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Abstract

Fifth-generation district heating and cooling (5GDHC) systems have attracted increasing 
attention because they can supply heating and cooling simultaneously, enable buildings 
to act as thermal prosumers, and facilitate the recovery of low-grade waste heat. Because 
these networks operate near ambient temperature, their temperature can be modulated 
over a relatively wide range in both winter and summer, creating the potential to use the 
pipe network for both heat and cold storage. However, the economic value of using this 
inherent thermal capacity and the benefit of increasing it through pipe enlargement remain 
unclear. This study develops a dynamic thermo-hydraulic optimization framework that 
represents bidirectional flow, water and ground thermal states, temperature-dependent 
heat-pump and chiller performance, pumping electricity, and annualized system costs. 
A genetic algorithm is used offline to compare daily-constant and predictive network-
temperature control at three pipe-capacity levels in a synthetic 5GDHC system developed 
using Beijing weather and tariff data. Predictive control reduced the annualized cost at all 
three pipe-capacity levels, with savings ranging from 0.17% to 0.52%. Reductions in monthly 
demand charges and active-equipment capacity costs provided most of the economic benefit, 
whereas the energy charge changed only slightly or increased. Increasing every pipe by 
one or two catalog sizes raised the network water volume by 32.1% and 69.5% and reduced 
pumping electricity by 51.8% and 74.0%, but increased the annualized cost by 0.14% and 
0.44%, respectively. The results show that the thermal capacity already available in a 
5GDHC network can provide modest operational flexibility, but enlarging pipes solely to 
obtain additional thermal storage did not show a substantial economic advantage in the 
investigated case.

Keywords: fifth-generation district heating and cooling; pipe-network thermal storage; 
predictive control; thermo-hydraulic optimization

1.  Introduction
Buildings account for around 30% of global energy demand and approximately 37% 

of global carbon dioxide emissions [1]. Consequently, the building sector has a central 
role in global decarbonization. Heating and cooling are particularly important: heating 
alone accounts for around half of building energy use [2], whereas global residential space-
cooling energy use is projected to triple between 2020 and 2050 under a current-policy 
reference scenario, driven by warmer climates, expanding floor area, rising incomes, and 
wider access to air conditioning [3]. Improving the efficiency of building heating and 
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cooling and replacing carbon-intensive energy sources are therefore essential components 
of the energy transition.

District heating and cooling (DHC) systems are considered a promising approach 
for the efficient supply of heating and cooling. Unlike individual building systems, a 
DHC system supplies multiple buildings through shared thermal infrastructure. At the 
district scale, this shared infrastructure can exploit source diversity and economies of scale, 
recover heat that would otherwise be rejected, and integrate renewable and low-grade 
thermal sources that are difficult to use at the building level [4,5]. In recent years, fifth-
generation district heating and cooling (5GDHC) has emerged as a low-temperature and 
bidirectional form of DHC. Unlike conventional DHC systems, 5GDHC uses a near-ambient 
water network together with decentralized heat pumps, chillers, and direct heat exchangers 
to deliver the temperatures required by individual buildings [6]. This configuration allows 
buildings to act as thermal prosumers: cooling buildings reject heat that can support heating 
loads, while heating buildings return lower-temperature water that can support cooling 
loads through the shared network.

DHC systems are also increasingly studied as flexible energy assets. Conventional 
flexibility is commonly provided by dedicated thermal energy storage systems or batteries. 
For example, Wang et al. [7] used a TRNSYS model to evaluate a radiation-enhanced 
thermal diode tank that provided cooling water to the condenser of a refrigeration and 
air-conditioning system. The pipe network itself, however, already contains a large volume 
of water that can store sensible heat across hours without a separate storage device, and 
most studies of this flexibility have focused on district heating, where supply-temperature or 
flow-rate control is used to precharge the network before a demand peak [8–11]. By contrast, 
conventional district-cooling networks distribute chilled water close to the temperatures 
required by buildings, leaving limited scope for further downward adjustment. District-
cooling storage studies therefore generally examine separate chilled-water, ice, or latent-heat 
storage systems rather than the distribution pipes themselves [12,13]. A 5GDHC network 
operates near ambient temperature rather than near the final delivery temperature of 
either heating or cooling. The survey by Buffa et al. reported several closed-loop 5GDHC 
systems with operating temperature ranges of 20–27 K, e.g., 0–25 °C and 8–35 °C [6]. This 
operating range allows a 5GDHC network to shift its temperature upward or downward 
and potentially provide heat or cold flexibility through its water volume.

Existing 5GDHC research has usually focused on system design and system opera-
tion. For system design, Wirtz et al. [14] formulated a mathematical optimization method 
for network layout and component sizing. Maccarini et al. [15] quantified how building-
side temperature requirements affect both energy performance and network sizing, while 
Mans et al. [16] developed an open-source framework for dynamic low-temperature net-
work simulation. Pompei et al. [17] showed that generation and storage capacities must 
be evaluated together with their operating conditions, and Elhafaia et al. [18] demon-
strated that pipe diameter simultaneously affects investment, pumping, heat transfer, and 
hydraulic feasibility.

For system operation, Zhang et al. [19] compared constant, staged, and free-floating 
network-temperature strategies, and Dai et al. [20] reviewed the wider range of control 
methods used in 5GDHC systems. Wirtz et al. [21] formulated an operation optimization 
model in which network-temperature trajectories shift energy and reduce operating cost. 
Buffa et al. [22] applied predictive control to building-sited storage under time-of-use 
tariffs, while Quirosa et al. [23] assessed an ultra-low-temperature network as storage for 
renewable integration.

Despite these advances, few studies have examined the pipe network itself as a thermal 
storage resource in 5GDHC systems. Previous studies indicate that varying the network 
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temperature can shift electrical demand and potentially reduce demand charges, but the eco-
nomic value of exploiting the thermal capacity of the network remains unclear. Furthermore, 
increasing pipe diameter can increase the water volume and hence the storage capacity of the 
network, but it also raises the initial pipe investment. Whether the resulting operating-cost 
savings can offset this additional investment has not been sufficiently examined.

To address these questions, this study develops a thermo-hydraulic optimization 
framework for two-pipe 5GDHC systems. The framework considers mass and energy 
balances, hydraulic constraints, temperature-dependent equipment performance, and the 
thermal capacity of the network water. The resulting mixed-variable nonconvex problem is 
solved using a genetic algorithm. The framework is applied to a synthetic case to evaluate 
the economic value of pipe-network thermal storage and of increasing pipe diameter to 
provide additional storage capacity.

The main contributions of this study are as follows:
1. A dynamic thermo-hydraulic optimization framework is developed to represent the 

thermal capacity of the pipe water and surrounding ground, bidirectional flow, and 
temperature-dependent equipment performance in a non-tree 5GDHC network.

2. A controlled comparison between daily-constant and predictive network-temperature 
control quantifies the operational value of this thermal capacity and decomposes 
the resulting savings into energy, maximum-demand, and equipment-capacity 
cost components.

