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ABSTRACT 
The rapid expansion of AI data centers is straining electricity grids alarmingly, forcing data center 
planners to navigate two-pronged challenges: (1) lengthy interconnection queue delays undermin-
ing immediate grid access, and (2) volatile electricity prices that spike dramatically during high 
demand events. This convergence forces planners to reconsider traditional grid-only strategies. 
While behind-the-meter (BTM) generation offers a solution, existing research lacks comprehen-
sive frameworks for identifying technology portfolios under combined uncertainties of grid access 
delays and market volatility. This study develops a two-stage stochastic optimization framework 
with binary capacity constraints co-optimizing data center location and BTM energy portfolios 
under these challenges. The model evaluates conventional (gas turbines), renewable (solar, wind, 
batteries), and emerging technologies (hydrogen fuel cells, small modular reactors) across four 
progressive scenarios spanning emission targets, demand flexibility, grid curtailment, land con-
straints, and queue delays, contrasting stochastic and deterministic solutions. Applied to a 5 GW 
data center expansion in ERCOT, three insights emerge: First, queue delays drive 2.7 GW bridging 
investments that transition to 92% grid reliance once interconnection is available, while stochastic 
optimization maintains higher BTM utilization against price volatility. Second, demand flexibility 
reduces required BTM capacity through load shifting during grid curtailment events, decreasing 
gas deployment from 2.1 to 1.7 GW. Third, land-constrained decarbonization shifts from wind-
dominated portfolios to capital-intensive solar-hydrogen-SMR solutions, with stochastic optimi-
zation tripling SMR deployment to prioritize reliability under uncertainty. 
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INTRODUCTION 
Artificial intelligence is driving unprecedented elec-

tricity demand, with data centers projected to double en-
ergy consumption by 2026 [1]. In the Electric Reliability 
Council of Texas (ERCOT), interconnection requests 
surged from 2.6 GW (2022) to more than 200 GW (2030), 
extending grid connection congestion and challenges to 
connect on time [2]. Compounding this crisis, new regu-
lations mandate load curtailment during grid stress 
events (Texas SB6 [3]), while electricity prices in energy-
only markets fluctuate from $20/MWh to $5, 000/MWh 
[4]. These converging pressures—interconnection de-
lays, mandatory curtailment risk, and price volatility—are 

forcing data center planners to fundamentally rethink 
their energy strategies [5]. In response, planners are ex-
ploring spatial diversification across regions combined 
with behind-the-meter generation portfolios to mitigate 
grid dependency and manage operational risks [6]. 

Behind-the-meter (BTM) generation offers a path-
way to overcome grid constraints, but introduces com-
plex multi-dimensional planning challenges. Planners 
must simultaneously decide: (1) where to locate facilities 
across regions with heterogeneous characteristics—
zones differ in renewable resource quality, land availabil-
ity, grid queue lengths, and regulatory requirements; (2) 
which technologies to deploy, portfolios may include so-
lar, wind, gas turbines, small modular reactors (SMRs), 
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fuel cells, and battery storage, each with distinct capital 
costs, lead times, and operational characteristics; and (3) 
how to operate under uncertainty, both grid interconnec-
tion delays and electricity prices are inherently stochas-
tic, with queue timelines varying from months to years 
and market prices exhibiting extreme volatility. Addition-
ally, facilities can leverage load flexibility to shift demand 
temporally, adding another operational dimension. Tradi-
tional deterministic planning frameworks fail to capture 
these interdependencies and uncertainties, potentially 
leading to suboptimal investments that either oversize 
capacity or underestimate exposure to regulatory and 
market risks. 

This paper develops a two-stage stochastic optimi-
zation framework for multi-zone data center energy plan-
ning under uncertainty. Our model integrates spatial fa-
cility allocation, technology portfolio selection, and oper-
ational planning while explicitly accounting for: (1) sto-
chastic grid interconnection queue delays across zones 
and time periods; (2) electricity price uncertainty stem-
ming from historical market volatility; (3) zone-specific 
constraints including renewable capacity factors, land 
availability, and emission reduction targets; (4) technol-
ogy-specific lead times affecting investment feasibility; 
and (5) load flexibility enabling temporal demand shifting. 
Contributions: We provide (1) a computationally tractable 
stochastic programming formulation for multi-zone en-
ergy infrastructure planning; (2) extensive case study 
analyses demonstrating how optimal portfolios shift un-
der varying interconnection delays, emission policies, 
and grid curtailment policies; and (3) managerial insights 
on technology selection, spatial allocation, and opera-
tional flexibility for data facility planners. 

