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ARTICLE INFO ABSTRACT

The growing demand for digital services has driven the deployment of increasingly large data centers, with in-
dividual facilities expected to reach gigawatt-scale power requirements in the near future. However, integrating
such large loads into existing transmission systems requires careful planning to ensure efficient and timely grid
connections while minimizing environmental impacts. In this context, this article introduces a methodology to
support the optimal allocation of new data centers within an existing transmission grid. The proposed approach
relies on Particle Swarm Optimization and explicitly accounts for the grid’s hosting capacity while identifying
allocations that remain technically feasible under a predefined set of contingency scenarios. By jointly addressing
capacity limits and operational resilience, it enables data center placements that operate within the transmission
infrastructure’s limits and preserve system security under adverse conditions. A case study based on a real trans-
mission system with high-capacity data centers already in operation is presented, and the results indicate that
the methodology can provide practical decision support for both transmission system planners and data center
developers.
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1. Introduction number of data centers. As a result, the energy consumption of these
facilities has grown substantially [1]. According to the International

1.1. Contextualization Energy Agency (IEA) report on energy and Al (April 2025) [2], data cen-

The world is undergoing digital transformation. Data-driven applica-
tions and resources, such as artificial intelligence (AI), cloud computing,
and big data analytics, are becoming increasingly prevalent across in-
dustries and in daily life. This rapid evolution and widespread adoption
of digital platforms, however, have led to a significant increase in the

ters currently consume approximately 415 TWh annually, and by 2030,
their consumption is projected to reach 945 TWh.

Today, several data centers operate at capacities on the order of hun-
dreds of MW, sometimes even approaching the GW mark. However, to
reduce their overall energy consumption and carbon footprint, many
incorporate sustainable practices, such as job scheduling [3,4], demand
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Table 1
Comparison of related works on data center allocation and hosting capacity and resilience analysis.
Reference  Grid Existing Assumes Data center Multi- Resilience Objective*
Level® grid constraints grid expansion scale contingency assessment
[8] D Yes No <100 MW No No CM
[17] T No Yes GW-scale No No RS
[18] T No Yes GW-scale No No RS
[19] T Yes No <100 MW Partial Limited CM
[20] D Yes No <100 MW No No CM
[21] D Yes No <100 MW No No CM
[22] D Yes No <100 MW No No CM
[23] D Yes No <100 MW No No CM
[24] D Yes No <100 MW No No CM
[25] D Yes No <100 MW No No CM
[26] D Yes No <100 MW No No CM
[27] D Yes No <100 MW No No CM
Thiswork T Yes Yes* GW-scale Yes Yes CM and RS

 D: distribution level; T: transmission level. ¥ CM: hosting capacity maximization; RS: region selection. * If the expansion

plan is available.

response [5,6], use of energy storage and renewable sources [7,8], waste
heat recovery [9,10], carbon neutral cloud services [11], among others
[12,13]. However, for transmission planning purposes, the data cen-
ters’ maximum power demands must be considered to analyze the grid’s
behavior under the most critical conditions, and as concluded in the
IEEE Power & Energy Society’s report on data center growth and grid
readiness (May 2025) [14], most existing transmission systems are not
capable of suddenly accommodating such large loads. Hence, in many
cases, the construction of a new large-scale data center may be severely
delayed or even prohibited because new transmission infrastructure
must be built (which, on the other hand, entails additional and notable
carbon emissions [15,16] and increases costs to all of society).

In this context, proposing analytical tools and application studies that
demonstrate how to allocate and construct new large-scale data centers
on an existing transmission network, while simultaneously accommo-
dating the maximum data center capacity and minimizing, or even
eliminating, the need for additional infrastructure, is key to meeting the
demand expected in the upcoming years.

1.2. Literature review

The current literature includes diverse studies addressing optimal
data center expansion plans. For instance, reference [17] proposes an
expansion scheme to identify optimal regions for constructing new
carbon-neutral data centers by balancing costs, access to local clean en-
ergy, and regional incentive policies. Complementarily, Wang et al. [18]
present a bi-objective optimization model to select the most appropriate
location for new data centers, considering both expansion costs and the
carbon emissions associated with energy use.

Reference [19] presents an expansion planning framework for data
centers and data routes aimed at ensuring acceptable service rates to
end users in the data network. It determines the location and capacity
of data centers as well as the necessary data routes while accounting
for constraints imposed by both the power and data networks, i.e., it
acknowledges the grid’s limited capacity and does not involve building
new infrastructure. Similarly, Guo et al. [8] propose an optimization-
based planning scheme that uses a Multi-Objective Natural Aggregation
Algorithm to determine the locations and capacities of interconnected
internet data centers and battery energy storage systems in a smart dis-
tribution grid. Their model also respects the existing grid’s limitations
and avoids new construction. Reference [20] proposes a planning model
for data centers and distribution networks that incorporates demand
response and multivariate uncertainties. Reference [21] describes an op-
timal planning method for regional integrated electricity-heat systems
with data centers, considering wind power uncertainty. The authors of
Wau et al. [22], in turn, account for spatial-temporal flexible resources

and multi-network coupling to propose a cyber-physical integrated
planning model for the distribution network, which also includes
internet data centers. Complementarily, reference [23] proposes a joint
expansion planning approach for distribution systems considering both
internet data centers and electric vehicle charging stations.

The authors of Ma et al. [24], then, propose an optimized planning
methodology to allocate data centers within integrated multi-energy mi-
crogrids, combining renewable sources and low-carbon technologies to
make data center operation more sustainable, economical, and resilient
to uncertainty. In turn, Zhang et al. [25] present a multi-objective inter-
val optimization method for expansion planning in active distribution
systems with distributed internet data centers and renewable generation.
Along the same lines, Su et al. [26] propose a collaborative planning
framework for distribution networks, data centers, and renewables via
interval optimization. Complementarily, Wang et al. [27] propose a ro-
bust planning model to define the ideal structure of a data center park,
considering location, integration with photovoltaic generation, energy
storage, and flexible substations. This model contributes to efficient re-
source allocation and data center siting by optimizing both operational
economy and reliability, even under uncertainties such as load and
generation variations.

