importance of transparent
reporting of energy and emissions for machine learning experiments and models!'®} [1%],

IV. Integrated Carbon-Cost Framework

The framework outputs (1) emissions by LCA stage, (ii) total emissions (CO2e), and (iii)
carbon cost. When electricity consumption is modeled, the framework can also report
energy cost as a supporting metric. For a given functional unit, total emissions are
computed as:

CO2e;91q1 = CO2€pp0q + CO2€prans + CO2e,50 + CO2e40,
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where CO2eproq, CO2€trqns, CO2ey4., and CO2e,,; are emissions (kg CO2e) from the

production, transportation, use (operation) phase, and end-of-life stages, respectively, for
the selected functional unit.

Carbon cost converts emissions into a monetary metric using a user-selected carbon price
or internal fee:

Cearbon = CO2€tota1 X Pearbon

where Ceqrpon 18 carbon cost (USD), pearpon 1S the carbon price (USD/tonne CO2e), and
the factor 1/1000 converts kilograms of CO2e to metric tonnes.

These outputs support hotspot identification, design and sourcing trade studies, and
sensitivity analysis. Figure 1 summarizes the information flow.

IT Services

Carbon Calculator
* Operation Outputs

« Transportation * CO2e by stage

« Total CO2e
« Carbon cost

Hardware

Integrated LCA Stage
S allor and Carbon Cost Framework
* Production ~—— 150-alianed ]
« Transportation pi d—a l_gneTstages':t
« Use (optional) roduction, Transport,

Operation, End of life Decision support
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Carbon Calculator esign & sourcing
alternatives

« Training & inference « Carbon-cost trade-offs
« Allocated embodied

N
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Figure 1. Integrated calculators and decision support outputs.

V.IT Services Carbon Calculator

The IT services calculator estimates emissions for infrastructure services (compute,
storage, networking, and supporting equipment) with a focus on (a) operational emissions
during service delivery and (b) transportation emissions associated with deploying and
refreshing the physical infrastructure. The calculator is compatible with the Green
Algorithms operational approach, while adding explicit logistics accounting.

A. Operational Emissions (Green Algorithms-based)
Operational emissions are driven by electricity consumption during service operation. For
an average IT power draw Py 45,4 and runtime t:

Eir = Prrgpg Xt
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Efacility = Ejr X PUE!]

Eovirien X CI
CO2e,, = Zfacility 7 =7 acilggo

When partial on-site energy production is present (for example, on-site solar), the effective
grid energy can be reduced by an on-site fraction f,, si¢e and an on-site carbon intensity

CI on_site-

_ (Efacility X (1 - fon_site) X CI) + (Efacility X fon_site X Clon_site)
v 1000

CO2e

where Pir y4 1s the average IT equipment power draw (kW), t is runtime (h), Ej7 is IT
energy (kWh), PUE is Power Usage Effectiveness (dimensionless)??”), CI is grid carbon
intensity (kg CO2e/kWh), f,, site 1s the fraction of facility energy supplied by on-site
generation (0 to 1), and Cl,, gt 1S the carbon intensity of the on-site energy source (kg
CO2e/kWh).

B. Transportation Emissions for IT Infrastructure
Transportation emissions are modeled using weight-distance-mode factors for each
shipment leg:

Zi(Wi X Di X EFmode,i)

Cozetrans = 1000

where W; 1 is shipment mass (tonnes) for leg 1, D; is distance (km) for leg 1, and EF,;,04e ;
is the mode-specific emission factor (kg CO2e per tonne-km) for leg 1.

For service-level reporting, one-time transportation emissions can be amortized over the
service life T (months or years) of the deployed hardware to produce a per-period footprint.

VI. Hardware Carbon Calculator (Lifecycle, Components, and COTS)

The hardware calculator estimates (a) production (embodied) and (b) transportation
emissions for complete hardware systems, hardware components, and COTS modules.
Where applicable, (c) use phase and end-of-life stages can be included to support full-
lifecycle comparisons.

A. Production (Embodied) Emissions

Production emissions represent upstream emissions from raw material extraction,
component manufacturing, and system assembly. Two data pathways are supported: (1)
bottom-up estimation using bill of materials (BoM)??!) mass and emission factors, and (2)
direct use of published PCF or EPD results. For a mass-based BoM approach:
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Y ..(mass,, X EE,)
C02eproa = =500

where mass,, is the mass of bill-of-materials item m (kg) and E'E,, is the emission factor
for item m (kg CO2e/kg). Emission factors may represent generic material factors,
supplier-specific factors, or published product carbon footprint (PCF)®)/ environmental
product declaration (EPD)!??! values when available.

B. Transportation Emissions

Transportation emissions for hardware use the same weight-distance-mode structure as in
the IT services calculator. Weight should include packaging when data are available, and
multiple legs (factory to port, port to distribution, distribution to site) can be modeled
explicitly.

