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OVERVIEW & TEAM
• Motivation

• Large Load Modeling in QuESt 
Planning

• Reliability-based Capacity Expansion 
Planning (CEP)

• QuESt Grid Planning Toolbox updates

• Project Impact and next steps
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PROJECT OVERVIEW
• Goal: Develop models and novel frameworks to accurately evaluate energy storage technologies 

in open-source grid planning tools

• Current Practice: Existing capacity expansion planning models and grid planning frameworks 
lack large load modeling and enhanced ESS models. Furthermore, they are not well coordinated 
with other tools such as production cost modeling and resource adequacy.

• Why Sandia: Sandia has SMEs in power systems, energy storage, optimization, and software 
development to produce reproducible and impactful studies.

• Innovation: Developing an open-source capacity expansion planning model to better represent 
ESS and co-optimize grid investments to meet reliability and affordability targets.

• Duration: FY24 - FY26

• Impact: The open-source tools benefit utilities, researchers, and grid planners to evaluate ESS 
technologies and make reliable and affordable investments 

• Vertical/Investment Area: Analytics

• Alignment/Strategic Pathway: Optimize grid investments to expand the U.S. energy 
infrastructure to ensure grid security, reliability, and affordability.
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MOTIVATION
• Problem: Rapid load growth from AI data centers 

pose significant economic and reliability risks to the 
U.S. power system.

• Must ensure that the U.S. power system is reliable, 
affordable, and secure.

• ESS are deployed for multiple services that enhance 
the reliability, stability, resilience, and security of the 
grid

Requires coordinated planning tools to 
capture detailed operations, address 
long-term uncertainties, and ensure 

grid reliability to make well-informed 
ESS investment decisions

https://docs.nlr.gov/docs/gen/fy26/98553.jpg

https://docs.nlr.gov/docs/gen/fy26/98553.jpg


CAPACITY EXPANSION PLANNING WITH LARGE LOADS: KEY GAPS 
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• With large loads, expansion planning complexity spans system to module levels; 
key gaps exist in today’s grid planning tools:

Failure to improve grid planning tools will result in sub-optimal 
grid investments and pose reliability risks to the grid



FLEXIBLE LARGE LOAD AND STORAGE CO-OPTIMIZATION IN CEP
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Large electric loads are modeled as flexible, grid interactive resources with co-
optimized generation, storage, and transmission

Large Load Characteristics
Peak demand

Load type (AI data center, 
crypto, etc.)

Deployment year

Flexible vs. critical workloads

Temporal variability

Co-optimization Flexible Large Load Operations

Key Research Contributions

Enhanced CEP Objective

• Incorporate flexibility and reliability costs in 
objective

• Co-optimize storage, generation, transmission, 
large load operations, and co-located 
generation/storage

Modeling flexibility allows for 
optimal sizing and siting of ESS

• Endogenously model large loads in CEP with 
representation of flexibility and reliability

• Captures multi-timescale coupling long-term 
investments and hourly operations

• Co-optimization of large loads, co-located 
storage, generation, and transmission



LARGE LOAD CONFIGURATIONS AND TRADEOFF ANALYSIS IN THE CEP
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Tradeoff Analyses
• Costs vs. Reliability (Load Curtailment)

• Transmission expansion vs. Operational 
flexibility

• Implementation configuration vs. 
Economic Benefit

Role of Energy Storage
• When co-located, storage can provide flexibility needed to shift, shape, 

and meet large load demands

• Supports the bulk power system and enables transmission deferment

• Co-located generation and storage enhances energy independence 
and provides highest reliability for critical large loads



LARGE LOAD CASE STUDY
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Scenario Large Load 
Commissioning

Large Load 
Configurations

Large Load 
Flexibility

Baseline + Flex Base (1.5 GW)
(year 1 & 5) A 

Aggressive Growth + ESS Aggr (3.5 GW)
(year 1, 8, 15) A, B 

Aggressive Growth + No Flex Aggr (3.5 GW)
(year 1, 8, 15) A, B, C X

Aggressive Growth + Flex Aggr (3.5 GW)
(year 1, 8, 15) A, B, C 

Model Parameters Assumption
System RTS-GMLC nodal model

Large Load Size 500MW & 1000MW

Flexible Portion 30%

ESS Duration 4-hour

ESS Candidate Size 0–1 GW

Planning Horizon 3 investment years (15 years)

Temporal Resolution
3-linked representative days 
per season & peak day 
(hourly)

Capital Costs Assumed from NLR ATB[1]

System-wide annual load 
growth 3%

Large loads are deterministically 
sited onto the RTS GMLC grid

Large load configuration options

Seasonal daily large load shapes 
– scaled deterministically 

Large load flexibility: able to curtail up to 25% 
and account for curtailment costs ($200/MWh)

