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ABSTRACT

Shallow geothermal has gained increasing attention in recent years; however, a reliable framework for its
accurate incorporation into large-scale energy system optimization remains lacking. This study proposes a
Mixed-Integer Linear Programming (MILP) framework combined with the g-function approach to integrate
Borehole Thermal Energy Storage (BTES) technology into energy system optimization. Validation against a
Modelica-based reservoir network simulation demonstrates that the proposed framework effectively captures
the ground thermal response under varying energy loads and accurately estimates the borefield energy supply.
To enhance scalability, a Rolling Horizon with Multi-Timescale (RH-MTS) method is further introduced,
reducing computational time by 73 % for the 1-year optimization model with only minor loss of optimality. The
framework is demonstrated through the case study of the UC Berkeley campus. Results indicate that BTES is a
cost-effective and low-carbon solution: two borefields comprising 382 boreholes can meet 8.0 % and 6.6 % of
the total campus heating and cooling demand, respectively, at an average energy rate of 0.70-0.77 USD/kWh
and carbon intensity of 0.54 kg-CO,/kWh. Short-term analysis reveals a 35%-65% decline in BTES energy
flow after 3-6 months of continuous heating/cooling operation, while long-term simulation shows that annual
energy production of BTES can vary by up to 12.0 % after four years before stabilizing. Overall, this study
develops a novel optimization framework that couples physics-based g-function method with MILP optimization
framework, thereby advancing methodological development for shallow-geothermal integration and providing
actionable guidance for BTES deployment in district-energy systems.

1. Introduction

storage options, BTES has demonstrated superior economic perfor-
mance [6], proven effective in fifth-generation district heating and

The global transition toward low-carbon energy systems has in-
tensified the demand for renewable alternatives to fossil fuels [1,2].
Space heating and cooling constitute a large share of fossil energy
consumption — around 18.3% in the United States [3] and over 50%
in Europe [4] - yet are predominantly fossil-fuel based, making de-
carbonization of this energy sector a cornerstone of climate policy. In
this context, shallow geothermal energy has emerged as a promising
solution due to its high energy efficiency and low greenhouse gas
emissions [5].

Shallow geothermal energy systems, particularly Borehole Thermal
Energy Storage (BTES), use the subsurface as a seasonal reservoir to
decouple supply from demand, reduce peak loads, and enhance the flex-
ibility of District Energy Systems (DES). Compared with other seasonal
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cooling networks [7], and maintained high performance over long op-
erating periods [8]. Successful applications have been reported across
Europe and North America [6,9-12]. Recent research has increasingly
focused on the co-simulation frameworks coupling subsurface models
with building or DES simulators, such as TRNSYS-COMSOL, MATLAB-
COMSOL, FEFLOW-MATLAB, and Modelica-TOUGH [13-17]. While
these high-fidelity approaches capture subsurface physics accurately,
they are primarily developed for simulating small-scale DES and are
computationally prohibitive for large-scale, long-horizon optimization.
This reveals a critical gap in developing tractable yet physically rep-
resentative methods for modeling subsurface thermal dynamics within
large-scale optimization frameworks.
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borehole mass flow rate [kg/s]

thermal conductivity of the grout [W/m K]
thermal conductivity of the U-pipe [W/m K]
thermal conductivity of the ground [W/m
K]

Effective thermal resistance of borefield
Storage charge efficiency [%]

Storage discharge efficiency [%]

Storage charge/discharge rate [%]

Storage efficiency [%]

Maximum solar PV area [m?]

Maximum technology capacity [kW]
Carbon intensity of energy [kg-CO,/kWh]
COP for converting input energy to output
energy

BHE length [m]

Technology lifetime [years]

Number of BHEs in the borefield

Energy demand charge [USD/kW/month]
Energy purchase price [USD/kWh]

Energy sale price [USD/kWh]

Fixed O&M cost of technology [USD]

Fixed installation cost of technology [USD]
Variable O&M cost of technology
[USD/kW]

Variable installation cost of technology
[USD/kW]

Measured electricity generation of solar PV
[kW/m?]

Precalculated g-function for borefield

inner diameter of the U-pipe [m]

outer diameter of the U-pipe [m]

shank spacing of the U-pipe [m]

Interest rate (7%)

Sufficiently large positive constant

Hours in month m

Energy hubs

Daily timesteps
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BTES heat pump units

Borefields

Tuples linking battery storage with stored
energy

Tuples linking BTES heat pump with its
input and output energies

Tuples linking BTES heat pump unit with its
corresponding borefield

Tuples linking technologies with its corre-
sponding input and output energies

Tuples linking hour ¢ to corresponding day
d

Tuples linking solar PV with its correspond-
ing output energy

Tup'ak Tuples linking stratified water tank with
stored heating and cooling energies

T Hourly timesteps

TecS" Technologies that consume energy

Tec&™" Technologies that generate energy

Ec Energy carriers

Variables

Agy 4 Heat pulse (change in heat transfer rate)

’ (kW]

Areay,y o Solar PV area [m?]

Bi”%}lﬁic, J Binary variable for avoiding simultaneous
heating and cooling of BTES

Binp,p o Binary variable denoting whether technol-
ogy is installed

(CCAPEX Annualized capital investment [USD]

(CEnergy Energy consumption cost [USD]

coM Annual operation and maintenance expense
[USD]

CTotal Total annualized cost [USD]

Cappp rec Installed capacity of technology tec in hub
hub [kW]

CO'zr"tal Total annual carbon emissions [kg-CO,]

ZS.[;mb, recu Energy consumption by technologies [kW]

fo,';mb’ e Energy generation from technologies [kW]

dbra Heat transfer rate per unit length [kW/m]

ng?llub, , Energy demand [kW]
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Q:ﬁuh . Energy import [kKW]

Shub.rect Energy stored [kWh]

TbB}TﬁS Average borehole wall temperature [°C]

to First timestep

tend Last timestep

To characterize subsurface thermal response, numerical simula-
tion is generally considered the most reliable, as it captures detailed
subsurface physics, including layered geology [18] and groundwater
flow [19]. However, such methods are constrained by high computa-
tional cost, extensive model setup effort, and weak integration with
building energy simulation tools [20], thus making them impractical
to couple with DES optimization. By contrast, analytical and semi-
analytical approaches, most notably the g-function method introduced
by Eskilson and Claesson [21,22], are more computationally efficient
and remain the most widely adopted. The g-function describes borehole
wall temperature variations under a constant heat extraction rate, and
combined with the temporal superposition principle, it enables estima-
tion under arbitrary time-varying loads [22,23]. Hellstrom’s thermal
resistance theory further extended the approach to account for com-
plex borehole geometries [24,25]. Modern implementations, such as
pygfunction [26-28] and GHEtool [29], build on these advances
to simulate irregular borefield layouts and multi-borehole interactions
efficiently. Recent developments have focused on improving computa-
tional efficiency, discretization strategies, and large-scale applicability
of g-function methods in BTES system modeling [30-32]. The develop-
ment of g-function methods thus provides an opportunity to represent
subsurface dynamics in a simplified, or even linear, form, making them
attractive for BTES integration into DES optimization frameworks.

On the other hand, the integration of distributed energy resources
into DES design is essential for achieving deep decarbonization [33].
Among various DES optimization algorithms [34], Mixed-Integer Linear
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Programming (MILP) is one of the most widely adopted [35-37].
Combined with multi-objective optimization methods and the energy
hub concept, MILP enables the determination of optimal DES config-
urations and analysis of the trade-offs between carbon emissions and
capital expenditures (CAPEX) [38-42]. The MILP framework further
provides opportunities to integrate diverse energy sources into city-
scale analyses. For example, solar thermal energy storage systems
have been incorporated into DES to assess the performance of solar
energy [43-46]; wind turbine has been included to optimize sizing
and evaluate their economic impact [47-49]; pumped-hydro energy
storage and hydropower generation have been optimized using MILP
to quantify their economic contributions [48,50]. By contrast, the
integration of BTES into MILP-based DES optimization remains limited.
Existing approaches typically rely on highly simplified representations
of subsurface thermal behavior. For example, the BTES system is often
modeled as a generic storage model with energy loss [51,52], which
may not fully capture the subsurface thermal dynamics. More advanced
efforts, such as Banke [53], attempted to couple g-function into MILP
but used a monthly timescale, which is too coarse to capture optimal
operational strategies, and employed a simple ground temperature
constraint rather than a fully integrated thermal response model. The
primary obstacle to finer temporal resolution lies in the substantial
increase in MILP complexity introduced by coupling the g-function
approach.

Horizon decomposition techniques are widely used to reduce the
computational burden of MILP optimization [54,55], with the Rolling
Horizon (RH) method being one of the most effective. By decompos-
ing the full horizon into smaller sub-horizons and iteratively solv-
ing subproblems, RH significantly enhances the tractability of MILP
models. Compared with the Typical Day method, which approximates
the full horizon by clustering representative load days [56], RH pre-
serves chronological continuity, which is critical for modeling storage
technologies, whose states are path-dependent and evolve from one
timestep to the next. This explains the widespread application of RH
in DES optimization [57-62]. A limitation, however, is that when sub-
horizons are too short, RH may fail to capture the dynamics of seasonal
storage. To address this, Marquant [40] extended RH with a receding
horizon formulation, demonstrating improved performance in seasonal
storage balance. Thus, RH provides both a practical means of enhancing
solvability and a necessary foundation for developing a general MILP g-
function framework applicable to simple and complex DES optimization
problems.