3. Pipe enlargement is evaluated as a thermal-storage investment by comparing the value 
of additional network thermal capacity and reduced hydraulic resistance with the 
additional annualized pipe cost.
The remainder of this paper is organized as follows. Section 2 presents the optimiza-

tion model, including the objective function, decision variables, and physical constraints. 
Section 3 introduces the synthetic case and analyzes the results. Section 4 discusses the 
economic mechanisms and practical implications. Section 5 presents the main conclusions, 
limitations, and directions for future research.

2.  Methodology
2.1.  System Configuration and Modeling Assumptions

Figure 1 illustrates the modeled system configuration. The system adopts the conven-
tional two-pipe configuration of a 5GDHC network, consisting of a warm pipe and a cold 
pipe arranged in a ring topology. Flow directions in individual pipe sections can change as 
buildings alternate between extracting heat from and rejecting heat to the network. Each 
building substation contains a heat pump or chiller connected to both pipes. A central 
energy station is connected to the network to inject or remove heat and maintain the warm- 
and cold-pipe temperatures within their allowable ranges. Both pipes exchange heat with 
the surrounding soil, which provides additional thermal capacity together with the water 
contained in the network.

The baseline pipe diameters are selected using a maximum specific friction pressure 
loss criterion, following the engineering practice adopted in our previous studies [24,25]. 
In a ring network, the nodal mass-balance equations alone form an underdetermined 
system. The hourly pipe flow rates are therefore calculated by solving the nodal mass-
balance equations together with the loop pressure-balance equations. Because friction 
pressure loss depends on both flow rate and pipe diameter, the diameter of each pipe 
section should be selected from a predefined series of standard nominal diameters and 
represented as a discrete design variable. For each network section, the paired warm and 
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cold pipes are assumed to have identical lengths and diameters and equal hourly volumetric 
flow-rate magnitudes.

Figure 1. Configuration and thermal interactions of the modeled 5GDHC system.

2.2.  Optimization Setup
The proposed optimization framework evaluates pipe design and station-temperature 

control within a common nonlinear thermo-hydraulic model. The model inputs include 
the network topology and route lengths, building heating and cooling loads, ground tem-
perature, equipment performance, electricity tariffs, and component costs. The complete 
decision vector contains the pipe option ze  selected for each network section and the mean 
network temperature 𝜃t  scheduled for each control period. Both decisions are optimized in 
the design experiments. In the operating comparisons, the pipe options are fixed and only 
the station-temperature trajectory is optimized or prescribed.

Each network section selects one option from a predefined set of pipe sizes:

𝑧𝑒 ∈ 𝒵𝑒, 𝑒 ∈ ℰ. (1)

The internal diameter, flow area, hydraulic resistance, water volume, pipe investment, 
and pipe–ground thermal parameters are determined by the selected pipe option:

(𝐷𝑒, 𝐴𝑒, 𝑠𝑒, 𝑉𝑓
𝑒 , 𝑐𝑧𝑒

, 𝑈𝑓
𝑒 , 𝑈𝑔

𝑒 , 𝐾𝑔
𝑒 ) = Φ𝑒(𝑧𝑒), (2)

where Φ𝑒 denotes the parameter set associated with pipe option ze .
Following the temperature representation adopted by Wirtz et al. [21], the temperatures 

supplied to the warm and cold pipes are expressed using the mean network temperature 
and a prescribed temperature difference:

𝑇𝑤
0,𝑡 = 𝜃𝑡 +

𝛿𝑡
2 , (3)

𝑇𝑐
0,𝑡 = 𝜃𝑡 −

𝛿𝑡
2 , (4)

where 𝑇𝑤
0,𝑡 and 𝑇𝑐

0,𝑡 are the warm- and cold-pipe temperatures at the central energy station, 
respectively, and δt  is the prescribed temperature difference between the two pipes. Fixing δt 
prevents temperature-difference control from introducing an additional change in network 
flow and pumping demand. The comparison can therefore focus on the effects of mean-
temperature scheduling and the thermal capacity of the network.

To limit the number of control variables in the annual optimization, the 365 calendar 
days are grouped into 12 classes using K-means clustering based on their daily heating and 
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cooling load profiles and ground-temperature information, following Su et al. [26]. Days 
within each class share a nominal station-temperature schedule. For predictive control, 
six temperature points are optimized for each class, reducing the number of temperature 
variables from 2190 to 72. Each candidate schedule is then evaluated over all 8760 h using 
the original hourly loads, ground temperatures, and electricity prices, with the pipe-water 
and ground thermal states carried continuously between hours.

The optimization objective is to minimize the total annualized system cost:

min𝐶 = 𝐶𝑝 + 𝐶𝑠 + 𝐶𝑡 + 𝐶𝑒 + 𝐶𝑑, (5)

where Cp  is the annualized pipe investment, Cs  is the annualized central heat-pump/chiller 
capacity cost, Ct  is the annualized transformer capacity cost, Ce  is the electricity consumption 
cost, and Cd  is the demand charge.

Capital investments are annualized using the capital recovery factor a:

𝑎 =
𝑟(1 + 𝑟)𝑁

(1 + 𝑟)𝑁 − 1
, (6)

where r is the discount rate and N is the economic lifetime. Because each network section 
contains one warm pipe and one cold pipe, the annualized pipe investment is

𝐶𝑝 = 2𝑎∑
𝑒∈ℰ

𝐿𝑒𝑐𝑧𝑒
, (7)

where Le  is the route length of section e, and 𝑐𝑧𝑒
 is the unit cost of the selected pipe option.

The required central heat-pump/chiller capacity and transformer capacity are deter-
mined from the maximum central-station heat exchange and maximum electrical demand 
over the full year:

𝐻 = max
𝑡∈𝑇𝑎

|𝐻0,𝑡|, 𝑃 = max
𝑡∈𝑇

𝑃𝑡. (8)

Their annualized costs are
𝐶𝑠 = 𝑎𝑐𝑠𝐻, (9)

𝐶𝑡 = 𝑎𝛽𝑐𝑡𝑃, (10)

where cs  is the unit capacity cost of the central heat-pump/chiller equipment, ct  is the 
assumed transformer investment per unit of electrical capacity, and 𝛽 is the fraction of this 
investment allocated to the district system. Here, T contains all 8760 billable hours, and Ta 
contains the hours with active heat-pump or chiller operation.

The annual electricity consumption cost is calculated from the 8760 hourly inputs:

𝐶𝑒 =
8760
∑
𝑡=1

𝜋𝑡𝑃𝑡Δ𝑡 (11)

where t denotes an hour of the chronological year, 𝜋t  is the corresponding electricity price, 
and Δt is the time-step duration.