1.3. Research gap

Recent studies on data center planning and allocation have addressed
various aspects of the problem, yet no unified framework currently
captures all the technical and operational requirements of modern large-
scale deployments. A structured comparison of the main characteristics
of these approaches is provided in Table 1, where the research gap is
clearly identified across the considered approaches.

First, a significant portion of the literature is developed at the distri-
bution or sub-transmission level, which inherently limits the admissible
load size and does not reflect the requirements of modern large-scale
data centers, typically ranging from several hundred megawatts to
gigawatt-level capacities. Therefore, these large-scale facilities, can only
be realistically accommodated at the transmission level.

Second, while some approaches account for grid constraints, others
implicitly assume that new transmission infrastructure will be deployed
to support the integration of data centers. Such an assumption may not
be suitable for scenarios requiring rapid deployment, as transmission
expansion typically involves long lead times and additional environmen-
tal impacts. Therefore, practical planning requires assessing the hosting
capacity of the existing transmission grid based solely on its current
configuration.

Third, the scale of the data centers considered in many studies is
not representative of current industrial trends, i.e., utility-scale data
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centers. Most works focus on relatively small installations, whereas
contemporary data centers demand substantially higher power levels,
reinforcing the need for transmission-level analyses.

Fourth, most existing methods do not explicitly account for multi-
ple contingency scenarios in the grid. This limitation is important, as
large data centers constitute critical and highly sensitive loads whose op-
eration must remain robust under adverse system conditions. Ensuring
that candidate locations do not lead to severe operational consequences
under contingencies is therefore a fundamental requirement.

Fifth, even when contingency analysis is partially included, the con-
cept of resilience is often not explicitly addressed. In this context,
resilience encompasses both the grid’s ability to withstand disturbances
and the data center’s capacity to maintain operation under such condi-
tions.

Finally, existing studies typically focus either on identifying geo-
graphically suitable regions or on maximizing hosting capacity, but
rarely integrate both perspectives within a consistent transmission-level
framework with realistic load sizes and operational security require-
ments.

In light of these limitations, a clear research gap emerges. Data
centers are becoming critical infrastructure for cloud services, digital
platforms, and Al-based applications. In particular, the rapid growth of
Al workloads has intensified demand for large-scale facilities with power
requirements ranging from hundreds of megawatts to gigawatts. At the
same time, the economic viability of these projects depends heavily on
short deployment timelines, making it essential to identify locations
where large loads can be connected securely and within the available
hosting capacity of the existing transmission network. However, to the
best of the authors’ knowledge, there is currently no methodology that
simultaneously (i) operates at the transmission level, enabling realis-
tic large-scale data center integration, (ii) respects the constraints of
the existing grid without assuming prior network expansion, (iii) con-
siders data center capacities in the order of hundreds of megawatts to
gigawatts, and (iv) explicitly evaluates system performance under multi-
ple contingency scenarios while assessing resilience, and addressing this
gap is necessary to enable the secure and timely integration of large-scale
data centers into transmission networks.

1.4. Contribution

In this context, this research intends to contribute to the identified
gap by proposing a methodology to support the optimal allocation of
new large-scale data centers within transmission grids, while respecting
the available hosting capacity of the existing infrastructure and ensuring
resilience to multiple contingencies (as in Table 1).

The proposed framework addresses the identification of optimal lo-
cations for large-scale data center integration, subject to the explicit
constraint that the existing transmission infrastructure must be suffi-
cient to accommodate the new demand. This premise reflects practical
planning constraints, including substantial investment requirements,
lengthy permitting and construction timelines, and additional environ-
mental impacts associated with infrastructure expansion. Moreover, the
implementation schedule of new transmission assets or network rein-
forcements may be incompatible with the faster deployment timeline of
large-scale data centers, potentially leading to project delays, financial
losses, and uncertainty for investors, developers, and utilities.

The proposed method focuses on hosting capacity and siting opti-
mization within the current grid, using steady-state power flow, voltage
limits, losses, and contingency criteria as the main screening indicators
adopted in transmission planning studies to assess network adequacy un-
der critical operating conditions. Data center capacity is included in the
optimization formulation, allowing the method to evaluate where data
centers can be connected and how much demand can be hosted at each
candidate location without requiring additional grid reinforcements.

The methodology identifies data center allocations that remain tech-
nically feasible across a defined set of contingency scenarios. By jointly
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addressing hosting capacity limits and operational resilience, the pro-
posed approach supports the placement of data centers within the
existing transmission infrastructure, without requiring new transmis-
sion assets or additional grid reinforcements. This aspect is increasingly
relevant in the context of climate change, where extreme rainfall or
wind events may cause simultaneous outages of multiple transmission
components [28-31].

1.5. Article structure

The next sections are organized as follows: Section 2 presents and
describes the proposed methodology; Section 3 shows a case study in
which this methodological framework was used in a real transmission
network; Section 4 presents the corresponding results; and Section 5
concludes this work.

2. Methodology

The methodology proposed in this work is based on an optimization
procedure for allocating data centers within a region of interest in a high-
voltage power transmission system. The method employs the heuristic
technique Particle Swarm Optimization (PSO), whose main objective is
to minimize transmission losses in that region while simultaneously en-
suring: (i) that voltage profiles remain close to the nominal values; (ii)
that multiple data center allocations do not occur at the same node be-
fore all feasible nodes have been allocated, considering that the number
of available bays in existing substations is limited and that new ex-
pansions are generally the exclusive responsibility of each data center
developer, not shared with other developers; and (iii) that currents in
the equipment within the region of interest (transmission lines, trans-
formers, and other transmission components) remain below the rated or
overload current limits specified in the design.

