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S1. Al Server Power Capacity Projections based on Manufacturing Process

This study employs a bottom-up approach that centers on the Chip-on-Wafer-on-Substrate
(CoWoS) technology, which is a critical bottleneck in the top-tier Al server supply chain and is
nearly entirely supplied by TSMC ', As discussed in the AI Server Capacity Projections section,
we define Low, Moderate, High projection for CoWoS capacity growth, Al server rated power
trends, and adoption patterns of new systems to form the five defined scenarios. The assumptions

underlying these influencing factors are detailed below.
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Figure S1 The average CoWoS capacity (wafer/month) of each year under the Low, Moderate,
and High scenarios.

First, the CoWoS capacity growth assumptions are derived from historical data and the current
planned expansion through 2026, as reported in recent analyses *. According to these reports,
CoWoS monthly capacity is projected to increase from 8,000 wafers to 14,000 wafers in 2023,
further rising to 35,000 wafers by the end of 2024, 65,000 wafers by the end of 2025, and reaching
135,000 wafers by the end of 2026. Using this data and assuming a uniform quarterly growth rate
within each year, we develop the three CoWoS projections depicted in Figure S1. The Low
projection assumes that CoWoS capacity remains stagnant after 2026, representing a conservative
outlook. The Moderate projection outlines a gradual increase in capacity post-2026, consistent
with the rate of increase observed in 2023, reflecting constraints in manufacturing equipment
availability and moderated Al server demand compared to the surge after 2023. The High
projection envisions the continuation of the aggressive expansion trend beyond 2026, eventually

tapering to the lower growth rates observed in earlier years by 2030. This definition reflects the
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possibility of sustained demand driven by generative Al computing, effectively motivating the
increase in CoWoS capacity.
Table S1 The GPU structure, rated power, GPU CoWoS size, CoWoS size, Al chip unit yield per

wafer, and release year of each generation of the DGX systems. The * symbol represents the

anticipated data.
GPU Structure Rated Power CoWoS Size Units per Wafer Release Year
Pascal 35 1.5% 37 2016
Volta 5 1.75% 32 2017
Ampere 6.5 2x 28 2020
Hooper 10.2 2x 28 2022
Blackwell 14.3 3.3x 16 2024
Rubin N/A 4x* 13* 2026*
N/A N/A 5.5x* 10* 2028*

The projected CoWoS capacity is translated into Al server shipment capacity by incorporating
assumptions about rated power, chip CoWoS size, and adoption patterns of Al servers. It is
important to note that only top-tier Al servers designed for large-scale Al computing tasks are
produced using the CoWoS process. Low-end Al servers are estimated by using a constant value,
as detailed later in this section. Given the complexity of Al server shipment mixes, this analysis
focuses on the dominant elements driving capacity expansion, Nvidia’s DGX server systems.
According to recent published reports, Nvidia holds over 98% of the market share for high-end Al
servers, with its DGX systems (e.g., H100 and A100) representing the majority of sales 7%, As
such, the evolution of DGX systems serves as a proxy for projecting the future profiles of top-tier
Al servers manufactured with CoWoS technology. Table S1 summarizes the dominant DGX
system chip generations, including their structure, rated power, CoWoS size, unit yield per wafer,

%10 " and industry

and release years. The data are collected from official product specifications
reports >!'!, forming the basis for projections. Specifically, information about the Rubin system
(anticipated release in 2026) and its successor (anticipated release in 2028) is based on the
projection plans of TSMC and current industry estimates '>!3. The Rubin system is expected to

feature a 4x CoWoS size, while its successor is projected to adopt a 5.5x CoWosS size.
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Figure S2 The projected annual shipment units (left) and average rated power (right) of top-tier
Al servers. All three projections observe decreases in server units during the period due to larger
Al chips and smaller CoWoS increasing rates. The Moderate and High projections forecast
continuously increasing the average rated power of Al servers, while the Low Scenario predicts a
decrease for the 2026 Rubin system.

