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Abstract: To mitigate soil heat accumulation that reduces the
energy efficiency of ground source heat pump systems in cooling-
dominated regions, a novel heat recovery ground source heat pump
(HRGSHP) system is designed and a three-year field test is
performed in this paper. The system parallels a conventional
condenser and heat recovery condenser within a single heat pump,
recovering excess condenser heat to provide 50 °C hot water during
summer operation. Results demonstrate that the HRGSHP
effectively limits soil temperature rise to []J0.45 °C while meeting the
air conditioning demand. To further enhance efficiency, a multi-
objective optimization framework combining a genetic algorithm and
backpropagation neural network (GA-BPNN) model with a technique
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for order preference by similarity to ideal solution (TOPSIS) is
developed. This enables accurate energy performance prediction
and optimal operational parameter setpoint determination. The
optimized system achieved improvements, with average coefficients
of performance for system (COP;) and heat pump (COP,) increased
by 27% and 11% in winter, respectively, the energy efficiency ratios
for system (EERs) and heat pump (E£ER,) increased by 21% and 11%
in summer, respectively, and operational costs were reduced by 19%.
This work provides experimental evidence and optimization
guidelines for implementing HRGSHP

systems in building

applications.

Keywords: Ground source heat pump, Condensation heat recovery,
Field experiments, Energy performance, Optimization, Genetic
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1. Introduction

Building energy consumption accounts for 30%-40% of global
final energy consumption!, with a significant proportion of this
energy used for heating, ventilation, and air-conditioning (HVAC)
systems?. To address this issue, many industrialized nations have
invested in renewable energy technologies to reduce their carbon
footprints3. Ground source heat pump (GSHP) systems exchange
heat with stable underground temperatures through ground heat
exchangers (GHEs) buried at depths of within 200 m, and then
electric-driven heat pumps are used to enhance their heating and
cooling regulation capaciitv?. As a result, GSHP systems can operate
with relatively stable performance across seasons®. They have
witnessed substantially increased adoption owing to their high
coefficient of performance (COP)%7 and potential to reduce energy
consumption by up to 40% compared with conventional HVAC
systems®.

Despite these advantages, the long-term operation of GSHP
systems in cooling-dominated regions, such as those characterized
by hot summers and cold winters (HSCW), often leads to soil thermal
imbalance and performance degradation due to the fact that more
heat is injected into the ground than extracted®. Qian and Wang!®
simulated the changes in soil temperature and COP under four
scenarios. For scenario 1, only under a constant 50 kW cooling load,
the soil temperature increased by approximately 12.5 °C, and COP
decreased by 1.25 after 10 years of operation. In contrast, under a
constant 50 kW heating load, the soil temperature decreased by



10.6 °C. To address thermal imbalance, hybrid GSHP (HGSHP)
systems commonly integrate cooling towers to reject excess heat to
the atmospherell-13, While effective for achieving soil thermal
balance, this approach wastes valuable low-grade thermal energy.
Specifically, this configuration treats excess heat only as a burden to
be rejected, rather than as a recoverable energy resource that can
be actively integrated into system operation. In fact, certain special
building applications, such as data centers!4, industrial facilities,
and archives, during dehumidification cooling cycles for air
conditioning, cooling coils often overcool air to remove latent load,
followed by electric reheating, leading to further energy waste. This
demand for simultaneous cooling and heating presents a prime
opportunity for condensing heat recovery.

Previous studies have explored the potential benefits of
condensing heat recovery. For instance, Zhao et al.1®> simulated the
operation of heating/cooling systems in a Shanghai hotel (TRNSYS)
over a 20-year period and found that increasing the heat recovery
rate to 53% reduced the annual soil temperature rise from 8.78 °C
to 0.34 °C. Zhang et al.16 found that heat recovery provided 15%-30%
energy savings, albeit with a continuous decline in the COP of the
system (up to 28% after 20 years) due to independent, dedicated
heat recovery units operating year-round. Although this type of
system is flexible in layout and operation, it will cause waste of space
and investment in intermittent operation conditions of heat recovery.

In addition, achieving and maintaining a high COP (>3) and
energy efficiency ratio (EER) (>3) for such HGSHP systems is
challenging, primarily due to the inevitable discrepancies between
system design and real-world operation!’. Achieving optimal
performance often requires careful tuning of the operational
parameters!8-20, Conventional performance assessment methods,
such as experimental testing and simulations, face practical
limitations in large-scale, real-time optimization due to sensor
constraints and computational demands?2!22, Machine learning (ML)
techniques provide an effective alternative due to their ability to
handle large datasets and capture complex nonlinear behavior. In



particular, for an integrated HRGSHP system with dynamically
coupled heat recovery and ground heat exchange processes, data-
driven modeling becomes a necessary tool to capture nonlinear
interactions and support system-level operational optimization. The
random forest (RF)2!, adaptive neural fuzzy inference system
(ANFIS)22, and extreme learning machine (ELM)23 have been applied
to GSHP in previous studies. But most existing applications focus on
specific operating conditions or individual GSHP systems, and
extending these models to systems involving coupled operating
modes remains no easy task. In contrast, the BPNN has been widely
demonstrated to be effective in modeling HGSHP24-26, However,
extending such approaches to HRGSHP systems with frequent
switching between cooling and heat recovery introduces additional
modeling complexity and places higher demands on model
robustness, as parameters such as the weight threshold and the
number of inputs of neural networks have a significant impact on the
model quality.

While the literature confirms that heat recovery can mitigate soil
heat accumulation and utilize waste heat, several gaps remain: (1)
increased space requirements due to the separation of heat recovery
units from GSHP systems2?, and unclear system structures and
thermodynamic principles in existing HRGSHP studies!6.28; (2) lack
of integrated optimization approaches that explicitly consider heat
recovery parameters in seasonal GSHP operation; (3) heavy reliance
on simulation-based analysis with limited long-term field validation.

To address both the soil thermal imbalance issue and the waste
heat recovery opportunity, a novel heat recovery ground source heat
pump (HRGSHP) system is proposed here. Based on the principle of
Carnot cycle-based heat recovery chillers?9, the HRGSHP system
integrates space cooling and heating as well as year-round hot water
supply within a single system (see Fig. 1). Its core innovation lies in
employing tee valves to arrange two condensers in parallel within a
single heat pump unit. This enables the capturing of condenser heat
destined for the ground during cooling operations and its
repurposing for heating, and/or reheating after dehumidification



cooling, and/or domestic hot water (DHW) supply. The detailed
thermodynamic principles and operation modes are seen in Section
2.
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Fig. 1. Schematic of the proposed HRGSHP system.
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The main contributions of the present work are the following:

1. System innovation, in which a conventional condenser and a
heat recovery condenser are connected in parallel within a single
heat pump wunit, enabling the direct utilization of recovered
condensation heat for air-conditioning hot water supply. This
integrated design fundamentally alters the heat rejection pathway of
conventional GSHP systems, alleviates soil thermal imbalance, and
enables the simultaneous provision of chilled and hot water for air-
conditioning purposes. To the authors’ knowledge, such an
integrated condenser configuration within a single GSHP system has
not been previously reported.

