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Abstract

The rapid growth of artificial intelligence applications and digital ecosystems, especially
in industry, has highlighted the need for proposing new data centers. Data center siting
requires consideration of many different factors including power grid capacity, fiber net-
work resources, and environmental and regional considerations. This research proposes
a multi-layer network optimization in which the master plan optimizes data center sit-
ing and their capacity decisions while the other lower-level layers analyze the feasibility
and optimality of these decisions in terms of grid congestion and transmission network
expansion, fiber routing and latency, and cooling resources. The efficiency of the proposed
plan and its reliability will be evaluated by simulating different scenarios including unex-
pected power grid outages because of natural disasters. The results of the model highlight
the importance of integrated decision making for siting data centers while considering
zoning restrictions and required capacities and operation costs of water, fiber/optic, and
power networks.

Keywords: data center siting; optic network routing; cooling system; power grid; multi-layer
network analysis

1. Introduction

Modern data centers have become critical infrastructure supporting artificial intel-
ligence (Al), cloud computing, and large-scale digital services. The rapid growth of Al
workload has significantly increased computational demand and intensified pressure on
supporting infrastructure systems, mostly land availability for data centers, fiber connectiv-
ity, cooling resources, water availability, and electricity supply. Data centers now include
enterprise, cloud, hyperscale, colocation, micro, and edge facilities, each imposing differ-
ent requirements related to power consumption, thermal management, network latency,
reliability, and geographic placement [1]. As Al adoption accelerates, future data center
expansion is expected to require substantial infrastructure investment and significantly
increase electricity demand [2]. Consequently, data center planning has evolved into a
large-scale systems engineering challenge involving multiple interconnected infrastruc-
ture layers. Recent operational studies such as [3,4] show that the load generated by Al
operations creates regional transmission congestions and highlights the importance of grid
expansion and the integration of renewables.

Data centers are increasingly facing constraints not only in energy, cooling, water,
and fiber connectivity, but also in zoning regulations and land availability, which determine
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where facilities can legally and physically be built. Zoning ordinances restrict industrial
development near residential areas, environmentally sensitive zones, and regions with
limited utility access. Land availability further shapes feasible siting options, especially as
hyperscale Al data centers require large footprints for GPUs, cooling plants, substations,
and fiber aggregation points. Studies such as Vabson [5] and Kseibati [6] highlighted that
geographic placement is no longer driven solely by cost or proximity to demand; instead, it
must account for regulatory constraints, land use compatibility, and regional infrastructure
readiness. These factors form the foundational layer of siting feasibility, influencing all
subsequent decisions related to fiber connectivity, cooling, water, and power. Studies such
as the one by Wu [7] and recent DOE Grid Modernization reports [8] demonstrate that
zoning restrictions, transmission bottlenecks, renewable availability, and environmental
limits highly affect the feasibility and efficiency of data center deployment strategies.

As computational workloads became increasingly distributed across cloud and edge
environments, fiber connectivity also emerged as a major factor influencing data center
deployment. Optical network infrastructure directly affects workload distribution, latency
performance, and interconnection efficiency between geographically distributed facili-
ties. Sticca [9] demonstrated that improvements in metro-scale optical fiber infrastructure
could significantly reduce infrastructure requirements and operational costs. Agarwal [10]
proposed hybrid optical switching architectures combined with predictive scheduling to im-
prove network energy efficiency, while Zhu [11] reduced latency and blocking in cloud-edge
optical networks through adaptive modulation methods. Survey studies by Baziana [12]
and Srikandabala [13] identified the absence of integrated Al-driven frameworks for data
center network optimization. Despite these advances, most optical network studies opti-
mized communication performance independently of environmental conditions, cooling
demand, or power availability constraints. Operational fiber-routing research increasingly
showed that regeneration placement, reach constraints, and backbone congestion directly
influence feasible siting decisions and must be jointly considered [14,15].

Cooling systems represent another major operational challenge because the perfor-
mance of data centers depends heavily on regional climate conditions and water availability.
As data centers expand into geographically diverse regions, water stress has become an
increasingly important environmental and operational consideration. Chen [16] introduced
the Water Stress Usage Effectiveness (WSUE) metric and demonstrated that cooling strate-
gies can significantly affect regional water stress. Mytton [17] further highlighted major
gaps in water usage transparency and reporting practices across the industry. Research on
cooling optimization has shown that advanced control methods can substantially improve
operational efficiency. Lazic [18] applied model predictive control mixed integer linear
programing (MPC) for cooling optimization, while Li [19] demonstrated that deep rein-
forcement learning (DRL) could improve cooling-related energy management. Rostami [20]
proposed a linearized MILP framework for thermal-aware workload placement to reduce
cooling power demand. However, most cooling-focused studies assumed fixed facility
locations and did not integrate renewable intermittency, water scarcity, or power grid
constraints into decision-making models. All these studies show that cooling feasibility is
tightly coupled with water availability, heat-injection limits, and local climate conditions.
These operational constraints directly shape siting decisions but are rarely integrated with
fiber or power-grid considerations.

Power grid availability has also emerged as one of the most immediate challenges
affecting data center expansion. Existing electrical grid infrastructure increasingly struggles
to support Al-driven load growth and large-scale computational demand. Siegle [21]
emphasized that traditional grid expansion alone may be insufficient and highlighted
the growing importance of microgrids, small modular reactors, and virtual power plants
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for maintaining reliability. Research on renewable integration further demonstrated that
fully autonomous renewable systems are often economically impractical, while hybrid
grid-connected systems provide more balanced reliability and operational performance [22].
Additional studies focused on operational optimization under renewable intermittency.
Gao [23] combined Long Short-Term Memory (LSTM) forecasting, reinforcement learning,
and linear programming to improve workload scheduling under fluctuating renewable
conditions, while Haddad [22] applied MILP for hybrid renewable energy scheduling.
Reinforcement learning approaches proposed by Ran [24] and Yi [25] further demonstrated
that joint workload and cooling optimization could improve overall energy efficiency.
Most power-focused studies considered electricity management independently and rarely
incorporated cooling demand, water stress, or network connectivity constraints into infras-
tructure planning decisions. These operational studies collectively show that power-grid
constraints, renewable variability, and transmission congestion fundamentally shape fea-
sible siting options and need to be integrated with fiber routing, cooling demand, and
zoning considerations.