A B C



LARGE LOAD CASE STUDY: EXPANSION RESULTS

10

Key takeaways:
• ESS investments are impacted when implementing 

flexibility constraints
• Siting and sizing of ESS and generation are impacted 

when implementing different configurations and 
flexibility options

Aggressive Growth + No Flex

Aggressive Growth + Flex

Generation ESS Duration

ESS DurationGeneration

7hr

1hr

5hr

1hr
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LARGE LOAD CASE STUDY: RESULTS
Key takeaways:
• Capital and operating costs vary across planning assumptions – fuel costs impacted 

with large load flexibility
• Accounting for flexibility and various configurations unlocks more implementation 

pathways for large loads



DEVELOPMENT OF LARGE LOAD INTEGRATION FEATURE IN QUEST 
PLANNING

• Allow users to specify size and location of planned large loads with custom load profiles, 
flexible operations options, and co-located generation options

• Goal: Develop a large load integration feature into QuESt Planning such that users can 
evaluate economic tradeoffs and assess the reliability and operations of future power 
systems with rapid integration of large loads via the QuESt Planning toolbox
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Synthetic load profile

Large Loads Integration Tool

Construct yaml 
configuration file to 

specify large load 
parameters

Define hourly load 
profile

Select buses on 
transmission system 

for integration

1 2 3

Evaluate tradeoffs & 
Assess grid reliability

QuESt Planning CEP Optimizer



RELIABILITY-BASED CEP 
& QUEST GRID 

PLANNING TOOLBOX 
UPDATES
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RELIABILITY-BASED CEP
 Problem:

⎼ Load growth poses significant challenges 
for system reliability​

⎼ Ensuring long-term adequacy amid load 
growth calls for reliability-aware capacity 
expansion models​​ 

 Goal: Develop a reliability-constrained 
capacity expansion planning approach 

 Proposed method [1]:

⎼ Quest Planning generates incumbent 
investment decisions

⎼ Analytical reliability framework performs a 
quick adequacy assessment for all 
incumbent generation mixes

⎼ For any year with reliability violations, 
present a reliability cut back into Quest 
Planning using persistent solver interface

⎼ Repeat the process until no violations are 
present
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Fig: Overview of the proposed approach

[1] Pandit, D., Newlun, C. J., Bera, A., Cuello-Polo, G., Nguyen, T., & Byrne, R. (2026). A Reliability-Constrained Generation and Storage 
Capacity Expansion Planning Framework. Paper accepted for presentation at IEEE PMAPS 2026.



RELIABILITY-BASED CEP CASE STUDY
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• Case studies performed on the RTS-GMLC system

• Key parameters:
 Investment years: {2024, 2028, 2032, 2036, 2040}
 Temporal scope: Seasonal load blocks
 Candidates: Gas CT (20 candidates), VG-1 (73 candidates), VG-

2 (73 candidates), 2h Li-ion (71 candidates), each rated 400 MW
 Retirements: Coal (2032), Oil (2032), Existing Gas CT (2036)

• Case studies show that:

 Reliability Drives Storage: Increasing LOLE limits 
directly accelerate storage investments

 Approach is robust: Solutions remain tight to the 
prescribed probability or energy indices

Case I: No reliability limit

Case II: LOLE limit of 50 days/year Case III: LOLE limit of 5 days/year

Testing robustness of the approach 
to different reliability criteria

Year 2040 reliability indices and investment profile

Ongoing Work



QUEST GRID PLANNING TOOLBOX

QuESt Workspace and QuESt AI agent 
facilitate effective integration of these tools
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QuESt Workspace

• QuESt Grid Planning Toolbox:

• QuESt Planning: optimal generation, ESS, 
and transmission investments

• ProGRESS: assess system reliability under 
evolving grid conditions

• QuESt Production Cost Model (PCM): 
evaluate detailed system operations and role 
of ESS – released to GitHub January 2026



QUEST GRID PLANNING TOOLBOX COORDINATION
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Efficient coordination of grid planning tools is required to optimize the grid and ensure reliability



QUEST WORKSPACE FOR GRID PLANNING
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Tool Integration Challenges
• Tools run in different environments
• Simulation fidelity varies: decades for planning, yearly 

for adequacy, and sub-hourly for PCM
• Different data requirements for each tool

Why QuESt Workspace & Agent
• Integration of different Python environments
• Visual representation of modules, processes
• Enhanced workflow development, runtime debugging, and 

result interpretation using QuESt Agent



EXAMPLE LEVERAGING QUEST AGENT FOR CO-PLANNING
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1. QuESt Agent responds to 
user prompt  and matches 

closest skill

2. QuESt Agent loads workflow

4. Agent 
provides 
deeper 
insights 

into 
results

Year 2024

Year 2032

Year 2040

VG-2
VG-3

VG-1

VG-1 (new)
VG-2 (new)

3. Uses makes desired changes 
and runs the workflow



SUMMARY, IMPACTS, & NEXT STEPS
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Project contributions in FY26:

 Large load integration feature implemented into QuESt Planning to enable robust analysis 
for immediate risks on the US power system

 Incorporated flexibility constraints to evaluate evolving large load impacts on the grid

 Co-optimizing large loads, storage, generation, and transmission

 Enabled tradeoff analysis of large load configurations

 Developed and implemented reliability-based CEP framework

 QuESt Grid Planning Toolbox:

 QuESt PCM released January 2026

 AI-enabled workflow developed in QuESt Workspace via QuESt Agent

Accomplishments & Impact:

 QuESt Planning update with large load modeling features

 Papers presented at IEEE EESAT 2026, IEEE PES General Meeting and PMAPS (accepted)

 Presented posters at IEEE PES Energy and Policy Forum – Washington D.C.