2. Field wvalidation, where long-term monitoring of soil
temperature and energy performance under real operating
conditions in an HSCW climate is conducted, provides rare
experimental evidence for the long-term effectiveness of the
proposed HRGSHP system.

3. System operational optimization considering multi-parameter
interactions. The proposed HRGSHP architecture introduces
additional operational parameters and dynamics. This necessitates
optimization that explicitly accounts for interactions among multiple



operating parameters. Thus, an optimized BPNN combined with a
TOPSIS framework is employed to identify optimal seasonal
operating parameter combinations, rather than performing isolated
parameter tuning.

4. Quantitative evaluation of performance and cost. The impacts
of heat recovery parameters on both COP; (EERs) and COP, (EER,)
for both the system and heat pump (s and u subscripts, respectively),
together with associated operating costs, enabling targeted
operation set to maximize efficiency.

2 System operation modes and thermodynamic principles

The proposed HRGSHP system integrates a parallel heat
recovery condenser into the refrigeration cycle to simultaneously
reduce soil heat accumulation and utilize waste heat. By increasing
the condensation temperature, this configuration enables the partial
or full recovery of the condensation heat. By switching between the
four-way and three-way valves, the system can achieve four
operating modes. Fig. 2 shows the thermodynamic process of the
heat recovery heat pump in the four modes of the system.

1. Cooling Mode (Summer). As seen in Fig. 2 (a), the operation
cycle is compressor (1-2), condenser (2—3—4), expansion valve
(4-5), and evaporator (5—1). The output is 7 °C chilled water for
space cooling.

2. Cooling + Hot Water Mode (Summer). As seen in Fig. 2 (b),
there are two operation cycles. For the heat recovery phase, the
operation cycle is compressor (1-2), heat recovery condenser
(2-3-4), expansion valve (4-5), and evaporator (5—1). The cooling
mode, the operation cycle is compressor (1—-2), condenser (2—3-06),
expansion valve (6—7), and evaporator (7—1). The output is 7.7 °C
(state point 8) chilled water and 50 °C hot water. Heat recovery is
achieved via tee valve control.

3. Hot Water Mode (Transitional). The operation cycle is the
same as the cooling mode (Summer). The output is 50 °C hot water.

4. Heating Mode (Winter). The operation cycle is the same as the
cooling mode (Summer). The output is 55 °C hot water for space
heating.



The state of the system under different pressure O, is the cooling capacity. 0, is the condensation heat; w is work done by
and enthalpy conditions. external force (electrical quantity); 7,2,3...is the thermodynamic state point
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Fig. 2. Schematics of the different rﬁ-c;des of the proposed HRGSHP system
and corresponding pressure (P)-enthalpy (4) curves.

3 Methodology
3.1 Field test site description and climate conditions

To assess the performance of the HRGSHP system, field tests
were conducted on a demonstration system installed in an industrial
building located in Tongren City, Guizhou Province, China. Tongren,
which is located in the HSCW region of China, experiences four
distinct seasons throughout the year. The climatic conditions and
seasonal distribution of the study region, based on long-term
meteorological data and Ref. 3039, are summarized in Table 1. This
work primarily focuses on the system operation in winter and
summer, as the system is not required during the other two seasons.
The onset and duration of the cooling and heating periods are
determined based on the local climate conditions as well as the
specific temperature and humidity requirements of the building.

Table 1 Climate conditions of Tongren city, Guizhou Province, China.



Item Value/Description
Average annual precipitation 1208.8mm

Annual temperature 13.5°C-17.6 °C

Highest mean daily temperature in 33.0°C, usually in August

summer
L t daily t t i
owest mean §1 y temperature in 3°C, usually in January
winter
. December to late March, last 4
Winter
months
Summer May to September, lasts 4 months
Spring Late March to April, lasts 2 months
October to November, lasts 2
Autumn

months

Fig. 3 illustrates the operational configuration of the HRGSHP
system for different seasons, and the designed parameters of the
components based on Chinese standards (GB50736-2012 and
GB50366-2005 are given in Table 2. A total cof 2 heat recovery heat
pumps (HR-HPs), which have a cooling capacity of 1713 kW in
cooling mode, 1938 kW in cooling and heat recovery mode, and 1705
kW in heating mode, are established in this building for the HRGSHP
system. The GHEs are made of high-density polyethylene pipes
(HDPE), through which water gets the geothermal energy as a heat
source or a heat sink. The GHEs are the closed vertical type (double
U-shaped) and have 531 boreholes of 150m in depth. The distance
between the boreholes is 5 m. Detailed information on GHEs as seen
in Table 2 and their allocation as seen in Fig.4.

In winter, as shown in Fig. 3(a), the system operates in the
heating mode, with the GHEs acting as heat sources that transfer
heat to the building through the heat recovery heat pumps (HR-HPs).
In summer, as shown in Fig. 3(b), the system alternates between the
cooling and hot water modes. The transition between these two
modes is determined by the water temperature in the hot-water
storage tank. As the temperature of the hot-water storage tank falls
below 43 °C, the system enters the hot water mode. This transition
is driven by the heat recovery condenser of the HR-HPs and the hot-
water storage tank. Conversely, as the temperature of the hot-water
storage tank exceeds 48 °C, the system enters the cooling mode. In



this mode, the GHESs serve as cold sources, and heat is transferred
to the building via the HPs. The cooling/heating output is regulated
based on the temperature difference between the supply and return
water. If this difference deviates from the set value, the effective
working length of the screw compressor is adjusted via the slide
valve, which regulates the cooling capacity of the system. The heat
recovery heat pumps used in this study are equipped with inverter-
driven compressors, allowing continuous modulation of system
capacity rather than discrete staged operation. The circulating water
pump of the user side is driven by variable-frequency pumps, which
are adjusted by a predefined temperature difference, rather than
regulated by an online machine-learning-based closed-loop
controller. Fig. 5 presents the main components of the HRGSHP
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Fig. 3. Process flow diagram of the HRGSHP system for different seasons:

(a) winter (December 1 to March 1) and (b) summer (May 1 to September
30).