To address the gap in integrating BTES into DES optimization, this
study proposes a novel MILP framework that directly embeds a physics-
based g-function formulation to represent subsurface thermal response.
This constitutes the first tractable MILP formulation that captures
BTES thermal dynamics with physical fidelity at a daily timescale,
enabling more reliable system design and operational analysis than
existing simplified approaches. However, incorporating the g-function
at this level of detail introduces substantial computational complexity,
rendering long-horizon optimization intractable. To overcome this lim-
itation, a Rolling Horizon with Multi-Timescale (RH-MTS) strategy is
developed, which significantly reduces problem size while preserving
solution quality. This method enables the proposed high-fidelity frame-
work to remain computationally feasible for large-scale, long-horizon
DES optimization problems relevant to real-world applications. Accord-
ingly, this study aims to (i) develop and validate the MILP g-function
framework for accurate subsurface thermal modeling within DES opti-
mization, (ii) evaluate the RH-MTS method as a computational strategy
for large-scale optimization, and (iii) demonstrate the applicability of
the proposed approach through a case study of the UC Berkeley campus,
quantifying the technical, economic, and environmental impacts of
BTES deployment, thereby demonstrating the real-world applicability,
scalability, and decision-support value of the proposed approach.
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2. The g-function method
2.1. Concept and temporal superposition of the g-function

The concept of the temperature response function, commonly re-
ferred to as the g-function, was first introduced by Eskilson and Claes-
son [21,22]. The g-function is a dimensionless, time-dependent function
that describes the variation in borehole wall temperature under a con-
stant heat extraction rate from the ground. To extend the representation
from a single borehole heat exchanger (BHE) to a borefield containing
multiple BHESs, the g-function was further developed to account for
borefield geometry and configuration [63], as expressed in Eq. (1):

T,,(r>=Ti“i—2fjr—°Ag<%,;—”,§,§> &
where T),(¢) is the average temperature at borehole wall, 7™ is undis-
turbed ground temperature, g, is a constant heat extraction or injection
rate per unit borehole length, A is ground thermal conductivity. The
dimensionless function g(-) is the g-function of the borefield, deter-
mined by time ¢, characteristic time ¢, = H?/(9«) (« is ground thermal
diffusivity), borehole radius r,, BHE spacing B, BHE length H, and
borefield buried depth D. Once the borefield configuration is defined,
the g-function can be determined, establishing a linear relationship
between T),(r) and ¢. This linearity forms the basis for coupling the
g-function with the MILP framework.

Since the g-function describes the borehole wall temperature re-
sponse under a constant heat extraction rate, Claesson [22,23] ap-
plied the temporal superposition principle to extend it to variable,
piecewise-constant heat rates ¢(¢) defined over N steps. This approach
decomposes a time-varying profile into a sequence of incremental heat
pulses, each initiated at a specific time step, as expressed in Eq. (2).
By applying Eq. (1) to each incremental pulse and aggregating the
resulting temperature responses, the overall borehole wall temperature
can be obtained [64], as shown in Eq. (3).

N
() = Y (4 = Gu-1)Het = 1,_1) @
n=1
ini < Aqn =1,y 'y, B D
T,()=T +;mg<T’H’E’E> 3)
where 49, = ¢, — g,_; is the heat pulse (change in heat rate) at

timestep #,, He(r — 7,_;) is the Heaviside step function which equals
0 when ¢ < ,_; and 1 when ¢ > ¢, ;. Here, ¢(r) denotes the heat
transfer rate per unit borehole length, with positive values representing
heat injection into the ground and negative values representing heat
extraction. Accordingly, Eq. (3) features a positive sign, in contrast
to the negative sign in Eq. (1) where positive represented extraction.
Although this convention differs from Claesson’s original formulation,
it has become widely adopted in contemporary studies for its improved
interpretability. Importantly, the superposition preserves the linearity
of the g-function, establishing a linear relationship between average
borehole wall temperature of the borefield and heat pulses applied at
different time steps.

2.2. Estimation of g-function using pygfunction

In this study, pygfunction, a Python package developed by
Cimmino [27], is used to generate g-functions for various geothermal
borefields. The package employs a semi-analytical approach that dis-
cretizes each borehole into segments and solves the finite line source
(FLS) model numerically to estimate the g-function [26]. For a pre-
scribed unit heat rate applied to the borefield, the transient temperature
response along the borehole wall is computed over a range of loga-
rithmically spaced time steps. The resulting dimensionless temperature,
referred to as the g-function, represents the relationship between the
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Fig. 1. Rectangular borehole field with 200 vertical boreholes: (a) 2D spatial distribution; (b) 3D visualization; (c) g-function computed using pygfunction.
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Fig. 2. The drilling platform with 91 inclined boreholes: (a) 2D spatial distribution at the surface; (b) 3D visualization; (c¢) g-function computed using

pygfunction.

borefield-average borehole wall temperature variation and the applied
heat load.

The calculated g-function depends on both borefield geometry and
subsurface thermal parameters, including buried depth, borehole depth,
borehole spacing, borehole radius, and ground thermal diffusivity.
These parameters determine the magnitude and temporal evolution of
the temperature response by governing heat conduction in the sur-
rounding ground and thermal interactions between neighboring bore-
holes, and are therefore used as inputs to pygfunction. Although
pygfunction does not explicitly capture complex subsurface condi-
tions such as stratification or groundwater flow, it still offers major
advantages over finite element models, including lower computational
cost, flexible borefield geometry, and simplified setup. It is therefore an
efficient and versatile tool for estimating shallow geothermal potential
in district-scale energy system optimization. In this work, a ground
thermal diffusivity of 9.46x10~7 m? /s, obtained from a campus Thermal
Response Test (TRT), is used as the representative value for the UC
Berkeley campus site [65], and the same parameter is consistently
applied in the g-function generation.

Two borefield configurations are designed to reflect UC Berkeley
campus conditions and investigated in this study. The first, shown in
Fig. 1, is a conventional vertical field with 20 x 10 BHEs, each 200 m
deep and spaced 6 m apart. A single U-pipe is installed in each BHE,
and all boreholes are connected in parallel. The resulting g-function
is illustrated in Fig. 1(c). The second configuration employs inclined
BHEs as shown in Fig. 2. It consists of two inclined platforms, each
containing 91 BHEs (90 BHEs arranged in 5 concentric hexagonal rings
around a central BHE) with depth of 200 m. Borehole spacing varies
from 1 m near the surface to 15 m at the bottom. Each borehole is
equipped with a double U-pipe connected in parallel. Due to their
compact surface footprint and enhanced thermal performance, inclined
borefield are increasingly applied in practice, for instance, the SLB
Riboud Product Center in France [66] and the Eversource Framingham
project in Boston, USA [67]. The corresponding g-function is shown in
Fig. 2(c).

20.0

vertical
17.5 inclined
15.0
12.5

g-function
S
(=]

™
W

2.5

0'%.0 0.5 1.0 1.5 2.0 25 3.0
Time [year]

Fig. 3. Comparison of g-functions for borefields with vertical and inclined
BHEs over a 3-year time horizon.

Comparison of g-functions in Fig. 1(c) and Fig. 2(c) reveals that
borefields with inclined BHEs maintain more stable long-term ground
temperatures (roughly 3000 years when In(z/7,) = 2.5). A short-term
comparison of g-functions is presented in Fig. 3. Initially, the inclined
borefield exhibits faster temperature changes due to stronger thermal
interactions at shallow depths. After about 0.5 years, however, the
vertical borefield shows greater temperature variation as thermal in-
terference among vertical BHEs becomes dominant. By contrast, the
inclined borefield stabilizes beyond 0.5 years because the larger spacing
at greater depths mitigates thermal interference.

3. Integration of BTES into MILP DES optimization

Optimization of distributed energy system (DES) has become a
central strategy for reducing both building energy consumption and
carbon emissions. In this section, a general and versatile DES optimiza-
tion model is formulated using a multi-objective MILP method. The
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Fig. 4. Energy hub example [70].

concept of the energy hub introduced by Geidl [68-70] is adopted for a
flexible and scalable representation of energy flows and conversions in
complex multi-energy systems. To better characterize the performance
of the subsurface, the g-function method is integrated into the MILP
framework. This enables a more accurate representation of subsurface
thermal dynamics under heat extraction and injection, thereby support-
ing a more reliable assessment of shallow geothermal energy potential
at multiple scales, with emphasis on the district level.

3.1. The energy hub concept

An energy hub is defined as a unit where multiple energy carriers
can be converted, conditioned, and stored [70]. It acts as an interface
between energy infrastructures and end-use demands, allowing input
energy flows to be transformed into outputs such as heating, cooling,
and electricity through various technologies. This abstraction enables
complex systems to be modeled in a compact form, facilitating system-
level optimization and analysis. Fig. 4 illustrates an example of an
energy hub that contains a transformer, a micro turbine, a heat ex-
changer, a furnace, absorption cooler, a battery, and hot water storage.
As a result, the energy hub framework has been widely adopted in DES
optimization studies [38-40,44,46].