The rated power of Al server systems is strongly influenced by chip CoWoS size, which is
expected to increase due to larger GPUs and additional high-bandwidth memory (HBM). In this
work, we assume a linear relationship between the Al server rated power and CoWosS size. This
assumption is supported by the Pascal, Volta, and Ampere systems data listed in Table R2.1,
strictly presenting a relationship of rated power = 6 x CoWoS size - 5.5. This feature ends at the
Hooper system due to the applied HBM3 memory (compared to HBM2 applied in the previous
three systems) and advanced tensor core design for supporting developing generative Al models
14 To project future evolutions, we define a new linear relationship that will exist for systems after
Hooper following its increasing pattern to the Blackwell system: rated power = 3.15 x CoWoS
size + 3.9. Therefore, the following projections are defined:

e Moderate: The rated power for 2026 (Rubin) and 2028 systems is assumed to increase
proportionally with reticle size following the increasing pattern from Hooper to Blackwell,
indicating rated powers of 16.5 kW and 21.2 kW, respectively.

e Low: Rated powers for the 2026 and 2028 systems are set at 12.5 kW and 17.2 kW,
reflecting lower power requirements for equivalent CoWosS sizes, as observed with Ampere and

Hopper systems.
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e High: Rated powers for the 2026 and 2028 systems are set at 20.5 kW and 25.2 kW,
reflecting higher power requirements under equivalent CoWoS sizes based on historical patterns.

The adoption rates of newly released Al servers determine shipment mix patterns for each
year. Projections are informed by the adoption trends of DGX systems from 2022 to 2024 517 In
2022, Ampere systems dominated the top-tier market, with minimal shipments of the newly
released Hopper system. By 2023 (the first full year after Hopper’s release), it captured an
estimated 60% market share, surpassing Ampere. By 2024, Hopper is expected to dominate nearly
all top-tier shipments, while the Blackwell platform is not yet to be shipped after release. Using
this template, the adoption scenarios for 2024, 2026, and 2028 releases are defined as follows:

e In the Moderate and Low Projections, adoption patterns follow the template: 60% of
shipments in the first-year post-release, 100% in the second year, and 40% in the third year, with
negligible shipments thereafter.

¢ In the High Projection, a lower adoption rate is assumed: 80% in the first year, 100% in

the second year, and 20% in the third year, with negligible shipments thereafter.
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Figure 83 The projected annual shipment capacity (left) and accumulative capacity (right) of top-
tier Al servers. The Low Demand and Low Power scenarios predict a decrease of annual shipment
capacity starting from the 2026 system release with lower rated power. The other scenarios predict
a continuous increase, while the High Demand scenario presents a more aggressive increase after
the 2026 expansion.

These assumptions provide a necessary basis for evaluating future Al server capacity
expansion, considering uncertainties within both technological advancements and market

dynamics. Following the calculation presented in Eq (1), the projected annual shipments and
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average rated power of the top-tier Al servers are presented in Figure S2. The annual top-tier Al
server shipment power capacity and accumulative power capacity projections are then presented
in Figure S3. A 4-year lifetime is used to calculate the accumulative power capacity, determined
based on recent studies and industry estimates '32!. To further validate the effectiveness of the
applied CoWoS-based approach, we have compared the estimated top-tier Al server shipment units
with reported shipment data from TrendForce from 2022 to 2024 2223, as presented in Figure S4.

The two profiles showcase a good match.
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Figure S4 The comparison between the top-tier Al server shipments estimation by using the
proposed method and the reported data from TrendForce *>?3. “*’ denotes that the TrendForce
data is an estimated value.

To evaluate the total power capacity of Al servers, we incorporate low-end Al servers
alongside top-tier systems. Due to their minor contribution to total power capacity and the more
complex and uncertain market mix, the following assumptions are applied. Firstly, the annual
shipment units of low-end servers are assumed to remain constant throughout the projection period,
following the prediction in existing industry short-term projections with an approximate value of
540,000 units 2. For power specifications, the most common enterprise cluster design is used as a
reference, which features a rated power of 14 kW per rack, equipped with 22 GPUs 2*. Low-end
Al servers are assumed to be uniformly configured with an average of three GPUs per server,
reflecting typical deployment patterns 2223, The above definition neglects the potential increase
and complex mix in low-end Al servers, introducing only a minor influence on the analysis: about
5% impact on the power capacity by 2030 with even doubling capacity of low-end Al servers

considering their significantly smaller power capacity than top-tier ones. This feature is also
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proved by the recent important data center report released by Lawrence Berkeley National
Laboratory °.