— 1 P l T F "
I - .. - et
[T [\ F Lo
| = -
w— ”=— -
- -
— 77[ i ‘F7

2t
5 T 7 HH.
frivivirt Buried holes wr u |
it | A e ol ™
Ay N Ll
ond] ~ I |
Wty

g
OO TEEERREIEEEE HREes

Fig. 4. The distribution of GHEs.



Fig. 5. Photographs of the main components of the HRGSHP system: (a) air
conditioning vents, (b) air conditioning unit (provides both hot water and
cold water), (c) heat pump units, and (d) heat pump inlet and outlet valves.

Table 2 Designed parameters of the components in the HRGSHP system.

Devices Information

Inlet and outlet water temperature in
condenser: 20/ 25 °C; Inlet and outlet water
temperature in Evaporator: 12/7 °C;
Cooling power: 1713 kW;

Electric power: 294 kW;

Rated condition COP: 5.82.

Inlet and outlet water temperature in
condenser: 50/ 55 °C; Inlet and outlet water
Hot water temperature in Evaporator: 12/7.7 °C;
mode Cooling power: 1938 kW;

Electric power: 477 kW;

Rated condition COP: 4.06.

Inlet and outlet water temperature in
condenser: 50/ 55 °C; Inlet and outlet water
temperature in Evaporator: 10/5 °C;

Cooling mode

HR-HPs

Heating
mode




Heating power: 1705 kW;
Electric power: 475 kW;
Rated condition COP: 3.56.
Flow rate: 600 m3/h; Water head: 39 m H,O;
Electric power: 132 kW.
Flow rate: 650 m3/h; Water head: 60 m H;O;
Electric power: 160 kW.
Heat recovery side water Flow rate: 300 m3/h; Water head: 20 m H,O;
pump Electric power: 30 kW.
Borehole depth: 150 m;
Borehole distance: 5m;
Borehole number: 531;
GHESs circuit GHESs material: high density polyethylene pipes
(HDPE);
GHESs diameters: DN32;
GHESs type: Vertical Double-U;
Hot water storage tank Volume: 30m3

User side water pump

Ground side water pump

3.2 Measurement and evaluation
3.2.1 Data acquisition and instrumentation

To study the actual energy performance of the HRGSHP system
during winter and summer, as shown in Fig. 3, the operational
parameters were measured at 5-min intervals. A total of 233,856
data points were collected from August 2019 to December 2022,
including measurements of the following parameters:

(1)Electricity usage of the interior units (not included in the
scope of this study);

(2)Six water temperatures, including the inlet and outlet
temperatures of the ground side (7,4 / 7,4), user side (75 / 75,4), and
heat recovery side (7ir /75, 1);

(3)Four power consumption parameters (in kWh), including
those of the compressors and circulating water pumps;

(4) Three water volumetric flow rates (in m3/h), including those
of the user side (G,), ground side (G;), and heat recovery side (G;);

(5)Soil temperatures (7;) measured every 10 m in depth inside
three temperature-monitoring boreholes located just outside, at the
center, and in the periphery of the GHE area;

(6) Outdoor air temperature (£) and humidity (@) obtained from
the local meteorological office and integrated into the dataset.

The data were acquired using a long-term monitoring platform.



The sensor loggers were placed at key system locations and
calibrated prior to installation to ensure accuracy. The locations of
each measurement point are shown in Fig. 3. All measurement data
presented in this article were obtained using the instruments listed
in Table 3.

Table 3 Measurement instruments and parameters.

Measuring Time Measured parameter Accuracy
instrument interval

Temperature sensor 5 minutes Lg 10,9, T To,w Tie, To,10 T + 0.5 °C
Flow sensor 5 minutes Gy, G, Gr +1%
Three-phase electric 5 minutes heat pump electrical + 3%
power meter power inputs

circulating pumps

electrical power inputs
Temperature and 5 minutes outdoor dry-bulb + 0.5 °C
humidity recorder temperature

outdoor relative humidity

3.2.2 Performance evaluation indicators

The COPand EER, defined as the ratio of the heat exchange rate
to the power consumption, are commonly used to assess the
operating efficiency of GSHP systems 3!. These indicators are
defined as follows:

Gpcp At

COP/EER, = 36082 (1)
GpcpAt

COPU/EERU = §600Pu (2)

where p is the water density (kg/m3), ¢, is the specific heat capacity
at constant pressure (J/(Kg[J°C)), Dtis the water temperature

difference on the building side, and G is the water flow rate (m3/h).

Since the energy performance of a heat pump is influenced by
both the evaporation and condensation temperatures, the equations
describing the heat pump model contain several nonlinear
relationships. Eq. (2) can also be expressed as:

COP,/EER, = f(Te,T,) (3)

where 7; and 7; represent the condensation temperature and
evaporation temperature, respectively.



3.2.3 Uncertainty analysis

Every measurement involves a certain level of uncertainty. To
ensure the accuracy of the research results, an uncertainty analysis
of the inputs and outputs is conducted. Compared with other
uncertainty propagation methods (such as full-factorial numerical
integration, stochastic Galerkin, and discrete projection), the Monte
Carlo is very intuitive and easy to implement. Furthermore, this
sampling-based technique is generally considered the most
dependable method for uncertainty analysis, as it is applicable to a
wide range of simulation settings and can handle various probability
distributions of input variables, even in cases where the variables
are correlated3233, Therefore, in this study, a Monte Carlo
probabilistic approach34 was run with 2000 simulations to estimate
the combined relative uncertainty of COP/EER to be on the order of
8.35%. The estimated uncertainty level is within the typical ranges
reported in relevant international (ISC) and European (CEN)
standards for GSHP system performance measurements3d.
Furthermore, the machine learning models were trained and
evaluated using long-term averaged data rather than instantaneous
measurements, which further reduces the influence of random
sensor noise on model predictions. Thus, the data provided in this
study, approximate three years, can support subsequent research.
3.3 Development of the model-based optimization framework

