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GRAPHICAL ABSTRACT

PUBLIC SUMMARY
■   Calibrated physics-based model provides physical variables for control development.

■   Bayesian calibration updates the parameters of the physics-based model within the virtual testbed.

■   Optimized GSHP control cuts energy use by 16.1% and increases COP from 3.0 to 4.4.

■   Virtual evaluation indicates a 14.6% reduction in electricity costs without hardware changes.
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Traditional one-time handover commissioning often fails to identify opera-
tional  inefficiencies  that  emerge  during  long-term  operation  of  heating,
ventilation,  and  air-conditioning  (HVAC)  systems,  while  on-site commis-
sioning remains labor-intensive and less adaptable to changing operating
conditions. This study proposes a physics- and data-driven virtual testing
framework  to  enable  virtual  retro-commissioning  and  adaptive  control
optimization. A calibrated Modelica-based system model is developed as a
virtual testbed, where data-driven/physics-informed predictors are used to
support unit operation optimization and preheating control. Physics-based
representation provides scenario-rich simulations and intermediate physi-
cal  variables,  while  the  data-driven  components  translate  these  insights
into  fast,  control-oriented  predictors.  The  framework  is  demonstrated  on
an  underperforming  ground  source  heat  pump  (GSHP)  system.  Results
show that  the  optimized control  strategy reduces energy consumption by
16.1%  while  maintaining  indoor  thermal  conditions  comparable  to  those
under  the  existing  strategy,  and  increases  the  operational  coefficient  of
performance (COP) from 3.0 to 4.4. Virtual evaluation over a representative
14-day winter period indicates a 14.6% reduction in electricity costs with-
out  hardware  modifications.  The  proposed  framework  enables  low-risk,
model-based  retro-commissioning  and  provides  a  practical  pathway  for
adaptive performance optimization of existing HVAC systems.

 INTRODUCTION
Building  operations  account  for  approximately  30%  of  global  energy

demand  and  a  substantial  share  of  carbon  emissions,1 of  which  heating,
ventilation,  and air-conditioning (HVAC)  systems typically  represent  20-40%
of  total  building  energy  use.2 With  population  growth,  increasing  comfort
requirements,  and  accelerating  electrification,  HVAC energy  use  is  expected
to  continue  rising.3 Improving  HVAC  operational  efficiency  and  reducing
operational  emissions are  therefore  critical  for  lowering building energy  use
and  mitigating  climate  change.  However,  in  practice,  HVAC  systems  often
deviate  from  design  expectations  due  to  suboptimal  control,  setpoint  drift,
and  equipment  or  sensor  biases,  which  can  prevent  the  expected  energy
savings  from  being  achieved.4 This  underscores  the  need  for  systematic
building commissioning to improve operational performance.

Building  commissioning  is  a  key  quality-assurance  process  that  ensures
HVAC  systems  operate  as  intended  and  meet  performance  requirements.
Compared with hardware retrofits, commissioning relies mainly on time and
labor,  yet  it  can deliver  substantial  energy savings.  Existing studies suggest
that  commissioning  of  operational  buildings  typically  yields  average  energy
savings of approximately 14%, while savings above 50% have been reported

in specific  cases.5 Commissioning has also been adopted by green building
rating  systems  (LEED6)  and  codified  in  standards  and  guidelines  (ASHRAE
2027 and ISO/CEN standards8-9).  However,  current  commissioning practices
are primarily concentrated at the building handover stage, while performance
tends  to  drift  over  time  during  operation,  leading  to  a  gradual  loss  of  the
intended  energy  efficiency.5 In  large-sample  studies,  measured  operational
energy  use  is  often  10%-30%  higher  than  commissioning-based  baseline
estimates,10 indicating  the  limitations  of  one-time commissioning  in  ensur-
ing sustained operational performance.

To address this performance drift after handover, commissioning concepts
have been extended toward retro-commissioning for existing buildings. Retro-
commissioning  uses  operational  data  measured  in  situ  over  time,  together
with  periodic  assessment,  to  detect  and  correct  operational  deviations,
thereby  maintaining  near-optimal  system  performance  under  changing
conditions.11 It  is often implemented through continuous fault detection and
diagnosis  to  improve  energy  efficiency  and  reduce  operating  costs.12

However, this framework cannot be applied to evaluate the impact of control
adjustments on performance and efficiency without costly and disruptive on-
site experiments.