The Al server capacity projection method is a simplified approach and relies on several key
assumptions:

» The evolution of Nvidia DGX systems is representative of the top-tier Al server market.

* A constant 4-year lifetime is assumed for Al server development.

» The projection scenarios are comprehensive and rational to cover potential uncertainties in
demand market development.

» The supply side is capable of producing the projected amounts of Al servers.

The Nvidia DGX system assumption is supported by its dominant position in the top-tier Al
server market, which is discussed in detail in previous contents. The lifetime assumption of Al
servers is deployed to address the complexity of the life cycle of Al servers and calculate their
accumulative energy consumption. Its uncertainty is further illustrated in the sensitivity analysis
presented in Figure 6 of the manuscript. The complex and uncertain Al server market evolution
has necessitated a comprehensive modeling for the demand side. Predicting the most likely
demand development scenario until 2030 is very challenging due to several factors, including the
evolution of Al models, the breadth of their applications, and future improvements in server
efficiency. To capture the large uncertainties, we adopt five distinct scenarios. The Highest
scenario envisions a sustained and significant growth trajectory beyond the current 2026 expansion
plans. Conversely, the Lowest Scenario assumes a stabilized Al server market post-2026,
establishing a lower bound for projections. The final assumption largely relates to the TSMC
CoWoS capacity, which represents a critical bottleneck in Al server manufacturing. This capacity
serves as the foundation for our projections. However, additional factors, such as the availability
of high-bandwidth memory and advancements in TSMC’s 3-nanometer process, could also emerge
as new constraints. While the impacts of these factors remain uncertain at present, they can be

integrated into the framework as more data becomes available.
S2. Al Server Spatial Distribution Based on Large-scale Data Center Locations

The first step in evaluating the on-site environmental costs of Al servers involves estimating
the allocation ratio of Al servers in each region. Initially, 53% of the total Al server capacity is

allocated to the U.S. following the current power capacity distribution of large-scale data centers
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27 The sensitivity analysis of this factor is presented in Figure S6 of the manuscript. To further
capture the current and future distributions of Al server capacity among U.S. states, we further
compiled data on large-scale data centers belonging to major purchasers of top-tier Al servers,
including Google, Meta, Microsoft, AWS, XAI, and Tesla '®!”. The collected dataset includes 386
existing large-scale data centers (or clusters) and 146 planned data centers scheduled for
construction between 2025 and 2030. These data were sourced from official resources and industry
reports 2832, The dataset is included in our GitHub repository https://github.com/PEESEgroup/US-
Al-Server-Analysis. To estimate the installation potential of each data center, we also collected
building area data for these facilities. For data centers without available building area information,
we used the average building area calculated based on our dataset as a proxy, following a common
statistical method applied in many previous works *3-*, The building area is considered a good
index for evaluating the distribution pattern because it represents the potential of installing new Al
servers and also are widely available through official resources. Additionally, for data centers
under construction, the expected completion year was recorded for yearly resolution in our
projections.
Virginia | Oregon [ lowa [ Ohio # Texas [ Nebraska M Georgia | Oklahoma [ Illinois # New Mexico

New York [/Alabama | Tennessee [ Washington | Utah [ South Carolina "' Arizona | North Carolina
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Figure S5 The spatial distributions of Al servers each year based on the building area

distributions of large-scale data centers belonging to major Al server purchasers.
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The spatial distribution of Al servers for each year was calculated based on the total building
area of all data centers within each state. These distributions are presented in Figure S5. Projections
for future distributions were derived by summing the building areas of existing data centers with
those of new facilities completed by or within the projection year. While quite a few large-scale
data centers are expected to be operational by 2030, the distributions show no significant shifts
between 2024 and 2030. Given these findings and the inherent uncertainties in directly
incorporating in-construction data centers into the distribution models, we project that the current

spatial distribution will remain constant from 2024 to 2030.