As Egs. (1)-(3) indicate, the energy performance of the system is
highly sensitive to the water temperature parameters. Optimizing
these parameters is thus the most effective method to maximize the
energy performance of the GSHP system 36.37, Theoretically, a lower
7,4 and a higher 7;,should lead to a lower 7; and a higher 7, thus
improving the energy performance of the heat pumps 38. In this study,
a new optimization method is proposed to optimize 7; and 7, (see
Fig. 6). First, the development of a high-accuracy model is essential.
In this study, a BPNN integrated with optimization algorithms is
employed to construct the predictive model. Commonly used
optimization algorithms and their key characteristics are

summarized in Table 4. Based on a comprehensive evaluation of



performance, convergence speed, and applicability, the genetic
algorithm (GA) is selected to optimize the BPNN parameters.
Consequently, a GA-BPNN model is developed based on the
experimental data. Four indices, namely EER,, EER,, COPs, and
COP,, are predicted by this model, covering both summer and winter
seasons. Next, a correlation analysis is employed to identify the key
decision variables affecting these four indices, and a decision matrix
is constructed based on the predictions of the GA-BPNN model.
Finally, the TOPSIS method is employed to maximize all four
performance indicators, thus determining the optimal parameter
combination for the system.
Table 4 Commonly used optimization algorithms and their

characteristics.
Name Global Convergenc Principle Limitation
Search e Speed
GA High Low Population-based Parameter
evolutionary algorithm tuning is
uses selection, nontrivial
crossover, and mutation.
Particle Mediu Medium Swarm intelligence, Reduced
Swarm m-High inspired by social performan
Optimizatio behavior, particles ce in high-
n (PSO) update positions using dimension
global and personal al
bests. problems
Non- High Low Pareto-based High
dominated evolutionary algorithm computati
Sorting maintains solution onal cost
Genetic diversity using crowding
Algorithm distance.
IT (NSGA-
1))
Ant Colony High Low Inspired by pheromone- Limited
Optimizatio based path finding, applicabili
n (ACO) probabilistic solution ty to
construction. continuou
S
problems
Simulated  Mediu Low Probabilistic single- Sensitive
Annealing m-High solution method, to the
(SA) inspired by cooling




thermodynamic schedule
annealing.

The model-based optimization framework

Fig. 6. Optimization process based on the model predictions and the TOPSIS
method.
3.3.1 GA-BPNN model construction and training process

The construction of the GA-EPNN model in Fig. 6 can be broken
down into the following steps:

Step 1. Determine the network structure according to Eqgs. (4-7),
including the numiber of input neurons (corresponding to the
selected operational parameters), the number of hidden layers (one
hidden layer), and the number of neurons in the hidden layer, which
was determined through a trial-and-error process to minimize
validation error. The output layer consists of four neurons
representing COPs;, COP,, EER;, and EER,. The sigmoid activation
function is used in the hidden layer, while a linear activation function
is adopted in the output layer.

Step 2. Load and initialize the input dataset, including data
selection and training and testing number settings. A random
sampling approach was employed to split the original data into
training and testing sets, thereby reducing the possibility of
introducing bias due to a manual selection of the training set. In
addition, to reduce the risk of overfitting, all reported performance
metrics were evaluated using the testing data only. Since the dataset
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crosses multiple years and operating seasons, the testing set
contains samples under diverse thermal and load conditions. This
validation strategy allows the predictive performance of the model
to be evaluated across different operating regimes, thereby reducing
the risk of overfitting.

Step 3. Determine the GA structure according to Eqgs. (9-12),
including the population size, crossover probability, mutation
probability, maximum number of generations for the GA, learning
rate, maximum training epochs, and convergence criteria for the
BPNN. And initialize the weights and thresholds of BPNN.

Step 4. Run BPNN and calculate the fitness function using Eq.
(8)

Step 5. Upgrade BPNN's weights and thresholds calculated by
GA. If fitness meets the end condition, go to the next step; If it does
not, go back to step 4.

Step 6. Run BPNN using optimal initial weights and thresholds
calculated by GA. Update weights and thresholds based on error
back propagation.

Step 7. Obtain the optimal prediction model until the network
satisfies the end condition.

Specifically, the GA-BPNN model consists of three stages: (i) the
neural network construction, (ii) the GA optimization process, and
(iii) BPNN training process. The neural network construction
procedure is as follows.

For the input layer, the input parameters are described as:

X =Xq,-Xn (4)

The output layer, which consists of the COP,, COP, EER,,

and EER, parameters, is described by the parameter Yy, as follows:
Y = Sjwjk + by )
where wjx and by are the weights and thresholds between the output
layer and the hidden layers, respectively.S;is the transfer function
(sigmoid function), which is written as follows:
1-eh (6)
IT 1 +eM
where H; is a vector between the input layer and the hidden layer.




This vector can be expressed as follows:
d (7)
H; = i=21 WijXj + b
where wj; and b; are the initial weights and thresholds between the
input layer and the hidden layer, respectively.

Then, the initial w;; and b; were optimized by the GA optimization
algorithm. The topology of the BPNN determines the number of
optimization parameters required for the GA as well as the code
length for the individuals in the GA. The model fitness (F) is
calculated in terms of the absolute sum of the differences between
the predicted and actual output values, that is:

(8)
F=a

n
.zlabS(Yi -Yi)
1=
where n is the number of output nodes, y; is the output value

predicted by the BPNN, y; is the actual output value, and a is a

model coefficient.

The best weights and thresholds for the BPNN model are
identified through sequential selection, crossover, and mutation
processes. Individuals exhibiting superior fitness are prioritized and
selected to form the subsequent population as follows:

b (9)
Fi

s b
S

Pi=

where P; is the selection probability of individual i, b is a model
coefficient, S is the number of individuals in the population, and F;

and Fjare the fitness values of individuals i and j, respectively.

In the crossover process, two individuals are selected from the
population using the real-number crossover method, allowing new
individuals to be generated based on a certain probability as follows:

Xinew = (1 -R1)Xi0p + Xz01D (10)
Xonew = (1 -R1)Xzop t X101 (11)
where X,0.p and X5o p are the chromosomes X; and X, before the
crossover, respectively, X;yewand Xonew are the chromosomes X4



and X, after the crossover, respectively, and R; is a random number
between 0 and 1.

In the mutation process, an individual from the population is
randomly selected, and a new individual is generated by applying

mutations with a specific frequency as follows:
!

N,
Xanew = Ax) = ]X[AX‘ (12)

Xzorpt Xermunv-Xzorp)* Ro|\1- 73—

Xzorpt (XzorpXznax)* Ry 1-

whereXsyewand Xso p are the chromosome X3 before and after the
mutation, respectively, X3yax and X3wn are the boundaries of the

chromosomeXs, R, and R3 are random numbers between 0 and 1, N

is the current number of iterations, and Nyax is the maximum
number of evolutions.

All the above steps were implemented using MATLAB (version
2019). For enhanced model accuracy, an appreach mentioned in the
literature3? was adopted to obtain the optimal number of nodes in
the model's hidden layer. Specifically, when the input layer is given
x nodes, 2x+1 nodes are in the hidden layer. To fine-tune parameters
such as the iteration time, population size, crossover probability, and
mutation probability, several tests were conducted using the control
variable method, leading to the most optimal configuration being
selected. Table 5 lists the parameter settings for both the BPNN and
GA-BPNN models.

Table 5 Parameter settings for the GA-BPNN model.