Since land availability, fiber connectivity, cooling efficiency, water stress, and power
availability vary significantly across geographic regions, selecting suitable locations for
future data centers has become an increasingly complex optimization problem. Studies
such as the one by Vabson [5] showed that optimal siting decisions depend heavily on
renewable availability, water stress conditions, and fiber backbone accessibility. Liang [26]
demonstrated that regional energy constraints can substantially reshape deployment strate-
gies, while Wu [7] proposed a bilevel GA-NLP framework for joint siting optimization.
Aziz [27] further incorporated uncertainty-aware multi-criteria decision-making using neu-
trosophic TOPSIS-MABAC approaches. Recent multi criteria siting studies such as Li et al.
(2021) further highlight the need for integrated models that jointly consider energy, water,
and network constraints [28]. Although these studies improved infrastructure planning,
most existing siting models still optimized economic, environmental, or infrastructural ob-
jectives independently without fully representing the interactions between zoning, network
performance, cooling demand, renewable variability, water stress, and power availability.

Despite substantial advances across individual domains, existing approaches remain
fragmented and largely optimized in isolation. Al-driven compute demand has accelerated
the construction of hyperscale and edge data centers, but determining where these facilities
should be placed has become an increasingly complex optimization problem. Traditional
siting approaches focused on land cost, zoning compliance, or proximity to users are
no longer sufficient. Modern Al data centers require massive, stable electrical supply,
high-capacity fiber backbones, low-latency routing paths for distributed training and
inference, and cooling systems that remain viable under local climate and water availability
constraints. Each of these factors is deeply interdependent: power availability shapes
cooling feasibility, fiber network reach determines viable geographic zones, and routing
patterns influence both energy consumption and thermal load. As a result, siting cannot be
treated as a single-domain engineering decision but rather a multi-layer systems problem.

To meet these requirements and fill the existing gap in the literature, this research
proposed an integrated framework for optimizing data center siting decisions. The main
contributions of this research are listed below:

*  Proposing an integrated framework for siting GPU-intensive Al data centers and their
unique requirements in fiber bandwidth, cooling demand, water usage, and large-
scale power consumption while ensuring their feasibility under environmental and
regulatory constraints.
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. Presenting multi-layer network formulations including zoning, fiber, cooling, and power
layers with their flow-based modeling and capacity expansions decisions as well as
interactions between these layers and their effects on each other.

*  Modeling fiber routing variations including demand to data center, data-center-to-
data-center east-west training, hub-to-data-center backbone flow, and data-center-to-
edge/storage offload in traffic planning of Al data centers and their latency, bandwidth,
and regeneration requirements.

Including these considerations in placing Al data centers with their high computation
and power and cooling requirements and their effects on environmental factors ensures that
decisions remain feasible over time and robust under future load growth, climate variability,
network expansion needs, and evolving regulatory constraints. Our proposed framework
differs from existing real-time resource management frameworks allocating compute and
network resources for interactive applications. In fact, our model focuses on the upstream
planning problem of determining feasible data center locations and multi-layer capacity
limits before any real-time scheduling or allocation. The rest of the paper is organized as
follows. Section 2 states the problem and the specific requirements of Al data center siting.
Section 3 introduces the proposed integrated model followed by computation results for
case study and different settings and scenarios presented in Sections 4 and 5. The last
section concludes the research and presents directions for future research.

2. Problem Statement

The rapid expansion of Al and high-performance computing has drastically increased
the demand for graphics processing unit (GPU) capacities, requiring the strategic deploy-
ment of modern data centers. Optimizing the placement of these facilities is an extremely
complex, multi-dimensional problem. Traditional site selection often overlooks the si-
multaneous, interconnected constraints of regional infrastructure, environmental impacts,
and resource availability in fragmentation. To address this gap, the problem is modeled as
a multi-layered optimization challenge across four critical domains:

*  Master Zoning Layer: Data center placement must balance variable installation costs
against local geographic resistance factors including humidity levels, heat indexes,
and flood risks while strictly following residential noise pollution constraints.

e Fiber (Optical) Layer: Infrastructure configuration must minimize traffic rout-
ing costs and the capital expenditure required for network upgrades and adding
fiber bandwidth.

*  Cooling Layer: Site selection must account for water availability, local environmental
resources, humidity, and water temperature, operating within strict limits of water
conservation, cooling node capacities and emergencies.

*  Power Layer: Expansion plans must optimize the high cost of creating new power gen-
eration capacities and expanding transmission lines to increase flow limits, while sat-
isfying voltage angle constraints, limited line capacities, and the competing baseload
demands of residential and industrial sectors.

The goal is to determine the optimal geographic placement and capacity allocation
for GPU-intensive data centers by optimizing a comprehensive objective function mini-
mizing total capital and operational costs while satisfying all local environmental, legal,
and technical grid constraints.

3. Network Optimization Model

The proposed optimization model tries to optimize data center siting and capacity
allocations in the following main layers:
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Latency/ Max Reach Restrictions

¢ Master zoning layer.
*  Fiber/optical layer.
*  Cooling layer.