3.2. Multi-objective MILP for DES optimization

The primary objective of the DES optimization is to minimize both
the total system costs and carbon emissions, resulting in a bi-objective
formulation with two objective functions in Eq. (4). The cost objec-
tive CToal encompasses energy consumption costs CE?8Y | annualized
capital investments C°APEX and operation and maintenance expenses
(0&M) COM, while total emissions COEOtal arise primarily from energy
consumption. All cost and emission terms are annualized to ensure con-
sistent comparison across technologies with different lifetimes, scales,
and cost structures. Detailed component formulations are provided
in Appendix A.1.

min {CTotal — CEnergy + CCAPEX + COM} . min Co'zl'otal (4)

To solve this bi-objective problem, the Pareto front method [71],
which is widely applied in multi-objective optimization [72,73] and
DES studies [74-76], is employed. Trade-offs between cost and emis-
sions are explored using the weighted-sum approach, as shown in
Eq. (5). By varying the weight w € [0, 1], a set of optimal solutions
is generated, forming the Pareto front.

min {w-CT% 4 (1 —w)-col*@} vwe0,1]eR 5)

The formulation of DES MILP models has been extensively reported
in the literature [39-42,44,46]. Since the overall DES MILP structure
is similar with minor difference depending on research objectives, the
detailed MILP-based DES model developed in this study is presented
in Appendix, into which the g-function method (Section 3.3) and RH-
MTS approach (Section 3.4) are integrated. The formulation primarily
consists of: (i) objective functions and components A.1, (ii) the energy
balance constraint for each energy carrier A.2, which balancing inflows
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and outflows at every hub and timestep, and (iii) the representation
of energy conversion and storage technologies A.3, which enables
transformation between energy carriers.

3.3. Linear constraints of the BTES system

The operation of BTES systems is optimized at a daily instead
of hourly scale for three primary considerations: (i) frequent mode
switching at short time scales reduces efficiency due to mixing of
residual fluid in the BHE, (ii) excessive switching between heating
and cooling can shorten the lifetime of heat pump system, and (iii)
hourly-scale optimization imposes a heavy computational burden on
the MILP framework, as explained in Section 3.3.2. In addition, the flow
rate in each borehole pipe is assumed constant. Although real BTES
operation involves dynamic flow rates that introduce nonlinearities,
this simplification is necessary to preserve MILP tractability.

The BTES constraints consist of two components: a subsurface tem-
perature constraint based on the g-function method (Section 3.3.1) and
a reversible heat pump unit (Section 3.3.2). The subsurface temperature
constraint captures the relationship between subsurface temperature
variation and the heat transfer rate. The reversible heat pump unit
converts this heat transfer into usable heating or cooling energy in the
network and rescales BTES-related variables from daily to hourly reso-
lution to align with the temporal granularity of the overall optimization
model.

3.3.1. The subsurface temperature constraint

The most important feature of BTES is that, the efficiency varies
with changes in subsurface temperature during the operation. The heat
transfer rate per unit length ¢, depends on the temperature difference
between the looping fluid and borehole wall thus can be expressed
using the thermal resistance theory [24,25] as:

® 1
9 - Rb = E(Tf,i" + Tf,out) - Tb(’) (6)

where R is the effective thermal resistance, which depends on the
flow rate, BHE configuration, and thermal properties of the BHE, and
T;;, and T, ,, are inlet and outlet fluid temperatures. In this study,
RZ is calculated using the Multipole method [25] implemented in
pygfunction [77]. Under the constant flow rate assumption, the R}
remains constant for each BHE.

Alternatively, the heat transfer rate of a BHE can also be expressed
using the energy balance:

q, - H = mggy, - Cp* (Tf,in - Tf,aut) 7

where g, is the flow rate per borehole (assumed constant to pre-
serve linearity), and c, is the specific heat capacity of looping fluid.
Combining Egs. (6) and (7) yields:

g H =gy -c,-n- [Tf’,v,, - Tb(t)] 8)

2H

__ 9
"= Y, R+ H ©

where, 7 is a reduction coefficient characterizing the relationship be-
tween the fluid temperature difference, 7, ;, — T, ,,, and the fluid-
borehole temperature difference, 7, ;, — T, (). Under the constant flow
rate assumption, 7 is constant for each BHE, and consequently, for the
entire borefield. Table 1 summarizes the BHE configurations of the
vertical and inclined borefields introduced in Section 2.2 along with
the effective thermal resistances computed using pygfunction. For
the vertical borefield with a flow rate of sy, = 0.5 kg/s per BHE,
n = 0.492. For the inclined borefield with a flow rate of ri1;,,, = 1.0 kg/s
per BHE (parallel-connected double U-pipe), n = 0.424.
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Table 1
Configurations of BHEs used in the vertical and inclined borefields and their
corresponding effective thermal resistances.

Parameter Vertical borefield Inclined borefield
(Single U-pipe) (Double U-pipe)

Ay (W/m K) 0.5 0.5

4, (W/m K) 1.6 1.6

4, (W/m K) 2.54 2.54

ry, (m) 0.016 0.016

Ty (M) 0.020 0.020

Sshane (M) 0.040 0.060

it g1, (k/S) 0.5 1.0

R; (m K/W) 0.147 0.089

n 0.492 0.424

To limit the subsurface temperature variation, the inlet fluid tem-
perature T ;, is constrained within the range [T;n,';, T;l‘,’r’,‘] By reformu-
lating Egs. (3) and (8) into the MILP framework, the following linear

constraints are obtained:

I ©N
TBTSS Tinit 4 L Tl Zn=1 Aqyr 4 - 8y [(d —n) - He(d — n)]
dpra - Hyp =tigow - ¢y fyy - [Tf in TbeTSS 10)

le?,tﬁ < Tf,m < Tl}n?r}r(
Y bf € Tec™, d € TI
where N is the number of timesteps in optimization horizon (N =
365 for a 1-year optimization), T}m“ = 5°C and T;“ax = 30°C are
the assumed inlet fluid temperature bounds in this study, and the
g-function is precomputed using pygfunction.

3.3.2. The heat pump unit constraint

The reversible heat pump operates in two modes: heating and
cooling. In heating mode (ground cooling), it consumes electricity
and extracts geothermal energy from the BTES to produce heating
(Eq. (11)). In cooling mode (ground heating), it consumes electricity
to produce cooling while rejecting geothermal energy to the subsur-
face (Eq. (12)). Eq. (13) links the heat flow rate of the BHEs to the
geothermal energy generated or consumed. Since energy cannot be
injected into and extracted from the BTES simultaneously, a binary
variable, Bi”?:;fic, ,» brevents concurrent heating and cooling operation
as shown in Eq. (14). Maximum capacity and technology selection
are constrained by Eq. (15), consistent with other energy conversion
technologies A.3.

con

electricity,hub,tec,t COPfEE .electricity,heating =~ Qheatmg hub.tec.t

Qgeo,hubxec,d COP’“ .geo heating — Qheatmg hub,tec,t an
Y hub € Hub, tec € TecB™P, (7, d) € Tuph*!

con . . =08
electricirg.hub,tec,t Copf“ selectricity,cooling Qcooling,hub,rec,r
8e gen

Qgeo,hubxec,d : COPf@C»geovCOOIing = Qcoolingyhubﬁtec,z a2
V hub € Hub, tec € TecB™P (1, d) € Tup"2d

¥ - o

geo,hub.tec.d
V hub € Hub, (tec,bf) € Tup®f, d € T

gen (1 BTES
Qgeqhub,tec,d <M (l Bmhub tec, d)

con BTES
geo,hub.tec.d <M- Bmhub tec,d (14)

V hub € Hub, tec € TecB™P g  Tday

gen max
Qheatlng hub,tec,t = Caphubfec < Caphub.tec

gen max
Qcoolmg hub,tec,t = < Cappypec < Caphub,tcc

geo,hub,tec,d =dpfa- Nbf Hbf

13

(15)

Caphub,tec <M Binhub,lec

¥ hub € Hub, (tec,ec™, ec®) € Tup®™P, 1 T
Eq. (10)-(15) together define the BTES constraints in the MILP
framework. These constraints capture subsurface behavior during DES
operation but also increase model complexity, primarily due to Eq. (14).
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This constraint, which prevents simultaneous heating and cooling,
requires the introduction of a binary variable, Binj, "> . This adds 365
daily binaries to a one-year DES optimization; at the hourly scale, the
count increases to 8760, making the MILP computationally intractable.
This is a key reason why the BTES system is optimized at the daily

rather than hourly scale.
3.4. Rolling horizon with multi-timescale (RH-MTS) method

Daily-scale optimization of the BTES module improves the solv-
ability of the MILP model after introducing the g-function. The model
remains tractable for one or two BTESs over a one-year horizon, but
complexity grows exponentially in larger systems with more BTESs,
additional energy hubs, or extended horizons (e.g. 10 years), making
full-horizon (FH) optimization computationally prohibitive. To address
this, a Rolling Horizon with Multi-Timescale (RH-MTS) method is
proposed. Algorithm 1 illustrates the iterative procedure of the RH-
MTS method. The hourly full-horizon problem is first decomposed into
three sub-horizons: hourly, daily, and monthly. The hourly sub-horizon
is optimized directly, while the daily and monthly horizons reduce the
number of decision variables, especially binaries. For example, a one-
year (8760-hour) problem is reduced to L, ,+L j4i1y+ L yopnini, timesteps.
The model is then solved iteratively by rolling the horizon forward in
increments of L, until the full horizon is covered, yielding tractable
solutions for complex DES optimization.