METHODOLOGY 

Problem Definition and System Architecture 
We consider a multi-zone capacity expansion and 

operational planning problem for large-scale data centers 
subject to grid interconnection constraints, electricity 
price uncertainty, and emission reduction mandates. The 
system comprises |Z| zones, each with distinct electricity 
price profiles, renewable resource availability (solar irra-
diance and wind patterns), land constraints, and time-
varying grid interconnection queue delays. The planning 
objective is to determine: (1) optimal spatial allocation of 
facility capacity across zones; (2) behind-the-meter 
(BTM) generation portfolio composition; (3) energy stor-
age deployment; and (4) grid interconnection capacity 
requests. 

The BTM technology portfolio includes dispatchable 
sources (natural gas turbines, fuel cells with natural gas 
or hydrogen, small modular reactors) with high availabil-
ity factors (90-95%), and variable renewable energy (so-
lar PV, wind) with time-varying capacity factors. Battery 
energy storage systems provide operational flexibility. 
Critically, investment decisions must account for tech-
nology-specific lead times—the lag between capital 
commitment and operational availability—ranging from 
one to several years. Data center load comprises base-
load (fixed continuous draw) and flexible load (temporally 
shiftable within daily windows), enabling demand-side 
response without compromising service levels. 

Figure 1 illustrates the methodological framework. 
We develop a two-stage stochastic program that deter-
mines first-stage capacity investments under 

 
Figure 1. Methodological Framework. 
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uncertainty, with second-stage operational recourse as 
conditions realize. The deterministic case (single sce-
nario) serves as a comparison benchmark. 

Mathematical Formulation 
Key Notation 

Sets   
𝑍𝑍 Set of geographic zones  
𝐺𝐺 Set of BTM generation 

technologies 
𝑇𝑇 Hourly time periods 
𝑌𝑌  Planning years 

Parameters  
𝐶𝐶�

{�����},𝐶𝐶�
{���},𝐶𝐶�

{���},𝐶𝐶�
{����} Capital fixed O&M vari-

able O&M fuel costs 
𝑃𝑃{�,�}

{����}(𝜔𝜔),𝑄𝑄{�,�}(𝜔𝜔) Electricity price (sce-
nario) queue delay 
(scenario) 

𝜆𝜆{����}, 𝜆𝜆{����}, 𝜌𝜌{����}  
𝐿𝐿�avail, 𝛿𝛿�,�������� 

Load factor flexibility 
fraction Emission re-
duction target Land 
availability Grid curtail-
ment 

∆��  Data center module size 
[MW] 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑝𝑝� Minimum capacity 
addition per technology 
[MW] 

Decision Variables  

Cap�,�,�,𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙�,�,� 
 

Capacity additions 
[MW] cumulative ca-
pacity [MW] 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑝𝑝�,� Storage capacity [MWh] 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑝𝑝�,�  Facility capacity [MW]  
 

Gen�,�,�(𝜔𝜔) Electricity generation 
[MW] 

Ch�,�(𝜔𝜔), Dis�,�(𝜔𝜔) 
Battery charge and dis-
charge in zone 𝑧𝑧 at hour 
𝑡𝑡 [MW] 

Flexload�,�,�(𝜔𝜔) Flexible load [MW]  
𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈�,�,�(𝜔𝜔) unserved energy [MW] 