BPNN model GA algorithm
Parameter Value Parameter Valu
e
Input variables 9(heating)/ Population size 10
12(cooling)/
15(transitio
n)
Number of hidden layers 1 Number of iterations 1000
Hidden layer neurons 19(heating) Crossover 0.4
/ probability
25(cooling)/

31(transitio



n)
Learning rate 0.05 Mutation probability 0.05
Precision 0.00001

3.3.2 Model evaluation metrics

Common metrics for assessing the model prediction accuracy
include the mean absolute error (MAE), mean absolute percentage
error (MAPE), and root mean square error (RMSE). Values closer to
0 indicate greater prediction accuracy 40. Additionally, the
improvement rate (/R) is used to express the performance gain of the

system after optimization. These metrics are calculated as follows:

n . (13)
MAE = = 2 |yj-vi|

_ lyi - Vi | (14)

MAPE =

RMSE = \h > (yi-yi)? (15)

where N is the number of output nodes, y,; is the actual output value,

and y; is the predicted output value.

E -E
=_ (16)
IR E

where E and E are the values after and before optimization,

respectively.
3.3.3 Multi-objective optimization using GA-BPNN and TOPSIS

To operate the HRGSHP system efficiently, the optimal
combination of the operational parameters should be identified, that
is, COPs; (EERs;) and COP, (EER,) should be simultaneously
maximized. First, the key operational parameters that affect the
performance indicators for both summer and winter are selected as
decision parameters for the multi-objective optimization, using the
Pearson correlation coefficient (PCC) and expert knowledge. Table
3 presents the range of values for the decision variables. Next, using
the validated GA-BPNN model, target values for different
combinations of decision parameters are calculated to yield a
solution set for the multi-objective optimization. Finally, to identify



the optimal solution (i.e., the best combination of operational
parameters), the TOPSIS method is employed. The multi-objective
optimization procedure and the TOPSIS process comprise the
following steps:

Step 1: Selecting key operational variables based on the PCC

The PCC is a measure of the linear relationship between two
random variables (real-valued vectors). The PCC, here denoted as ryy,
is defined as follows 41:

AN o, (17)

JA -8 -

X

where x = %Zi”:]l x; denotes the mean of X, and y = %Zir:l y; denotes

the mean of y. The coefficient r,, ranges from —1 to 1, and it is

invariant to linear transformations of either variable. The closer the
value of |ryy| is to 1, the stronger the linear relaticnship between the
two variables 42,

Step 2: Constructing the performaince matrix

The elements tj;; of the periormance matrix are formed by the
decision variables pj (7,g. 754 To,» and G,) varying with the outdoor
temperature tjand the corresponding COP; (EER,) and COP, (EER,).
The performance matrix is as follows:

A BB A B - b
li glﬁ 11-2 11-3 €4 Zis - zinl\d
& ézil L, by by b - énu
l_;: ggl t32 t33 ZE’A t:;>5 - t3n8 (18)
L& b &b b & - Lg/=l2l mj=l2 n
té 2151 [52 l§3 l§4 tés - éng
-
A A A A A v
Step 3: TOPSIS process
Step 3-1: Normalizing the performance matrix
t
a, =—2—,/=12L '=L2L ,n
== L2L mj=] (19)

ay

/=
Step 3-2: Calculating the entropy weight
According to Shannon's entropy theory, attributes with a lower
dispersion are assigned lower weights to represent their reduced



importance in the overall evaluation process43,
The entropy value for jth indicator is calculated as:
(20)

g 1
F, =- K3 d,Ind,, K=——
J /a=1 5 In/m

Subsequently, based on the entropy value from Eq. (20), the
weight for jth indicator is obtained as follows:

(21)

O n
where Osw;<1, 37,9 =1.

Step 3-3: Normalizing the weighted decision matrix.
Y=wg, =LA mj=2A ,r. (22)

Step 6: Obtaining the positive ideal points (PISs) and negative
ideal points (NISs)

r=B"={£(X, £(AL, (AL, £(X} (23)
={(mex; £,(| /1 /), (min, (|1 /,),17=L2L i}
h,=B ={£ (%, £ (AL, £ (AL, £,(X} (24)

={(min, £,(X| /T /), (mex; £(A| /1 /) |/=120 ,n}
where 7, and 7, are the r, and 4, of the £ criterion, respectively, ,,

is the benefit criterion, and /,is the cost criterion.

Step 3-4: Calculating the distance between the PISs and NISs
for each possible operation

25
¢=\/§[;;(x)- FHF, j=12L ,n )
j=

26
d =J$[z;w- £(OF, j=12L ,n 20
j4

Step 3-5: Calculating the rank indexes (rank similarities) of the

ideal solution
a
+d

/

(27)

Ta

/

,1=1,2L m

where A is the rank index of the #h possible operation.



4 Results
4.1 Measured system energy performance and soil temperature
response

The efficiency of both the refrigeration cycle and the overall
HRGSHP system is closely related to 7, and 7. Since 7, and 7; are
influenced by the inlet water temperatures of the condenser and
evaporator, the water temperature dynamics and energy efficiency
of the HRGSHP system in the different operating modes were
analyzed.
4.1.1 Water temperature dynamics

Figure 7 illustrates the temporal variations in water
temperatures on the user side, ground side, and heat recovery side
during summer and winter operation. As shown in Fig. 7(a), an
inverse trend is observed between the user side and ground side
temperatures during summer, which is primarily driven by variations
in cooling demand and heat rejection intensity. In early summer,
when the space cooling load is relatively low, the user side water
temperature remains comparatively high, while the heat transferred
to the ground is limited, resulting in a lower ground-side
temperature. As the cooling demand increases, the system rejects
more heat to the ground loop, leading to a gradual reduction in the
user side outiet temperature and a rise in the ground side
temperature. During peak cooling periods, the user side intlet
temperature decreases to approximately 8 °C due to the intensified
cooling load, whereas the ground-side outlet temperature increases
to about 21-22 °C, indicating significant heat accumulation in the
ground. Meanwhile, the heat recovery side temperature exhibits a
similar increasing trend to that of the ground side, reaching its
maximum during periods of high cooling demand. In contrast, during
winter operation (Fig. 7(b)), an opposite thermal behavior is
observed. With increasing heating demand, the user side water
temperature rises, while the ground side temperature decreases as
more heat is extracted from the ground.
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Fig. 7. Monthly water temperature variation for the ground side, user side,
and heat recovery side in (a) summer and (b) winter.
4.1.2 Water distribution system efficiency

The efficiency of the water distribution systems on both the user
side and the ground side is critical of overall system performance
and therefore deserves careful evaluation. Figure 8 presents the
temporal evolution of the temperature difiererice (A7) across the
user side, ground side, and heat recovery side loops. Owing to the
use of constant-speed pumps in the ground-side and heat recovery-
side circuits, the corresponding A7 values exhibit relatively small
temporal fluctuations. In contrast, the user-side loop, which is
equipped with a wvariable-speed pump, shows pronounced AT
variations.