*  Power layer.

Although each layer has its own objective and constraints, the model is solved as a
single integrated optimization model in which decisions propagate across layers through
shared decisions. Figure 1 depicts these layers and their interactions. In the proposed
framework, the decisions start with the master zoning layer when sitings and GPU assign-
ments are defined after exchanging information with the fiber, cooling, and power layer.
Required computations, traffic flow feasibility, latency considerations, cooling demand,
water availability, environmental considerations like heat injection limits, and transmission
system capacity are critical factors in determining the best siting decisions. Since changes
in any of these factors and siting decisions simultaneously affect other variables, they are
solved at the same time instead of sequential solving.

In fact, the proposed model considers all interactions between zoning considerations,
fiber /optical layer requirements, cooling needs and the water network, and power grid
features at the same time. Sequential solving of the model or single-layer optimization
without including cross-layer interactions can lead to infeasible or suboptimal siting deci-
sions. For example, considering only zoning requirements can lead to a siting decision with
a cheaper and more convenient location, but providing fiber, cooling, and power support
for this location might be challenging or impossible.

Zoning Layer

i X Weather Conditions /Renewables
Optimal Data Center Locations

Fiber Layer

Regenerators Locations
Fiber Link Capacity
Fiber Links

—

Number of Placed GPUs Base Power Need
Environmental Restrictions Cooling Power
Cooling Layer Power Layer
- Cooling Capacity Cooling Requirements Power Generation Capacity Power Requirements
Task Assignments Pipeline Capacity le»| Injected Heat Pipeline Capacity le-»| Power Flow
Traffic Routing Pipe Links Water Flow Transmission Lines Power Generation
Computations Need - Cooling

Computations Need - Power
Figure 1. Overview of decisions and layer interactions.

3.1. Master Zoning Layer
The objective function in the zoning layer minimizes the total fixed cost for placing

data centers and variable costs for installing GPU capacities.

I I
ZZOYle — Z FiDCxi + Z FGPin (1)
i=1 i=1

This layer is subject to the following constraints:

G"iny; <y < G"%xi Vi )
xi,<Z; Vi 3)

Biy; < (B{™ —Bo)x; Vi 4)

Ny; — mR; < NF" + M(1—x;) Vi (5)
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Equation (2) defines limitations for GPU placement for opened data centers. Opening these
centers is economically justified by placing limits on the minimum number of installed
GPUs. On the other hand, increasing these GPUs from certain limits decreases their effi-
ciency. There are some zoning factors such as local resistance, high levels of humidity and
heat level, flood, and other extreme risks that prevents placing data centers in certain nodes
of the network (Equation (3)). Depending on the availability of land in some areas, the num-
ber of GPUs installed in each location is limited. This limitation is enforced in Equation (4)
for the base area of the data center and the area for placing GPUs. Cooling towers produce
noise in data centers that can make them annoying for local people. This noise is equivalent
to the computation limits of these centers expressed in terms of GPUs installed and the
distance between the center and residential areas. Noise impact decreases by increasing the
distance from residential areas. Equation (5) ensures that these considerations are included
in the model to limit noisy data centers close to residential areas.

3.2. Fiber/Optical Layer

The nest layer is related to fiber infrastructure modeling and its traffic routing.
The model for this layer is listed below:

I K 1 1 K I 1
Fib R P Fbr, Fb Fl Fb R k
i=1 k=1 i=1j=1 i=1j=1 k=1i=1j=1

Constraints: .

M =Y 0pCr Vie IPC )
k=1

ckom < gy, Vie IPC (8)

Y Sl < Vi ©

k=1

—Ck'yksk ifi = S(k),

Lo d C ifi = T(k) € I1?,
Fafa-{om eIt
== oikCrye i€,
0 otherwise,
Zijp < ff < Mzj Vi, (11)
ufl" < M(AL" +af) Vi, (12)
1
Z Ojk = Sk Yk (13)
i=1
D..
i X ()
i=1 ]C1 ij\ p < Lk vk (14)
k
1> 1S+ Dijj — M(1 — zjp) — Mrj Vi, (15)
K< RMY(1—r)+er;  Vik (16)

The fiber network capacity can increase support data center traffic by adding regenerators
to some nodes or increasing fiber line capacity by adding wavelength or upgrading their
modulation formats. The costs for these upgrades and routing are reflected in Equation (6).
Total computation of each data center node is calculated in Equation (7). Equation (8)
ensures that this computation is less than the total computation capacity of each data
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center defined by its installed GPUs. Equation (9) limits the total traffic passing from each
link for all demand-DC pairs to be less than the designed capacity. For every node in the
network, flow conservation ensures that incoming traffic is equal to outgoing traffic except
for the source and sink node for the traffic (Equation (10)). This equation is designed to
reflect any form of routing including demand center to data centers, data centers requesting
training services from other data centers, and sending or receiving services from and to
hub nodes (IXPs, cloud gateways) by data centers. For source nodes demanding services,
the equation injects total traffic generated by residential or industrial areas. For destination
nodes such as hubs, the constraint absorbs incoming backbone traffic associated with metro
ingress/egress and cloud gateway connectivity. For Al data centers, the equation simulta-
neously accounts for east-west training flows, multi-site gradient exchange, and proportion
of service assigned to the data centers. These assignments are reflected by the variable v in
the equation.