𝑦𝑦�,�,� 
Binary variable for tech-
nology selection deci-
sions 

𝑛𝑛�,� ∈  ℤ+ 
Number of data center 
modules in zone z dur-
ing year y 

 
Objective Function. The objective minimizes total 

net present value (NPV) of system costs: 

min∑ (1 + 𝑟𝑟)−��−�
������𝐶𝐶��� ⋅ 𝛥𝛥𝑥𝑥� + 𝐶𝐶��� ⋅�∈����

𝑥𝑥�� +∑ 𝜋𝜋�∑ (1 + 𝑟𝑟)−��−�
������𝐶𝐶��� ⋅ �𝑔𝑔�(𝜔𝜔) +�∈����∈�

𝑝𝑝�(𝜔𝜔)�� + 𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈(𝜔𝜔)           (1) 

Subject to: 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙�,�,� = 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑝𝑝�,� +
 ∑ 𝐶𝐶𝐶𝐶𝑝𝑝�,�,�′�′∈����:�′+��≤�

 ∀𝑧𝑧, 𝑔𝑔, 𝑦𝑦        (2) 

∑ 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑝𝑝�,��∈� ≥ 𝐷𝐷�
��� ∀𝑧𝑧, 𝑦𝑦            (3) 

∑ 𝐺𝐺𝐺𝐺𝑛𝑛�,�,�,�(𝜔𝜔)�∈� + 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺ℎ�,�,�(𝜔𝜔) + 𝐷𝐷𝐷𝐷𝑠𝑠�,�,�(𝜔𝜔)−

𝐶𝐶ℎ�,�,�(𝜔𝜔) = 𝐿𝐿𝐿𝐿𝐿𝐿𝑑𝑑�,�,����� + 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑑𝑑�,�,�(𝜔𝜔)−
𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑑𝑑�,�,�(𝜔𝜔) ∀𝑧𝑧, 𝑡𝑡, 𝑦𝑦,𝜔𝜔           (4) 

𝐺𝐺𝐺𝐺𝑛𝑛�,�,�,�(𝜔𝜔) ≤ 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙�,�,� ⋅ 𝐶𝐶𝐹𝐹�,�,� ∀𝑧𝑧, 𝑔𝑔, 𝑡𝑡, 𝑦𝑦,𝜔𝜔  (5) 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺ℎ�,�,�(𝜔𝜔) ≤ �1 − 𝛿𝛿�,��������(𝜔𝜔)� ⋅
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑙𝑙�,�,�(𝜔𝜔) ∀𝑧𝑧, 𝑡𝑡, 𝑦𝑦,𝜔𝜔            (6) 

𝑆𝑆𝑆𝑆𝐶𝐶�,�,�(𝜔𝜔) = 𝑆𝑆𝑆𝑆𝐶𝐶�,�−1,�(𝜔𝜔) + 𝐶𝐶ℎ�,�,�(𝜔𝜔)√𝜂𝜂���� −
����,�,�(�)

√�����
 ∀𝑧𝑧, 𝑡𝑡, 𝑦𝑦,𝜔𝜔                  (7) 

𝑆𝑆𝑆𝑆𝐶𝐶(�,�,�)(�) ≤ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑙𝑙�,�           (8) 

𝐶𝐶ℎ(�,�,�)(�) ≤
����������,�

�����
  ∀𝑧𝑧, 𝑡𝑡, 𝑦𝑦,𝜔𝜔        (9a) 

𝐷𝐷𝐷𝐷𝑠𝑠(�,�,�)(�) ≤
����������,�

�����
  ∀𝑧𝑧, 𝑡𝑡, 𝑦𝑦,𝜔𝜔        (9b) 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑝𝑝� ⋅ 𝑦𝑦�,�,� ≤ 𝐶𝐶𝐶𝐶𝑝𝑝�,�,�   ∀𝑧𝑧, 𝑡𝑡, 𝑦𝑦      (10) 

𝐶𝐶𝐶𝐶𝑝𝑝�,�,� ≤  𝑀𝑀 ⋅ 𝑦𝑦�,�,� ∀𝑧𝑧, 𝑡𝑡, 𝑦𝑦            (11) 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑝𝑝�,� = 𝛥𝛥�� ⋅ 𝑛𝑛�,� ∀𝑧𝑧, 𝑦𝑦            (12) 

𝑦𝑦�,�,� ∈  {0, 1} ∀𝑧𝑧, 𝑔𝑔, 𝑦𝑦           (13) 