The demand charge is calculated separately for each calendar month using its actual 
maximum electrical demand:

𝐶𝑑 = 𝑐𝑑

12
∑
𝑚=1

max
𝑡∈𝑇𝑚

𝑃𝑡 (12)

where cd  is the monthly demand-charge rate and Tm  is the set of hours in calendar month m.
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2.3.  Component Performance Model
The coefficients of performance (COPs) of the building and central-station equipment 

are calculated using the generalized component model of Jensen et al. [27], with the refrig-
erant parameters adopted by Wirtz et al. [14]. For a constant-capacity stream, the entropic 
mean temperature is

𝑇 =
|𝑇out − 𝑇in|

|ln(𝑇out/𝑇in)| , (13)

where the temperatures are expressed in kelvin. Define

Δ𝑇ℎ = |𝑇ℎ,out − 𝑇ℎ,in|, Δ𝑇𝑐 = |𝑇𝑐,in − 𝑇𝑐,out|, Δ𝑇span = 𝑇ℎ,out − 𝑇𝑐,out + 2Δ𝑇pp. (14)

where the subscripts h and c denote the higher- and lower-temperature streams, respectively. 
The refrigerant-side temperature corrections and compressor-loss ratio are calculated as

Δ𝑇𝑟
ℎ = 𝑎𝑟Δ𝑇span + 𝑏𝑟Δ𝑇ℎ + 𝑐𝑟, Δ𝑇𝑟

𝑐 =
1
2Δ𝑇𝑐, 𝜔 = 𝑎𝜔Δ𝑇span + 𝑏𝜔Δ𝑇ℎ + 𝑐𝜔. (15)

The water-side entropic mean temperatures are then corrected to the refrigerant con-
densing and evaporating temperatures:

𝑇cond = 𝑇ℎ + Δ𝑇𝑟
ℎ + Δ𝑇pp, 𝑇evap = 𝑇𝑐 − Δ𝑇𝑟

𝑐 − Δ𝑇pp, (16)

where ΔTpp  is the heat-exchanger pinch temperature difference and 𝜔 is the compressor-loss 
ratio. The condenser-side COP is

COPcond =
𝑇cond

𝑇cond − 𝑇evap
𝜂is(1 − 𝜔) + 1 − 𝜂is − 𝑓𝑄, (17)

where 𝜂is  is the isentropic efficiency and fQ  is the fractional heat loss. The heating 
COP is equal to the condenser-side COP, whereas the cooling COP is evaluated on the 
evaporator side:

COPheat = COPcond, COPcool = COPcond − 1. (18)

The correction coefficients, isentropic efficiencies, fractional heat losses, and any im-
posed COP cap are specified in the case study.

For direct cooling, the local higher and lower pipe temperatures are defined as

𝑇hot
𝑖,𝑑,ℎ = max(𝑇𝑤

𝑖,𝑑,ℎ, 𝑇𝑐
𝑖,𝑑,ℎ), 𝑇cold

𝑖,𝑑,ℎ = min(𝑇𝑤
𝑖,𝑑,ℎ, 𝑇𝑐

𝑖,𝑑,ℎ). (19)

If the building-side temperature difference is greater than or equal to the network 
temperature difference, direct cooling is available when

𝑇cold
𝑖,𝑑,ℎ ≤ 𝑇𝑏,sup

𝑖 − Δ𝑇pp. (20)

Otherwise, direct cooling is available when

𝑇hot
𝑖,𝑑,ℎ ≤ 𝑇𝑏,ret

𝑖 − Δ𝑇pp. (21)

Passive ground exchange is used when the entropic-mean temperature lift in the 
required transfer direction is no greater than −ΔTpp . The corresponding inverse COP is 
then set to zero.

2.4.  Building Substations and Network Heat Exchange
Each building substation connects the warm and cold pipes through a heat pump, 

chiller, or direct heat exchanger. The heating or cooling demand of building i during 
representative day d and hour h is denoted by Qi , d , h . The operating mode is defined by

𝜇𝑖,𝑑,ℎ =

{


+1, heating,
−1, cooling,
0, idle.

(22)
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Typical commercial buildings use chilled-water supply and return temperatures of 
7 and 12 °C, respectively. Data-center cooling systems can operate at higher water tempera-
tures. Direct cooling through heat exchange with the cold pipe can be achieved when the 
network temperature is sufficiently low. To account for the heat exchanger performance, 
a minimum temperature difference of 2 K is required between the network water and the 
building chilled-water circuit.

When direct cooling is available, the building cooling demand is met without mechan-
ical refrigeration and

𝑃𝑖,𝑑,ℎ = 0. (23)

Otherwise, the electricity consumption of the heat pump or chiller at the building 
substation is

𝑃𝑖,𝑑,ℎ =
𝑄𝑖,𝑑,ℎ

COP𝑖,𝑑,ℎ
. (24)

The COP is calculated from the warm- and cold-pipe temperatures and the required 
building-side supply and return temperatures using the component model defined in 
Equations (13)–(18). The signed heat exchange between the building and the network is 
calculated as follows:

𝐻𝑖,𝑑,ℎ = −𝜇𝑖,𝑑,ℎ𝑄𝑖,𝑑,ℎ + 𝑃𝑖,𝑑,ℎ. (25)

Here, Hi , d , h  > 0 denotes heat rejected by the building to the network, whereas Hi , d , h  < 0 
denotes heat extracted from the network. The volumetric flow rate transferred through the 
building substation is

𝑞𝑏
𝑖,𝑑,ℎ =

𝐻𝑖,𝑑,ℎ

𝜌𝑐𝑤(𝑇𝑤
𝑖,𝑑,ℎ − 𝑇𝑐

𝑖,𝑑,ℎ)
, (26)

where 𝜌 and cw  are the density and specific heat capacity of water, respectively. A loaded 
building with no temperature difference between the warm and cold pipes cannot maintain 
a finite transfer flow and is rejected during the thermo-hydraulic evaluation.

2.5.  Hydraulic Model
Within each network section, the warm and cold pipes carry the same volumetric flow 

rate in opposite directions. Because one of the network mass-balance equations is linearly 
dependent on the others, the pipe flow rates are determined from the mass balances at all 
junctions except one reference junction:

∑
𝑒∈ℰ

𝐵𝑛,𝑒𝑞𝑒,𝑑,ℎ = 𝑞𝑏
𝑛,𝑑,ℎ, 𝑛 ∈ 𝒩\{𝑛𝑟}, (27)

where Bn , e  indicates the orientation of pipe section e relative to junction n, qe , d , h  is the signed 
section flow rate, 𝑞𝑏

𝑛,𝑑,ℎ is the flow transferred through the building substation, and nr  is the 
reference junction.

For a non-tree network, mass conservation alone does not uniquely determine the 
section flow rates. The section flow rates are therefore determined simultaneously from 
mass conservation and the pressure-balance equations around the independent loops.