Traffic can be routed over many paths and tasks can be split across multiple data
centers in this model. Equation (11) is designed to introduce an artificial binary variable
that shows if flows exist in certain links or not. Flow capacity is defined only for the
existing fiber links shown in the network’s adjacency matrix (Equation (12)). Equation (13)
ensures that the computation distributed between multiple data centers is fully assigned
and is equal to one. There is also a limit in each service that ensures the average latency
is below certain values (Equation (14)). The latency for each fiber line is equivalent to its
length and propagation speed in fiber. In long haul optical networks signals, signals must
be regenerated after maximum reach. Equations (15) and (16) are designed to guarantee
that the total length of links used by commodity k between its source and sink does not
exceed some effective reach unless they are reset by regenerators. In this formulation,
each service is identified by commodity k where its passed cumulative distance should
remain under certain limits. This cumulative distance is reset by placed regenerators given
boosted service quality in the nodes with this equipment. This ensures that the total optical
distance between consecutive regenerators never exceeds the maximum allowed reach to
fully capture the physical behavior of long-haul optical transmission.

3.3. Cooling Layer

The next layer is the water pipeline network that includes the cooling mechanism of
the data centers. This layer is modeled using the following equations:

1 I I 1 . , I 1 , 1 I
ZCOOl — Z FLCMZ-LC 4 Z FECMI-EC + Z 2 Fplpé’ufjlp 4 Z Z FplnDijaZ‘lp + 2 FLOCI'LC 4 FEOCI-EC (17)
i=1 i=1 i=1j=1 i=1j=1 i=1 i=1
Constraints: , ,
w;iraw 4 ijz;;tr _ Zﬁz;;tr — wiCool + Willse Vi (18)
j=1 j=1
d A :
wi < WP VI (19)
Cool li :
w% < WM Vi (20)
B <ulh o Vi (21)
ul? < M(AS! 4 al?) i, (22)
ZUZCOOZ _ (pLCCiLC + (PECCiEC Vi (23)
(L€ < i (24)
cEC < ykc (25)
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SLCCLC 4 GECEC < H; i (26)

ubC ufC < My, Vi (27)

MLC 4 uEC > HGPllyi 4 HBasexi Vi (28)

LC+CEC Qx _,r_aCuol Com Vi (29)

In the above model, water-related variables (f w i

LW iCOOZ) are expressed in volumetric flow
units (lit) while other variables such as Coohng demand, heat injection, and installed
capacity (cic""l, hi, u? ') are expressed in power units (kW) with conversion factor linking
them. The objective function in Equation (17) reflects investments in the installed cooling
capacities in nodes and water pipeline capacities. It also includes total cost of providing
cooling for the network using both liquid and evaporative technologies. Water flow balance
equations considering local water availability and water usage for cooling are reflected in
Equation (18). Water draw from local water sources is limited by their availability in each
node (Equation (19)). The model includes both evaporative and liquid cooling mechanisims.
Evaporative cooling is water-intensive and constrained by node-level water availability,
while liquid cooling is a closed loop system with minimal make up water requirements.
This dual representation allows the optimization to select feasible cooling strategies under
varying hydrological conditions. In each zone, there are certain environmental considerations
that limit the water usage for cooling the data centers (Equation (20)). Equation (21) limits
the flow in each pipeline by its flow capacity. Pipeline capacities are defined only for existing
links shown by the water network’s adjacency matrix (Equation (22)). Equation (23) calculates
water used for cooling in both technologies. Total cooling demand of each node should be less
than its cooling capacity availability (Equations (24) and (25)). There are limitations on heat
injections created using both technologies which are reflected in Equation (26). The cooling
capacity is considered only for nodes with data centers (Equation (27)), and it should be
more than the required emergency capacity, which is the sum of the fixed and variable heat
generation in each center for emergency cases (Equation (28)). Actual cooling is defined in
Equation (29) based on the required base cooling and cooling for the received computation.

3.4. Power Layer

The objective function for the power network is listed below:

ZPower Z FGen Gen + Z Z FLlne Flw + Z Z FTrnD aTrn + Z FGen (30)

i=1j=1 i=1j=1

Constraints:

=556 —6)  Vij (31)
pi S uft Vi (32)
uf < fiy <uf* Vij (33)
uf—;lw < M(Aélow + al]]"‘rn) Vl,] (34)

I I c
Zf}i_Zfij_pi_Pi+ei+Ciur:O Vi (35)

=1 j=1

e; = EPme 1 oPC i (36)
eiDC — DBusexi + leowerciCom + n,LCCiLC + 7TECCZ-EC Vi (37)
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The objective function in Equation (30) calculates the cost of creating a power generation
capacity and the expansion of transmission lines to increase the power flow limit, plus
the total cost of power generation. Equation (31) is the DC power flow defined based on
the voltage angles connected to the from-bus and the to-bus. Power generation in each
bus is limited by its capacity (Equation (32)). Equation (33) ensures that power flow in
each transmission line is within the capacity considered for power flow. The capacity is
defined only for existing transmission lines shown by the grid network’s adjacency matrix
(Equation (34)). Power flow balance between nodes is shown in Equation (35) considering
power generation and consumption in each node. The total power in each node includes the
residential or industrial base load and the power required for data centers (Equation (36)).
Power consumption in data centers is a summation of the base energy and the energy
required for computations and the cooling of the data center (Equation (37)).

The proposed multi-layer network is solved by integrating all objective functions
subject to all constraints in these layers and setting a minimum number of data centers that
we are planning to build.

7 — ZZone + ZFiber + ZCool + ZPower (38)
Y xi>2 (39)
iel

The last equation is added to the model to ensure at least two candidates are selected
to place the data centers. This setting can be adjusted to reflect a baseline planning of
technical requirements for redundancy and operational resilience or strategic goals of the
decision makers.