𝑛𝑛�,� ∈  ℤ+ ∀𝑧𝑧, 𝑦𝑦 ∈ 𝑌𝑌���              (14) 

𝐴𝐴𝐴𝐴𝐴𝐴 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑎𝑎𝑎𝑎𝑎𝑎 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 ≥  0  (15) 

The objective function (1) minimizes the expected 
net present value (NPV) of system costs across all sce-
narios, where 𝑟𝑟 denotes the discount rate, 𝛥𝛥𝑥𝑥� represents 
capacity additions in year 𝑦𝑦 (aggregated across zones 
and technologies), and 𝑥𝑥� is cumulative installed capac-
ity. The terms 𝑔𝑔�(𝜔𝜔) and 𝑝𝑝�(𝜔𝜔) denote BTM generation and 
grid purchases under scenario 𝜔𝜔, with 𝜋𝜋� representing 
scenario probabilities. The formulation captures annual-
ized capital expenditures (𝐶𝐶���, fixed O&M 𝐶𝐶���, and var-
iable operating costs including fuel and grid electricity 
procurement at scenario-specific prices (𝐶𝐶���). 

Constraints (2) track capacity evolution with tech-
nology-specific lead times 𝜏𝜏�, ensuring capacity invested 
in year 𝑦𝑦′ only becomes operational after the lead time 
elapses. Constraints (3) require total installed facility ca-
pacity to satisfy demand targets across all zones. 

Equations (4) maintain hourly supply-demand equi-
librium in each zone under each scenario, where 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿{�,�,�}

����  
represents the fixed baseload component and 



 

Abdelhady et al. / LAPSE:2026.0251 Syst Control Trans 5:396-403 (2026) 399  

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑑𝑑(�,�,�)(𝜔𝜔) is the flexible load. Constraint (5) limits 
technology output by installed capacity and resource 
availability through the capacity factor 𝐶𝐶𝐹𝐹�,�,�.  

Constraints (6) govern grid purchases, which are 
prohibited during curtailment events and constrained by 
time-varying interconnection capacity. The curtailment 
indicator 𝛿𝛿�,��������(𝜔𝜔) equals unity when electricity prices 
exceed zone-specific high percentile thresholds (e.g., 
98th-99th percentile). Grid interconnection capacity 
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑙𝑙(�,�,�)(𝜔𝜔) evolves based on queue delay 
schedules 𝑄𝑄(�,�)(𝜔𝜔) during the delay period in year 𝑦𝑦, only 
previously committed capacity is available; after the de-
lay expires, newly requested capacity becomes accessi-
ble. 

Equations (7)-(9) govern battery storage dynamics. 
Equation (7) tracks state-of-charge evolution with round-
trip efficiency √𝜂𝜂����, while constraints (8) and (9) enforce 
energy and power capacity limits respectively. The pa-
rameter 𝑑𝑑���� denotes the power-to-energy duration (e.g., 
4 hours for typical BESS). 

Constraints (10) enforce minimum capacity require-
ments for selected technologies (gas turbines and 
SMRs), the capacity addition must be at least 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑝𝑝� 
(e.g., 100 MW). If no capacity is added (𝑦𝑦�,�,� = 0), then 
𝐶𝐶𝐶𝐶𝑝𝑝�,�,� = 0. While constraints (11) enforce the upper 
bound for capacity additions. 

Constraints (12) enforce modular data center ca-
pacity: facility capacity must be integer multiples of a 
standard module ∆��  (e.g., 200 MW), reflecting the dis-
crete nature of data center construction. This forces data 
center capacity to take values of 0, 200, 400, 600, ... MW. 
The integer variable 𝑛𝑛�,� represents the number of mod-
ules deployed. 

The model also includes constraints for load flexibil-
ity (daily energy budgets ensuring ∑ 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑑𝑑�,�,��∈��

(ω) 
meets required daily flexible consumption with instanta-
neous capacity limits), emission reduction targets (ex-
pected value across scenarios constraining total annual 
emissions to 𝜌𝜌���� ⋅ 𝐸𝐸���������), land availability (zone-spe-
cific footprint limits), and storage cycling (end-of-year 
SOC matching initial conditions). 