Key considerations in implementing the RH-MTS method include
timestep aggregation, objective function consistency, and continuity
between decomposed models. Average aggregation is employed to clus-
ter the hourly timesteps into daily or monthly intervals. This reduces
problem size but may smooth peak demands within the clustered pe-
riod, leading to deviation from the full-horizon (FH) solution. Objective
function consistency is preserved by appending L, timesteps from the
following year in each iteration. This ensures a stable balance between
energy cost and annualized technology CAPEX. Continuity between de-
composed models is maintained by transferring key solution variables
from one iteration to the next. Specifically, the final storage state of the
previous iteration is used to initialize the next, and capacity variables
are treated as minimum constraints in subsequent optimizations.

In addition, the history-dependent behavior of the BTES must be
preserved and the lengths of sub-horizons need to be carefully selected.
Instead of relying on a single initial state, the cumulative thermal dy-
namics of the BTES is captured by passing a time series of temperature
differences caused by past heat extraction/injection, as illustrated in
Fig. 5. Finally, the choice of sub-horizon lengths involves a trade-off:
longer L,,, shorter L,,;, and L, increase the solution accuracy
but also increase the model complexity and solving time, while the
opposite setting reduces complexity at the expense of accuracy.

4. Validation of MILP g-function approach
4.1. Modelica model description

To validate the implementation of the g-function within the MILP
framework, a benchmark comparison is conducted against a high-
fidelity Modelica simulation using the Modelica Buildings Library [78],
an open-source platform for simulating building energy systems and
district energy systems (DES). The reference Modelica model is based
on the reservoir network developed by Sommer [79] and is available
in the Modelica Buildings example library. This model serves as a
trusted, physics-based baseline for comparison. In Modelica, the BTES
system is simulated using the g-function aggregation method, with both
short-term and long-term behavior validated against analytical, exper-
imental, and field data [80]. Although based on the same theoretical
approach, the Modelica simulation resolves system dynamics in a time-
continuous, physics-based manner, providing a high-fidelity benchmark
for the MILP g-function framework.
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Fig. 5. The Rolling horizon with multi-timescale (RH-MTS) method applied over a one-year period.

Algorithm 1: Iteration procedure for generating Pareto front using
the RH-MTS method
Result: Pareto front

Lg, < length of full horizon;

Lgiep < length of hourly sub-horizon;

Lgaity < length of daily sub-horizon;

Linonenly < length of monthly sub-horizon;

for each weight w € [0, 1] do

Initialize State < [ 1, ATgrgs < [ 1, Solution < [ 1;

while True do

Decompose and aggregate sub-horizons;
subsolution < min [w .cTotal 4 (1 — ). COgOtal];
Append subsolution to Solution;

if length(Solution) < Ly, then

Update State and ATgygs;
Roll horizon and extend by appending Lgep;

else
L break;

Export Pareto-optimal solution for current w;

Plot Pareto front curve: Cost vs. CO,;

The Modelica configuration, shown in Fig. 6, consists of a single-
pipe network operating at a constant flow rate, with loop temperatures
maintained near ambient conditions. A sewage plant supplies wastew-
ater at 17 °C, acting as either a heat source or sink depending on
operating conditions. A borefield with 350 vertical borehole heat ex-
changers (BHEs), each 300 m deep, is directly connected to the loop.
On the demand side, an energy transfer station (ETS) equipped with a
space-heating heat pump, a domestic hot water (DHW) heat pump, and
a cooling heat exchanger balances the loads. The system serves a Swiss
community with annual heating and cooling demands of 3.55 GWh and
0.62 GWh, respectively. Further details are available in [79].

The MILP model is constructed based on this Modelica configura-
tion by reformulating system components into a tractable optimization
framework that minimizes electricity consumption, as illustrated in the

Table 2
Energy conversion efficiencies of technologies in the MILP model of the
constant flow reservoir network.

Technology Energy conversion
Input Output cop
Sewage Plant electricity net energy M
BTES Heat Pump geothfzrfnal net energy 1
electricity net energy M
. electricity heating 3
HeatPump (space heating) net energy heating 1.25
electricity heating 3
HeatP: h
catbump (dhw) net energy heating 1.25
WaterEX (cooling) cooling net energy 0.95

lower portion of Fig. 6. Detailed specifications of the MILP technologies
are provided in Table 2. To ensure comparability between the MILP
and Modelica models and to isolate the subsurface thermal response,
several simplifications are introduced in the MILP formulation. First,
the sewage plant is modeled as an ideal heat source using a heat
pump with a sufficiently large COP (denoted as M), reflecting its
negligible energy cost under heating-dominated conditions. Second,
the thermal network is directly connected to the borefield without
intermediate components; a virtual BTES heat pump with negligible
cost and COP equal to M is introduced to ensure model feasibility, with
a unit energy conversion coefficient. Third, a virtual water tank with
hourly resolution is included to maintain operational feasibility under
daily BTES operation, while being balanced daily to avoid influencing
optimal control decisions.

Notably, the COP of heat pump technologies, including air-source
and water-to-water heat pumps, is treated as a constant, as shown
in Table 2 of this section and Table 3 of Section 5.3, although it
varies with evaporator and condenser temperatures over time. This
simplification is adopted to preserve model tractability within the MILP
framework and to maintain focus on the proposed MILP g-function
method for BTES modeling. A detailed discussion of this assumption
is provided in Section 7.1.

4.2. Validation results
Fig. 7 compares the results obtained from the Modelica simulation

and the MILP optimization. Two borefields show similar performance,
as demonstrated by the average borehole wall temperature in Fig.
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Fig. 6. Modelica configuration of the constant flow reservoir network and the corresponding MILP model configuration.

7(a) and the total energy flow in Fig. 7(b). The borefield’s heating
contribution is 1.28 GWh in the MILP model with g-function approach,
compared to 1.41 GWh in the Modelica simulation. The corresponding
cooling contributions are 1.60 GWh (MILP) and 1.56 GWh (Modelica).
The borefield energy flow (Fig. 7(b)) from Modelica exhibits larger
fluctuations due to its hourly resolution, whereas the MILP results,
computed on a daily scale, are smoothed by the virtual water tank
introduced in Section 4.1. Given the fundamental differences between
the physics-based representation in Modelica and the simplified linear
formulation in the MILP model, these discrepancies are considered
acceptable.

Fig. 7(c) presents the energy flow from the sewage water plant.
Here, notable differences in temporal patterns can be observed be-
tween the two models, primarily due to the virtual tank in the MILP
formulation. This tank is used to ensure consistency between daily
BTES operation and the hourly resolution of the optimization model.
It acts as a buffer that balances energy flows within each day without
affecting the underlying subsurface thermal response. Despite these
variations, the total heating energy is nearly identical: 2.06 GWh in
the Modelica simulation and 2.07 GWh in the MILP optimization.
Therefore, the discrepancy is primarily due to modeling simplifications
required for tractability and does not affect the overall energy balance
or the validity of the MILP g-function method.

In general, the MILP g-function approach exhibits performance
comparable to that of the Modelica simulation in estimating borefield
temperature and energy flow. While the Modelica simulation provides
a higher-fidelity representation by accounting for detailed physical pro-
cesses, the close agreement between the two approaches confirms that
the MILP formulation captures the key subsurface thermal dynamics
with sufficient accuracy for optimization purposes.

5. Case study description
5.1. UC Berkeley clean energy campus plan

The UC Berkeley main campus currently relies on a century-old
cogeneration heating plant comprising a gas turbine and four gas
boilers that supply both campus electricity and steam. This system
emits over 10,000 tons of CO, annually, about 80% of the campus’s
total carbon emissions, and experiences substantial energy losses due
to infrastructure degradation (15% thermal mass loss and 20% heat
transfer loss). To address these challenges, the campus has initiated
the Clean Energy Campus (CEC) plan, aiming to replace the aging
plant with an electrified heating and cooling plant (EHCP) and achieve
an 85% carbon reduction by 2035 [81]. The EHCP discussed in this
study incorporates heat recovery chillers, cooling towers, electric boil-
ers, a stratified thermal energy storage tank, and Borehole Thermal
Energy Storage (BTES), supported by a new distribution network and
building-side system conversions.