Despite a design temperature difference of 5 °C, the measured
AT values in all loops are consistently lower. During the summer
operation (Fig. 8(a)), the average AT values are approximately 3 °C
for both the ground-side and heat recovery side loops, while the user
side AT remains around 2 °C. A similar deviation from the design
condition is observed in winter (Fig. 8(b)), where the average ground
side AT is 2.07 °C, compared with 3.23 °C on the user side.

These results indicate that the flow rates in all loops are
excessively high, leading to reduced temperature differentials,
hydraulic inefficiency, and unnecessary pump energy consumption.
Moreover, the user side flow rate directly influences indoor cooling
performance and evaporator heat transfer, whereas the ground side
flow rate influences condenser heat rejection performance3é.
Consequently, appropriate flow rate optimization is essential for



improving both the thermal and energetic performance of the
HRGSHP system.
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Fig. 8. Monthly water temperature difference variation for the ground side,
user side, and heat recovery side in (a) summer and (b) winter.

4.1.3 Seasonal energy performance comparison

Fig. 9(a) presents the annual average COPand EER values of the
HRGSHP system from 2019 to 2022. From 2019 to 2021, both EER;
and EER, show a gradual decline, decreasing from 3.10 to 2.81 and
from 4.72 to 4.16, respectivelv. A similar downward trend is
observed for COP; and COP, over the same period. This reduction in
efficiency can be primarily attributed to the combined effects of
small user side temperature differences (as shown in Fig. 8) and the
gradual increase in ground temperature (Fig. 9(b)). The relatively
small temperature difference indicates prolonged part-load
operation, during which pumping power consumption and frequent
compressor cycling increase system losses. Meanwhile, the
progressive ground temperature rise reduces heat rejection
effectiveness during cooling operation, further contributing to
performance degradation. In contrast, a slight rebound in COP; and
COP, is observed in 2022 following the previous declining trend.
Since no structural modifications or control strategy adjustments
were implemented during the monitoring period, the observed
increase is attributed to variations in operating and thermal
conditions. As shown in Fig. 8(b), the user side temperature
differences in 2022 is larger than that in 2021, indicating higher load
ratios and operating conditions closer to full-load performance. The
relatively low load ratio in 2021 was likely associated with reduced



building occupancy during the COVID-19 pandemic period (2020-
2021), which decreased heating demand. In contrast, the higher load
demand in 2022 enabled more stable and continuous compressor
operation with reduced cycling losses, thereby improving system
efficiency. In addition, the accumulated increase in ground
temperature, while detrimental to long-term cooling performance,
temporarily enhances heating-side evaporation temperatures in
2022. This effectively reduced the compressor temperature lift (77 -
T,), providing a thermodynamic boost to the COP. The combined
influence of these two factors contributed to the modest COP
rebound observed in 2022, reflecting the nonlinear interaction
between ground thermal conditions and operating load
characteristics. Notably, the EER, and EER; values for 2022 are not
reported due to incomplete and discontinuous cooling-season
monitoring data, which were excluded to ensure the reliability and
representativeness of annual performance indicators.

According to the Chinese national standard GB/T 50801-2013%4,
the performance of the GSHP system is classified into three levels,
with Level 3 representing the minimum acceptable performance.
The corresponding threshold values are 3.0 for EER; and 2.6 for
COP;. Over the entire monitoring period, the average COP; and
EER; are 2.86 and 3.10, respectively, indicating that the system
performance only marginally satisfies the lowest classification level.
Additionally, while the nominal heat pump performance values for
COP, and EER, are 3.56 and 5.82, respectively, the corresponding
actual values are 3.65 and 4.42, respectively, indicating a significant
performance gap, particularly under cooling conditions. This can be
primarily attributed to real-world operating characteristics of the
HRGSHP system. In practice, the system frequently operates under
partial-load conditions and switches between cooling and heat
recovery modes, especially during the summer season. In addition,
long-term ground thermal imbalance leads to elevated ground loop
temperatures, which degrade heat transfer performance. These
factors collectively increase auxiliary energy consumption and
reduce the actual COP, and EER,, with a more significant impact on



cooling performance.

It should be noted that the reported soil temperature values in
Fig. 9(b) represent long-term averages measured at a depth of 150
m, which effectively reduce the influence of short-term climatic
variability and interannual weather fluctuations. Under these
conditions, the observed soil temperature increase of 0.45 °C over
three years is considerably lower than the 1.63 °C increase over two
years reported for a conventional GSHP system under comparable
operating conditions in the literature!>. Although the comparison is
based on literature data rather than systems operated under
identical boundary conditions, the results provide support that the
proposed HRGSHP system is effective in mitigating soil heat
accumulation in cooling-dominated regions.
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Fig. 9. Observed variations in the COP, EER, and soil temperature for the
HRGSHP system from 2019 to 2022: (a) yearly average COPand EER
variations and (b) daily average soil temperature variation.

These results highlight inefficiencies under real operating
conditions, underscoring the need for dynamic optimization
strategies!’”. ML-based approaches offer a promising solution by
enabling accurate efficiency predictions and operational parameter
optimization under varying conditions using historical data. Unlike
physics-based models, ML-based approaches require fewer explicit
input parameters, however, their accuracy depends critically on data
quality and model architecture4>. Furthermore, operational
complexity poses further modeling challenges. In summer, frequent
switching between heat recovery and cooling modes (driven by
simultaneous heating and cooling demands) introduces data



heterogeneity and instability. The optimization methodology
proposed in the subsequent sections addresses these challenges.
4.2 Prediction model performance and comparative analysis

4.2.1 GA-BPNN prediction model

As described in the methodology section, the core of the
proposed optimization method is the development of a model that
describes the actual energy performance of the HRGSHP system.
The COPand EER prediction models were established based on Egs.
(4)-(12) using the measured data presented in Section 4.1. Figs. 10
and 11 compare the predicted and observed COP and EER values.
The model predictions are in excellent agreement with the measured
values, with relative errors typically below 10% for each season.
Specifically, the average relative errors for COPs, COP,, EER,, and
EER, are 8.00%, 6.99%, 7.68%, and 5.60%, respectively. Notably,
the EER predictions are more accurate than the COPpredictions. As
discussed in Section 4.1, the frequent switching of the HRGSHP
system between different operating modes during summer
introduces data fluctuations and irregularities, which inherently
reduce the model prediction fidelity. Nonetheless, the proposed GA-
BPNN demonstrates strong robustness in predicting EER.