S3. Estimating On-site Energy and Water Footprints of AI Servers: Models

and Materials

The actual electricity usage of installed Al servers is calculated following the method
introduced in Section Al Server Electricity Usage Calculation. The subsequent step involves
calculating the on-site energy consumption and water footprint of Al servers based on the PUE
and WUE estimation of Al data centers. As mentioned in the Section Assessment of State-level
Energy, Water, and Carbon Footprints of Al Servers, the average climate data of each state is
calculated by using existing resource *°. A statistical and thermodynamic model developed in the
previous work %% is then utilized to compute PUE and WUE values based on state-level average
climate data. The model inputs descriptions and ranges are listed in Table S2, which are collected
from literature 3¢-4°. Specifically, two types of economizers, including airside economizers (AE)
and waterside economizers (WE), can be adopted in the Al data centers. The best and worst
practices for PUE and WUE values are calculated based on the parameter range listed in Table S2
and applied in the Section Achieving Higher Energy and Water Usage Efficiency in Al Data

Centers. For instance, the best PUE values are calculated based on the following optimization

problem:
min PUE
st. [PUE,WUE]=F(x) (S1)

xeX

The input x includes system inputs listed in Table S2 and the selection of economizer. Due to the
lack of a specific cooling design for Al data centers, the PUE and WUE values of the base case

are calculated by averaging the best and worst values.
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Table S2. Inputs for the PUE and WUE estimation model. AE, CRAH, DLC, PTD, and WE

represent airside economizers, computer room air handlers, direct liquid cooling, power

transformation and distribution, and water economizers, respectively.

Inputs Units AE WE AE+DLC WE+DLC Resources
Outside Air Temperature °C Climate Data  Climate Data Climate Data Climate Data 35
Outside Air Relative Humidity % Climate Data  Climate Data Climate Data Climate Data 35
Outside Air Pressure Pa Climate Data  Climate Data ~ Climate Data ~ Climate Data 35
UPS efficiency % 90 -99 90 -99 90 — 99 90 — 99 36,3739
Percentage of power loss in PTD o 0-2 0-2 0-2 0-2 3637.39
system
Lighting power to IT power ratio % 0-0.2 0-0.2 0-0.2 0-0.2 36,37,39
T ture diffa
cnpeTATATE AL Terente °C 139-194  139-194  139-194  139-194 0%
(supply/return CRAH air)
Fan pressure (CRAH) Pa 300 - 1000 300 - 700 300 - 1000 300 - 700 36,37,39
Fan efficiency (CRAH) % 65-90 65-90 65-90 65-90 36,37.39
Pump pressure (humidification
kPa 6300 - 7700 6300 - 7700 6300 - 7700 6300 - 7700 36,37,39
pump)
Pump cfficiency (umidifieatlon - 06.09  06-09  06-09  06-09 6%
pump)
Approach temperature (cooling °C 28-6.7 28-67 28-6.7 28-6.7 337,39
tower)
Chiller partial load factor - 0.2-0.8 0.2-0.8 0.2-0.8 0.2-0.8 36,3739
Temperature difference o 5.10 5.10 5.10 5.10 36.37.39
(supply/return facility system water)
Pump pressure (chiller pump) kPa 1149-172.4 1149-172.4 1149-172.4 1149-1724 36,37,39
Pump efficiency (chiller pump) % 60— 80 60— 80 60 — 80 60 — 80 36,3739
Temperature difference o 4.6 4.6 4.6 4.6 36.37.39
(supply/return cooling tower water)
Pump pressure (cooling tower) kPa 166.9 -250.4 1669-2504 166.9-2504 166.9-250.4 36,3739
Pump efficiency (cooling tower) % 60 — 80 60 — 80 60 — 80 60 — 80 36,37,39
Windage loss of water as a
percentage of cooling tower mass % 0.005-0.5 0.005-0.5 0.005-0.5 0.005-0.5 36,3739
flow rate
Cycles of concentration - 3-15 3-15 3-15 3-15 36,37,39
Fan pressure (cooling tower) Pa 100 - 400 100 - 400 100 - 400 100 - 400 36,37,39
Fan efficiency (cooling tower) % 65-90 65-90 65-90 65-90 36,37,39
Sensible heat ratio % 95-99 95-99 95-99 95-99 36,37,39
Liquid-gas ratio (cooling tower) - 0.2-4 0.2-4 02-4 02-4 36,37,39
Supply air dry bulb setpoint (higher o 2735 2735 2735 2735 36,3739