The pressure loss in pipe section e is calculated using the Darcy–Weisbach equation:

Δ𝑝𝑒,𝑑,ℎ = 𝑠𝑧𝑒
𝐿𝑒𝑞𝑒,𝑑,ℎ|𝑞𝑒,𝑑,ℎ|, (28)

where Le  is the section length and 𝑠𝑧𝑒
 is the hydraulic resistance coefficient of the selected 

pipe size. To simplify the calculation, the friction factor associated with each standard pipe 
size is treated as constant over the evaluated operating range. The resistance coefficient is

𝑠𝑧 =
8𝑓𝑧𝜌

𝜋2𝐷5
𝑧

, (29)
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 where fz  and Dz  are the Darcy friction factor and internal diameter of pipe option z, respectively.
For each independent loop r, pressure balance requires

∑
𝑒∈ℰ

𝑐𝑟,𝑒Δ𝑝𝑒,𝑑,ℎ = 0, 𝑟 ∈ ℛ, (30)

where cr , e  indicates the orientation of pipe section e relative to loop r.
The water velocity and specific friction pressure loss are

𝑣𝑒,𝑑,ℎ =
|𝑞𝑒,𝑑,ℎ|

𝐴𝑧𝑒

, (31)

𝑔𝑒,𝑑,ℎ = 𝑠𝑧𝑒
𝑞2

𝑒,𝑑,ℎ, (32)

where 𝐴𝑧𝑒
 is the cross-sectional flow area of the selected pipe.

The aggregate circulation-pumping power is calculated from the hydraulic dissipation 
in the warm and cold pipes:

𝑃ℎ,𝑑,ℎ =
1
𝜂𝑝

∑
𝑝∈{𝑤,𝑐}

∑
𝑒∈ℰ

|Δ𝑝𝑝
𝑒,𝑑,ℎ||𝑞𝑝

𝑒,𝑑,ℎ|. (33)

Because the warm and cold pipes in each section have the same diameter and carry 
equal flow-rate magnitudes in opposite directions, Equation (33) becomes

𝑃ℎ,𝑑,ℎ =
2
𝜂𝑝

∑
𝑒∈ℰ

𝑠𝑧𝑒
𝐿𝑒|𝑞𝑒,𝑑,ℎ|3, (34)

where 𝜂p  is the pump efficiency.

2.6.  Dynamic Pipe and Ground Model
The thermal capacity of the network is represented by the water contained in each pipe 

and a thermally active soil region surrounding the warm and cold pipes. Each pipe section 
is modeled as one lumped water state for each physical pipe and one shared active-ground 
state. This representation retains the spatial differences among network sections while 
avoiding a full discretization along every pipe.

For pipe section e and pipe p ∈ {w,c}, the transient water-energy balance is

𝐾𝑓
𝑒

Δ𝑡𝑠
(𝑇𝑝

𝑒,𝑑,ℎ − 𝑇𝑝
𝑒,𝑑,ℎ−) = 𝜌𝑐𝑤|𝑞𝑒,𝑑,ℎ|(𝑇𝑝

in,𝑒,𝑑,ℎ − 𝑇𝑝
𝑒,𝑑,ℎ) − 𝑈𝑓

𝑒 (𝑇𝑝
𝑒,𝑑,ℎ − 𝑇𝑔

𝑒,𝑑,ℎ), (35)

where h−  denotes the preceding time step, 𝑇𝑝
in,𝑒,𝑑,ℎ is the inlet temperature determined from 

the actual flow direction, 𝑇𝑝
𝑒,𝑑,ℎ is the mean water temperature in the pipe section, and 𝑇𝑔

𝑒,𝑑,ℎ
is the active-ground temperature.

The thermal capacitance of the water in one pipe is

𝐾𝑓
𝑒 = 𝜌𝑐𝑤𝑉𝑓

𝑒 , (36)

where 𝑉𝑓
𝑒  is the water volume of one pipe in section e.

The warm and cold pipes exchange heat simultaneously with the shared active-ground 
state. The ground-energy balance is

𝐾𝑔
𝑒

Δ𝑡𝑠
(𝑇𝑔

𝑒,𝑑,ℎ − 𝑇𝑔
𝑒,𝑑,ℎ−) = ∑

𝑝∈{𝑤,𝑐}
𝑈𝑓

𝑒 (𝑇𝑝
𝑒,𝑑,ℎ − 𝑇𝑔

𝑒,𝑑,ℎ) − 𝑈𝑔
𝑒 (𝑇𝑔

𝑒,𝑑,ℎ − 𝑇∞
𝑑,ℎ), (37)

where 𝐾𝑔
𝑒  is the effective thermal capacitance of the active ground, 𝑈𝑔

𝑒  is the conduc-
tance between the active ground and the undisturbed ground, and 𝑇∞

𝑑,ℎ is the undisturbed 
ground temperature.

https://doi.org/10.3390/buildings16224569

https://doi.org/10.3390/buildings16224569


Buildings 2026, 16, 4569 9 of 23

At each network junction, the incoming water streams are mixed separately in the 
two pipes. A building substation withdraws water from one pipe and returns it to the 
other. For heating, water is withdrawn from the pipe with the higher local temperature; 
for cooling, it is withdrawn from the pipe with the lower local temperature. For an active 
building substation, the mass flow rate is

.𝑚𝑏
𝑖,𝑑,ℎ =

|𝐻𝑖,𝑑,ℎ|
𝑐𝑤|𝑇𝑤

𝑖,𝑑,ℎ − 𝑇𝑐
𝑖,𝑑,ℎ|

. (38)

The return temperature from the building substation is

𝑇ret
𝑖,𝑑,ℎ = 𝑇draw

𝑖,𝑑,ℎ +
𝐻𝑖,𝑑,ℎ

.𝑚𝑏
𝑖,𝑑,ℎ𝑐𝑤

, (39)

where 𝑇draw
𝑖,𝑑,ℎ  is the temperature of the pipe from which water is withdrawn. Because 

Hi , d , h  < 0 for heating and Hi , d , h  > 0 for cooling, the return water is colder than the withdrawn 
water during heating and warmer during cooling.

The mixing balance for pipe p ∈ {w,c} at junction n is

∑
𝑒∈ℐ𝑝

𝑛

.𝑚𝑒,𝑑,ℎ𝑐𝑤𝑇𝑝
𝑒,𝑑,ℎ + .𝑚𝑝,ret

𝑛,𝑑,ℎ𝑐𝑤𝑇ret
𝑛,𝑑,ℎ = (


∑

𝑒∈𝒪𝑝
𝑛

.𝑚𝑒,𝑑,ℎ + .𝑚𝑝,draw
𝑛,𝑑,ℎ

)


𝑐𝑤𝑇𝑝
𝑛,𝑑,ℎ. (40)

Here, .𝑚𝑝,draw
𝑛,𝑑,ℎ  is nonzero when water is withdrawn from pipe p, whereas .𝑚𝑝,ret

𝑛,𝑑,ℎ is 
nonzero when the building return water enters pipe p. Both terms are zero at junctions 
without a building substation or when the building is idle. The sets ℐ𝑝

𝑛  and 𝒪𝑝
𝑛  contain the 

sections carrying water into and out of junction n in pipe p, respectively.

2.7.  Central Energy Station
In this paper, the central energy station is modeled as a ground-coupled heat-pump 

and chiller station. Its source or sink temperature is represented by the undisturbed ground 
temperature and is prescribed independently of the active-ground temperature surrounding 
the network pipes.