5.2. Demand profile generation

Building energy consumption data, including electricity, space heat-
ing, space cooling, and domestic hot water heating, were generated
using EnergyPlus and calibrated with measured data. Campus build-
ings were grouped into five categories (office, datacenter, laboratory,
classroom, and residence; Fig. 8 a), each represented by an archetype
model (midsize office, data center, laboratory, college, and midsize
apartment). Operational schedules were modified in OpenStudio to
reflect Berkeley-specific use patterns, and weather data from Oakland
International Airport were applied. Energy use of individual buildings
was estimated by scaling prototype outputs by floor area. Calibration
employed measured electricity (roughly 80% coverage) and steam data
(roughly 30% coverage) from 2019, the last pre-pandemic year with
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Fig. 7. Comparison of results from Modelica simulation and MILP optimiza-
tion: (a) Average borehole wall temperature of the borefield; (b) Total energy
flow supplied from the borefield; (c) Total energy flow supplied from the
sewage water plant.

stable operations. Limited steam coverage reflects the age of cam-
pus infrastructure, with many buildings lacking reliable meters. Total
campus energy demand was obtained by aggregating building-level
consumption shown in Fig. 8(b). The resulting annual heating demand
(space heating + domestic hot water) is 148 GWh, consistent with the
150 GWh effective heating delivered by the present cogeneration plant
after accounting for steam delivery loss and building-side conversion
loss [82] and 154 GWh estimated by a consulting company [81].
Annual cooling demand is estimated at 142 GWh, closely aligned with
the consultant’s estimate of 135 GWh [81], supporting the validity of
the simulation results.

5.3. Configuration of the MILP model

Fig. 9 illustrates the configuration of the MILP optimization model,
which simplifies the UC Berkeley main campus into a single energy hub,
with energy imports, conversion technologies, and demand organized
from left to right. The gray-shaded area represents the existing cogener-
ation system, consisting of a gas turbine and boilers that produce steam
and electricity. Steam is distributed through the steam network and
converted to space heating and domestic hot water heating by building
exchangers. The system prioritizes steam supply while also generating
roughly 90% of total electricity demand; the remainder of electricity
comes from solar PV and the utility grid. Cooling demand is currently
met by building chillers. The green-shaded area in Fig. 9 depicts the
planned EHCP system which includes a heat recovery pump, stratified
water thermal energy storage, and two BTES systems (vertical and
inclined fields). An electric boiler supplements heating, while an ASHP
and cooling tower add cooling capacity. Expanded solar PV and battery
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storage improve flexibility. A new water-based distribution network
(54-72 °C for heating, 5-13 °C for cooling) will replace the steam
network. On the building side, water-to-water exchangers are installed
to comply with the distribution system.

Dynamic electricity rate and carbon intensity in California are con-
sidered. The PG&E B20 time-of-use (TOU) tariff (shown in Fig. 10(a)) is
applied with a demand charge of 37.86 USD/kW/month [83]. Carbon
intensity follows 2023 marginal emission rates from CARB as shown
in Fig. 10(b) [84]. Due to the substantial contribution of solar PV in
California, the carbon intensity is lower during the daytime and higher
at night. Natural gas costs 0.064 USD/kWh with a 10 USD/kW/month
demand charge and emits 0.181 kg-CO,/kWh. Technology specifica-
tions and linearized costs are summarized in Tables 3—4. BTES includes
a heat pump unit listed in Table 3 and the corresponding borefield
unit listed in Table 4. The cost of borehole drilling is assumed fixed
at 20,000 USD for drilling a vertical borehole with a depth of 700
ft (213 m) and 30,000 USD for drilling an inclined borehole with
a depth of 700 ft (213 m). The resulting costs of two borefields in
Section 2.2 are 4,000,000 USD and 5,490,000 USD, respectively. The
O&M cost of the borehole is assumed negligible due to low maintenance
of underground structures.

6. Results

The campus DES was optimized with the MILP g-function model
under three scenarios: (i) one-year optimization with the FH method (1-
year FH), (ii) one-year optimization with the RH-MTS method (1-year
RH-MTS), and (iii) ten-year optimization with the RH-MTS method (10-
year RH-MTS). The resulting Pareto fronts are shown in Fig. 11, where
the 1-year FH solutions (red diamond markers) serve as the baseline for
evaluating the transition pathway and assessing RH-MTS performance.
Four representative solutions (1, 2, 4, and 6), highlighted with red
dashed circles, are selected for detailed analysis. The corresponding
utilized capacities are listed in Table 5, and the marginal abatement
cost of each transition is provided in Table 6.

6.1. Campus DES transition under the 1-year FH scenario

The 1-year FH results are shown as red diamond markers in Fig. 11,
with corresponding technology capacities listed in Table 5. Pareto_1,
which minimizes the total cost, essentially reflects the current cam-
pus energy system, except that additional solar PV and a battery are
installed to eliminate imported electricity (currently 10 % of campus
consumption). This solution yields annual carbon emissions of 122,473
tons, close to the 120,000 tons reported by UC Berkeley [81], and
an annualized cost of 78.5 million USD, dominated by natural gas
purchases, cogeneration operation, and steam network maintenance.
In Pareto_2, all steam-based technologies are replaced with the new
EHCP system, and imported electricity becomes the primary energy and
emissions source. This transition reduces carbon emissions by 40% (to
71,755 tons) at a marginal abatement cost of 64 USD/ton, consistent
with the decarbonization pathway currently pursued by UC Berkeley.

Further carbon reductions from Pareto_2 to Pareto_6 are achieved
by expanding new technologies, particularly storage. With natural gas
phased out, emissions originate primarily from electricity use. Electric-
ity demand decreases slightly (by 3 GWh) from Pareto_2 to Pareto_4 and
then stabilizes, while average electricity prices rise and average carbon
intensity declines, as shown in Fig. 12. In California, daytime electricity
prices are higher due to peak demand, yet carbon intensity is lower
because of widespread solar PV generation (Fig. 10). The MILP model
therefore shifts electricity imports to daytime hours to reduce emissions
at the expense of higher costs. Consequently, the marginal abatement
cost increases from 303 USD/ton (Pareto_1 to Pareto_4) to 563 USD/ton
(Pareto_1 to Pareto_6), as indicated in Table 6. Considering this trade-
off, Pareto_4 is considered as the most cost-effective solution for the
Berkeley campus and is selected for further analysis in this study.
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6.2. BTES performance under the 1-year FH scenario

As shown in Table 5, both vertical and inclined borefields, together
with their heat pumps, are first selected in Pareto_2, indicating that
BTES is a cost-effective option for reducing cost and emissions. In
Pareto_4, the installed heat pump capacities reach 2025 kW for the
vertical borefield and 2503 kW for the inclined borefield. The larger
capacity of the inclined field reflects the enhanced heat transfer effi-
ciency of the double U-pipe configuration. The operational performance
of both systems under the 1-year FH scenario is shown in Fig. 13
(a, ¢), including four phases: ground cooling (building heating), mode

10

switching, ground heating (building cooling), and a subsequent ground
cooling phase.

During the initial ground cooling phase, the average borehole wall
temperature (TBorAvg) (Fig. 13(a)) decreases toward the minimum
inlet temperature for ground cooling (5 °C as represented by blue
dashed line). Initial heating energy flows are 2025 kW (vertical) and
2503 kW (inclined) as summarized in Table 7, but both decline as
the difference between TBorAvg and the minimum inlet temperature
narrows. The maximum allowable heat transfer rate constrained by
Eq. (10) therefore decreases. By the end of this three-month phase,
both heating energy flows fall to roughly 1310 kW, corresponding to



J. Yang et al. Energy 354 (2026) 141111

Table 3
Technical specifications and cost parameters of energy conversion technologies used in the system.
Technology Energy conversion Capacity Cost O&M Life time
Input Output cop Installed Max Fixed Variable Fixed Variable
P P kw) kW) (USD) (USD/kW) (USD) (USD/kW) Years
. steam 0.41 30,000 - 100 0 2,750,000 0 10
Gas Turbine natural gas .
electricity 0.28 - - - - - - -
Gas Boiler natural gas steam 0.77 40,000 - 100 0 1,750,000 0 10
Steam Network steam steam 0.65 60,000 - 100 0 3,250,000 0 10
SteamEX (heating) steam space heating 0.95 60,000 - 100 0 1000 4 10
SteamEX (DHW) steam DHW heating 0.95 7000 - 100 0 1000 4 10
Chiller (installed) electricity space cooling 3.5 25,000 - 100 0 1000 4 10
Solar PV (installed) solar electricity 1 446 - 100 0 1000 2 30
.. heating 4 - 100,000 100 700 1000 12 30
Heat Recovery Pump electricity .
cooling 3 - - - - - - -
BTES Heat Pump clectricity heat'mg 7 - 10,000 100 700 1000 12 30
cooling 6 - - - - - - -
ASHP (cooling) electricity cooling 3 - - 100 1500 100 10 30
Cooling Tower electricity cooling 5 - - 10,000 50 100 6 30
Electric Boiler electricity heating 0.99 - - 100 100 100 2 30
HeatPump (DHW) electricity heating 3 - - 100 700 1000 12 30
WaterEX (cooling) cooling cooling 0.95 - - 100 500 100 4 30
WaterEX (heating) heating heating 0.95 - - 100 500 100 4 30
Solar PV solar electricity 1 2000 100 0 1000 2 30
Heating Network heating heating 0.96 - - 120,000,000 0 500,000 0 80
Cooling Network cooling cooling 0.98 - - 120,000,000 0 500,000 0 80
Table 4
Technical specifications and cost parameters of energy storage technologies used in the system.
Technology Energy stored Capacity Cost O&M Life time
Installed Max Fixed Variable Fixed Variable
(kWh) (kWh) (USD) (USD/kWh) (USD/year) (USD/kWh/year) Years
Stratified Water Tank heating/cooling - 400,000 10,000 50 10,000 0.5 50
Battery electricity - 100,000 10,000 300 10,000 1.5 30
Borehole Field (vertical) geothermal - - 4,000,000 0 200 0 80
Borehole Field (inclined) geothermal - - 5,460,000 0 200 0 80
Table 5

Utilized capacities of technologies in each Pareto-optimal solution. Energy conversion technologies are expressed in kW, and energy storage technologies in kWh.
For borefields, a value of 0 indicates not installed, while 1 indicates installed.