C. Use Phase, Replacements, and End-of-Life

For some hardware categories, operational electricity use can dominate over long lifetimes
(for example, servers). Operational emissions can be estimated using measured or specified
average power and duty cycle:

(Pavg X t) X PUE X CI
1000

CO2eys, =

where Py, 1s the average operating power (kW), t is operating time (h) over the reporting

period, PUE 1is applied when the hardware operates within a facility with measurable
overhead (for example, a data center), and CI is the electricity carbon intensity (kg
CO2e/kWh).

Replacement cycles can be modeled by scaling production and transportation emissions by
(1 + nyep), where n,.,, is the expected number of replacements over the reporting horizon.

Cozeprod+trans,rep = (Cozeprod+cozetrans) X (1 + nrep)

End-of-life emissions can be estimated using recycling and disposal factors when
available, or included using published PCF reports.
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VII. AI Carbon Calculator (Training and Inference)

The Al calculator estimates emissions for both training and deployed inference services.
In addition to (a) operational emissions, it accounts for (b) allocated embodied emissions
of compute assets, (c) data storage emissions, (d) allocated transportation emissions, and
(e) allocated end-of-life emissions. This decomposition supports decisions such as
improving utilization via batching, selecting regions with lower grid carbon intensity,
selecting more efficient hardware, and comparing alternatives using a more complete
lifecycle footprint. For a selected reporting period, the total Al footprint can be expressed
as:
CozeAl,total = COzetrain,op + Cazeinf,op + Cazeemb,alloc + Cozestorage

+ Cozetrans,alloc + COZeEOL,alloc

where operational emissions represent the use phase of training and inference, and the
remaining allocated terms attribute shared infrastructure lifecycle burdens to the Al
workload.

A. Operational Emissions for Training and Inference

Operational emissions are computed from IT power and runtime, adjusted for data center
facility overhead and grid carbon intensity. Al workloads typically operate at high
sustained utilization and high rack power densities, making cooling energy a significant
contributor to total operational emissions. For this reason, facility overhead must be
explicitly included when estimating Al carbon intensity. For an Al workload:

PIT,avg = Ngpy X PGPU.avg
Eir = Prrgug Xt

Total facility energy, including cooling, power distribution losses, and supporting
infrastructure, is:

Efacility = E;r X PUE
Operational emissions are therefore:

(P, X t) X PUE X CI
COZetrain,op = e 1000

where Pr g, 1s the average IT power for the workload (kW), t is runtime (h), Ngpy is the
number of GPUs allocated to the workload, Pgpy qvg 1S average device power during the

workload (kW/device), PUE represents total facility overhead including cooling
(dimensionless), and Cl is electricity carbon intensity (kg CO2e/kWh).

Because Al clusters often operate continuously and at high load, cooling-related overhead
embedded in PUE becomes a first-order scaling factor on emissions. A reduction in PUE

7
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directly reduces operational emissions multiplicatively for identical IT load and grid carbon
intensity. For large-scale inference services running year-round, cooling efficiency can
materially affect whether inference emissions dominate over one-time training emissions.

Inference refers to the use of a trained Al model to process real user requests and generate
outputs. “Inference emissions” are the CO2e produced while serving these requests during
operation. Inference emissions should be included because deployed models can serve very
large volumes of requests over long periods. A core inference formulation uses an energy-
per-request term E,..q (kWh/request) multiplied by the number of inferences Niy:

E..,B X N; X PUE x CI
CO2einf.0p :( req ”11‘0)00

where E,.., is the measured or modeled energy per inference request (kWh/request) for the

IT load, N;yf is the number of inference requests over the reporting period, and PUE and
CI convert IT energy to facility energy and associated emissions.

Published studies demonstrate that inference can dominate life-cycle emissions when
models are deployed on a scale. Patterson et al. quantified the carbon footprint of several
large training runs and highlighted the impact of data center efficiency, hardware selection,
and geographic location®®!. Chien et al. presented a workload-based analysis indicating
that, for ChatGPT-like services, cumulative inference emissions over a year can
substantially exceed one-time training emissions, motivating carbon-aware request routing
and inference optimization'>*. Luccioni et al. estimated the broader carbon footprint of the
BLOOM language model including embodied emissions and inference via API
deployment, illustrating the importance of including non-training phases(**l,

B. Allocated Embodied Emissions

Embodied emissions of compute assets can be allocated to a workload based on time share
or utilization share. For an asset with embodied emissions EC and useful life L (hours), if
a workload uses the asset for t,, s, hours and allocation factor a:

ECx(t"Li)Xa

1000

COZeemb,alloc =

where EC is the embodied emissions of the compute asset (kg CO2e), t,s. 1s workload use
time (h), L is the asset useful life (h), and « is an allocation factor that can represent
utilization share, reservation share, or other policy-defined allocation.