4. Case Study

The efficiency of the proposed model is evaluated in a set of experiments and sensitivity
analysis scenarios. These experiments are implemented in a modified 14-Bus IEEE test
system with 14 different nodes. Settings for costs and parameters are listed in Tables 1 and 2.
The parameter ranges reported in these tables are collected from industry reports [29-33]
and peer-reviewed studies [5,20,34]. In model settings, the electrical parameters follow the
standard IEEE Bus transmission settings and the additional settings for cooling, water and
fiber layers were extended using physically justified land use and infrastructure logics and
simulated scenarios consistent with the under-lying power transmission layer.

Table 1. Cost settings of the model.

Parameter Setting

Fixed cost of opening DC (FP¢) 8000-25,000 $k
Cost of placing each GPU (FCPU) 30 $k per GPU
Fixed cost of enabling regeneration 50 $k per site

Cost per fiber capacity (wavelength/Gbps) 5 $k per 100 G
Cost of routing traffic on fiber link (FRT) 0.05 $k per Gb/s on km
Cost per kW cooling capacity (FE° ) 1 $k per kW

Cost per unit pipe capacity (FFir¢) 0.05 $k per (lit/h)
Cost of providing cooling (FF) 0.5 $k per kW used
Cost per kW generation capacity (F&") 0.5 $k per kKW

Cost per kW transmission upgrade (FLi") 0.5 $k per kKW
Variable cost of power generation (FiG) 0.05 $k per kWh
Fixed cost of adding new transmission line 50% per km

Fixed cost of adding new pipeline 100$ per km

Fixed cost of adding a new fiber line 20$ per km
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In the case study set up, the parameters are generated based on the 14-Bus IEEE
case through a structured role-based mapping of technical features of the case into multi-
layer settings for the fiber, zoning, and water network. Technical features of buses such
as their load magnitude, generator location, voltage level, and graph features such as
node degrees classified them into residential, industrial, power plants, hubs, and DC
candidates. Spatial coordinates are generated based on a weighted Kamada—Kawai layout
to generate distance-based settings such as fiber reach, pipeline connections, adjacency
metrics, and residential proxy. Other than water sources, which are selected randomly from
existing buses, other environmental and resource parameters are calculated based on bus
types and their categories. The fiber communication layer is constructed using distance-
based connectivity rules that reflect the expected deployment density of different node
types. Base energy usages are set to normal loads defined in the IEEE cases while renewable
availabilities are generated randomly for a limited number of buses in the transmission
system suitable for renewable energy injection. Noise limits reflect standard zoning practice
with strict thresholds for residential nodes, moderate limits for industrial nodes, and loose
thresholds for the remaining places. Heat-injection limits also follow similar zoning limits
with industrial nodes tolerating higher thermal loads. Zoning permission restrictions are
set only for residentials with 25% chance of getting accepted by people living on that
residence. These rules are set to generate parameters consistent with both engineering
practice and multi-layer infrastructures in data siting problems. The resultant multi-layer
network based on these rules for the 14-bus IEEE case is presented in Figure 2.

Table 2. Parameter settings of the model.

Parameter Setting

Base area per DC 2000 m?

Base DC load 100 kW

Extra area per GPU 1 m?/GPU
Noise per GPU 50 dB/GPU
Noise reduction per km 60 dB/km
Compute capacity per GPU 1 compute units/GPU
Propagation speed in fiber 200 km/ms
Max reach without regeneration 100 km

Fixed cooling requirement 100 kW

Heat per GPU 0.08 kW/GPU
Base heat per DC 100 kW

The Al data centers in this research will support the county with 4 different classes
of services (Figure 2). Class A inferences services are dedicated to traffic from demand
centers to data centers that residential/industrial areas send their Al queries such as search,
user prompts, chatbots, factory analytics, and automations to the available data centers.
This class is latency-sensitive and light in bandwidth. Class B of the traffic is known as
east-west traffic between Al data centers for model training, gradient synchronization,
check points, replications, and distributed computation. This class is bandwidth-intensive,
has a long duration, and is latency-tolerant. Class C of the traffic is between hubs and
data centers and includes hubs/IXPs/cloud gateways used for the county’s incoming or
outgoing traffic and connecting the county to national and global networks. The reverse
traffic from data centers to some edge/storage/regional small-scale data centers is a small
proportion of traffic labeled as Class D and mostly is used for caching, backup, replica-
tion, and low-latency inference offload. Each service is instantiated by sampling its class
type, selecting an origin node from the corresponding node category, and assigning its
destination dynamically through the optimization model based on the optimal data-center
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selection. For the first three classes of traffic, the origin nodes are selected randomly while
the destinations are determined in the model based on the optimal service assignments
between data centers. A certain portion of requests per node is modeled to reflect similar
county-level Al services in a representative peak hour with traffic simulated based on the
ratios and distributions listed in Table 3. The computation requirement is simulated using
lognormal distributions to reflect realistic network demand consistent with empirical obser-
vations in fiber networks [35]. Latency and other service parameters are simulated using
uniform distributions to ensure existing variabilities in traffic without adding unnecessary
complexities to the model.

e Industrial -*- m/®
e @ [}
Q Residential =

*—Hu

g Watersour = Lgt
) i ® -
© Bus No. ‘® Q ® g%?%k-
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Figure 2. IEEE 14 Network; zoning layer (upper left ), water layer (upper right), power transmission
layer (lower left), and fiber layer (lower right).

Table 3. Traffic variations and settings.

Traffic Class Service Ratio Compute Requirement (Cy) Traffic per Compute (y;) Latency Tolerance (Ly)
o Residentials: Lognormal (50, 0.5) .
A 60% Industrial: Lognormal (200, 0.6) Uniform (0.1, 1) 10 ms
B 25% Lognormal (1000, 0.8) Uniform (100, 300) 50 ms
C 10% Lognormal (500, 0.7) Uniform (10, 50) 20 ms
D 5% Lognormal (1000, 0.7) Uniform (1, 20) 30 ms

The model is run on a desktop equipped with an Apple M4 Pro14 Core CPU, 20 core
GPU, and 24 GB RAM with macOS 26.6.2. The model is coded in Python 3.10 and is solved
using IBM CPLEX 22.1 solver. The computation time, optimality gap and model size are
reported in Table 4. The result for the default case study is presented in Table 5.