Physics-based  simulation  models  can  therefore  support  retro-commis-
sioning and  virtual  evaluation  of  control  adjustments.  For  instance,  Energy-
Plus,  TRNSYS,  and  Modelica  are  widely  used  for  building  energy  analysis,
system performance assessment,  and commissioning studies.13 In practice,
however,  installation  deviations,  equipment  aging,  and  evolving  control
strategies  can  induce  gradual  performance  drift,  leading  to  an  increasing
mismatch between  models  calibrated  against  design  or  nominal  specifica-
tions  and  actual  system  behavior.14 When  model  parameters  are  properly
calibrated,  these  models  can  reproduce  key  thermal  behaviors  of  real
systems and can be used to evaluate alternative control strategies or equip-
ment configurations.15 Digital twin frameworks for HVAC and energy systems
are  increasingly  employing  continuous  calibration  and  model  updating  to
optimize performance and detect faults.16-17 However, maintaining the valid-
ity  of  physics-based  simulation  models  under  performance  drift  remains  a
key challenge even in digital twin settings.18

Furthermore,  retro-commissioning  requires  not  only  the  capability  to
develop, test, and evaluate control strategies but also to support their deploy-
ment  in  real-world  operation.  In  practice,  this  capability  is  rarely  realized
because  of  control  modelling  limitations  of  physics-based  models.19-20

Physics-based models are therefore often reduced to linear or reduced-order
models  for  model  predictive  control,21 or  used  as  offline  testbeds  to  screen
candidate  control  changes  under  prescribed  scenarios.22 They  offer  the
advantage of generating data with diverse scenarios across a wide operating
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range, including conditions that are rarely seen during regular operation.23

Most  buildings,  though,  still  rely  on  manual  schedules  and  rule-based
sequences  of  operation  that  often  perform  poorly  under  varying  loads  and
operating  conditions,  leading  to  suboptimal  energy  performance.24 Recent
advances  in  sensing  and  data  acquisition  have  enabled  a  range  of  purely
data-driven  control  models,  including  random  forests,25 artificial  neural
networks,26 support vector machines,27 and deep neural networks.28 As afore-
mentioned,  the  deployment  of  these  approaches  for  commissioning  and
control  evaluation remains constrained by the need for  large,  representative
datasets and by limited generalization.29

Variants of physics-informed machine learning30 have recently emerged to
improve  robustness  by  incorporating  physical  knowledge  into  the  machine
learning process,  by  incorporating  physical  constraints,  improving  consis-
tency and  generalization  across  operating  scenarios.  Moreover,  the  simula-
tion data can enhance limited field measurements and offer reliable training
datasets for data-driven or physics-informed control decisions.31 Additionally,
these  models  can  reveal  internal  system  states  (such  as  equipment-level
operating  conditions  or  intermediate  thermal  states),  which  are  not  directly
measurable  on  site  but  are  essential  for  analysis  focused  on  control.32-33

However, these approaches are typically developed for controller design, with
less emphasis on commissioning-oriented applications in existing systems.

Several virtual  testing  platforms  have  been  developed  for  control  evalua-
tion  and  model  development  in  HVAC  systems.  Representative  examples
include BOPTEST, which provides a simulation-based benchmarking frame-
work  with  common  test  cases  and  Modelica-based  emulators  for  HVAC
control  evaluation.22 Sinergym  offers  an  open-source  Python-based  virtual
testbed  for  large-scale  simulation  and  continuous  control.34 AlphaDataCen-
terCooling  is  a  high-fidelity  virtual  testbed  for  benchmarking  operational
strategies  in  data  center  cooling  plants.35 Related  studies  have  also  used
existing testbeds for controller comparison,36 developed IoT-oriented simula-
tion-to-deployment  environments,37 built  co-simulation testbeds  for  auto-
mated  calibration,38 and  proposed  digital-twin  platforms  for  monitoring  and
decision  support39.  Collectively,  these  studies  demonstrate  the  value  of
virtual  environments  for  control  evaluation,  strategy  development,  and  risk-
reduced testing.

However, limited attention has been paid to how such platforms can better
support  the  development  and  evaluation  of  control  strategies  with  stronger
physical consistency, robustness, and generalization capability.  Moreover,  in
real  operational  systems  with  limited  field  measurements  and  incomplete
design  information,  particularly  when  actual  performance  has  drifted  from

original  design  conditions,  how  to  calibrate  the  physics-based  model  of  a
virtual  testing  platform  to  achieve  sufficient  accuracy  for  reliable  strategy
evaluation  and  retro-commissioning  has  not  yet  been  systematically
addressed.