PSO is a heuristic method inspired by collective swarm behavior,
such as flocks of birds or schools of fish. Each candidate solution is
treated as a “particle” that moves throughout the search space influenced
by two components: its own best historical position (cognitive compo-
nent) and the best position found by the swarm (social component) [32].
In this work, each candidate solution is represented by an integer (for
a single allocation) or a set of integers (for multiple allocations), indi-
cating the nodes (substation buses and/or possible line tappings) in the
region of interest where data centers may be sited. This technique en-
sures that the search process operates directly over the feasible physical
locations. The iterative update of particle positions allows the method
to efficiently explore the search space and converge toward promising
regions without requiring gradients or other analytical properties of the
objective function. This stochastic and cooperative nature makes PSO
particularly suitable for complex optimization problems with multiple
constraints.

The proposed methodology is described in detail in this section. First,
an overview of the optimization framework and the underlying princi-
ples of the PSO technique is presented. Subsequently, the formulation
of the objective function and its individual components is introduced,
followed by the procedures used for hosting capacity assessment, opti-
mal data center allocation, and contingency testing aimed at evaluating
system resilience.

2.1. Proposed framework overview

The methodology is based on electrical calculations of the region of
interest, incorporating the proposed data center allocations. This cal-
culation yields losses, voltage profiles, and equipment currents. For
this purpose, the Alternative Transients Program (ATP) software was
used. ATP is widely employed for power system analyses, especially
those involving transient phenomena. However, before any simula-
tion is executed, ATP performs a steady-state calculation known as
the pre-fault solution. This calculation is mathematically equivalent to
a simplified load-flow solution, without iterative generation dispatch
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and automatic voltage regulation. As a result, ATP provides nodal volt-
ages, power flows, and currents consistent with the specified operating
point, enabling its use as a steady-state calculation tool in the proposed
methodology. ATP was chosen arbitrarily, and any other similar pro-
gram could be used for the same purpose. Additionally, a purpose-built
power-flow routine based on assembling the nodal admittance matrix
could have been implemented without loss of generality or accuracy.

Initially, the methodology consists of preparing a template file in ATP
containing the electrical network of the region of interest, including all
loads already present in that network, as well as any operating data
centers, but excluding the new data centers to be allocated. This file
consists of all buses in the area of interest, the Thévenin equivalents
representing coupling with the remainder of the bulk power system, and
all possible line tappings.

The template consists of the per-unit (pu) positive-sequence elec-
trical system. The transmission lines (TLs) are represented using the
r-equivalent model. The transformers (XFMRs) are represented, neglect-
ing the magnetizing branch. The Thévenin equivalents of the interface
buses between the region of interest and the remainder of the bulk power
system are modeled as ideal voltage sources in series with positive-
sequence impedances that represent the fault levels at those buses. Loads
are modeled as constant impedances, including both existing data cen-
ters and those to be allocated. This choice derives from the simplicity of
representing such a model in ATP. However, any load model that more
accurately represents the electrical behavior of the data centers could
have been adopted without loss of generality. The magnitudes and an-
gles of the voltage sources must reflect the power flow at the instant for
which the optimal data center allocation is selected, and the data center
loads must reflect their power at that same instant, which may even be
less than their maximum.

Evidently, throughout the day, the data centers’ loads vary, as well
as the magnitudes and angles of the equivalent sources. Nevertheless,
the worst-case scenario was selected, namely when data centers operate
at maximum power, and the region of interest is already heavily loaded.
Naturally, the proposed methodology may be applied to any chosen load
model and operating scenario. Selecting the worst case is motivated by
the need to evaluate whether the network planning horizon is adequate
given the expected volume of new connection requests from data centers
in the future.

From the template file, the methodology generates a new file by
adding the data centers to the nodes selected by the PSO, with their re-
spective powers and power factors. The ATP executable is then launched,
performing the simulation and producing an output file containing the
load flow results. The relevant values are extracted from this file: losses
in all network branches, nodal voltages at all buses, and branch cur-
rents in transmission equipment. These results serve as inputs to the
computation of the PSO objective function, which is composed of the
four components described next.

It is also important to point out that in this implementation, ATP
is used as the external electrical network analysis tool responsible for
the power-flow calculation. Therefore, the selected load model and
power factor influence only the ATP simulation results, without chang-
ing the formulation of the optimization method. As a result, the proposed
method can be applied with different load models (e.g., constant power)
and power factors, and ATP could also be replaced by another power-
flow calculation tool without modifying the structure of the proposed
optimization framework.

2.2. Objective function formulation

The objective function combines performance metrics and penalty
terms for constraints into a single scalar value to be minimized by the
PSO algorithm. It comprises four components, each designed to cap-
ture a distinct aspect of system performance and operational feasibility
within the existing transmission infrastructure. Network losses are used
to favor allocations that impose lower additional stress on the grid.
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Voltage deviations are considered to ensure that the new data center de-
mand can be accommodated without compromising voltage adequacy.
Current violations explicitly penalize allocations that exceed the loading
limits of existing transmission equipment, thereby preventing solutions
that would implicitly require line or transformer reinforcement. Finally,
repeated node allocation penalizes the concentration of multiple data
centers at the same bus. This is relevant because existing substations
have limited available bays, and allocating several large loads to the
same substation could require additional bay construction or substation
expansion. Therefore, these terms help preserve the solution’s practical
feasibility within the existing transmission infrastructure.

Each component of the objective function is multiplied by a weight-
ing factor to make the four terms comparable in magnitude. These
factors were selected through manual tuning to balance the contri-
butions of the four components and avoid an optimization process
driven predominantly by a single term. This scaling procedure ensures
that losses, voltage deviations, current violations, and repeated node
allocations all contribute effectively to the search for feasible, techni-
cally suitable data center allocations. The individual components of the
objective function are described in detail in the following subsections.