The predictions for COP, and EER, are more accurate than those
for COPs; and EER.. This is likely due to the fact that COP, and EER,
primarily reflect the heat pump performance and compressor
loading, while COP; and EER, capture the overall system efficiency,
which is influenced by interactions between heat pumps, chilled
water pumps, and cooling water pumps. These factors introduce
nonlinearities that result in less robust predictions for COPs and
EER,. Crucially, such interactions are often more difficult to model
accurately, reinforcing the need for data-driven approaches. Overall,
these results validate the capacity of the GA-BPNN model to
accurately predict the energy performance of the HRGSHP system
during complex, multi-modal operation.

In addition, the prediction accuracy varies seasonally, with the
model performance being generally better during the heating season
than the cooling season (see Table 6). This is attributed to the lower



operational complexity in the former case: The heating mode

employs nine parameters, while the cooling mode requires 12

parameters to manage simultaneous heating/cooling demands.
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4.2.2 Model robustness comparison between GA-BPNN and BPNN
To show the advantages of the proposed GA-BPNN model for

predicting the performance of the HRGSHP system, a conventional

BPNN model using identical training and testing sets was developed.
Model accuracy was quantified using the MAE, MAPE, and RMSE
(see Eqgs. (13)-(15)). Fig. 12 and Table 6 present the comparative
results, while Fig. 12 illustrates the MAPE distribution across 10 test
runs. In all cases, the GA-BPNN model outperforms the BPNN model,
achieving consistently lower MAPE values for both COP and EER.
Table 6 provides the average optimal values for the three metrics.
The best performance for the BPNN model is observed for COPs



during the heating season under a single heating operation mode,
with corresponding MAE, MAPE, and RMSEvalues 0f 0.2764, 0.0966,
and 0.2597, respectively; however, these values are all higher than
those achieved by the GA-BPNN model, indicating the inferior
performance of the BPNN model. As shown in Table 6, the optimal
performance for the BPNN model is observed for COP; during the
heating season under a single-operation mode, with MAE = 0.2764,
MAPE = 9.66%, and RMSE = 0.2597. Notably, all these errors are
higher than those obtained using the GA-BPNN model, confirming
the superior predictive capability of the latter.
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Fig. 12. Comparison of the MAPE values obtained from the GA-BPNN and
BPNN models.

Table 6 Optimal values of the model performance metrics.

Performa GA-BPNN models BPNN models

Operation nee MAP RMS MAP RMS

seasons indicator MAE MAE
. E E E E

. 0.228 0.080 0.191 1.005 0.351 0.624

Winter COPg 3 0 , 8 . 6

CcoP, 0.252 0.069 0.263 1.111 0.307 0.709

3 9 7 2 6 6

0.237 0.076 0.187 0.945 0.305 0.930

Summer EER; 9 8 5 3 3 8

EER, 0.243 0.056 0.179 1.072 0.246 0.823

4 0 4 4 8 6

The performance improvement rates (PIRs, Eq. (16)) further
confirm the superiority of the GA-BPNN model (Fig. 13). The MAE



and MAPE PIRs are comparable (about 77%) for the COP EER
predictions. On the other hand, the RMSE improvements vary: 60%
for COP; and COP,, and 79% for EER; and EER,. These gains can be
attributed to the capacity of the GA-BPNN model to overcome a
crucial BPNN limitation, that is, trapping in local minima during
training. By contrast, by employing a genetic algorithm to optimize
the network weights and thresholds, the GA-BPNN model attains
globally optimal solutions, reducing prediction bias and enhancing
model stability. While data quality remains vital, particularly given
seasonal operational shifts and parameter fluctuations, the GA-
BPNN model demonstrates exceptional robustness in handling these
complexities.

In summary, the GA-BPNN model provides a reliable, highly
accurate framework for predicting the energy performance of
dynamically operated HRGSHP systems, with significant potential
for guiding optimization in real-world applications.
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Fig. 13. Comparison of the P/R; of the GA-BPNN and BPNN models.
4.3 Optimization results
4.3.1 Key operational variables selection results
To achieve the best energy performance of the HRGSHP system,
it is essential to select and optimize the key operational parameters
36,37, Figs. 14 and 15 present the PPC analysis results. The significant
temperature difference between the outdoor (Z) and indoor
temperature setpoints leads to substantial load variations,



confirming that zis a dominant factor influencing COP,, COP,, EER;,
and EER,. The outdoor humidity (d) is also strongly correlated with
EER;, but it has minimal impact on COP;. This distinction arises from
the fact that the HRGSHP system is deployed in industrial buildings
with stringent humidity control requirements, where d becomes
critical in governing the energy efficiency during high-temperature,
high-humidity cooling periods.

The system efficiency is also strongly influenced by 7; and 7,
which are both affected by the ground-side outlet water temperature
(75,4) and the user-side outlet water temperature (7;,,). During the
cooling season, tthe intermittent condensation heat recovery leads
to a rise in 7, significantly affecting both EER; and EER,.
Furthermore, the user-side flow rate (G;) is found to be a critical
control variable, exhibiting strong sensitivity across all performance
metrics (Figs. 14 and 15). Based on these considerations, for COPs
and COP,, the decision variables selected are 7, g, 754 and G,; for
EERg;and EER,, the decision variables selected are 75 g, 75,4 To,» and
G,. Table 7 defines the feasible ranges for these variables, which are
derived from operational limits and thermodynamic constraints.

04— ——

0.2 fv29

0.2 19 22

-.-

b
ot

oFotel

X
Stotate!
odatele!

TR
5%
L

R
25255
beteted

2R
otels

.
7S
%5
%
tete!

D.09

Correlation coefficient

e
(305!
:0

T
%

%

beteld

oo
335
5
o¥a

<

>
%
0.

0.05

XX

KR
o

2.0

%
&
55

0,
XX
KR
Totede!

'.-
05
bt
pleds

J

Ts t d Tig To,g Gg Tiu Tou Gu

0.0

Fig. 14. PPCs for the COP and the influencing variables.
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Table 7 Suitable ranges for the decision variables.

Decision
7; 7, T,
variable Gu o9 o2 or
Unit m3/h °C  °C °C
[16-
Summer [120,370] 25] [8-16] [45-55]
12-
Winter 1110,320] [18] [45-55]

4.3.2 TOPSIS results

To simultaneously maximize COP; (EERs) and COP, (EER,), the
TOPSIS method was here employed for selecting the operational
parameter settings. The optimal results are summarized in Table 8.
During the heating season, as the outdoor temperature varies, the
optimal 754 and 7;,, are found to be 15.16 °C and 49.94 °C,
respectively, with the optimal G, ranging from 210 to 255 m3/h. In
the cooling season, the optimal values for 754, 75, and 7, , are
21.4 °C, 13.29 °C, and 52.69 °C, respectively, with the optimal G,
ranging from 246 to 253 m3/h. The broader G,range observed in the
heating season is attributed to the dual-mode operation of the
system in this season (cooling + hot water production), which
elevates evaporator-side temperatures and requires higher flow
rates to meet the user-side cooling demand.