Technology Pareto_1 Pareto_2 Pareto_4 Pareto_6

FH RH-MTS RH-MTS FH RH-MTS RH-MTS FH RH-MTS RH-MTS FH RH-MTS RH-MTS

[1 year] [1 year] [10 years] [1 year] [1 year] [10 years] [1 year] [1 year] [10 years] [1 year] [1 year] [10 years]
Gas Turbine 40,000 40,000 40,000 0 0 0 0 0 0 0 0 0
Gas Boiler 50,000 50,000 50,000 0 0 0 0 0 0 0 0 0
Steam Network 52,518 52,518 58,012 0 0 0 0 0 0 0 0 0
SteamEX (heating) 44,266 44,266 48,897 0 0 0 0 0 0 0 0 0
SteamEX (DHW) 6310 6310 6901 0 0 0 0 0 0 0 0 0
Chiller (installed) 76,931 76,931 84,672 52,125 52,427 54,934 33,289 45,376 47,697 0 0 0
Solar PV (installed) 5200 5200 5200 5200 5200 5200 5200 5200 5200 5200 5200 5200
HeatPump Recovery 0 0 0 24,580 22,262 24,494 28,826 26,877 29,196 60,927 60,429 66,397
HeatPump BTES_V 0 0 0 1778 2830 3073 2025 3198 3199 2645 3251 3370
HeatPump BTES_I 0 0 0 2159 3734 4018 2503 4028 4130 3690 4093 4330
ASHP (cooling) 0 0 0 0 0 0 0 0 0 0 0 0
Cooling Tower 0 0 0 0 14,609 18,301 23,390 22,496 23,629 99,208 102,641 112,765
Electric Boiler 0 0 0 17,182 22,241 27,182 37,851 37,564 43,073 84,690 103,484 107,084
HeatPump (DHW) 0 0 0 6310 6310 6901 6310 6310 6901 6310 6310 6901
WaterEX (heating) 0 0 0 44,266 44,266 48,897 44,266 44,266 48,897 44,266 44,266 48,897
WaterEX (cooling) 0 0 0 24,806 25,536 29,738 43,642 32,528 36,976 76,931 76,931 84,672
Solar PV 20,000 20,000 20,000 20,000 20,000 20,000 20,000 20,000 20,000 20,000 20,000 20,000
Heating Network 0 0 0 50,346 50,346 55,614 50,346 50,346 55,614 50,346 50,346 55,614
Cooling Network 0 0 0 26,112 26,880 31,303 45,939 34,240 38,922 80,980 80,980 89,128
Strafied Water Tank 0 0 0 143,764 198,428 257,929 284,251 309,747 400,000 400,000 400,000 400,000
Battery 63,494 27,260 33,786 68,939 15,091 19,905 100,000 100,000 100,000 100,000 100,000 100,000
Borefield (vertical) 0 0 0 1 1 1 1 1 1 1 1 1
Borefield (inclined) 0 0 0 1 1 1 1 1 1 1 1 1

Table 6
Marginal abatement costs of transitions from Pareto_1 (similar to the current campus DES) to other solutions [USD/ton-CO,].

Transition FH [1 year] RH-MTS [1 year] RH-MTS [10 years]
Pareto_1 to Pareto_2 63 86 33
Pareto_1 to Pareto_4 302 299 265
Pareto_1 to Pareto_6 563 573 616

11
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1-year FH scenario.

reductions of 36% (vertical) and 48% (inclined). The inclined bore-
field shows faster decline due to higher transfer efficiency. During
the switching phase, frequent mode changes temporarily increase the
energy flows (Fig. 13(c)), as switching between modes shortly raises the
temperature difference between inlet fluid and TBorAvg, widening the
thermal gradient. Entering the ground heating season, both borefields
show similar decline trends: cooling energy flows start at 1687 kW
(vertical) and 2085 kW (inclined) but drop to roughly 790 kW after five
months, corresponding to reductions of 54% and 63%. In the second
cooling phase, elevated borefield temperatures initially limit flows by
heat pump capacity, but within 10 days flow declines again as the
gradient diminishes.

Table 8 compares the total energy supply, average energy price,
and carbon intensity of vertical and inclined borefields against other
technologies. The vertical borefield supplies 5.4 GWh of heating and
4.6 GWh of cooling energy annually, while the inclined borefield
provides 6.6 GWh and 4.8 GWh of heating and cooling, respectively.
Despite greater output, the inclined borefield has a higher average cost
(0.077 USD/kWh vs. 0.070 USD/kWh) due to more expensive drilling
and installation costs (30,000 USD per inclined vs. 20,000 USD per
vertical borehole). Thus, its primary advantage lies in space efficiency
rather than economics. Both borefields yield the same average carbon
intensity of 0.054 kg-CO,/kWh, since identical heat pump COPs are
used. Among alternatives, the heat recovery pump achieves the lowest
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cost, followed by the cooling tower due to its high COP, while the
electric boiler shows both the highest cost and highest carbon intensity.

Overall, the MILP with the g-function approach effectively models
BTES performance, capturing both the ground temperature response
and the decline of borefield energy supply over time. This framework
enables robust comparisons between borefield configurations and al-
ternative technologies, supporting more reliable system design and
planning.

6.3. Assessment of the RH-MTS method

In the 1-year RH-MTS scenario, lengths of hourly, daily, and monthly
sub-horizons are set to 2160, 150, and 3, respectively. Solving six
Pareto-optimal solutions with the Gurobi solver on an Intel Xeon w7-
2495X CPU required 0.5 h, compared with 1.9 h for the 1-year FH
scenario, a 73% reduction in computational time. While the present
case study is relatively simple, even greater savings are expected
for larger systems with multiple energy hubs, more BTES, or longer
horizons.

Fig. 11 shows that the Pareto fronts from RH-MTS and FH are
highly consistent, with some solutions (e.g., Pareto_1 and Pareto_4-6)
being identical. 1-year RH-MTS results are generally shifted slightly to-
ward higher costs and emissions, indicating minor losses in optimality.
Marginal abatement costs are also consistent: from Pareto_1 to Pareto_2,
Pareto_4, and Pareto_6, the values are 86 USD/ton, 299 USD/ton, and
573 USD/ton, respectively, corresponding to deviations of +34.4%,
—1.3%, and —1.8% compared with the 1-year FH results (Table 6).
Utilized capacities (Table 5) show RH-MTS slightly underestimates heat
recovery pump size but overestimates others due to averaging when
clustering hourly variables into daily or monthly ones.

The RH-MTS method also preserves the cyclic patterns and conti-
nuity of storage technologies in spite of horizon decomposition. Fig.
14 compares energy stored in the stratified water tank under both ap-
proaches, showing that operational patterns are accurately replicated.
No storage is used in cost-minimized cases; in Pareto_2, a small tank
smooths short-term fluctuations, while in carbon-prioritized cases, tank
size grows to the maximum 400 MWh to balance loads over a longer
period.

BTES performance under RH-MTS (Fig. 13 (b, d)) closely resem-
bles FH results, with similar seasonal shifts and gradual declines in
energy flow. Minor differences appear in fluctuations: FH predicts more
variation during cooling phases, while RH-MTS shows more during
switching periods, occasionally leading to simultaneous heating and
cooling across borefields due to underestimated heat recovery capacity.
RH-MTS also predicts higher peak heating and cooling flows and cor-
respondingly larger heat pump capacities, producing more pronounced
declines, yet residual flows converge with FH results. Importantly, total
annual heating and cooling supplies are nearly identical: 5.6 GWh and
7.0 GWh (RH-MTS) versus 5.4 GWh and 6.6 GWh (FH) for heating,
and 4.9 GWh and 4.8 GWh versus 4.6 GWh and 4.9 GWh for cooling.
Deviations remain within 6%, acceptable given the large computational
savings.

Overall, these results demonstrate that the RH-MTS method can
reproduce the Pareto front with high fidelity while substantially reduc-
ing solution time, making it a practical approach for large-scale and
complex multi-objective optimization problems.

6.4. Long-term performance of BTES system

The long-term performance of BTES systems has been a major con-
cern, as efficiency often degrades after several years of operation. The
1-year optimization presented earlier does not capture these effects.
By year-end, the changed ground temperature (Fig. 13 (a, b)) suggests
that subsurface condition and energy supply will differ in subsequent
years. To address this, a 10-year optimization was conducted using the
RH-MTS method, with a demand scaling factor of 1.01 to reflect 1%
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2085
793

Table 7
Decline in energy flow from borefields under the 1-year FH and 1-year RH-MTS scenarios.
1-year FH
Inclined borefield
Peak Heating [kW] 2025
Residual Heating [kW] 1310
Heating Decline 36%
Peak Cooling [kW] 1687
Residual Cooling [kW] 786
Cooling Decline 54%

63%

2538
1303
49%
1802
779
57%

3461
1312
63%
2433
832
66%

Table 8

Comparison of energy supply, average energy price, and average carbon intensity for the heat recovery pump, vertical borefield, inclined borefield, cooling tower,

and electric boiler.