bound)
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Supply air dry bulb setpoint (lower

°C 10- 18 10- 18 10- 18 10- 18 36,3739
bound)
Supply air dew point setpoint o 15 -27 15-27 15-27 15-27 36,37,39
(higher bound)
Supply air d i int (1
upply air dew point setpoint (lower oC 12--9 12-9 _12-9 12-29 36,37,39
bound)
Supply air relative humidity setpoint o 65 - 95 65 - 90 65 - 95 65 - 90 36,37,39
(higher bound)
Supply air relative humidity setpoint o 8-20 8-20 8-20 8-20 36,37,39
(lower bound)
COP relative error to the regressed o 11-11 q1-11 11-11 11-11 36,37,39
value
Heat exch ffecti
eat exchanger effectiveness i N/A 07-09 N/A 0.7-0.9 36,37,39
(CRAH cooling coils)
A h t i
pproach temperature (economizer o N/A 17-28 N/A 17-28 36,37,39
heat exchanger)
P tersid
ump pressure (vaterside kPa N/A 1149 -172.4 N/A 11491724 36379
economizer pump)
P ffici id
ump efficiency (waterside o N/A 60 - 80 N/A 60 - 80 36,37,39
economizer pump)
Coolant density kg/m? N/A N/A 1400 -1855 1400 -1855 38,40
Coolant flow rate L/min N/A N/A 05-25 05-25 38,40
Pump pressure (coolant) kPa N/A N/A 1149-172.4 1149-1724 38,40
Pump efficiency (coolant) % N/A N/A 60 - 80 60 - 80 38,40

As an important part of the data center infrastructure, the adoption of ALC during Al
development is also considered in our work. We primarily focus on the adoption of immersion
cooling, which is expected to see widespread applications in future Al servers *'**. The following
assumptions are applied to ALC considerations:

e Future ALC adoption within Al data centers will consist entirely of immersion cooling.

e The current adoption rate of ALC is estimated at approximately 5%, with compound
annual growth rates (CAGR) for the worst, base, and best-case scenarios set at 0%, 20%,
and 50%, respectively.

Immersion cooling is projected to be the primary driver of ALC adoption in Al data centers due to
its superior ability to handle large rack densities in hyperscale data centers compared to the cold
plate liquid cooling method **. The PUE and WUE values for immersion cooling were calculated
using the statistical model and coolant parameters detailed in Table S2. The current adoption rate

and future CAGR projections are crucial in shaping our projection scenarios. However, given the
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lack of systematic industry data, we derive initial estimates from open-source market reports as
summarized in Table S3. The CAGR settings are applied to cover the lower and upper bounds of

potential developments for addressing the uncertainties.

The SUO adoption within Al data centers can improve GPU utilization in active GPUs and
reduce idle server units by scheduling computing jobs and shutting down idle servers. Considering
the concerns of exceeding thermal design power when increasing utilization in active servers %,
we only consider the 7,4, iImprovement method to project the best, base, and worst case
scenarios:

e Best scenario: 7.t Will be 90% for inference and 95% for training by 2030 as the best-
reported results in previous studies *%.
e Base scenario: 7,4y Will be over 70% for inference and 92.5% for training by 2030,
44,45

assuming half of the data centers achieve the best-reported results in previous studies

e Worst scenario: 7,.¢ipe Will stay the same value by 2030.