Table 8 TOPSIS optimization results for the COP.



Season Parameters TOPSIS optimization Pre-optimization
T5,4 (°C) 15.16 16.16
To,u (°C) 49.67 51.16
Winter Gy (m3/h) 210.82-254.94 112.77-308.39
COPs 3.67 2.90
COP, 4.17 3.75
Ts,4 (°C) 21.4 22.29
To,u (°C) 13.29 13.14
Summer T, (°C) 48.13 48
Gy (m3/h) 246.67-252.59 128.2-365.13
EERg 3.97 3.28
EERy 5.73 5.17

Fig. 16 presents the significant performance improvements
obtained after optimization. The average COP;, COP, EER,; and
EER,values are increased by 27%, 11%, 21%, and 11%, respectively
(Eq. (16)). These improvements are explained in Fig. 17 from a
thermodynamic perspective.

In summer, 7, rises by around 2°C (state point 5 to 5'), while 7
increases only slightly (state point 4 to 4'), but the rise in 7 is
smaller than that in 7. The resulting cycle transformation reduces
the compressor work (the 1-2 segment is shorter than the 1'-2'
segment) and increases the cooling capacity (the area under the 1-
5 segment is larger than that under the 1'-5' segment), enhancing
both EER; and EER,. 1n winter, 7, rises by around 1°C (state point 5
to 5'), while 7, remains stable. This results in reduced compressor
work (shorter 1-1' segment) at constant heating capacity
(comparable areas under the 3-4 and 3'-4' segments), enhancing
both COP; and COP,. Additionally, optimization of the pump
frequency narrows the operating flow ranges, reducing auxiliary

energy consumption and thus further improving COP; and EER..
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4.3.3 Economic analysis
A simplified cost-benefit analysis was performed to evaluate the
financial benefit of the proposed optimization strategy. As
summarized in Table 9, optimized operation reduces electricity
consumption by 17.38% (summer) and 20.98% (winter), surpassing
the 12.7% reduction reported in Ref. 16, These savings translate to
cost reductions of up to 19%, which are directly attributable to the
enhanced system efficiency for equivalent building load conditions.
Specifically, for the GSHP system, the adopted optimization strategy
results in a significant reduction in electricity consumption.



Table 9 Economic analysis before and after optimization.

' COPy/EER Energ Actu.al' Optimized Cost
Operati s y electricity ,
on Load improvem savin consumption saving
seasons (kW) ell':l)t rate ’ inp power sav [Yuan
i kWh| RMB
rate  20220kwhg  IUKWAD J
17.
S“Tme 1800 21% (y38 651380.77  113212.27 72455.86
(o]
. 20.98
Winter 1500 27% o 488334.10 102457.02 65572.49
(0]
Total 215669.29 138%28'3

Note:China implements a tiered pricing system. Electricity prices in Gui Zhou
range from 0.271 to 1.009, and the average is 0.64 RMB/kWh.

5 Discussion

To address the challenges of soil heat accumulation and
condenser heat waste associated with conventional GSHP systems
operating in cooling-dominated regions, this study proposes a novel
HRGSHP configuration together with a data-driven operational
optimization framework. The heat recovery concept of the proposed
system can be adapted to different climatic contexts by adjusting
operating modes, heat recovery capacity, and temperature control
strategies according to local building load characteristics. Although
the present study focuses on a cooling-dominated building, the
proposed approach is also applicable to heating-dominated scenarios,
particularly in buildings with sufficient domestic hot water demand
or air conditioning hot water.

The GA-BPNN-based optimization framework is transferable to
different building types and load profiles by retraining the data-
driven models using representative operational datasets. This
enables the proposed methodology to be extended beyond the
specific case investigated in this study, thereby enhancing its
general applicability. From an implementation perspective, the GA-
BPNN-TOPSIS framework is intended to support supervisory level
operation rather than direct real-time control. The optimized
operational parameters can be integrated into existing building



management systems (BMS) as reference setpoints or predefined
operating schedules. In practice, optimized parameter sets
corresponding to different operating modes and outdoor
temperature ranges can be generated offline and selected by the
BMS based on current conditions. Importantly, practical operational
constraints, including allowable temperature limits and flow rate
boundaries, are explicitly incorporated into the optimization process
to ensure feasibility and system stability.

Despite these advantages, several limitations should be
acknowledged. Measurement uncertainty, ground thermal response
delays, and dynamic variations in building load are not explicitly
modeled in the current framework and warrant further investigation.
In addition, the economic assessment presented in this study focuses
primarily on operational cost savings from reduced electricity
consumption. A more comprehensive life-cycle cost analysis,
incorporating capital investment, electricity price variability, system
degradation, and long-term financial indicators, remains an
important direction for future work. Addressing these aspects would
further strengthen the robustness and practical relevance of the
proposed HRGSHP optimization framework.

6 Conclusion

In this study, a novel HRGSHP system was proposed and
evaluated to mitigate soil heat accumulation in cooling-dominated
GSHP applications while enhancing building energy performance.
The actual system was monitored for approximately three years in
an HSCW climate, and a model-based optimization framework was
employed to improve its performance. The main conclusions are as
follows:

(1) The HRGSHP system maintained long-term soil thermal
stability, with only a 0.45 °C increase over three years of operation,
which is significantly lower than values reported for conventional
GSHP systems under comparable climatic conditions.

(2)Achieving soil thermal balance alone does not ensure high
energy efficiency. Under the existing operating strategy, the average
COP remained below 3, mainly due to a “small AT-large flow rate”



pattern, highlighting the necessity of coordinated optimization of
flow rate and water temperature.

(3) During peak cooling periods, the average user-side inlet
water temperature reached 8.4 °C, exceeding the design value of
conventional GSHP systems and contributing to improved cooling
performance.

(4) The proposed GA-BPNN model achieved approximately 90%
prediction accuracy across multiple operating modes, demonstrating
its robustness for performance modeling.

(5) Under optimized operating conditions, the integrated GA-
BPNN-TOPSIS framework improved average COP,, COP,, EER,, and
EER, by 27%, 11%, 21%, while reducing operational costs by about
19%.

Data availability

All data generated or analyzed during this study are not publicly
available due to confidentiality agreements with the collaborating
institution, but are available from the corresponding author on
reasonable request.
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