2.2.1. First component

The first component corresponds to the sum of the electrical losses
in the transmission network branches located within the region of in-
terest. Only internal losses are computed, disregarding both the power
supplied by the Thévenin equivalents and the power consumed by all
loads in the system (including existing and newly allocated data centers).
Hence, this component represents exclusively the losses associated with
energy transport within the network, directly reflecting the impact of
data center allocation on its electrical performance. According to Fig. 1,
the complex power lost within the k-th branch, 5, in pu, is given as

Sk =Sp = Up 05—y i 1

where k is the k-th branch delimited by nodes £ and m; v, and v,, are the
node voltages, in pu, of # and m nodes, respectively; and i, and i,, are
the injected node currents, in pu, in the same nodes. Considering that
the number of branches is n,, the total complex power lost in the region

of interest transmission branches, 5., in pu, is

Slosses = Z Sk 2

and the first component of the objective function, f|, is

fl = 2R{Slosses} 3

2.2.2. Second component

The second component is a penalty applied whenever nodal voltages
within the region of interest violate the admissible upper or lower limits.
This component ensures that solutions producing excessively high or low
voltages are discouraged, favoring configurations that maintain voltage
profiles near nominal. It depends on individual penalties assigned to
each node voltage magnitude v; based on its deviation from a predefined
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fa

Uref

Voltage (v;) - pu

Fig. 2. Individual node voltage violation penalty.

reference value v, as in
Uj ~Uref
fryj=e @« -1 @

where j = {1, ..., n}; n is the total number of nodes; and « is a weighting
factor used to scale f,; according to the magnitude of f,. Fig. 2 illus-
trates the behavior of this penalty. The second component is defined as
the average of the sum of all individual terms, as in

f2=%'2f24,j )
=

2.2.3. Third component

The third component is also a penalty, now associated with viola-
tions of the transmission equipment current limits within the region of
interest. When the rated current limit is exceeded, a penalty of magni-
tude comparable to those of the previous two components is applied,
thereby preserving balance in the objective function. However, if the
solution violates the maximum overload current limit, which is an in-
admissible condition that would require mandatory reinforcements by
the transmission utility, a significantly more severe penalty is applied. It
depends on individual penalties assigned to each branch’s current mag-
nitude i, based on its deviation from a predefined reference value i, , as
in

‘Uﬁ"r.k’

fre=e Mk =1 ©

where k = {1,...,n,}, n, is the total number of branches, and g is a
weighting factor used to scale f3, according to the magnitude of f,. For
current values i up to the rated current threshold i, ,, the contribution
of f3, remains limited, whereas for i, exceeding the overload current
threshold i, , the penalty increases sharply, highlighting the critical im-
portance of this condition. Fig. 3 illustrates the behavior of this penalty.
In this figure, the transparent region represents the penalty associated
with currents exceeding the rated design current. In turn, the gray region
indicates the penalty applied when the current exceeds the maximum
allowable overload current.

The third component of the objective function is then defined as the
sum of all individual terms, as in

f3= Zf3,k @)
k=1

2.2.4. Fourth component

The fourth component of the objective function introduces an addi-
tional penalty that accounts for the physical limitation of allocating more
than one data center to the same node (bus or line tapping) within the
region of interest. In practice, the number of available bays in existing

Applied Energy 423 (2026) 128351

VEY:

Ir g Lol k

Current (iy) - pu

Fig. 3. Individual branch current violation penalty.

substations is limited, and substation expansions are typically performed
individually by each data center developer, rather than being shared
among multiple companies. If the number of buses is fewer than the
total number of data centers to be allocated, this condition must not
prevent the optimization from converging. Accordingly, a progressive
penalization strategy is adopted to discourage the simultaneous alloca-
tion of two or more data centers to the same node, while preserving
the robustness of the iterative PSO process and maintaining the general
applicability of the proposed methodology.

For each node let d; denote the number of data centers allocated
to that node. A conditional penalty is applied only when multiple
allocations occur at the same node. Specifically, if d; > 1, a penalty pro-
portional to the number of allocated data centers is introduced through
a weighting factor y; otherwise, no penalty is imposed. Eq. (8) describes
the proposed penalty per node.

d;,, ifd;,>1,
m={y / ®

0, otherwise.

where y is also a weighting factor used to scale f,; according to the
magnitude of f.

The fourth component of the objective function is, therefore, defined
as the sum of all individual terms, as in

fa= Y fay ©)
j=1

2.2.5. Objective function
Finally, the objective function to be minimized is the sum of the four
components, as shown in

f=h+hHh+f3+1 (10)

2.3. Applications of the proposed methodology

After defining the optimization framework and the objective func-
tion, the proposed methodology is applied to address practical planning
and operational questions related to the integration of large-scale data
centers. In particular, the methodology is employed to assess the host-
ing capacity of the area of interest, determine the optimal allocation
of a selected number of data centers, and evaluate the robustness of
the resulting solutions through contingency analysis. These applications
demonstrate how the same optimization framework can be used to sup-
port different stages of transmission system planning and operational
assessment.

2.3.1. Hosting capacity assessment

The methodology proposed in this work begins with an assessment
of the region of interest’s hosting capacity. Hosting capacity refers to
the maximum number of data centers that can be integrated into the
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area without violating operational constraints, specifically the overload-
current limit. To determine this capacity, an outer iterative procedure
is employed within the optimization framework. During each iteration,
an additional data center is added to the initial set of units considered
for allocation. The optimization problem is then solved again based on
the updated loading scenario. This process continues until the system
reaches a condition in which the overload-current limit is exceeded. At
this point, the hosting capacity is identified as the maximum number
of data centers that can be integrated without violating this operational
constraint.