Table 83 Data resources of ALC adoption rate

Base Year
Resource ALC market CAGR Period Reference
Share
Dell'Oro Group 5% 45.6% 2022 - 2026 46
Mordor Intelligence 4.77% 26.15% 2024 - 2029 4748
Markets and Markets 3.15% 12.8% 2023 - 2031 49,50
Global Market 6.92% 17% 2024 - 2032 519
Insights
Maximize Market 5% 26.6% 2024 - 2030 33,54
Research

S4. Grid Interactions and Renewable Energy Penetrations

The grid data, including water and carbon factors, are generated from the Regional Energy
Deployment System (ReEDs) model >. By applying this model and the related baseline projection
data *, we have obtained the grid carbon and water data based on balancing authority (BA)-level
grid projections. Specifically, the projected Al data center load is also included within the ReEDs
model. The input settings, defined load data files, and outputs for the ReEDs model are provided

in our GitHub repository. The calculation process below explains how the water and carbon
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footprints of each state are obtained in this work and especially supports the results presented in
Sections Location Matters: Influences of AI Server Spatial Distribution and Taking
Advantage of Renewable Energy Penetration within Grid. The grid carbon factor and grid

water factor of each state are calculated as follows:

CE m NG
CF = ZZ ,keK,,meM (82)
,k
l m,thermo NGI m NG dro.d
WF, = ZZ e W e s kK meM (83)
i,k i

CF, NG and WF represent the carbon factor, net generation, and water factor, respectively.
Subscripts i, k, and m represent the state index, balancing area index, and energy resource index.
The water factor calculation includes water consumption from thermoelectric generation and water
evaporation from hydropower. CF and WF;j.-mo are determined based on the ReEDs model’s

default national-level resolution settings >

, to enable the problem feasibility and reduce
computational intensity. The hydropower evaporation rates, presented in Figure S6, are sourced

from a U.S. hydroelectric water consumption estimation study °’. Furthermore, the total energy

carbon emission and water footprint of each state are further calculated as follows:

CE,=E,-PUE,-CF, icl (S4)
W,=E,-WUE,+E,-WF, icl (S5)

Unit: L/kWh

0 T 20

Figure S6. The hydropower water consumption factor of each state. The data is obtained from
previous works >’

To further validate the effectiveness of the grid model applied in this study, we have collected
high-resolution data from the U.S. Energy Information Administration (EIA) for comparison.
Figures S7 and S8 present the comparison of the grid carbon factor and grid thermoelectric water

factor from 2020 to 2023, respectively. The reference carbon factors are sourced from EIA state-
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level grid data 3% which are extracted from their real-time hourly 930 monitoring system . The
reference grid thermoelectric water factor is derived from methods established in previous
literature for estimating historical water factor ®, which utilized the EIA power plant-level water
and generation data %2, The carbon factors showcase good fits in 2021, 2022, and 2023, and
observe some deviations in 2020. This mismatch can be derived from multiple factors, including
evolving EIA state-level estimation approach ®, uses of low-resolution data in the ReEDS model,
and instability of the solving process.

B ReEDS M EIA data
2020

Grid Carbon Factor [kg/kWh]

Grid Carbon Factor [kg/kwh]
o
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0.8
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0.2

Grid Carbon Factor [kg/kWh]

0.8
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0.2

Grid Carbon Factor [kg/kWh]

STS5EERRERE5552:8¢;

Figure S7. The comparison of the grid carbon factors. Blue columns are the data generated from
the applied model. Yellow columns are the EIA state-level data 8.

On the other hand, the grid thermoelectric factor comparison is generally consistent, but
mismatches appear in several states due to several factors:

e The ReEDS model used in this study applies a national average water consumption rate for

each fuel type. While this approach improves computational feasibility, it reduces accuracy
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particularly for grid water factors, since water consumption varies significantly with local
climate and technology adoption.

e The thermoelectric data reported by the EIA is less mature than its real-time carbon factor
monitoring system. During the comparison period, several power plants did not report their
water consumption values, which undermines the credibility of the dataset.