The formulation represents a two-stage stochastic 
program where each scenario 𝜔𝜔 ∈ 𝛺𝛺 specifies realiza-
tions of: (1) hourly electricity prices 𝑃𝑃�,�

����(𝜔𝜔) derived from 
historical years representing diverse market conditions 
(e.g., extreme weather events, high renewable penetra-
tion, volatile fuel prices), and (2) grid interconnection 
queue delays 𝑄𝑄�,�(𝜔𝜔) representing optimistic (short de-
lays) versus pessimistic (extended delays) timelines. 
First-stage decisions (capacity investments 
𝐶𝐶𝐶𝐶𝑝𝑝�,�,�, 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑝𝑝�,�,𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑝𝑝�,�,𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑝𝑝�,�, and discrete de-
cisions 𝑦𝑦�,�,�,𝑛𝑛�,�) are made before uncertainty realization; 
second-stage decisions (operational dispatch 

𝐺𝐺𝐺𝐺𝑛𝑛(�,�,�,�)(𝜔𝜔),𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺ℎ�,�,�(𝜔𝜔), storage operations, flexible 
load scheduling) adapt to realized conditions with sce-
nario-specific recourse.  

CASE STUDY 
We apply the proposed framework to ERCOT, a de-

regulated energy-only market serving approximately 
90% of Texas electricity demand. ERCOT presents an 
ideal testbed due to: (1) Electricity price volatility; (2) 
rapid data center load growth; (3) substantial renewable 
penetration exceeding 35% of generation capacity [2]; 
and (4) significant spatial heterogeneity in resource 
availability and grid constraints. The analysis considers 
four ERCOT load zones, HOUSTON, WEST, NORTH, and 
SOUTH, as shown in Figure 1. 

The BTM technology portfolio encompasses solar 
PV, wind turbines, natural gas turbines (GT), fuel cells 
(natural gas and hydrogen-powered), small modular re-
actors (SMR), and battery energy storage (4-hour lith-
ium-ion). Technology specifications follow NREL Annual 
Technology Baseline (ATB) 2023 [7], including capital 
costs, fixed and variable O&M, fuel costs, conversion ef-
ficiencies, and land footprint requirements. We model 
data center deployment planning with phased capacity 
expansion targeting 2.0 GW (2028), 4.0 GW (2029), and 
5.0 GW (2030). Data center load comprises baseload 
(determined by load factor 𝜆𝜆����) and flexible load (flexi-
bility ratio 𝜆𝜆����), where 𝜆𝜆���� = 0 represents pure baseload 
demand. 

Historical hourly day-ahead LMP data for each zone 
spanning are obtained from ERCOT market archives [8]. 
For stochastic optimization, scenarios combine historical 
price years with queue delay realizations. Grid curtail-
ment periods are defined as hours exceeding zone-spe-
cific percentile thresholds (𝛿𝛿�,��������), where grid purchases 
are prohibited. 

We evaluate four progressive scenarios to isolate 
the impacts of key operational and regulatory constraints 
on technology selection and spatial deployment. All sce-
narios include grid interconnection queue delays (ranging 
from 0-9 months across zones), which represent the 
baseline infrastructure constraint. The scenarios pro-
gressively layer additional constraints: 

Table 1: Scenario Definitions. 

Parameter S S S S 
Grid Queue     
Curtailment - % % % 
Emission Reduction - - % % 
Land Constraint - - - Limited 
Demand Type Base Flex Flex Flex 

 
All scenarios include grid interconnection queue 
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delays as a baseline infrastructure constraint. S1 (Base-
line) isolates the impact of interconnection delays alone 
under pure baseload operation. S2 introduces grid cur-
tailment (2% of hours at 98th percentile prices) and de-
mand flexibility (80% load factor, 30% shiftable). S3 adds 
a 70% emission reduction target. S4 represents the most 
constrained case with limited land availability. 

The stochastic optimization framework accounts for 
two primary sources of uncertainty: electricity price vol-
atility and grid interconnection queue delays. These un-
certainties are modeled independently from the sensitiv-
ity scenarios (S1-S4) described above, each sensitivity 
scenario is solved under both deterministic and stochas-
tic frameworks. 