Vertical borefield

Inclined borefield

Heat recovery pump

Cooling tower

Electric boiler

Heating [GWh] 5.4 6.6 117.9 - 25.3
Cooling [GWh] 4.6 4.8 88.4 42.7 -
Total Energy Supply [GWh] 10.0 11.3 206.4 42.7 25.3
Annualized CAPEX [USD] 436,563 581,162 1,626,074 94,326 305,029
Annualized O&M [USD] 25,295 31,027 346,907 140,439 75,710
Electricity Cost [USD] 233,006 263,437 4,053,840 1,090,922 2,854,372
Carbon Emissions [tons] 537 608 9709 2014 2293
Average Energy Cost [USD/kWh] 0.070 0.077 0.029 0.031 0.128
Average Energy Carbon Intensity [kg-co2/kWh] 0.054 0.054 0.047 0.047 0.091
Table 9
Total annual heating and cooling supply from borefields under three different scenarios.
1-year FH 1-year RH-MTS 10-year RH-MTS
1st year 5th year Average (year 5 to 10)
. . Heating [GWh] 5.39 5.56 5.56 6.17 6.16
Vertical Borefield Cooling [GWh] 4.56 4.92 4.92 4.25 4.31
. X Heating [GWh] 6.56 6.98 6.98 6.54 6.64
Inclined Borefield Cooling [GWh] 4.78 4.86 4.86 4.62 4.68

annual demand growth (10.5% increase after 10 years). The RH-MTS
model was solved in 2.5 h, whereas the FH method proved infeasible
due to a tenfold increase in variables, particularly binaries, which
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caused exponential growth in solution time. The Pareto front of the
10-year RH-MTS scenario is shown as orange square markers in Fig.
11. Reported carbon emissions and annualized costs represent averages
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Fig. 14. Variation of energy stored in the stratified water tank over time in different Pareto-optimal solutions: (a) the 1-year FH scenario; (b) the 1-year RH-MTS

scenario.

over the horizon (10 years). As expected, the Pareto front shifts upward
and to the right relative to 1-year FH results, reflecting both increased
energy demand and higher technology capacities: the higher carbon
emissions result directly from the additional demand, whereas the
higher costs reflect a combination of increased energy purchases and
the larger technology capacities required.

Long-term BTES performance is illustrated in Fig. 15. Seasonal
operating patterns remain consistent with the 1-year case, but over time
the ground temperature stabilizes between the inlet fluid temperature
bounds. Annual energy supply (Fig. 16) shows that the vertical bore-
field delivers on average 6.0 GWh heating (+0.5 GWh) and 4.4 GWh
cooling (+0.5 GWh) per year, while the inclined borefield performs
slightly better at 6.7 GWh heating (+0.3 GWh) and 4.7 GWh cooling
(+0.2 GWh). Despite rising demand, borefield contributions remain
stable, indicating that BTES is fully utilized and cannot accommodate
additional demand growth. Performance varies most in the first four
years. For example, annual heating of vertical borefield increases from
5.56 to 6.26 GWh (+12.3%), while annual cooling decreases from 4.9
to 4.3 GWh (—12.2%). This behavior is primarily influenced by system
settings, including initial ground temperature, temperature bounds of
inlet fluid, and BTES start-up timing, and is discussed further in Sec-
tion 7.2. After 4 years, both borefields reach stable operation with only
minor year-to-year variation. Table 9 compares annual energy supply of
borefields under different scenarios. The first-year results of the 10-year
RH-MTS scenario match those of the 1-year RH-MTS case (differences
within the kWh range). This occurs because the optimization in the first
year follows a similar procedure for two scenarios: while the 10-year
RH-MTS formulation accounts for future demand over the next nine
years, this demand is aggregated at the monthly level. Since the campus
heating and cooling loads are relatively balanced, the influence of
future demand largely cancels out and has little effect on the first-year
results. In subsequent years, however, the effect of ground temperature
changes carried over from previous years must be considered, leading
to adjustments in the annual energy supply. After stabilization, the
average annual heating and cooling supply may deviate by up to
12% from the first-year values, depending on the specific BTES system
settings.
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7. Discussion
7.1. The constant COP assumption for heat pumps

The assumption of a constant COP for heat pump technologies
(e.g. water-to-water and air-source heat pumps) represents a simplifi-
cation that introduces certain limitations, as heat pump performance
is known to vary with the condenser and evaporator temperatures. Al-
though temperature-dependent COP relationships can be incorporated
into MILP using linear approximations, such formulations require addi-
tional validation due to the lack of well-established models. Therefore,
a constant annual-average COP is adopted. This simplification is consis-
tent with the objective of identifying optimal technology combinations
rather than precisely modeling individual technology performance, and
it facilitates a clearer evaluation of the proposed MILP-based g-function
method for BTES modeling. Although empirical COP curves could be
used to approximate performance variations, such approaches require
high-quality, site-specific operational data, which are not available
for the UC Berkeley campus; therefore, average COP values provided
by the campus are used. Furthermore, this study is conducted within
a platform-based design (PBD) framework [38], in which simplified
energy models are employed at the system optimization stage, followed
by higher-fidelity, physics-based simulations (e.g., using the Modelica
Buildings Library) to capture detailed performance such as COP varia-
tion. Any discrepancies identified at the high-fidelity stage can be used
to iteratively refine the system-level optimization (e.g. modifying COP),
ensuring both computational efficiency and modeling accuracy.

7.2. Limitations of the MILP g-function method

The integration of BTES into MILP requires linearity assumptions
of constant flow rate and fixed inlet temperatures, which introduce
the limitations and directly affect the BTES performance. For the UC
Berkeley case, the initial ground temperature is 18 °C, with inlet
temperatures bound of [5, 30] °C, yielding average specific extraction
rates of 31.5 W/m (vertical) and 35.0 W/m (inclined). Raising the
upper bound of the inlet fluid temperature to 50 °C increases these
values to 51.6 W/m and 56.6 W/m, respectively, and the first four years
also show more significant redistribution effects as the ground adjusts
between 5-50 °C, boosting heating but reducing cooling supply.



J. Yang et al

Energy 354 (2026) 141111

4of

w2
f=)

TBorAvg [DegC]
o
(=]

—
<

Vertical Borefield
Inclined Borefield

Tinter [ground heating] Tini, ground

Tinter [ground cooling]

QFlow [MW]

—— Vertical Borefield
Inclined Borefield

a1

o

5

Time [ Year|

Fig. 15. Performance of BTES systems under the 10-year RH-MTS scenario: (a) Average borehole wall temperature (TBorAvg), where the red and blue dashed
lines represent the maximum and minimum inlet temperatures, respectively, and the gray dashed line represents the initial ground temperature; (b) Total energy
flow supplied by the BTES systems, where negative values indicate heat extraction from the ground (heating supply) and positive values indicate heat injection

into the ground (cooling supply).

gl @ gl (®)
= b o S, 0 WD < " s
9O 6f /.\.\./K\._-’_Q O 6t
on
z 8= o < >—0
= = M & < < =
O 4l 3 4L 8 u] o
Sy S4
=) =
g 2
é 2t <$E‘ 2t
—— Vertical Borefield —@— Vertical Borefield
<~ Inclined Borefield <~ Inclined Borefield
%1 2 3 4 5 6 7 8 9 10 u % 1 2z 3 4 5 6 7 8§ 9 10 1
Time [Year] Time [Year]

Fig. 16. Variation of annual heating and cooling energy supplies over 10 years using the RH-MTS method: (a) annual heating supply; (b) annual cooling supply.

In reality, flow rate and inlet temperature vary dynamically, as
captured in Modelica, but such behavior cannot be represented in a
linear MILP framework. The MILP g-function method is therefore best
suited for large-scale DES optimization where some physical detail can
be sacrificed. It provides more reliable estimates of shallow geothermal
potential than constant heat transfer rate methods, while full-physics
validation with Modelica remains essential to ensure feasibility and
robustness, in line with PBD principles [38].