The change in the thermal energy stored in the pipe water and active ground during 
one time step is

Δ𝐸𝑑,ℎ = ∑
𝑒∈ℰ

[𝐾𝑓
𝑒 (𝑇𝑤

𝑒,𝑑,ℎ − 𝑇𝑤
𝑒,𝑑,ℎ−) + 𝐾𝑓

𝑒 (𝑇𝑐
𝑒,𝑑,ℎ − 𝑇𝑐

𝑒,𝑑,ℎ−) + 𝐾𝑔
𝑒 (𝑇𝑔

𝑒,𝑑,ℎ − 𝑇𝑔
𝑒,𝑑,ℎ−)]. (41)

The heat transferred from the active ground to the undisturbed ground is

𝐺𝑑,ℎ = ∑
𝑒∈ℰ

𝑈𝑔
𝑒 (𝑇𝑔

𝑒,𝑑,ℎ − 𝑇∞
𝑑,ℎ). (42)

The central-station heat exchange required to maintain the network energy balance is

𝐻0,𝑑,ℎ =
Δ𝐸𝑑,ℎ

Δ𝑡𝑠
− ∑

𝑖∈ℬ
𝐻𝑖,𝑑,ℎ + 𝐺𝑑,ℎ. (43)

Positive H0, d , h  denotes heat supplied to the network, whereas negative H0, d , h  denotes 
heat removed from the network. The two directions are separated as

𝐻+
0,𝑑,ℎ = max(𝐻0,𝑑,ℎ, 0), 𝐻−

0,𝑑,ℎ = max(−𝐻0,𝑑,ℎ, 0). (44)

The station electric power is

𝑃0,𝑑,ℎ = 𝛾+
𝑑,ℎ𝐻+

0,𝑑,ℎ + 𝛾−
𝑑,ℎ𝐻−

0,𝑑,ℎ, (45)
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where 𝛾+
𝑑,ℎ and 𝛾−

𝑑,ℎ are the inverse COPs for heat supply and heat rejection, respectively. 
These coefficients are calculated from the station outlet temperatures and the prescribed 
ground-source temperature using the component model in Equations (13)–(18). The 
applicable inverse COP is set to zero when the heat injection or rejection required by the 
network energy balance can be provided through passive exchange with the ground source.

The total electrical power is

𝑃𝑑,ℎ = ∑
𝑖∈ℬ

𝑃𝑖,𝑑,ℎ + 𝑃0,𝑑,ℎ + 𝑃ℎ,𝑑,ℎ. (46)

2.8.  Physical and Numerical Constraints
Temperature bounds are imposed to prevent freezing at low temperatures and to keep 

the network within its intended operating range at high temperatures:

𝑇 ≤ 𝑇𝑝
𝑒,𝑑,ℎ ≤ 𝑇, 𝑇 ≤ 𝑇𝑝

𝑛,𝑑,ℎ ≤ 𝑇, 𝑝 ∈ {𝑤, 𝑐}. (47)

Additional hydraulic constraints are considered to ensure that each candidate pipe 
size can carry the calculated flow under the prescribed design criteria. The velocity limit 
excludes pipe sizes with excessive water velocity, while the specific-friction limit restricts 
the pressure loss per unit length:

𝑣𝑒,𝑑,ℎ ≤ 𝑣, (48)

𝑔𝑒,𝑑,ℎ ≤ 𝑔. (49)

These constraints provide the hydraulic feasibility criteria for selecting the pipe size in 
each network section.

The required active station and electrical capacities over the full year are

𝐻 = max
𝑡∈𝑇𝑎

|𝐻0,𝑡|, (50)

𝑃 = max
𝑡∈𝑇

𝑃𝑡. (51)

A candidate solution must satisfy the physical constraints in Equations (47)–(49). The 
nonlinear thermo-hydraulic calculation is accepted only when the nonlinear coupling resid-
ual and the residual of the linear thermal-balance system satisfy their prescribed tolerances:

𝜖nl ≤ 𝜖nl, 𝜖lin ≤ 𝜖lin. (52)

Here, 𝜖nl  is the maximum change in the coupled temperature and flow solution between 
consecutive iterations, and 𝜖lin  is the maximum residual of the assembled pipe, ground, 
and junction energy equations. Mass conservation and loop-pressure balance are solved 
directly and are therefore not introduced as separate acceptance residuals.

2.9.  Optimization Procedure
Because the optimization problem contains strong nonlinearities arising from the 

quadratic pressure-loss relation, temperature-dependent equipment performance, ad-
vective heat transport, changes in flow direction, and the representative-state iteration, 
together with discrete pipe-size decisions, a genetic algorithm is used because it does 
not require differentiability or convexity and can evaluate mixed discrete and continu-
ous decisions through the nonlinear thermo-hydraulic model. The solution procedure is 
summarized in Figure 2.
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Figure 2. Genetic algorithm optimization with chronological annual thermo-hydraulic evaluation.

For each fixed pipe design, the genetic algorithm selects the station-temperature pa-
rameters for each control class. Each candidate schedule is mapped to the calendar year 
and evaluated using the original hourly loads, ground temperatures, and electricity prices. 
The embedded model calculates network flows, pipe-water and ground states, equipment 
and pumping electricity, physical constraint violations, and annualized cost.

The objective value and normalized constraint violations from the annual evaluation 
are returned to the genetic algorithm. Feasible candidates are ranked by annualized cost, 
whereas infeasible candidates are ranked by constraint violation. The search terminates 
at the prescribed generation limit; the retained result is the best feasible solution found 
within that budget. The optimization provides an idealized assessment of pipe-network 
thermal-storage potential under known weather and building loads.

2.10.  Use of Generative AI
The authors used OpenAI Codex to generate the schematic of the modeled fifth-

generation district heating and cooling system (Figure 1) and the flowchart of the genetic 
algorithm and annual thermo-hydraulic evaluation (Figure 2). The authors reviewed 
and edited the generated graphics to ensure that they accurately represented the system 
configuration and optimization procedure described in this section.

3.  Case Study
3.1.  Case Description and Input Data

To evaluate the proposed optimization framework, a synthetic district based on our 
previous study [25] is considered. The district contains seven buildings: one medium 
office building, four mid-rise apartment buildings, one primary school, and one data center. 
Their heating and cooling loads were generated from EnergyPlus archetype simulations 
using Beijing weather data and were treated as fixed inputs to the optimization. Table 1 
reports the peak heating and cooling loads of the individual buildings. The aggregated 
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8760 h load profiles reach peak heating and cooling demands of 19.84 and 23.95 MW, 
respectively (Figure 3b).

Table 1. Peak heating and cooling loads of the individual buildings.

Building Building Type Peak Heating Load (MW) Peak Cooling Load (MW)

1 Medium office 4.835 8.240

2 Mid-rise apartment 4.310 7.050

3 Primary school 3.252 5.940

4 Mid-rise apartment 8.442 13.810

5 Mid-rise apartment 5.019 8.210

6 Mid-rise apartment 6.138 10.040

7 Data center 0 2.198

Figure 3. Case-study inputs: (a) network layout, (b) annual heating and cooling loads, (c) represen-
tative days and weights, and (d) TOU electricity prices.