In the proposed formulation, each newly added data center is as-
sumed to have an identical power rating. This assumption simplifies
the characterization of hosting capacity without compromising the gen-
erality of the methodology. The framework can be readily adapted to
accommodate uneven load increments or finer adjustments to the power
ratings of successive data centers, thereby enabling incremental as-
sessment of hosting capacity when required. Moreover, the worst-case
operating condition is adopted to determine the hosting capacity; how-
ever, the methodology is fully applicable to any alternative operating
scenario of interest.

2.3.2. PSO-based optimal data center allocation

After the hosting capacity of the area of interest has been deter-
mined, the methodology proceeds with the optimal allocation of data
centers based on the selected number of units to be connected. This
allocation is obtained through the previously described optimization
process, which identifies the most suitable buses within the area of
interest while respecting all operational constraints. Once the opti-
mal locations have been defined, the resulting configuration serves
as the basis for the subsequent contingency analysis, in which the
system is evaluated under degraded operating conditions to assess
the network’s resilience with respect to the newly allocated data
centers.

2.3.3. Contingency testing

After the optimal data center allocation is obtained, a contingency
analysis is performed to assess the resilience of the resulting solution.
In this step, selected contingencies affecting the region of interest are
simulated in ATP by modifying the original template file to remove
the equipment assumed to be out of service in the contingency under
analysis, such as transmission lines, transformers, or sectionalizing de-
vices that connect the area of interest to the remainder of the bulk
power system. After this modification, the methodology proceeds to in-
clude the optimally allocated data centers at the nodes determined by
the PSO solution. For each contingency scenario, ATP executes a new
steady-state (pre-fault) calculation, providing nodal voltages, branch
currents, and power flows under the degraded operating condition. The
objective of this analysis is to verify that the allocated data centers
remain connected without violating voltage or rated or overload cur-
rent limits, and to identify contingencies that may compromise system
resilience. This procedure enables the evaluation of the network’s abil-
ity to accommodate new data centers not only under normal operating
conditions, but also under credible contingencies, thereby providing a
quantitative assessment of the operational resilience of the proposed
allocation.

Finally, to illustrate the proposed methodology, Fig. 4 presents the
conceptual block diagram of the adopted approach. The diagram sum-
marizes the main stages of the method, from the prior definition of the
region of interest and the generation of the ATP template, through the
hosting capacity assessment and the PSO-based optimal allocation of
data centers, to the final contingency analysis to evaluate system re-
silience. This representation highlights the interaction between the outer
hosting capacity evaluation loop and the inner optimization process, as
well as the role of ATP’s steady-state calculations in supporting each
step.
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NG Confirm that contingencies do not lead to inadmissible impa(:ts/

Fig. 4. Block diagram of the proposed methodology.

3. Case study

This section presents a case study illustrating the application of the
methodology to a real transmission grid.

3.1. Transmission system of the region of interest

The Brazilian interconnected power system is continental in size, cur-
rently comprising ~ 240 GW of generation capacity and a transmission
grid exceeding 170,000 kilometers. Within this system, the state of Sdo
Paulo hosts the largest concentration of transmission facilities [33], and
its grid does have some large-scale data centers already in commercial
operation, in a region encompassing Sdo Paulo city and nearby urban
areas that contain appropriate communications infrastructure.

In recent years, the transmission companies responsible for this re-
gion have received numerous requests to connect new data centers at
various locations (some within existing substations and others at poten-
tial tapping points along the existing lines). However, in most cases, the
data center developers request connections for loads approaching GW
capacity at locations where the system may not be able to accommodate
them without the construction of significant additional infrastructure.
Moreover, utilities and the Brazilian Transmission System Operator may
be slow to respond to connection requests because the grid nodes’
capacity to host new large-scale data center loads has not yet been
mapped.

In this context, the methodology developed in this research was ap-
plied to the Sdo Paulo region with the highest demand for new data
center connections. This way, please refer to Fig. 5, which illustrates
the transmission grid in this region, which has seven operating data
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Fig. 5. Transmission grid considered in this case study, with eighteen candidate nodes for the allocation of new data centers.

centers and eighteen candidate nodes for potential new data center al-
locations (Ny, ---, Njg). Please notice that the figure also displays the
values corresponding to the Thévenin equivalents and the equivalent
loads, which reflect the impact of the studied system’s connection to the
larger Brazilian grid. These values were obtained from official databases
provided by Brazil’s Energy Research Office and correspond to a critical
loading condition projected for 2030, when the new data centers cur-
rently planned are expected to be constructed. As mentioned earlier, the
proposed methodology can be applied to various scenarios; however, the
most critical scenario is the one that must be considered to assess the
grid’s hosting capacity, determine optimal data center allocations within
the candidate nodes, and analyze the resilience of each allocation under
contingencies.

Additionally, please refer to Table 2, which presents the rated and
overload currents, along with the resistance, reactance, and susceptance
parameters for each line in the network, in per-unit (pu) values. All can-
didate nodes of the potential line tapping type are located in the middle
of their respective lines, except for N;,, whose distance from CAV cor-
responds to 20% of the total length of the CAV-BAU line. Furthermore,
please consider that the rated and overload currents of the CAV sub-
station transformers (440/230-kV) are 7.50 and 7.96 pu, while these
capacities for the transformer in substation ANH (345/230-kV) are 10
and 12 pu. Furthermore, the maximum current that the Thévenin equiv-
alents can supply, based on the actual system data, is 95 pu for BAU, 50
pu for RPR and FDI, 45 pu for ANH and XAV, and 15 pu for PTR, STO,
RPL, and MOM.

With all the parameters for the transmission network in the region of
interest, the pu and single-phase equivalent circuit of the system were
then modeled in the ATP.

Table 2
Parameters of the transmission lines.