Price Uncertainty: We construct price scenarios 
from three representative historical years of ERCOT day-
ahead LMP data: 2021 (extreme prices including Winter 
Storm Uri), 2022 (volatile market conditions), and 2024 
(normal operations). Each price scenario represents 8, 
760 hourly prices across all four zones, capturing diverse 
market regimes including extreme weather events, high 
renewable curtailment periods, and fuel price volatility. 

Queue Delay Uncertainty: Grid interconnection 
timelines are modeled with two realizations reflecting ob-
served processing variability in ERCOT. The low queue 
(optimistic) scenario features delays decreasing from 9 
months (2028) to 0 months (2030) as backlogs clear, 
while the extreme queue (pessimistic) scenario exhibits 
persistent delays from 15 months (2028) to 6 months 
(2030), representing prolonged interconnection conges-
tion. 

Scenario Set Construction: The complete stochastic 
scenario set 𝛺𝛺 combines the three price years with two 
queue delay realizations, yielding six scenarios. Probabil-
ity weights reflect the relative likelihood of market condi-
tions: 2024 normal operations receive 60% weight (30% 
per queue scenario), 2022 volatile conditions receive 
30% weight (15% per queue scenario), and 2021 extreme 
events receive 10% weight (5% per queue scenario). 
Within each price regime, queue delays are equally likely, 
capturing the inherent uncertainty in interconnection 
processing timelines. 

Deterministic Baseline: For comparison, the deter-
ministic model uses 2024 prices (normal operations) with 
the low queue scenario (90 months), representing a 
median planning assumption without explicit hedging 
against uncertainty. 

To maintain computational tractability while pre-
serving seasonal and operational variability, both deter-
ministic and stochastic models employ temporal decom-
position with representative days. We select 4 repre-
sentative days per month using scenario-weighted K-
means clustering on daily price profiles, wind capacity 
factors, and solar capacity factors. Representative days 
are weighted to preserve annual energy balances, with 

weights determined by cluster membership (number of 
days each representative day represents). 

Both the deterministic and stochastic models are 
implemented in Python using Pyomo and solved with 
Gurobi. 

RESULTS AND DISCUSSION 
This section presents the optimization results in two 

parts: first, we establish deterministic baseline outcomes 
and sensitivity analysis across the four scenarios; sec-
ond, we examine stochastic optimization results that ac-
count for price and queue delay uncertainty. 

Deterministic Baseline Results 
Figure 2 presents the deterministic optimization re-

sults across the four sensitivity scenarios, showing BTM 
technology capacity (2a), energy generation mix (2b), 
spatial distribution (2c), and battery storage deployment 
(2d). All deterministic cases use 2024 electricity prices 
and the low queue delay scenario (90 months) as the 
baseline planning assumption. 

HOUSTON is excluded across all scenarios due to 
prohibitively high electricity prices. In the unconstrained 
baseline (S1), Figure 2c shows capacity concentrating in 
SOUTH (64%) and NORTH (20%), with WEST capturing 
16%. The system deploys 2.1 GW of gas turbines and 0.5 
GW of wind (Figure 2a) as interim capacity during queue 
delays. Once grid interconnection becomes available by 
2030, grid purchases dominate at 92.2% of energy (Fig-
ure 2b), with gas declining to 3.0%. This "bridging" strat-
egy invests in BTM capacity primarily for 2028-2029 
queue periods, then transitions to grid-dominated oper-
ations. Storage remains minimal at 0.3 GWh (Figure 2d). 

S2's demand flexibility enables complete spatial 
consolidation—100% of capacity in SOUTH (Figure 2c). 
The portfolio simplifies to 1.8 GW of gas turbines with 
zero renewables or storage (Figures 2a, 2d). Despite fac-
ing grid curtailment, load shifting enables 97.7% grid reli-
ance (Figure 2b), demonstrating that operational flexibil-
ity substitutes for infrastructure diversification. 