Table 4. Computation details of the model for default case.

Computation Optimality Total Binary
Time (s) Gap Constraints Variables

0.9375 0 68,027 21,410 46,028

Total Variables
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Table 5. Results for default case study.
Total Cost Siting Total GPU ¢ . - Rate Water Ople:irgfirons OpPe(:-:;‘ie;ns
($k) Nodes Installed Usage (Ib) Costs ($k) Costs ($k)
4,262,076 Oand 7 8428 80% 8628 10,135 569

These results showed that adding two fiber links to the network helps the system to
achieve better results while other water and power networks stay unchanged. This is mainly
because cooling systems mostly rely on local capacities rather than global connections with
the rest of the network. Based on the results, the links connecting data centers to demand
centers forced them to increase their capacities, and these capacity investments are mostly
in links connected to the power generation nodes of the power network.

5. Results

To analyze the effects of various settings on siting decisions, a complete set of experi-
ments is designed and run to record the behavior of the model in different scenarios.

5.1. Noise Effects

One of the influencing factors in data center siting decisions is the effect of noise on
close-by residential areas. These limits are usually set locally through municipal noise
ordinances, zoning setbacks, and permit-specific conditions. This is especially important for
Al data centers as their cooling and backup systems run 24 /7, disturbing nearby residential
areas. To check the effects of such settings on total costs, we set different levels of noise
limits as shown in the table. To capture noise effects, we set up residential and industrial
noise limits of 40 and 70 accordingly and 5000 for the rest of the nodes. The results for these
experiments are listed in Table 6:

Table 6. Results for changing noise restriction levels.

Noise Setting Total Cost Selected Nodes GPUs
20X Increase $6,366,143 0,7 4003
10X Increase $8,979,862 0,7 2005

5X Increase $10,903,705 0,7 1005
Default $13,146,991 0,7 200
20% Decrease Infeasible - -

The results suggest that reducing noise restrictions decreases the related costs of
data center siting decisions, but these changes do not change the node selections of the
data centers. This is mainly because only certain nodes are at an adequate distance from
residential and industrial areas and these changes can only affect GPU installation decisions
of the system.

5.2. Latency Effects

Service latency is unavoidable due to traffic flow in fiber networks. Latency require-
ments for various levels are tested to see if they have a significant influence on infrastructure
and operation costs of the system. The latency considerations in this model focus on propa-
gation delay, which is the influencing factor in wide-area fiber networks and their placement
decisions. Other types of latencies such as processing, transmission, queueing, and switch-
ing delays are not included in the model. This is mainly because these delays are not
significant and they are independent of the geographical layout of the network. To analyze
the effects of propagation delays, the threshold level is changed for all four different service
types at the same level, and the model is solved with and without possibility of placing
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regenerators. Table 7 summarizes the results for these experiments where default settings
are slightly modified to capture latency effects.

Table 7. Cost results for changing latency restrictions with and without placing regenerators.

Without Regenerators With Regenerators
Latency Setting Total Cost Routing Cost New Links Total Cost Routing Cost New Links
50% Increase $63,384,486 $5,051,862 11 $63,257,970 $4,952,806 10
20% Increase $57,725,157 $4,205,688 9 $57,609,937 $4,197,293 8
Default $56,480,330 $3,564,142 7 $56,367,595 $3,557,028 6
20% Decrease $53,763,627 $3,368,114 5 $53,656,314 $3,361,391 3
50% Decrease $48,968,447 $3,166,027 2 $48,008,281 $3,159,708 0

In each experiment, all latency limits are changed for all four different service types
at the same level, and the model is solved to record the results of new settings with and
without placing regenerators. The capacity changes for the fiber links are shown in Figure 3:

r 1,200,000

mmm Without Regenerators [ 1,000,000
mmm With Regenerators

800,000

F 600,000

New Fiber Links

t 400000

Total Fiber Capacity

200,000

5
0 . 0

50% Increase 20% Increase Default 20% Decrease 50% Decrease

Latency Requirement Restrictions

Figure 3. Topology and capacity change for different levels of latency restrictions.

Results show that latency requirements reshape fiber network topology more than
changing GPU installations in data centers. Regenerators are like local enablers that
remove increasing routing costs and force shorter links to be placed to preserve the latency
requirements of the supported services.

5.3. Natural Effects

The effect of nature on data centers is another important factor that can influence data
center siting strategies. Abundant water availability determines if a center can support the
cooling of the center without stressing local rivers or aquifers. Similarly heat level can also
limit heat injection and increase cooling costs of the data centers. In cooler climates with
stable freshwater supplies, data centers can operate more efficiently.

Data centers can be supported by renewable energies and the potential of using such
low-cost resources can affect the siting decisions of these centers. Utilizing green energy
can also influence community resistance by reducing the negative environmental effects of
these centers. These effects are checked in the three following scenarios:

e Water scarcity: decreasing water availability in all sites to half of the current setting.

*  Heat restriction: reducing heat injection level by 50% due to high temperatures in
candidate sites.

*  Renewables restriction: Reducing renewable energy availability by 50% due to
weather changes.

The results for these scenarios are summarized in Table 8.
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Table 8. Results for simulating nature effects.