It is possible to improve the performance of the ReEDS model by incorporating BA-level data

for once-through, recirculating, dry, and cooling pond water consumption rates for each fuel

type. However, such data is currently difficult to organize. Moreover, relying on insufficient

BA-level data could introduce additional uncertainty and further involve difficulty in solving

the optimization problem for grid projection. Based on these comparison results, we believe

the ReEDS model remains a sufficient tool for generating future grid development scenarios.

Further validations and definitions of the ReEDS model can be found in their official

documents ®.
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Figure 88. The comparison of the grid thermoelectric water factors. Blue columns are the data
generated from the applied model. Yellow columns are the data generated from a high-resolution

approach in previous literature °° based on EIA data °'-%.
S5. Methodology Comparison and Validation with Existing Studies

In this study, we adopt a bottom-up approach, building upon prior modeling efforts to capture the
unique characteristics of Al server deployment. The approach mainly involves four steps to outline
the environmental footprints of servers:

e The estimation of the total shipment capacity of servers

e The calculation of the real electricity usage of servers based on the shipment capacity

e The data center's on-site energy consumption/water footprint is calculated by multiplying
PUE/WUE by the estimated server electricity usage.

e The Scope 2 water footprint/carbon emission is calculated by multiplying the grid factors
by the data center's on-site energy consumption.

Based on the four key steps, a detailed comparison between our methodology and existing
studies is provided in Table 3.1. In particular, several contributions from Lawrence Berkeley
National Laboratory (LBNL) are highlighted due to their recognized expertise in the field. LBNL
has played a leading role in developing bottom-up estimation methodologies and has produced
official reports for U.S. energy agencies, making their work a foundational reference in data center
energy analysis. We emphasize that the end-of-2024 release by LBNL 2¢ and the 2025 report by
the International Energy Agency (IEA) %, both developed in parallel with our work and released
during the submission process, currently represent the most reliable references for assessing the
energy implications of the ongoing Al surge. These two works are built upon LBNL’s modeling
foundation developed over the past decade, including their seminal 2016 report % and subsequent
2018 updates %78, Our methodology is largely consistent with these studies. Specifically, our
analysis adopts the same utilization-based electricity usage model , as well as the statistical and
thermodynamic approaches ¢ for estimating PUE and WUE, consistent with both the LBNL and
IEA methodologies. The primary methodological distinction in our study lies in the development
of an open-source Al server shipment estimation approach based on a bottleneck analysis of
CoWoS (Chip-on-Wafer-on-Substrate) manufacturing, and the usage of the Regional Energy

Deployment System (ReEDS) model ° for estimating future grid dynamics. We have compared
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the ReEDS model with high resolution EIA in Section S4. Here, we further verify the deployment

of CoWoS-based projections in the following contents through a comprehensive comparison:

1). Empirical validation: We have compared the estimated top-tier Al server shipment units with
reported shipment data from the TrendForce tracker from 2022 to 2024, as presented in Figure S4.
The comparison demonstrates strong agreement between our CoWoS-based estimates and the
TrendForce data. To the best of our knowledge, the TrendForce dataset represents the most reliable
open-source reference currently available for tracking Al server shipments. We did not incorporate
data prior to 2022, as Al server deployment began accelerating in that year, and earlier shipment
volumes were both minor and sparsely documented. This comparison provides empirical support

for the validity of our CoWoS-based estimation methodology.

2). Historical methodology application: While CoWoS-based estimation has not previously been
applied to forecast server shipments, given that CoWoS is a newly emerging bottleneck specific to
high-performance Al chips, the use of bottleneck manufacturing steps to estimate supply chain
capacity for electrified sectors is well established. For example, a 2024 Nature Communications
study 7° projected electric vehicle production capacity based on critical mineral bottlenecks, and
another recent research ’' has identified key manufacturing constraints to forecast battery
production growth, summarizing previous studies. These studies demonstrate the validity of
bottleneck-based estimation strategies for capturing end-to-end supply chain capacity, an approach

that we adopt and adapt for Al server projections in this work.