This  study  therefore  proposes  a  virtual  testing  framework  for  retro-
commissioning that integrates physics-based system modeling with calibra-
tion and control-oriented evaluation. The framework is demonstrated using a
ground  source  heat  pump  (GSHP)  system  as  a  representative  case.  Within
this  framework,  the  virtual  testbed  features  a  two-way  interaction  between
physics-based  and  data-driven  modeling:  i)  The  physics-based  model
provides  intermediate  physical  variables  for  data-driven  and  physics-
informed  modeling.  These  variables  are  used  as  inputs  to  optimization-
oriented  control  algorithms  and  for  physical-constraint  embedding,  thereby
improving  the  physical  consistency,  robustness,  and  generalizability  of  the
virtual  testing  platform.  ii)  Meanwhile,  for  real  operational  systems  with
limited measurements  and incomplete  information,  particularly  when actual
performance has  drifted  from  original  design  conditions,  Bayesian  calibra-
tion based on field data is used to update the physics-based model parame-
ters. This ensures sufficient accuracy for reliable control development, strat-
egy evaluation, and retro-commissioning.

 MATERIALS AND METHODS
The  proposed  virtual  testing  framework  for  retro-commissioning  extends

conventional one-time commissioning into an iterative process that includes
monitoring,  model  calibration,  performance  analysis,  and  control  strategy
assessment.  The calibrated physics-based model  serves as  a  virtual  repre-
sentation  of  the  real  system,  providing  scenario-rich  simulation  data  and
intermediate  physical  variables  that  are  not  directly  measurable  on  site.
These outputs are then used to support the development of data-driven and
physics-informed predictors  for  control  strategy  assessment  and  optimiza-
tion. Figure  1 illustrates  the  proposed  virtual  testing  framework,  which  is
demonstrated in  this  study using a  GSHP system as a  representative  case.
Data  collected  from  the  building  management  system  (BMS)  are  used  for
statistical  analysis  and  performance  evaluation  to  characterize  existing
control modes,  identify  key  factors  influencing  energy  efficiency,  and  diag-
nose potential sources of operational inefficiency.

The  framework  consists  of  two  main  stages.  The  first  stage  focuses  on
model  development  and  calibration.  A  physics-based  dynamic  model  is
constructed to represent the whole system and calibrated to identify equip-
ment performance characteristics and key thermal  parameters from opera-
tional data,  aligning the physics-based model with observed system behav-
ior.

The  second  stage  performs  virtual  testing  and  optimization  of  control
strategies.  The  calibrated  physics-based  model  serves  as  a  virtual  testbed
that  generates  physically  consistent  and  scenario-rich  simulation  data,
extending  beyond  operating  conditions  typically  observed  during  on-site
commissioning and field operation. This enables systematic coverage of the
operating conditions for strategy assessment under both typical and extreme
scenarios.  In  addition,  the  calibrated  physics-based  model  provides  access
to  intermediate  physical  variables  that  are  not  directly  measured by  on-site
sensor configurations,  including internal  operational  states such as refriger-
ant-side  thermodynamic  quantities.  Together,  these  enriched  datasets
support  the  development  of  data-driven/physics-informed  predictors  for
control-oriented prediction and strategy development.

Depending on the prediction task, different control-oriented predictors can
be  adopted.  Purely  data-driven  predictors40-41 are  more  appropriate  for
system-level variables  dominated  by  external  disturbances,  where  predic-
tions  rely  primarily  on  scenario-rich simulation  data.  Outputs  from the  cali-
brated  physics-based  model  can  also  be  used  to  construct  training  labels
when these labels are difficult to obtain from field measurements. In contrast,
physics-informed  predictors42 are  used  for  equipment-level  performance
prediction,  where  scenario-rich  simulation  data  and  intermediate  physical
variables  from  the  calibrated  physics-based  model  are  incorporated  to
impose physics-based constraints and enforce physical  consistency.  Based
on these predictive models,  candidate control  strategies are formulated and
evaluated in  terms  of  energy  efficiency,  operational  feasibility,  and  opera-
tional risks prior to field implementation. The results of the virtual testing are

 

Figure 1.  Proposed virtual testing framework for retro-commissioning.
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then used  to  derive  commissioning  recommendations  for  control  adjust-
ments.

The  detailed  procedures  for  physics-based  modeling  and  calibration,  as
well as virtual testing and optimization, are presented in next section.

 ILLUSTRATIVE STUDY
 System description

The  proposed  physics- and  data-driven  virtual  testing  framework  is
demonstrated through a retro-commissioning case study of a GSHP system
in an office  building in  the United Kingdom. The schematic  configuration of
the GSHP system is shown in Figure 2. The system consists of two identical
four-pipe GSHP units connected in parallel, which can provide simultaneous
heating and cooling.  Each GSHP has a nominal  cooling capacity  of  148 kW
and  a  nominal  heating  capacity  of  160  kW.  The  GSHPs  are  connected
through a  common supply  and return  manifold  to  24 vertical  borehole  heat
exchangers,  each  with  a  diameter  of  10  cm  and  a  depth  of  150  m.  A  20%
glycol-water solution circulates through the ground-loop as the heat transfer
fluid. The system is also equipped with two buffer tanks, each with a capac-
ity of 1500 L, to provide hydraulic separation and ensure stable system oper-
ation.