Scenario Total GPU  Total Cost  Total Cooling Cap Total Generation

Cap
Default 300 $56,367,595 216 88,500
Water Scarcity 6200 $60,877,002 320 90,100
Heat Restriction 5500 $62,185,200 420 96,830
Renewables Restriction 5840 $58,993,202 228 95,458

In these nature-effect-related scenarios, the network responded by reshaping the net-
work structure and changing computation placements. Water scarcity pushes data centers
toward nodes close to water resources and requires increased cooling capacities in these
centers. Similarly pipelines and routings are adjusted to meet the required cooling capacity.
This scenario increases the total cost by 8%. Heat restriction is another disrupting factor
that forces data centers to spread their cooling resources thinner. As a result, transmission
and power generation upgrades are needed to support such cooling systems. Weather
changes and restrictions in the availability of renewables forces data centers to be at sites
close to power generation nodes and increase their power generation. All nature-related
factors trigger network-level adaptations and increases in total infrastructure and operation
costs of the system.

5.4. Effects of Traffic Splitting

We also tested unicast versus many-cast scenarios in the proposed model by restricting
traffic routing and splitting in the network. In the unicast scenario, traffic for different
services cannot be split between multiple data centers. This condition is set by adding the
following constraints:

1
2 Zi,j,k =1 Vl,k (40)
j=1

Different costs for both scenarios are reflected in Figure 4:

$70,000k
$60,000k mMany cast mUnicast
$50,000k
$40,000k
$30,000k
$20,000k
$10,000k

$0

TotalCosts Fiber Capacity  Fiber Operation CoolingCapacity CoolingOperation PowerCapacity PowerOperation
Costs Costs Costs Costs Costs Costs

Figure 4. Results for comparing many-cast versus unicast traffic routing.

As the results show restricting optical network flow to unicast slightly increases the
cost of placing power generation in more dense nodes and increases optical network routing
costs due to less parallel, cheaper routes.

5.5. Uncertainty Effects

One of the most influential factors is the effect of the uncertainty of the successful
operation of data centers. To investigate uncertainty effects such as failures, a set of
experiments is implemented by removing random links of the networks from each layer
and recording how operation costs are affected when the data center system and its related
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element are set based on the optimized variables. It is assumed that these failures happen
with equal probability for all links. Figure 5 presents the results.

0.25

0.2

0.1

Water Network Line Failure Probability

0.05

0 (baseline)

0.2

m Power cost

Fiber Network Line Failure Probability

m Power cost Optic cos
m Optic cost - Cp ]; w%‘
m Cooling cost 0.05 m Cooling cost
0 (baseline)
2000 4000 6000 8000 0 2000 4000 6000 8000
Operation Costs ($k) Operation Costs (Sk)
@ (b)

0.25

0.1

m Power cost
m Optic cost

0.05 m Cooling cost

Power Network Line Failure Probability

0 (bascline)

0 2000 4000 6000 8000

Operation Costs ($k)

(o)

Figure 5. Operation costs changes in different failure scenarios: (a) Water pipeline failure scenarios.
(b) Fiber link failure scenarios. (c¢) Transmission line failure scenarios.

The results show that any failure in the water network forces the rerouting of water and
the activation of expensive cooling options and in some cases loosening cheap computation
capacities. These changes are small, because water networks are mostly local variables
and are mostly affected by local factors. These changes are more visible in optical network
failures, because any failure in the optical network changes the computation hosts and
forces longer paths, and, as a result, increases routing costs. These changes may require
placing more expensive regenerators to ensure the feasibility of services with the required
latency limits. Changing computation hosts also increases power generation costs in
expensive options. The fiber network is a workload distribution backbone and any failure
in this layer significantly increases the operation costs of the system. Similarly, failures in
transmission lines increase power operation costs sharply by using more expensive power
plants and expensive computation hosts.

5.6. Scalability Test

To ensure that the proposed framework is also applicable for larger networks, it
was run on larger IEEE cases in the existing library. The results for computation times
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and other technical considerations are reported in Table 9 and are compared with the
default case with 14-bus setting. As the results show, increasing network size considerably
increases the computation time of the system and we may need to use meta-heuristics to
find suboptimal solutions.

Table 9. Computation details of the model for default case.

Computation Optimality Total Bina .

Case Gap Constraints Variables Total Variables Total Cost
IEEE 14-Bus 0 68,027 21,410 46,028 4,262,076
IEEE 39-Bus 1523 x 10~° 1,575,264 515,400 1,061,713 25,778,670
IEEE 57-Bus 0.000209 5,239,690 1,726,044 3,518,179 27,466,564

6. Conclusions and Future Work

This research proposes an integrated decision-making framework for placing county-
level Al data centers considering various cooling, zoning, fiber, and power grid network
factors. The proposed multi-layer network optimization framework jointly models zon-
ing considerations for noise and local restrictions, fiber routing, water cooling feasibility,
and power grid capacities to find the best locations for data centers while minimizing
current investment and future operation costs of the system. Various experiments were
implemented to determine effects of nature, costs, settings, and uncertainties on network
capacity and topology decisions. The findings highlighted the importance of coordinating
various decisions for utilities, fiber operators, and cloud providers who face shared con-
straints such as grid congestion, water stress, land scarcity, and latency requirements. This
framework provides several practical implications for stakeholders involved in regional Al
infrastructure planning. For utility operators, the model highlights how GPU-driven load
growth, cooling water demand, and noise constraints influence substation upgrades and
feeder reinforcement. Network providers can use the fiber routing and latency outputs to
identify where east-west Al traffic will concentrate and where additional backbone capacity
or diverse paths are needed. Municipalities benefit from the siting recommendations that
balance industrial zoning, residential noise tolerance, and water availability, helping them
evaluate land use compatibility and permitting considerations. For data center planners,
the integrated power-fiber-water optimization offers guidance on selecting sites that mini-
mize operational constraints while ensuring scalable connectivity and sustainable resource
usage. Together, these insights translate the optimization results into actionable planning
signals for real deployments.