Emission constraints (S3) trigger spatial redistribu-
tion across WEST (52%), SOUTH (40%), and NORTH (8%) 
to access diverse wind resources. Figure 2a shows de-
ployment of 6.8 GW wind, 1.5 GW solar, and 0.4 GW hy-
drogen fuel cells. Wind dominates energy supply at 
47.5%, with solar contributing 9.3% and hydrogen fuel 
cells 8.5% (Figure 2b). Grid purchases persist at 35.1%, 
filling renewable generation gaps while maintaining the 
70% emission reduction target. Storage increases to 0.9 
GWh for renewable integration. 

Land constrained (S4) force concentration in WEST 
(64%) and a technology shift to high-density solutions. 
Solar dominates with 4.7 GW due to superior power den-
sity (35 MW/km²) versus wind (0.4 GW, 5 MW/km²). 
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Capital-intensive technologies emerge: hydrogen fuel 
cells (1.2 GW, 27.3% of energy) and SMRs (0.2 GW, 5.7%). 
Storage quadruples to 3.5 GWh—essential for managing 
diurnal solar patterns. This demonstrates deep decar-
bonization feasibility under severe land constraints, al-
beit requiring substantial storage and capital-intensive 
generation.  

Stochastic Results 
Figure 3 presents stochastic optimization results, 

accounting for price uncertainty (2021, 2022, 2024) and 
queue delay uncertainty (low vs. extreme scenarios). The 
stochastic framework fundamentally reshapes spatial al-
location and technology selection compared to determin-
istic baselines. 

Uncertainty triggers notable spatial redistribution. In 
S1, stochastic optimization shifts from deterministic 
SOUTH-NORTH concentration (64%-20%) to SOUTH-
WEST distribution (76%-24%, Figure 3c), eliminating 
NORTH entirely. This reflects hedging against combined 
price and queue uncertainty—WEST's wind resources 
and moderate prices provide superior risk-adjusted 

returns compared to NORTH's reliance on delayed grid 
access. 

S2 exhibits the most dramatic spatial reversal. De-
terministic optimization placed 100% capacity in SOUTH; 
stochastic optimization distributes across SOUTH (68%) 
and WEST (32%). This geographic diversification hedges 
against curtailment events and queue delays by access-
ing WEST's renewable resources, even in a flexibility-en-
abled scenario. The stochastic portfolio adds 0.5 GW of 
wind (Figure 3a) absent in the deterministic case, 
demonstrating that uncertainty justifies renewable in-
vestment despite available flexibility. 

Emission-constrained scenarios maintain similar 
spatial patterns but with subtle shifts. S3 stochastic allo-
cation (WEST 56%, SOUTH 32%, NORTH 8%, HOUSTON 
4%) closely mirrors deterministic distribution, confirming 
that emission constraints dominate spatial decisions re-
gardless of uncertainty. However, S4 under land con-
straints exhibits a complete geographic flip: deterministic 
optimization favored WEST (64%), while stochastic opti-
mization concentrates in SOUTH (56%), with WEST re-
duced to 24%. This reversal reflects uncertainty's 

 
Figure 2. Deterministic optimization results. 
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interaction with land scarcity, SOUTH's operational char-
acteristics provide superior resilience when both land 
and grid access are uncertain.  

Stochastic optimization reveals distinct technology 
preferences. In S1, both deterministic and stochastic de-
ploy 2.1 GW of gas and 0.6 GW of wind, but the stochastic 
energy mix shows gas maintaining 8.0% of generation 
through 2030 versus the potential for higher grid reliance 
under perfect foresight. This hedging premium protects 
against extreme price scenarios. 

S2's technology portfolio remains stable: 1.7 GW gas 
and 0.5 GW wind in both frameworks. Generation shares 
(gas 5.9%, wind 6.0%, grid 88.1%) demonstrate that flex-
ibility combined with moderate BTM investment provides 
robust performance across uncertainty scenarios. 