In the present work, BTES configurations are predefined based on
site constraints and standard design guidelines. Extending the optimiza-
tion framework to include borefield sizing and layout (e.g., number of
boreholes and spacing) is an important direction for future work. How-
ever, directly embedding these variables into the MILP is challenging,
as g-functions must be precomputed for each borefield configuration,
introducing nonlinear relationships. A possible extension is to generate
a set of candidate borefield designs with varying geometries (depth,
spacing, pipe configuration) and include them as discrete options in
the MILP, with integer variables selecting among alternatives. This
would enable coupled techno-economic optimization of BTES design
and operation, at the cost of increased computational complexity.
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7.3. Validation of the MILP g-function method

The MILP g-function and RH-MTS methods developed in this study
enable the integration of BTES into DES optimization. Results presented
above demonstrate both reliability and scalability, but further valida-
tion with full-physics Modelica simulations remains a priority. Current
validation was conducted against an example from the Modelica Build-
ings Library: a reservoir network with a BTES of 350 boreholes (300 m
each). In this configuration, the BTES is clearly oversized relative to
demand, so no noticeable decline in BTES output or changing rate of
ground temperature is observed (Fig. 7). The strong agreement between
MILP and Modelica results can partially be attributed to the simplicity
of this case. By contrast, in the Berkeley campus case study, energy
demand exceeds BTES capacity by more than an order of magnitude,
resulting in a decline in borefield output (35%-65%, depending on con-
ditions). Comparing this decline behavior between MILP and Modelica
would provide more meaningful validation. However, no comparable
DES example with high demand and undersized BTES is currently
available in the Modelica Buildings Library. Developing such a case
would require constructing a new system model, control strategy, and
calibration, which lies beyond the scope of this study but represents an
important direction for future work.
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7.4. Limitations of the RH-MTS method

The RH-MTS method has proven effective in reducing solution time
with only minor losses in optimality, a benefit that becomes criti-
cal as model complexity increases (e.g., with multiple BTES systems,
additional hubs, or longer horizons). In preliminary tests, a model
with two BTES systems and five hubs became intractable, motivating
the development of RH-MTS. Its main limitation is the inevitable loss
of accuracy from aggregating hourly variables into daily or monthly
sub-horizons, which can smooth peak demands and underestimate
capacities; this could be mitigated by incorporating a feedback loop
that updates capacities as new lower bounds, which represents the
next step of this study. A second limitation is the trade-off between
accuracy and computation time, determined by sub-horizon lengths:
longer horizons improve accuracy but increase solution time, while
shorter horizons risk oversmoothing. To preserve seasonal patterns,
the combined hourly and daily horizons should exceed six months;
in this study, values of 2160, 150, and 3 for the hourly, daily, and
monthly horizons, respectively, provided a good balance, though future
applications may require adjustment.

8. Conclusions

This study develops a MILP g-function framework to enable accurate
integration of the BTES system into large-scale DES optimization. To
address the increased computational complexity associated with g-
function coupling, a rolling horizon multi-time-step (RH-MTS) method
is further proposed to improve model tractability while maintaining
solution quality.

The principal findings of this study can be summarized as follows.
First, the MILP g-function method is successfully validated against a
full-physics Modelica reservoir network, indicating strong agreement in
ground temperature and energy flow predictions, with annual energy
supply deviations within 3%—-6%, confirming its reliability. Second,
the RH-MTS method effectively improves computational performance,
reducing solution time by up to 73% while incurring only limited loss
in optimality and preserving the operational patterns of BTES and other
technologies.

The case study of the UC Berkeley campus demonstrates key insights
into BTES performance. Although BTES contributes a modest share of
total demand, it provides meaningful benefits in cost reduction and
carbon mitigation, with an average energy cost of 0.70-0.77 USD/kWh
and carbon intensity of 0.54 kg-CO,/kWh. The results further reveal
that BTES systems require approximately 4-5 years to reach stable
operation, and that inclined borefields with double U-pipes achieve
higher peak performance but exhibit greater seasonal decline, lead-
ing to comparable residual performance with vertical borefields. At
present, the borefield layouts in this study are predefined based on
site constraints thus may not represent the optimal design. Future
work will extend the framework to include borefield sizing and layout
optimization within the MILP.

Overall, this work advances the methodological development of
shallow geothermal integration by providing a robust and computa-
tionally efficient framework for large-scale energy system optimiza-
tion. The proposed approach enables systematic evaluation of BTES
in district- and city-scale applications and offers practical support for
decision-making in energy system decarbonization.
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Appendix. MILP formulation for DES optimization

The detailed formulation of the MILP-based DES model developed in
this study is presented in this appendix. The general structure is similar
to formulation presented in the literature, while minor difference exists.

A.1. Objective function components

The energy consumption cost in Eq. (A.1) consists of three compo-
nents: the regular energy charge, the demand charge, and credits from
exporting excess energy. For commercial and institutional buildings,
demand charges can represent a substantial share of total energy costs
and strongly influence operational strategies, particularly peak shaving
strategy using storage systems.

Energy _ Z Z pur Z imp
C - Pec,t Qec,hub,t
ec t hub

dchar imp
+ P - max 0]
g Jhub,h
g‘ ; M heHour,, (% o > (A1)
_ sal €Xp
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ec t hub

ec € Bc, t € T, hub € Hub, m € Tmonth

The annualized investment cost is formulated in Eq. (A.2)-(A.3).
Capital cost is expressed as a linear function of technology capacity,
consisting of fixed and variable components. To distribute total in-
vestment uniformly over the technology lifetime, an annuity factor
is applied, calculated from the specified lifetime and interest rate.
A binary variable Bin,,. indicates the installation of technology rec,
while Cap,,, denotes its capacity. To preserve MILP linearity, Bin,,, is
applied only to the fixed term. The Constraint (A.7) ensures Cap,,, =0
whenever Bin,,, = 0.
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The O&M expense in Eq. (A.4) follows a similar structure to the
annualized capital cost formulation, but without applying the annuity
coefficient.
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The carbon emissions of the system originate primarily from im-

ported energy (natural gas and electricity in this study):
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A.2. Energy carrier balance

Energy carriers are defined to represent the flow of energy through
the system, encompassing imports, intermediate conversions, and de-
mand satisfaction. The energy balance constraint in Eq. (A.6) must hold
for each energy carrier ec, in each hub hub, and at each time step 7. For
instance, electricity may be supplied from imports or on-site generation
(e.g., solar PV, cogeneration plants) and can be allocated to exports
(e.g., sales to the grid), technology consumption, or end-use demand.

imp gen _ P exXp
Q ec,hub,t + Z Q ec,hubjtec,t — Q ec,hub.t
teceTecgfn
con dem
+ Z ec,hub,tec,t + Q ec,hub,t
tec€TecS™

Vec € Ec, hube Hub, t € T
(A.6)

A.3. Energy technologies

Energy conversion technologies are formulated in Eq. (A.7). This
representation applies to most technologies that convert one form of
energy into another and provides a flexible way to model energy
conversion processes within the MILP framework.

con . —_ neen
ecit b tec,t COP g gin geout = Qecout,hub,xec,r
gen max
Qec"“t,hub,tec,t < Caphub,tec < Caphub,xec

(A7)
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Y (tec, ec'®, ecO) € Tup®®™Y, hub € Hub, 1 € T

Solar photovoltaic (PV) generation is modeled using a measured
solar profile. While PV output generally depends on location and
panel efficiency, modern commercial panels exhibit similar efficiencies.
As this study focuses on the Bay Area, California, a PV generation
profile measured on the UC Berkeley campus is employed to estimate
electricity production, as formulated in Eq. (A.8).
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Battery storage is modeled using the cyclic storage constraint
in Eq. (A.9), which incorporates storage efficiency and round-trip
charging/discharging efficiencies. The associated capacity constraint in
Eq. (A.10) limits both the maximum state of storage and the allowable
charging/discharging rates.

gen
ec,hubtectanq
dis
‘tec

con char

— ,Sto | _ .
Shub,tec,to = Miee Shub,tec,tend ec,hub,tec.teng Mec

gen (A.9)
S — 0.9 _ Zeehubiect | rycon . ,,char
ec,hub,tec,t+1 rlrec ec,hub,tec,t dis ec,hub,tec,t ”tec
tec
V (tec, ec) € Tup®® Y, hub € Hub, t € T\ {teq)
max
Sec,hub,tec,t < Caphub,tec < Caphub,tec
gen . prate
Qec,hub,tec,t S Caph“b’t“ Mec (A 10)

Caphub,tec <M- Binhub,tec

V (tec, ec) € Tup®®®Y  hub € Hub, t € T
Stratified water tank is modeled in Egs. (A.11)-(A.13). Different
from conventional hot/cold water tanks, a stratified tank enforces a
volume balance by matching inflow and outflow in Eq. (A.12), thereby
improving operational efficiency. The stored energy S,. jp rcc iS repre-
sented as a continuous real variable, where a positive value indicates
heating energy is stored, and a negative value means cooling energy is

17

Energy 354 (2026) 141111

stored.

_ . sto
Shub,tec,to = Mee * Shub,tec,tend

Qgen
B echea,hub,tec,tend + ﬂChar . pcon
rl’dis tec echea pub tec,tonq
ec
gen
Q00 pub tec.
ec o hubleclend  char | ~con
dis tec €cC00 hub,tec,tond
sto e
Shub,tec,r = Miee * Shub,tec,t (A'll)
gen
_ Qechea,hub,tec,t char | Hcon
dis tec echea pup tec.t
rltec
Qgen
+ €c®00 hubjtect  char | ~Hcon
dis tec ec€00 hub.tec,t
h tee ok
V (tec, ec"®?, ec®®) € Tup™™, hub € Hub, 1 € T \ {tenq}
Qgen — ocon
echea pyp tec,t €c€0 hubtec.t
gen — (Hcon
Qeccoo,hub,tec,t T Fechea pyprec.t (A.12)
Y (tec, ech®@, ¢c®°) € Tup™X, hub € Hub, r € T
max
Sec,hub,tec,t < Caphub,tec < Cap hub,tec
gen . ,rate
Qechea,hub,teat < Cap hubjtec " Miec
gen rate
Qecmo,hub,tec,t <Cap hub,tec " Mtec (A.13)

Cap hub,tec <M- Binhub,tec

V (tec, ech® ec®©°) € Tup®*, hub € Hub, t € T

Data availability

Data will be made available on request.
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