C. Data Storage Emissions

Data storage emissions account for electricity used to store datasets, checkpoints, and
model artifacts. For stored data volume Dy (TB) with storage power rating Prp (kW/TB)
over time t:
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Estorage = (Drg X Prg) X t
(Est X PUE) X CI
CO2estorage = : Oragelooo

where Dyp is stored data volume (TB), Py is storage power intensity (kKW/TB) for the IT
load, ¢t is storage duration (h), and Es;orqge 1s storage IT energy (kWh). PUE and CI

convert IT energy to facility emissions.
D. Allocated Transportation Emissions

Transportation emissions for Al workloads represent the share of logistics-related
emissions associated with moving the physical compute infrastructure, such as GPU
servers, storage devices, and supporting network equipment, from manufacturing and
distribution locations to the deployment site. Because these assets are often shared across
multiple services and workloads, transportation emissions should be allocated rather than
assigned entirely to one Al workload.

Total transportation emissions for the relevant compute infrastructure can be modeled
using the same weight-distance-mode formulation used elsewhere in the framework:

COzetrans,total = Z(Wl X D; X EFmode,i)

l

where W; is shipment mass (tonnes) for transport leg i, D; is transport distance (km), and
EFp04e 18 the mode-specific transportation emission factor (kg CO2e per tonne-km).

To attribute a fair share of these one-time logistics emissions to an Al workload, the
transportation burden can be amortized over the useful life of the asset and scaled by the
workload allocation factor:

t
Cozetrans,total X (%) Xa
1000

Co2 €trans,alloc —

where t,.1s the workload use time (h), Lis the useful life of the asset (h), and ais the
allocation factor representing the share of the asset attributable to the Al workload. This
keeps transportation treatment consistent with the embodied carbon allocation method and
helps avoid double counting when multiple workloads share the same infrastructure.

E. Allocated End-of-Life Emissions

End-of-life emissions for Al workloads represent the share of emissions associated with
decommissioning, transport to recycling or disposal facilities, dismantling, materials
recovery, and final disposal of computing infrastructure at the end of service life. As with
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embodied and transportation emissions, these impacts occur at the hardware level and
should be allocated to Al workloads according to lifetime use and workload share.

When detailed recycling and disposal pathway data are not available, a practical screening
approximation is to estimate end-of-life emissions as a fraction of embodied emissions:

CO2egoptotar = EC X fgoL

where ECis the embodied carbon of the hardware item (kg CO2e) and 5, is an end-of-life
factor representing the fraction of embodied carbon used as a proxy for end-of-life impacts.

Allocated end-of-life emissions for the Al workload are then:

t
CO2egop totar X ( Ife) Xa
1000

CO2egop aitoc =

where t,s., L, and aare defined as above. When higher-fidelity information is available,
the simplified factor-based approach may be replaced with recycling- and disposal-
pathway-specific emission factors. This treatment closes the lifecycle loop for Al
workloads and improves consistency with a full LCA stage-based framework.

VIII. Implementation Inputs, Defaults, and Data Sources

Early-stage cost and sustainability trade studies often begin with incomplete data. The
calculators therefore support defaults that can be replaced with program-specific
measurements when available. Table I summarizes core inputs and recommends public
data sources that can be used to populate defaults and support sensitivity analysis.

Input Symbol Example default Notes
or source

Grid carbon CI U.S. avg 0.369 kg | Use region-specific

intensity CO2/kWh? CI when possible.

Data center PUE PUE 1.10 (Google | Prefer measured

efficiency 2023 avg)!], PUE for the actual
industry avg 1.58® | facility.

Emission factors EF mode Climatiq transport | Select mode and
factors (tonne- distance by supply
km)!%¢] chain path.

Carbon unit price p_carbon U.S. industrial avg | Use region-specific
19.88 US$/ tonne price when
CO2e? possible.

Hardware EC Published BoM-based

embodied data PCF/EPD (e.g., estimate when PCF
Dell PCF report)”®? | not available.

Table I. Representative inputs and public data sources used for defaults and examples.

10
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For the Al calculator, additional implementation inputs are required to support allocated
lifecycle stages. A practical default set for early-stage analysis includes an allocation factor
a = 0.5when measured workload share is not available, a useful life Lbased on the
expected active life of the compute asset, and an end-of-life factor fzo, = 0.05as a
screening assumption when recycler-specific data are unavailable. Transportation inputs
for Al use the same shipment weight, distance, and mode-specific factors already applied
in the IT and hardware calculators, allowing one consistent logistics methodology across
the framework. These defaults should be progressively replaced with measured utilization,
supplier-specific product carbon footprint data, logistics records, and recycler-specific
assumptions when available.