 Moderated panel at IEEE PES T&D (Chicago): “The Role of Energy Storage Systems in Grid 
Planning & Operations to Support Large Electric Load Growth” with panelists from El Paso 
Electric, Michigan State University, Columbia University, and Elevate Energy Consulting

 Presented at the 2026 FERC Software Conference on the QuESt Grid Planning Toolbox

 Presented in panel at IEEE PES GM (Montreal) on energy storage and large load impacts

 Integration with other grid planning tools like ProGRESS and QuESt PCM using QuESt 
Workspace allows users comprehensive grid planning options  

~500 total unique clones



THANK YOU!
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This material is based upon work supported by 
the U.S. Department of Energy, Office of Electricity 

(OE), Energy Storage Division.

Cody Newlun 
cjnewlu@sandia.gov
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AI DATA CENTER LOAD MODEL
• Stochastic data-center reliability model 

developed using semi-Markov process

• Proposed model: 

 Overall load for data-center 𝑖𝑖 is:

𝑃𝑃𝑖𝑖 𝑡𝑡 = 𝑃𝑃𝑖𝑖𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 ℎ + 𝑃𝑃𝑖𝑖𝐼𝐼𝐼𝐼 𝑡𝑡

 Base Load =  HVAC + Chiller + Auxiliaries
(Driven by ambient Temperature)

        𝑃𝑃𝑖𝑖𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 ℎ = 𝛼𝛼𝑐𝑐𝑐𝑐 𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎 ℎ + 𝛼𝛼𝑎𝑎𝑎𝑎𝑎𝑎 𝑃𝑃𝑖𝑖𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

 IT Load = Fast Stochastic AI Workload 
(5 State Semi-Markov Model) 
Shaped by diurnal envelope of AI usage, 
Potential correlation between facilities

⎼ Nominal hourly IT load is:

𝑃𝑃𝑖𝑖𝐼𝐼𝐼𝐼 ℎ = 𝛼𝛼𝐼𝐼𝐼𝐼𝑃𝑃𝑖𝑖𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝜇𝜇𝐷𝐷(ℎ)

⎼ IT load after semi-Markov process is:
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Base: 𝛿𝛿𝐵𝐵𝐵𝐵 = 0
• Short inter-iteration baseline gap
• Nominal Load
Checkpoint Idle: 𝛿𝛿𝑃𝑃𝑃𝑃~𝑈𝑈 0.15,0.25  
• Low Power Idle point
• -15% to -25% of Nominal Load
AllReduce Dip: 𝛿𝛿𝑃𝑃𝑃𝑃~𝑈𝑈 0.35,0.50  
• Communication synchronization dip
• -35% to -50% of Nominal Load

𝑃𝑃𝑖𝑖𝐼𝐼𝐼𝐼 𝑡𝑡 = 𝑃𝑃𝑖𝑖𝐼𝐼𝐼𝐼 ℎ (1 ± 𝛿𝛿𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + 𝜎𝜎𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠) Peak Surge: 𝛿𝛿𝑃𝑃𝑃𝑃~𝑈𝑈 0.25,0.40
•  High power surge, Peak tensor-compute burst
• +25 to +40% above nominal load
Light Compute: 𝛿𝛿𝑃𝑃𝑃𝑃~𝑈𝑈 0.25,0.40  
• Moderate compute
• +5 to +15% above nominal IT load

Five State Semi Markov IT Load Model

Indices:
𝛼𝛼𝑐𝑐𝑐𝑐 = Cooling fraction
𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎 = Ambient temperature
𝛼𝛼𝑎𝑎𝑎𝑎𝑎𝑎 = Auxiliary fraction
𝑃𝑃𝑖𝑖𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟= Rated data-center power

𝛼𝛼𝐼𝐼𝐼𝐼 = IT load fraction
𝜇𝜇𝐷𝐷 ℎ  = Diurnal utilization envelope
𝛿𝛿𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = Power fraction from Markov state
𝜎𝜎𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = Noise corresponding to the state



AI DATA CENTER LOAD MODEL
• IT load obtained using 𝑃𝑃𝑖𝑖𝐼𝐼𝐼𝐼 𝑡𝑡  generates 

sub-second power traces

• Converted to hourly demand for 
reliability assessment using the peak 
state encountered during that hour:

𝑃𝑃𝑖𝑖
𝐼𝐼𝐼𝐼,𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ℎ = max

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑃𝑃𝑖𝑖𝐼𝐼𝐼𝐼 𝑡𝑡  ∀𝑡𝑡 ∈ ℎ

• Correlation among data center 
facilities:

o Shared orchestration or synchronized 
AI jobs

o Same-region operational similarity and 
common environment drivers

• Modeling correlation:

 Modeled as a likelihood of two or more 
facilities operating in same state

 Embedded via and workload 
synchronization (hourly states)
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