S3's technology mix shifts notably under uncer-
tainty. While total wind capacity (5.0 GW) remains com-
parable, solar increases to 2.4 GW (from 1.5 GW deter-
ministic), and hydrogen fuel cells expand to 0.6 GW (from 
0.4 GW). The stochastic energy mix (Figure 3b) shows 
wind at 46.7%, solar at 13.9%, and hydrogen fuel cells at 
12.4%, a more diversified portfolio than wind-dominated 
deterministic alternatives, reflecting technology 

balancing to hedge resource variability. 
The most significant shift occurs in S4. Stochastic 

optimization triples SMR deployment to 0.7 GW, with SMR 
energy share reaching 15.8% (Figure 3b). Solar de-
creases to 3.5 GW while hydrogen fuel cells increase to 
1.3 GW (30.4% of energy). This substitution toward high-
capacity-factor technologies (SMRs: 95% availability, hy-
drogen fuel cells: dispatchable) reflects uncertainty's 
premium on reliability under tight land constraints. SMRs 
provide consistent generation regardless of weather or 
price scenarios, justifying higher capital costs. 

CONCLUSIONS AND MANAGERIAL 
INSIGHTS 

This paper developed a two-stage stochastic opti-
mization framework integrating binary capacity con-
straints, spatial facility allocation, and behind-the-meter 
energy portfolio selection under electricity price volatility 
and grid interconnection queue uncertainty. Applied to 
ERCOT data center planning, the framework reveals how 
progressive operational and regulatory constraints 

 
Figure 3. Stochastic optimization results. 
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reshape technology and spatial strategies. 
The results demonstrate that optimal portfolios 

evolve systematically with constraint tightening. Under 
queue delays alone (S1), gas turbines serve as bridging 
capacity during 2028-2029 interconnection periods, with 
operations transitioning to 92% grid reliance by 2030. 
Demand flexibility (S2) simplifies portfolios but does not 
eliminate BTM investment needs, the system maintains 
1.7 GW of gas and 0.5 GW of wind to hedge curtailment 
risk. Emission constraints (S3) trigger fundamental shifts 
toward spatially distributed wind portfolios (5.0 GW) sup-
plemented by solar and hydrogen fuel cells, achieving 
70% reduction while maintaining 27% grid purchases. 
Land constraints (S4) force capital-intensive, high-den-
sity solutions: solar-hydrogen-SMR portfolios with stor-
age quadrupling to 3.5 GWh. 

Stochastic optimization reveals that uncertainty 
drives technology diversification and dispatchable ca-
pacity preferences. While spatial patterns remain rela-
tively robust across frameworks, technology selection 
exhibits significant sensitivity. Under land-constrained 
decarbonization (S4), stochastic optimization triples SMR 
deployment (0.2 to 0.7 GW) and increases hydrogen fuel 
cell energy share to 30.4%, reflecting uncertainty's pre-
mium on high-capacity-factor technologies. This substi-
tution toward firm generation quantifies the hedging pre-
mium—investments justified by resilience across sce-
nario distributions rather than expected-case optimiza-
tion. 

Among operational strategies, demand flexibility de-
livers consistent value across scenarios, enabling higher 
grid reliance and simplified portfolios. However, flexibility 
alone cannot eliminate infrastructure investment under 
curtailment and emission constraints. Storage emerges 
as scenario-specific: negligible in grid-dominated cases, 
moderate for wind integration, and essential (3.5 GWh) 
for high-solar land-constrained scenarios, scaling with 
renewable penetration rather than serving primarily as 
uncertainty hedge. 

Spatial analysis confirms tight coupling between 
zone selection and technology choice. Emission con-
straints distribute capacity across zones (WEST 56%, 
SOUTH 32%, NORTH 8%) to access diverse wind re-
sources, while land constraints concentrate deployment 
(SOUTH 56%) while forcing technology shifts toward 
high-density solutions. Binary capacity constraints (100 
MW minimums for gas and SMRs, 200 MW data center 
modules) enforce realistic deployment patterns, ensuring 
solutions represent implementable strategies. 

Future research should model the interaction be-
tween behind-the-meter investments and grid expansion 
planning, capturing how large-scale data center deploy-
ment decisions influence grid infrastructure develop-
ment. Additionally, incorporating renewable energy 
credit markets and exploring multi-stakeholder 

coordination between data center operators and utilities 
would provide comprehensive policy insights for sustain-
able data center growth. 
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