The current research can be extended by incorporating future uncertainties during
initial investment decisions using techniques such as two-stage stochastic programming
to capture effects of factors such as link and node failures in networks, traffic and load
fluctuations, and extreme weather events that can significantly affect the cooling and power
generation decisions of the network. Considering path redundancies in routing decisions
of the optical network can be also added to the model to increase the reliability of the
proposed data center siting decisions. The proposed method was used as a basis for real-
time planning of data center networks for traffic routing, power generation and cooling
decisions and when the system faces frequent fluctuations in different layers and has to
respond quickly while considering its effects on other related decisions and outcomes.
One of the limitations of this research is that it considers independent link failures for
robustness analysis which only reflect a simplified version of real-world outages. Future
work can extend this idea by including more correlated failures to show regional natural
disasters and analyze the effects of these events on data center siting decisions and network
infrastructure adjustments.
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Nomenclature

Indices

ij Node index

I Total number of nodes

k Service index (origin-destination)

o Total number of demand nodes

b Total number of hub nodes

Pe Total number of potential locations for data centers

Parameters

AFbr Binary parameter indicating whether fiber line exists between
K nodes i,

ACool Binary parameter indicating whether pipeline exists between
2 nodes i, j

AFlw Binary parameter indicating whether transmission line exists
2 between nodes i,

By Base area required for placing data centers (m?)

By Extra area required for placing each GPU (m?/GPU)

BIAZ’E Available area in node i (12)

Cx Computation requirement of service k

DBase Base DC load (kW)

D;; Distance between nodes i, j (km)

H; Ecological limit for heat injection at node I (kW)

HOPU Heat generated per GPU at full load (kW/GPU)

HBase Base heat generated in each data center (kW)

EBase Base energy usage (without data center) at node I

FP = Fixed cost of opening data center at node i

FoPu Cost of placing a GPU ($k)

FReg Fixed cost of enabling regeneration ($k)

FGen Cost of power generation ($k)

FTrm Fixed cost of adding new transmission line ($k/km)

FLo Operation costs of liquid cooling ($k)

FEO Operation costs of evaporative cooling ($k)

ja Cost of cooling ($k)

FlLine Cost per unit of increasing flow capacity ($k)

FLC Cost per unit added liquid cooling capacity ($k)

FEC Cost per unit added evaporative cooling capacity ($k)

FPipe Cost per unit added pipe capacity ($k)

FPen Penalty costs not to serve services ($k)

FFbr Cost per capacity (wavelength) added to fiber line ($k)

FPin Fixed cost of adding new pipeline ($k/km)

pFin Fixed cost of adding a new fiber line ($k/km)
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T (k)

W{Ave
Willse
Wil im

aCool

aPower

Decision Variable
Fbr
al-,]:
pip
a;
Trn
a;;
EC
¢

LC
i

Fbr
i,j

Variable cost of routing traffic in fiber line between nodes i, j
($k per Gbps km)

Variable cost of power generation ($k)

Maximum allowed GPUs in node i

Minimum number of installed GPUs

Allowed average latency for traffic k (ms)

Noise contribution of each GPU (dB/GPU)
Limitation of noise level at node i (dB)

Renewable energy availability at node i(kW)

Fixed cooling requirement for data center (kW)
Distance from node i to residential areas (km)

Max allowed reach in fiber network (km)
Susceptance of transmission line between nodes i, j
Source node of service k

Sink node of service k

Natural water availability in node i(lit)

Local water usage in node i (lit)

Water usage limit for cooling data center at node i(lit)
Zone restriction factor (0: restricted nodes)

Cooling requirement per unit compute of data center at node i
Power requirement per unit compute of data
Compute capacity per GPU

Traffic generated per unit compute of service k (Gb)
Water requirement of liquid cooling (lit/kW)

Water requirement of evaporative cooling (lit/kW)
Power requirement of liquid cooling

Power requirement of evaporative cooling

Heat injection rate of liquid cooling

Heat injection rate of evaporative cooling

Cooling conversion factor at node i (kW/ lit)

Noise reduction rate per unit distance (dB)
Propagation speed

Binary variable to show adding new fiber link

Binary variable to show adding new pipeline link

Binary variable to show adding new transmission link

Cooling provided by evaporative cooling for computation of the
data center at node i (kW)

Cooling provided by liquid cooling for computation of the data
center at node i (kW)

Computation of the data center at node i (Gb)

Energy curtailment at node i (kW)

Energy usage at node i

Energy usage of the data center at node i

Traffic of service k in the link between nodes i and j (Gb)
Power flow between nodes i, j (kW)

Water flow between nodes i, j (lit)

Heat injected into environment at node i

Cumulative reach of traffic type k at nodes i

Power generation in node i (kW)

If node i is equipped with regeneration/ DWDM equipment

If service k is supported and served in the system

Fiber line capacity to support DC traffic
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uZLC Liquid cooling capacity in node i (kW)
ufc Evaporative cooling capacity in node i (kW)
uzp ;p Flow capacity of pipe between nodes i, j (lit)
uiG"" Power generation capacity at node i (kW)
uf ;w Fiber link capacity increased for line between nodes i, j (Gb)
THEY Cooling capacity increased in nodes i (Gb)
f ]lw Power flow capacity between nodes i, j (kW)
Uik Portion of service k assigned to data center at node i
wl.c""l Water used for cooling at node i (lit)
X Binary variable of opening data center in node i
Yi Number of GPUs placed in node i
Zijk Binary variable to show flow for traffic type k between nodes i, j
0; Voltage angle at bus/node i
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