IX. Sensitivity Analysis

Sensitivity analysis is essential because early-stage carbon estimates depend on uncertain
inputs such as utilization, PUE, grid carbon intensity (CI), asset lifetime, workload share,
and allocation rules for shared infrastructure. For operational emissions, PUE, CI, and
inference scale or runtime are first-order drivers because they scale electricity-related
emissions multiplicatively:

P X t) X PUE X CI
C02e,, =( IT,avg 1300

Utilization affects Py g4, especially for shared infrastructure and variable Al inference
loads. For production, transportation, and end-of-life stages, dominant sensitivities arise
from emission factor representativeness, shipment weight, distance, freight mode, asset
lifetime, workload allocation factor @, and the assumed end-of-life factor or disposal
pathway. Reporting high- and low-bound scenarios for key parameters, and progressively
replacing defaults with measured telemetry, supplier-specific PCF/EPD data, logistics
records, and recycler-specific assumptions, improves credibility and reduces

X. Discussion and Limitations
The proposed calculators prioritize transparency and implementability for early-stage
engineering trade studies. Key limitations include:

(1) Variability in grid carbon intensity over time and location, including time-of-use effects
not captured in annual averages.

(2) Uncertainty in PUE and utilization, particularly for shared facilities and dynamic Al
inference workloads.

(3) Representativeness of embodied emission factors and published PCF reports for a
specific product configuration.

11
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(4) Allocation choices for shared assets, which can materially change per-workload
embodied emissions.

(5) Potential double counting when combining corporate scope inventories with product-
level LCA outputs.

These limitations can be mitigated by progressively replacing defaults with measured
telemetry, supplier-specific PCFs, and region-specific carbon intensity data.

XI. Future Work

. Future work will focus on improving data fidelity and validating the now more complete
lifecycle framework. Planned improvements include: (1) expanding IT services accounting
toward a more complete LCA by incorporating allocated embodied emissions of data
center and network infrastructure and more detailed end-of-life handling; (2) adding time-
varying carbon intensity and location-based electricity data to support carbon-aware
scheduling; (3) improving Al inference accounting with measured utilization, batching,
and service-level energy-per-request estimates; (4) refining Al transportation and end-of-
life estimates using supplier logistics records, asset inventories, and recycler-specific data
rather than screening defaults; (5) integrating supplier-provided product carbon footprints
for a wider set of hardware components and COTS modules; and (6) validating the
calculators against operational telemetry and externally published benchmarks.

XII. Conclusion

This paper presented an integrated, LCA stage-based framework that connects carbon
accounting to cost estimation for IT services, hardware systems including components and
COTS modules, and Al workloads. The proposed approach structures emissions by
lifecycle stage—production or embodied, transportation, operation, and end-of-life—and
converts those emissions into an interpretable carbon cost. This enables carbon to be treated
as a decision variable alongside traditional cost drivers. For IT services and Al workloads,
operational emissions are estimated using an energy-based model informed by runtime,
average IT power, facility overhead (PUE), and grid carbon intensity. For hardware,
production or embodied emissions can be parameterized using BoM-based inventories and
LCA-consistent emission factors, complemented by supplier-published Product Carbon
Footprints (PCFs) and Environmental Product Declarations (EPDs) when available.
Transportation and end-of-life emissions are modeled using standard allocation-consistent
methods so that shared infrastructure burdens can be more defensibly attributed to services
and workloads.

A key contribution of this work is providing a consistent method to integrate heterogeneous
data sources, including measured telemetry, published carbon factors, and open datasets,
into one implementable calculator suite that supports engineering-relevant analysis. The

12
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framework explicitly emphasizes allocation rules for shared infrastructure and highlights
Al inference as a major lifecycle driver in widely deployed systems, which is critical for
credible Al carbon accounting. By exposing dominant parameters, for example utilization,
PUE, carbon intensity, lifetime, and allocation choices, and organizing outputs by lifecycle
stage, the calculators support transparent hotspot identification and sensitivity analysis,
while maintaining traceability to inputs that cost engineers and system designers can
influence, such as materials, sourcing, logistics, utilization strategy, and operational
efficiency.

Finally, the framework is designed to be practical at different maturity levels. Early
analyses can be parameterized using publicly available grid emission factors, freight
emission factors, and benchmark PUE ranges to bound uncertainty, and then progressively
refined as higher-fidelity data become available. This staged approach enables teams to
start carbon-aware trade studies immediately, without waiting for perfect data, while
preserving a clear path toward greater accuracy through measured operational telemetry,
supplier-specific disclosures, and location and time-resolved electricity emissions. Overall,
the proposed calculators provide a repeatable foundation for climate-aware cost
management and for integrating sustainability considerations into standard engineering and
cost estimation workflows.
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