The building-side operating temperatures are determined by their end-use require-
ments. The heating supply and return temperatures are 45 and 35 °C, respectively. The cool-
ing supply and return temperatures are 7 and 12 °C for all buildings except the data center, 
which operates at 16 and 30 °C. Cooling can be supplied directly through a heat exchanger 
when the cold-pipe temperature is sufficiently low. A minimum temperature difference of 
2 K across the heat exchanger is imposed to account for its heat-transfer requirement.
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A ring-type network was manually designed to connect the seven buildings and the 
central energy station, as shown in Figure 3a. The network contains 22 route sections with a 
total route length of 2.459 km. Each route section contains one warm pipe and one cold 
pipe with identical lengths and diameters. The network topology and route lengths remain 
fixed, whereas the pipe diameters are selected by the optimization model.

K-means clustering groups the 365 calendar days into 12 control classes using the 
daily heating and cooling profiles and ground-temperature information. Each centroid is 
represented by its nearest calendar day. The selected days and annual weights in Figure 3c 
and Table 2 describe this control parameterization; all candidates are evaluated using the 
original 8760 h inputs. A 24-class parameterization is examined as a sensitivity case.

Table 2. Selected representative days and their annual weights.

Representative Day Calendar Date Weight (Days)

D011 January 11 25.19
D029 January 29 55.29
D072 March 13 18.54
D096 April 6 47.37
D144 May 24 35.04
D173 June 22 1.00
D179 June 28 19.00
D203 July 22 25.51
D208 July 27 34.39
D269 September 26 23.30
D289 October 16 59.10
D330 November 26 21.27
Total 365.00

Table 3 summarizes the principal physical and economic parameters applied to the case 
study. The warm- and cold-pipe temperatures at the central energy station are represented 
by their mean temperature and a fixed temperature difference of 7 K. The allowable mean-
temperature range is therefore 5.5–31.5 °C, corresponding to the 2–35 °C limits imposed on 
the two station outlet temperatures. The same temperature limits are applied throughout 
the network. The hourly energy prices follow the TOU schedule shown in Figure 3d, while 
the maximum-demand charge is calculated separately.

Table 3. Principal parameters applied to the case study.

Category Parameter Value

Building heating Supply/return temperatures 45/35 °C

Isentropic efficiency 0.80

Fractional heat loss 0.10

Maximum COP 7

Building cooling Supply/return temperatures 7/12 °C

Data-center supply/return temperatures 16/30 °C

Isentropic efficiency 0.75

Fractional heat loss 0.10
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Table 3. Cont.

Category Parameter Value

Heat exchanger Minimum temperature difference 2 K

Central energy station Isentropic efficiency 0.80

Fractional heat loss 0.10

Ground-side temperature change 4 K

Network temperature Warm–cold temperature difference 7 K

Station mean-temperature range 5.5–31.5 °C

Network temperature range 2–35 °C

Hydraulics Pump efficiency 0.80

Maximum water velocity 3.5 m/s

Maximum specific friction loss 150 Pa/m

Water Density 1000 kg/m3 

Specific heat capacity 4.18 kJ/(kg·K)

Ground Thermal conductivity 1.5 W/(m·K)

Volumetric heat capacity 2.0 MJ/(m3 ·K)

Pipe burial depth 2.0 m

Finance Discount rate 6%

Project lifetime 25 years

Capital recovery factor 0.07823

Capacity investment Central equipment 1500 CNY/kW_th

Electrical connection 4000 CNY/kW_el

Connection-cost allocation factor 0.15

Electricity tariff Energy price TOU electricity 
price (Figure 3d)

Maximum-demand charge 51 CNY/(kW·month)

The pipe-size data are adopted from our previous study [25]. The catalog contains 
20 nominal diameters from DN50 to DN1400, with internal diameters ranging from 50 
to 1388 mm. The corresponding unit costs range from 139 to 3134 CNY/m for one pipe. 
Because every route section contains one warm pipe and one cold pipe, the investment 
calculation includes the cost of both pipes. Table 4 provides the complete pipe-size catalog.

Table 4. Pipe-size catalog used in the case study. Unit costs include civil works.

Nominal 
Diameter

Outer Diameter 
(mm)

Wall Thickness 
(mm)

Inner Diameter 
(mm)

Unit Cost 
(CNY/m per Pipe)

DN50 57 3.5 50 139

DN70 76 3.5 69 187

DN80 89 3.5 82 156

DN100 108 4.0 100 217

DN125 133 4.0 125 239

DN150 159 4.5 150 263

DN200 219 6.0 207 300

DN250 273 6.0 261 380
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Table 4. Cont.

Nominal 
Diameter

Outer Diameter 
(mm)

Wall Thickness 
(mm)

Inner Diameter 
(mm)

Unit Cost 
(CNY/m per Pipe)

DN300 325 7.0 311 450

DN350 377 7.0 363 560

DN400 426 7.0 412 650

DN450 478 7.0 464 700

DN500 529 8.0 513 800

DN600 630 8.0 614 900

DN700 720 9.0 702 1100

DN800 820 10.0 800 1300

DN900 920 10.0 900 1500

DN1000 1020 12.0 996 1800

DN1200 1220 14.0 1192 2500

DN1400 1420 16.0 1388 3134

3.2.  Experimental Design and Optimization Settings
This study evaluates the operational value of the existing network thermal capacity 

and the economic feasibility of increasing this capacity through pipe enlargement. For 
this purpose, six core cases are designed by combining two temperature-control strategies 
with three pipe-capacity levels. The temperature difference between the warm and cold 
pipes is fixed at 7 K in all core cases. This setting prevents changes in the mean network 
temperature and changes in the temperature difference from affecting the comparison 
simultaneously. The operational decision is therefore the mean-temperature trajectory at 
the central energy station.

The two temperature-control strategies are denoted Cases A and B. Under the daily-
constant control adopted in Case A, one station mean temperature is optimized for each 
representative day and maintained for 24 h. This strategy can select a suitable operating 
temperature for each daily condition, but it cannot actively schedule the network thermal 
state by varying the station temperature within the day. Case B applies predictive control 
and allows the station mean temperature to vary within the day.

Directly optimizing the station temperature for every hour would introduce 24 temper-
ature variables for each representative day and substantially increase the computational 
cost of the genetic algorithm with the embedded thermo-hydraulic model. Case B therefore 
optimizes six station mean-temperature points at 0, 4, 8, 12, 16, and 20 h. The hourly tem-
perature trajectory is obtained through piecewise-linear interpolation between these points. 
This formulation reduces the number of temperature variables from 24 to six per cluster. 
The loads and electricity prices are used to determine the trajectory, allowing the water and 
surrounding soil to shift system electricity use over time.

The baseline pipe design was obtained under the daily-constant control of Case A 
using the thermo-hydraulic model and feasibility constraints described in Section 2. The 
resulting diameter vector defines the baseline pipe design, denoted k = 0.