From To [ [ T X y

RPR SBO 15.2 15.2 0.0022 0.0303 1.6337
PTR SBO 15.2 15.2 0.0003 0.0039 0.2259
SBO SUR 15.2 15.2 0.0003 0.0034 0.1921
SUR BOJ 15.2 15.2 0.0006 0.0080 0.4581
BOJ FDI 20.3 20.3 0.0009 0.0097 0.5815
FDI AZL 20.3 20.3 0.0008 0.0098 0.6006
AZL SAA 15.2 15.2 0.0006 0.0081 0.4872
SAA MOM 15.2 15.2 0.0023 0.0288 1.8557
SAA RPL 15.2 15.2 0.0018 0.0219 1.4196
FDI GLP 20.3 20.3 0.0006 0.0075 0.5000
GLP BOJ 20.3 20.3 0.0006 0.0075 0.5000
BOJ CAV 20.3 245 0.0003 0.0038 0.2371
CAV STO 15.2 15.2 0.0002 0.0023 0.1360
CAV BAU 15.2 15.2 0.0030 0.0376 2.4206
CAV GRD 15.2 15.2 0.0003 0.0031 0.1851
CAV ESO 5.00 6.00 0.0030 0.0220 0.0801
ESO SCL 5.00 6.00 0.0005 0.0028 0.0095
SCL ANH 5.00 6.00 0.0014 0.0079 0.0265
ANH MFO 17.9 17.9 0.0001 0.0023 0.0361
MFO XAV 11.9 11.9 0.0002 0.0038 0.1061
XAV BND 5.00 6.00 0.0001 0.0018 1.1684

3.2. Objective function component parameters

Before moving to the results, it is also important to state which pa-
rameters were used for computing the f,, f3, and f, components of the
objective function. Thus, for the calculation of f,, v, = 1.00 pu and
a = 0.10 were chosen. For the calculation of f,, the values of i, , and
i, Presented in Table 2 (and those mentioned for the transformers and



G. Manassero Jr., R.R. Tiferes, T.N. Ribeiro et al.

Thévenin equivalents) and # = 0.05 were used. Finally, for the calcula-
tion of f,, y = 10 was chosen. It is worth noting that these values for
a, f, and y were manually tuned to maintain comparability among the
four components of the objective function, but that others could be used
instead if deemed of interest by the methodology’s user.

4. Results

This section presents the results obtained by applying the proposed
methodology to the selected region of interest within the transmis-
sion network. The results are organized according to the main stages
of the method and aim to demonstrate its practical applicability and
consistency.

First, the region’s hosting capacity is assessed through an incremen-
tal allocation process. Next, the optimal allocation of data centers is
determined based on the identified hosting capacity. Finally, contin-
gency analyses are conducted to evaluate the operational robustness
and resilience of the resulting allocations under degraded operating
conditions.

4.1. Hosting capacity assessment

The hosting capacity assessment was conducted according to the
methodology described in Section 2. For this purpose, a nominal power
of 100 MW per data center was adopted, with a power factor of 0.95,
and used as the basic increment in the hosting capacity evaluation. This
fixed power level was selected to represent large-scale data center in-
stallations and to allow a clear interpretation of the incremental loading
effects on the transmission network.

The hosting capacity was evaluated using two distinct approaches.
In the first approach, a brute-force allocation was performed, testing all
feasible combinations of data center placements within the region of in-
terest. In the second approach, the same problem was solved using the
previously described PSO-based optimization framework. The adoption
of both approaches aimed to verify whether the PSO algorithm consis-
tently converges to the global minimum of the objective function rather
than being trapped in local minima.

The comparison between brute-force and PSO-based results enabled
a careful calibration of the PSO parameters. In particular, the swarm
size was set to 10 particles, randomly initialized among the 18 candi-
date nodes of the region of interest, without repetition, ensuring that
each particle represented a physically feasible allocation. The observa-
tion of convergence behavior and solution consistency across multiple
runs guided these adjustments.

Both brute-force simulations and PSO-based optimization produced
identical results for hosting capacity, confirming that the PSO formu-
lation and parameterization correctly identified the global solution.
Moreover, the total execution times of the two approaches were also
comparable. This behavior is explained by the incremental nature of
the hosting capacity assessment, in which the computational effort is
dominated by successive steady-state simulations rather than by the
search strategy itself. It should be noted that the main computational
bottleneck of the hosting capacity assessment does not stem from the
optimization algorithm. Instead, it arises from the interaction between
the Matlab control script, the file I/O operations required to write and
read ATP input and output files, and the system calls used to invoke
the ATP executable. As a consequence, the overall execution time is pri-
marily governed by external simulation overheads, making the relative
cost of brute-force and PSO-based approaches similar in this specific
application.

The hosting capacity assessment was conducted over a maximum al-
location horizon of 10 GW of total data center power. Although such
a power level inevitably leads to overload-current violations, this ex-
tended range was intentionally explored to analyze the behavior of the
objective function components beyond the feasible operating region.
Fig. 6 illustrates the evolution of the objective function components
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Fig. 6. Objective function components’ behavior during hosting capacity assess-
ment (f; given in pu; f, and f; are dimensionless).

Table 3

Three-load sets used for the optimal allocation tests.
Load Load (MW) Total
Set 1 2 3 (MW)
Set 1 3000 450 1200 4650
Set 2 2100 450 2250 4800
Set 3 1350 1500 1650 4500

/1 (transmission losses), f, (voltage-related penalties), and f; (current-
related penalties) as the total allocated data center power increases. The
fourth component, f,, is not shown because it corresponds to a discrete
penalty for multiple allocations at the same node and increases mono-
tonically whenever such a condition occurs. As observed in Fig. 6, the
current-related component f3, which represents the most critical oper-
ational constraint, begins to increase sharply at approximately 4.5 GW
of total allocated power. From this behavior, it can be inferred that the
hosting capacity of the region of interest is approximately this value.

4.2. Optimal data center allocation

After determining the hosting capacity, as described in the previous
subsection, and verifying that the PSO-based methodology consistently
converged to the global minimum, the optimal allocation problem was
further addressed. To this end, three distinct sets of three data center
loads were defined and each individual set was optimally allocated using
the original ATP template. Each load set was analyzed independently
to assess the behavior of the optimization process and its sensitivity to
different loading distributions.