3). Cross-study consistency: As shown in Table 3.1, our projections estimate Al server energy
consumption in the range of 204-325 TWh by 2028 and 220-532 TWh by 2030. These values
align well with those reported by LBNL, which projects over 150 TWh to more than 300 TWh of
Al-related data center consumption in the U.S. by 2028, and with the IEA’s base-case U.S. data
center estimate of 426 TWh by 2030. While the specific profiles of their projection are not provided,
the target year value ranges show a good match. Given that our study was developed in parallel
with these reports, this consistency reinforces the credibility of our projection scope, despite our

reliance on a CoWoS-based estimation approach rather than proprietary commercial datasets.

4). Sensitivity analysis: We have conducted a parameter-based sensitivity analysis to evaluate the

influence of key drivers in the CoWoS-based projection model, thereby capturing uncertainty
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bounds and validating model resilience. The sensitivity analysis result is shown in Figure 6 of the

manuscript, which proves the robustness of the projection with variations of key driving factors.

Table S4 Comparison of our study with existing bottom-up methodologies.

Methodology

Historical projection

Current projections include the Al surge

LBNL’s 2016 report
66

LBNL’s following
efforts 768

LBNL’s 2024 report
2

IEA’s 2025 report

Our study

Al Server Shipment
Estimation

Al Server Electricity
Usage Estimation

PUE/WUE
Estimation

Grid Factor
Estimation for
Scope 2 Carbon and
Water Footprints

Al Energy
Projections

Specified AL
Environmental
Impact

IDC commercial
data (undisclosed)

Utilization-based
linear model ®

Statistical Value

Not included

Not included

Not included

IDC commercial
data (undisclosed)

Utilization-based
linear model *

Statistical Value

EIA data

Not included

Not included

IDC commercial
data (undisclosed)

Utilization-based
linear model ®

2022 Statistical and
thermodynamic
model’®

N/A

Over 150 TWh to

over 300 TWh of

U.S. Al servers by
2028

Not included

IDC commercial
data (undisclosed)

Utilization-based
linear model ®

2022 Statistical and
thermodynamic
model’

Brief discussions
based on current
EIA data

Base case: 426 TWh
for the U.S. data
centers by 2030

Not included

CoWoS-based
estimation method

Utilization-based
linear model *

2022 Statistical and
thermodynamic
model’®

ReEDS model for
dynamic simulations

204 — 325 TWh by
2028

220 - 532 TWh by
2030

Annual 731 to 1125
million m? water
footprints and 24 to
44 Mt CO2-eq
between 2024 and
2030

S6. Nomenclature

Sets

@ X 8 Z2 R = —

Set of states indexed by 1.

Set of grid cells indexed by ;.

Set of balancing areas indexed by «.

Set of energy resources indexed by m.

Set of time indexed by ¢.

Set of model inputs indexed by x.

Set of model parameters indexed by 8.
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Symbols

Start time of the exponential shock
Reabsorption rate of the exponential shock
Shock intensity of the exponential shock
Coefficient

Carbon emission

Accumulative Capacity

Grid Carbon factor

Energy consumption

Function

Innovation rate of the Bass model

(‘]g%@ﬁ S

ﬁj

Power usage
Imitation rate of the Bass model
Market potential of the bass model
Number of time interval
Number of grid cells

CE Net carbon emission

Net power generation

Power usage effectiveness

Z 223 IR U™ Ty

>lllg®
gm

Revenue

Time index

Peak sale time

Lifetime of Al servers
Utilization level of servers

~ ~
*

Water footprint

F Grid water factor

UE Water usage effectiveness
Inputs of the PUE and WUE estimation model
Accumulative adopters of the Bass model
Model parameters
Intervention function

NonNx gEETN

Subscripts

Al Al server

i State index

ITR Idle power to rated power ratio
j Grid cell index

k Balancing area index

L Lighting system

Loss Loss of electricity/water

m Grid energy resource index
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max Maximum value

min Minimum value

MTR Maximum power to rated power ratio
Rate Rated value

RTC Revenue to capacity

t Time index
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