After the baseline diameter vector is obtained, it is fixed and evaluated under both 
temperature-control strategies. Case A-k0 uses daily-constant control, whereas Case B-k0 
applies predictive control to the same physical network. Two enlarged pipe designs are 
then constructed from the baseline design. For k = +1, the diameter of the warm and cold 
pipes in every route section is increased by one available catalog size. For k = +2, each 
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diameter is increased by two catalog sizes. Cases A and B are reoptimized separately for 
each pipe-capacity level, producing the six core cases summarized in Table 5.

Table 5. Core experiment design.

Pipe-Capacity Level Daily-Constant Control Predictive Control Main Purpose

Baseline 
diameters, k = 0 Case A-k0 Case B-k0

Evaluate the operational value of the 
thermal capacity available in the 

baseline network
One catalog size 

larger, k = +1 Case A-k1 Case B-k1 Evaluate the economic effect of a 
moderate increase in pipe size

Two catalog sizes 
larger, k = +2 Case A-k2 Case B-k2

Determine whether a further increase in 
network thermal capacity produces 

sufficient operating benefits

Cases A-k0 and B-k0 use identical pipes, building loads, station warm–cold temper-
ature differences, and physical constraints. Their cost difference measures the incremen-
tal value of allowing the station mean temperature to vary within the day. This com-
parison includes both thermal-state scheduling and changes in temperature-dependent 
equipment performance.

Comparisons among k = 0, k = +1, and k = +2 under the same control strategy are used 
to evaluate the overall economic effect of pipe enlargement. Larger pipes increase the water 
volume and thermal capacity of the network while reducing hydraulic resistance. How-
ever, they require additional pipe investment. Pipe enlargement is economically justified 
only when the reductions in the other annualized cost components exceed the additional 
annualized pipe cost.

The benefits of pipe enlargement cannot be attributed entirely to the increase in thermal 
capacity. Even under daily-constant control, larger pipes may reduce pumping electricity, 
relieve hydraulic constraints, and allow the system to operate at a more favorable tempera-
ture. The cost difference between Cases A and B is therefore calculated separately at each 
pipe-capacity level. Comparing these differences indicates whether the additional water 
volume increases the marginal value of intraday temperature scheduling.

The six cases were optimized using pymoo 0.6.2, with a population of 24 and fixed limits 
of 15 generations for Case A and 25 generations for Case B. Simulated binary crossover used 
probability 0.9 and distribution index 15. Polynomial mutation used individual probability 
0.9, distribution index 20, and variable probability min(0.5, 1/n), where n is the number of 
control variables. Feasibility-first ranking was applied. Matched pipe-design comparisons 
used common initial candidate pools and search budgets. Independent-seed repetitions 
were performed for the k0 and k + 1 predictive cases. With six parallel worker processes, 
recorded wall times, including final checks, were approximately 7.9–8.1 min for Case A 
and 13.3–17.5 min for Case B. Full settings, convergence histories, and repetitions are 
documented in Supplementary Materials.

3.3.  Results Analysis
Predictive temperature control reduced the annualized cost at all three pipe-capacity 

levels, but the savings remained below 1% (Figure 4a). For the baseline network, the 
annualized cost decreased from 10.586 million CNY/a under daily-constant control to 
10.568 million CNY/a under predictive control, corresponding to a saving of 18,400 CNY/a 
or 0.17%. The saving increased to 37,800 CNY/a at k = +1, equivalent to 0.36% of the 
daily-constant cost, and was 55,000 CNY/a at k = +2, equivalent to 0.52%. The largest 
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reduction was therefore obtained at k = +2. Nevertheless, Predictive-k0 retained the lowest 
annualized cost among all six cases.

Figure 4. Annualized cost and savings from predictive temperature control. (a) Annualized costs. 
(b) Savings by cost component.

The monthly demand charge was the main source of the savings from predictive control 
at k = 0 and k = +1 (Figure 4b). Its reduction contributed 14,900 and 31,800 CNY/a at 
k = 0 and k = +1, accounting for 81.0% and 84.1% of the corresponding net savings. By 
comparison, the energy charge decreased by 3800 and 6100 CNY/a at k = 0 and k = +1 and 
increased by 37,300 CNY/a at k = +2. The demand-charge savings at k = 0 and k = +1 came 
from lower monthly billing peaks; the annual maximum electrical demand increased by less 
than 0.3 kW in both cases. At k = +2, the active station-capacity reduction became the largest 
saving component: the required capacity decreased by 567.0 kW, saving 66,500 CNY/a. The 
economic value of predictive control was therefore governed mainly by monthly demand 
charges and active-equipment investment.

Increasing the pipe size substantially reduced pumping electricity but did not reduce 
the total annualized cost (Figure 5). Relative to Predictive-k0, the network water volume 
increased by 32.1% at k = +1 and by 69.5% at k = +2, while pumping electricity decreased 
from 15.50 MWh/a to 7.47 and 4.03 MWh/a, respectively. The corresponding total electricity 
consumption increased by 0.12% and 0.95%. The annualized cost consequently increased by 
14,300 CNY/a at k = +1 and by 46,600 CNY/a at k = +2, equivalent to 0.14% and 0.44%. In 
the k = +2 case, the active station-capacity cost decreased by 64,400 CNY/a, but this saving 
and the 11,500 CNY/a reduction in monthly demand charge were insufficient to offset the 
increases of 80,000 CNY/a in pipe cost and 45,500 CNY/a in energy charge. Thus, the 
operating benefits provided by the enlarged pipes did not justify their additional investment 
in this district.

Figure 6 illustrates the operation of predictive control under winter and summer 
conditions. The k = +1 network is presented as the intermediate pipe design. On January 
11, the heating load reached 12.84 MW at 7 h, while the data-center cooling load remained 
close to 1.97 MW. Predictive control lowered both station outlet temperatures by 4.45 K at 
7 h. The network thermal state relative to daily-constant control fell from +1.88 MWh at 2 h 
to −5.62 MWh at 8 h, indicating heat release during the morning heating peak. The daily 
electrical peak decreased from 3.157 to 3.027 MW. Electrical demand was subsequently 
increased as the network thermal state was restored. On June 22, the district had only 
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cooling demand, with a peak of 23.95 MW. The thermal-state difference ranged from −0.29 
to +1.04 MWh, and the daily electrical peak decreased only slightly, from 2.966 to 2.961 MW. 
The winter trajectory therefore reduced the morning heating-related electrical peak, whereas 
the selected summer day showed a smaller electrical peak reduction. In both cases, the 
optimized temperature trajectory responded to the building loads, equipment performance, 
and capacity costs rather than simply following the TOU electricity price.

Figure 5. Physical and economic effects of pipe enlargement under predictive control. (a) Water 
volume, electricity use, and cost. (b) Cost changes from k = 0.

Figure 7 extends the predictive-control comparison from k − 2 to k + 2. The k − 1 
and k − 2 designs exceeded the 150 Pa/m specific-friction limit specified in Table 3 and 
Equation (49). These two designs were therefore optimized with only this limit removed, 
while all remaining constraints were retained.