Only three sets of three loads were considered at this stage to keep the
computational burden of a brute-force search within reasonable limits.
This choice enabled a direct comparison between brute-force enumera-
tion and PSO-based optimization, ensuring that the latter converged to
the global minimum in all tested cases.

The three load sets are listed in Table 3. The individual load values
were selected to achieve a total power close to the previously identified
hosting capacity, and all loads were modeled with a power factor of
0.95.

For these tests, the initial PSO swarm consisted of a random sample
of 50 particles, each representing a feasible allocation solution without
repetition. Considering that the total number of possible allocation com-
binations is 183 = 5832, this initial swarm corresponds to approximately
0.86% of the complete solution space. The same initial swarm was used
for all three load sets to evaluate whether swarm initialization would
affect optimization results in terms of accuracy or convergence speed.

The comparison between brute-force enumeration results and PSO
results showed that the PSO algorithm converged to the global minimum
for all three load sets. The optimal node allocations identified for each
load set are summarized in Table 4, together with the corresponding val-
ues of the first three components of the objective function. The fourth
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Table 4

Optimal node allocation for the three-load sets.
Load Node Components
Set 1 2 3 fi 12 /3
Set 1 Nig N, N, 3.88 4.67 0.0
Set 2 N N, Nig 3.79 4.95 0.0
Set 3 N, Nis Nis 3.80 4.70 0.0

component is zero for all cases, since the optimal allocation assigns three
loads to distinct buses among the 18 available candidates. It can be
observed that the third component, which represents the most critical
constraint, is also zero for all three optimal allocations, as expected given
the higher penalization associated with violations of current limits in the
objective function formulation.

The total execution times of the brute-force and PSO-based simula-
tions were also comparable in these cases, for the same reasons discussed
in the hosting capacity assessment: the dominance of steady-state sim-
ulations and external file-handling operations over the optimization
process itself.

To further investigate the convergence properties of the PSO algo-
rithm, an additional test was conducted using a reduced swarm size.
Specifically, only the first 10 particles from the original swarm of 50
were retained, and the optimization was repeated for the last load
set. Convergence to the global minimum was again observed; however,
the convergence time increased by approximately 16%, indicating a
trade-off between swarm size and convergence speed.

After completing the tests with three-load sets, an additional sce-
nario involving a single set of four loads was analyzed. All four loads
were modeled with a power factor of 0.95 and individual powers of
900, 600, 1200, and 1800 MW, for a total of 4500 MW. For this case,
a brute-force search was again performed. However, the total simu-
lation time exceeded 8 hours, given that the search space comprises
18* = 104,976 possible allocation combinations. In contrast, the PSO-
based approach was configured with 1500 particles, corresponding to
approximately 1.43% of the total solution space, and converged to the
same global minimum in approximately 4 hours. This result demon-
strates a clear computational advantage of the PSO-based optimization
over brute-force enumeration as the dimensionality of the allocation
problem increases.

In this four-load scenario, both approaches identified the same opti-
mal allocation, placing the loads on candidate nodes N,, N;, Ng, and Ng,
respectively. The corresponding values of the first three components of
the objective function are f, = 3.55, f, = 4.43, and f; = 0.0, indicating
that the optimal solution does not lead to violations of the most critical
current-related constraint.

4.3. Contingency testing and resilience assessment

The contingency testing was performed using the three optimally
allocated three-load sets and the optimally allocated four-load set ob-
tained in the previous subsection. These configurations were selected
to evaluate the robustness and resilience of the proposed allocation
methodology under degraded operating conditions affecting the trans-
mission network. To this end, a set of modified ATP template files was
created to represent different contingency scenarios in the network illus-
trated in Fig. 5. First, ten new ATP templates were generated considering
single-contingency (n—1) events. In each of these cases, the contingency
consisted of removing a single network element, such as a transmis-
sion line or transformer, from the original template. In addition, five
new ATP templates were created to represent double-contingency (n—2)
events, in which two network elements were simultaneously removed
from service.

The contingencies were randomly selected from a total of 45 possi-
ble network elements in the system shown in Fig. 5. The complete list
of n—1 and n-2 contingencies considered in this study is presented in
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Table 5
n—1 contingency scenarios.
No. From To Equipment
1 N, SUR TL
2 BAU Ny TL
3 CAV CAV XFMR
4 N, RPL TL
5 CAV ESO TL
6 FDI AZL TL
7 ANH MFO TL
8 AZL SAA TL
9 Nio CAV TL
10 ANH ANH XFMR
Table 6

n—2 contingency scenarios.

No. Contingency 1 Contingency 2

From To Eq. From To Eq.

XAV  BND TL CAV  CAV XFMR
N, CAV TL SUR N, TL
SUR N, TL AZL  SAA TL
XAV  BND TL AZL  SAA TL
MFO XAV TL  FDI AZL L

g s wWwN =

Tables 5 and 6. With respect to the contingency testing, particular at-
tention should be given to the outage of the 345/230-kV transformer
under the n—1 scenario. This contingency is especially relevant because
it electrically separates the network depicted in Fig. 5 into two distinct
subsystems, significantly altering the power-transfer paths between volt-
age levels. As a result, new current flow patterns are imposed on both
remaining circuits, leading to a redistribution of power that directly af-
fects line loadings and voltage profiles within the region of interest. In
addition, two of the n—2 contingency scenarios involve the disconnection
of a transmission line between nodes XAV and BND. These contingen-
cies are also significant, since this network section was already heavily
loaded before the allocation of the new data centers. The simultaneous
removal of this corridor with another network element, therefore, rep-
resents a critical stress condition for the system, making it especially
suitable for evaluating the resilience of the optimal allocation under
severe operating scenarios.