Across the five best solutions found, pipe investment accounted for 1.8–3.2% of total 
annualized cost, while energy and monthly demand charges together accounted for ap-
proximately 67–68%. Reducing pipe sizes lowered investment but increased energy charges. 
For the enlarged designs, net reductions in the other cost components offset only 54.7% 
and 41.7% of the additional pipe annuity at k + 1 and k + 2, respectively. The expanded 
comparison therefore showed limited economic justification for enlarging pipes specifically 
to increase thermal storage capacity in this case.

3.4.  Sensitivity Analysis
To assess solution repeatability, the k0 and k + 1 predictive optimizations were repeated 

using different random seeds. Total annualized costs differed by only 0.18% and 0.24%, 
respectively, indicating consistent economic results across the repeated runs.

To examine the influence of the number of clusters, the predictive controls were opti-
mized using 12 and 24 daily control classes. Total annualized costs differed by 1.57% at k0 
and 1.70% at k + 1 (Section S2 of the Supplementary Materials). Although these changes 
exceeded the cost differences between pipe designs, both parameterizations showed limited 
economic separation between k0 and k + 1. Increasing the number of control classes did 
not reveal a substantial economic advantage for pipe enlargement.
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Figure 6. Winter and summer operation of the k = +1 network. (a,b) Building loads. (c,d) TOU prices. 
(e,f) Station temperatures. (g,h) Δ thermal state. (i,j) Δ electrical demand. Δ denotes predictive 
minus daily-constant control.

Tariff sensitivity was examined by removing the monthly demand charge and by 
doubling the peak–off-peak spread while preserving the annual arithmetic mean price. 
Removing demand charges reduced total costs by approximately 17% but eliminated the 
demand-charge savings associated with pipe enlargement. Energy charges changed by only 
approximately 0.3% in both tariff scenarios. In the retained solutions, k + 1 remained 0.39% 
and 0.19% more expensive than k0, respectively. Thus, the tariff changes affected operating 
savings, but the incremental benefits of larger pipes remained insufficient to offset their 
additional investment. Detailed tariff sensitivity results are provided in Section S3 of the 
Supplementary Materials.
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Figure 7. Annualized cost decomposition across the five predictive-control pipe designs: (a) total 
cost and its components; (b) component changes relative to Predictive-k0. Black diamonds and labels 
indicate net cost changes. The specific-friction limit was relaxed only for k − 2 and k − 1; all other 
constraints were retained.

4.  Discussion
For the investigated case, the results indicate that the existing pipe network can provide 

short-term operational flexibility, but its economic value is modest and depends mainly 
on avoided demand and capacity charges. The annualized cost reduction of 0.17–0.52% 
is consistent with the approximately 2% or lower cost savings reported for pipe-network 
storage in conventional district-heating systems [28,29]. This agreement suggests that, 
although the 5GDHC network in the present case can provide both heat- and cold-storage 
potential by adjusting the temperatures of its warm and cold pipes, this additional physical 
flexibility does not necessarily produce a large economic improvement.

The cost decomposition shows that predictive control generated most of its savings 
by reducing the monthly electrical demand and, at k = +2, the required central-station 
capacity, whereas the energy charge changed only slightly or increased. Shifting the network 
temperature affects heat-pump and chiller performance as well as heat transfer between 
the pipes and the ground. A reduction in peak demand can therefore be accompanied by a 
small increase in total electricity consumption. The economic value of pipe-network storage 
consequently depends more on the alignment among thermal loads, electrical peaks, and 
the tariff structure than on the available water volume alone.

This distinction is important when pipe enlargement is considered. In the tested 
designs, larger pipes increase the water volume and reduce pumping electricity, but they 
simultaneously increase pipe investment and alter the thermal and hydraulic operation of the 
network. Although the k = +2 design produced the largest relative saving from predictive 
control, it still had a higher annualized cost than the baseline pipe design. Additional 
network thermal capacity might become valuable when it can be dispatched frequently 
enough to reduce expensive electrical peaks and offset the additional pipe investment. From 
a design perspective, predictive temperature control should therefore be used to exploit the 
thermal capacity already available in the network before pipe enlargement is considered 
for the tested case.

5.  Conclusions
This study developed a thermo-hydraulic optimization framework to evaluate the 

economic value of the thermal capacity available in a 5GDHC pipe network and determine 
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whether increasing this capacity through pipe enlargement is economically justified. The 
framework represents the dynamic thermal behavior of the network together with its 
hydraulic operation, equipment performance, and economic costs. A genetic algorithm 
was adopted to solve the resulting nonlinear optimization problem. Daily-constant and 
predictive temperature control were compared at three pipe-capacity levels for a 5GDHC 
system in Beijing.

The results indicate that predictive temperature control reduced the annualized cost 
at all three pipe-capacity levels, but the savings remained between 0.17% and 0.52%. The 
monthly demand charge was the main source of these savings at the baseline and one-size-
enlarged designs, while active-equipment investment was the largest saving component at 
the two-size-enlarged design, whereas the energy charge changed only slightly or increased. 
Increasing every pipe diameter by two catalogue sizes produced the largest saving from 
predictive control. Nevertheless, predictive control with the baseline pipe diameters retained 
the lowest annualized cost among the six main cases. Increasing every pipe diameter by one 
or two catalogue sizes increased the network water volume by 32.1% and 69.5% and reduced 
pumping electricity from 15.50 MWh/a to 7.47 and 4.03 MWh/a, respectively. However, the 
corresponding annualized costs increased by 14.3 and 46.6 thousand CNY/a (0.14% and 
0.44%) relative to predictive control with the baseline pipe diameters. For the investigated 
case and tested pipe sizes, the results favor exploiting the existing network thermal capacity 
through temperature control before increasing pipe volume.

Because the investigated case represents a 5GDHC system in Beijing, both the mag-
nitude of the economic benefits and the relative cost ranking of the tested pipe sizes may 
differ under other regional climates and operating conditions. The model further assumes 
a fixed station temperature difference between the warm and cold pipes. Future studies 
should evaluate pipe-network thermal storage in other climatic regions and investigate 
control strategies in which the temperature difference between the warm and cold pipes 
can vary, while accounting for weather and building-load forecast uncertainties during 
the operation. The demonstrated potential to reduce maximum electrical demand further 
suggests that 5GDHC pipe networks could be investigated as demand-side resources for 
electrical grid peak shaving.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/buildings16224569/s1, Figure S1: Pipe-water temperatures over a 
24 h cycle; Figure S2: GA convergence for two random seeds; Table S1: Benchmark geometry, proper-
ties, and boundary conditions; Table S2: Hourly heat-transfer model errors; Table S3: Annualized 
costs with 12 and 24 control classes; Table S4: Annualized costs under alternative tariffs; Table S5: GA 
settings and random seeds; Table S6: GA run times and annualized costs; Table S7: Cost components 
and feasibility by pipe design. The supplementary file provides pipe–ground heat-transfer verifica-
tion, control-class and tariff sensitivity results, optimization settings and convergence histories, and 
comparisons of smaller pipe designs.
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