For each contingency scenario, the first three components of the
objective function were evaluated, i.e., transmission losses (f}), voltage-
related penalties (f,), and current-related penalties (f3). The fourth
component, associated with multiple allocations at the same node, was
not considered in this analysis, as the allocation configuration remained
unchanged across all contingency cases. The results indicate an increase
in all three evaluated objective function components under contingency
conditions, as expected due to network topology degradation. However,
these increases were not significant and did not lead to critical violations
of operational limits. In the base case (i.e., the template) without allo-
cating new data centers, the selected operating scenario already shows
an average voltage of approximately 0.9 pu across all nodes. This be-
havior is expected, since the analysis is conducted under a high-loading
operating condition.

For the first three-load set, the optimal allocation led to an increase
in the number of nodes with voltage magnitudes below 0.9 pu under
contingency conditions. On average, across the 15 contingency scenar-
ios, voltages below this threshold were observed at six nodes, while in
the most severe case, this number increased to 16 nodes. In this worst-
case scenario, the average voltage magnitude of the affected nodes was
approximately 0.86 pu, which remains close to the reference value ob-
served in the base case. Regarding current constraints, overload-current
limit violations were identified for the fourth n—1 contingency and
for the second and fourth n—2 contingencies, with violations of 2.6%,
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0.02%, and 0.17% above the maximum overload current, respectively.
Given their small magnitudes, these violations are considered negligible.

For the second three-load set, a more pronounced voltage impact
was observed. The average number of nodes with voltages below 0.9
pu increased to 8 across the contingency scenarios, while the worst-
case contingency resulted in 28 nodes below this threshold. The lowest
average voltage magnitude observed in this case was approximately
0.83 pu, which, although lower, remains reasonably close to the base-
case average of 0.88 pu. No violations of the overload-current limits
were observed for any of the n—1 or n—2 contingencies associated with
this load set.

For the third three-load set, the contingency analysis resulted in
an average of 5 nodes with voltage magnitudes below 0.9 pu and a
maximum of 12 nodes in the worst-case scenario. In this most severe
condition, the average voltage magnitude at the affected nodes was ap-
proximately 0.84 pu, again remaining close to the base-case reference
value. Overload-current limit violations were identified for the fourth
n—1 contingency and for the second and fourth n—2 contingencies, with
violations of 7.7%, 0.002%, and 0.04%, respectively. The first value
represents a more relevant, although still moderate, violation under
worst-case conditions, whereas the remaining violations are negligible.

Finally, for the optimally allocated four-load set, the average num-
ber of nodes with voltages below 0.9 pu across the contingency scenarios
was 5. The worst-case scenario resulted in 13 nodes below this threshold
with an average voltage magnitude of approximately 0.88 pu, which is
equal to the value observed in the base case without new data center al-
locations. An overload-current limit violation was observed only for the
fourth n—1 contingency, with a current violation of approximately 2.9%
above the maximum overload current, which is considered practically
irrelevant.

Overall, the contingency analysis indicates that, although the optimal
allocation of new data centers increases the number of nodes experi-
encing reduced voltage levels under abnormal operating conditions, the
severity of these violations remains comparable to that observed in the
base case. In addition, overload-current violations are either absent or
limited, reinforcing the effectiveness of the proposed allocation method-
ology in enhancing the system’s operational resilience under both n—1
and n—2 contingency scenarios. This behavior shows that the optimal
allocation obtained through the proposed methodology may enhance
the resilience of the transmission network when supplying large-scale,
critical loads such as data centers.

5. Conclusion

This paper proposes an optimization-based methodology to support
the integration of large-scale data centers into high-voltage transmission
networks. The methodology combines a hosting capacity assessment
with a PSO-based optimal allocation framework and a subsequent
contingency analysis, all based on steady-state electrical calculations
performed using ATP. By formulating a composite objective function
that accounts for transmission losses, voltage constraints, current limits,
practical substation allocation and line-tapping constraints, the pro-
posed approach enables a physically meaningful and computationally
feasible assessment of where and how new data centers can be con-
nected within a predefined region of interest, without the need to build
additional transmission infrastructure.

The results demonstrated that the proposed methodology is robust
and effective across different data center loading scenarios. The host-
ing capacity assessment provided consistent estimates of the maximum
admissible data center penetration. At the same time, the PSO-based op-
timization reliably converged to the global minimum when compared
with brute-force enumeration, even as the problem dimensionality in-
creased. The contingency analysis further showed that, although voltage
reductions and current increases occur under abnormal operating con-
ditions, their severity remains comparable to that of the base case,
with overload-current violations either absent or limited. These results
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confirm the quality of the proposed allocation strategy and its abil-
ity to preserve acceptable operational margins under both normal and
degraded network conditions.

The proposed methodology focuses on transmission-level hosting
capacity and steady-state, contingency-based resilience. Dynamic be-
havior, transient stability, cascading outages, and detailed data center
energy-management strategies are outside the scope of the study. More
advanced technologies such as waste heat recovery, on-site generation,
storage, and demand-side flexibility may reduce grid demand. However,
these technologies do not affect the structure of the proposed methodol-
ogy. Their effects can be represented through the net active and reactive
power demand used as input data. Future work may incorporate these as-
pects, along with time-varying load profiles, weather-dependent ratings,
and probabilistic contingency models.

From a practical perspective, the proposed methodology is directly
applicable to real transmission networks and can support both planning
and operational studies. In planning applications, it enables transmission
operators to quantify hosting capacity, evaluate alternative alloca-
tion strategies, and identify potential reinforcement requirements in
advance. From an operational perspective, the contingency-based assess-
ment provides valuable insights into system resilience when supplying
large, critical loads such as data centers. Owing to its modular struc-
ture and reliance on widely used simulation tools, the methodology can
be readily adapted to various network topologies, operating scenarios,
and regulatory frameworks, making it a flexible decision-support tool
for integrating high-impact loads into modern power systems.
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