The configuration of the sensor monitoring system is generally consistent
with  that  of  a  typical  GSHP  system.  The  monitored  variables  include  the
supply  and  return  water  temperatures  of  the  building’s  heating  and  chilled-
water  circuits  (T1,  T2,  T3,  T4),  ground-loop  inlet  and  outlet  temperatures  (T5,
T6), the condenser water inlet and outlet temperatures (T7, T8), the evaporator
water inlet and outlet temperatures (T9, T10), the main circuit flow rates (F1, F2,
F3,  F4,  F5), and the operating power of each heat pump (P1,  P2). All measure-
ments  are  recorded  by  the  BMS  at  15-minute  intervals.  Variables  such  as
T1–T6 and F1–F5 are measured mainly at the system headers. Although the
monitoring coverage meets industry standards, several key variables are not
recorded  at  the  individual  unit  level.  These  include  the  inlet  and  outlet
temperatures and flow rates on the chilled-water, hot-water, and ground-loop
sides of the individual GSHP, as well as indoor air temperature and individual
pump  power  consumption.  The  absence  of  these  measurements  further
underscores the importance of calibrated physics-based modeling for accu-
rate system performance assessment and optimization.

 Diagnosis using on-site BMS data
On-site  BMS  data  were  first  analyzed  to  diagnose  the  existing  operating

mode, identify  the  main  operational  deficiencies,  and  motivate  the  subse-
quent retro-commissioning tasks. In this study, unless otherwise noted, COP
in  the  BMS-based  performance  analysis  refers  to  the  building-side opera-
tional COP, defined as the ratio of the heating delivered to the building to the
recorded GSHP power input. Figures 3 A & B present the heating and cooling
loads for representative winter and summer days, respectively. The loads are

calculated  from  measured  supply  and  return  water  temperatures  and  flow
rates in the heating and chilled-water circuits.  The heating system operates
only during daytime occupancy and shuts down at night, with significant load
fluctuations that introduce frequent transient conditions during commission-
ing. In contrast, the cooling system mainly serves a small data center, result-
ing in relatively stable and low cooling demand.

Figures  3 C  &  D  present  the  operating  power  (P1, P2)  of  the  two  GSHPs
during cooling and heating operation, respectively. Both units operate simul-
taneously under a parallel load-sharing strategy. During heating, the high and
continuous demand leads to nearly equal power output, indicating stable load
sharing.  During cooling,  the demand is low and intermittent,  and short-term
differences between P1 and P2 arise from load fluctuations, start–stop tran-
sients,  and  minimum  part-load  or  operating  time  constraints,  even  though
both units remain in operation. This leads to prolonged operation at part-load
ratios  well  below  the  typical  efficient  operating  range  of  the  heat  pumps.
Given the relatively low cooling demand, the subsequent analysis focuses on
heating operation.

As indicated in Figure 3E, the GSHPs operate at a PLR below 40% for 96.1%
of  the  operating  hours  under  heating  conditions.  Even  during  the  coldest
observed periods,  the  combined load of  both  units  rarely  exceeds the  rated
capacity of  a single unit.  This operating regime degrades system efficiency.
Consequently, as shown in Figure 3F, the building-side operational COP falls
below 1.0 during 47.5% of operating hours, because it is calculated from the
heat  actually  delivered  to  the  building,  which  can  be  lower  than  the  GSHP
power  input  due  to  buffer-tank  dynamics  and  inherent  system  losses.  It
remains  below  2.0  for  56%  of  hours  and  below  3.0  for  more  than  70%  of
hours.  The annual  average COP is 2.37,  well  below the typical  range of 4.0-
5.0  for  properly  commissioned  GSHP  systems.  These  conditions  result  in
increased energy consumption and operating costs, highlighting the need for
improved commissioning and control strategies.

Additionally, the building operates under a fixed occupancy schedule from
8:30  to  21:00,  with  a  room  temperature  setpoint  of  20  °C.  To  ensure  the
indoor  temperature  reaches  the  comfort  threshold  (≥  18  °C)  by  8:30,  the
system  applies  a  fixed  75-min  preheat  starting  at  7:15,  irrespective  of
outdoor conditions.  However,  during  mild  weather,  this  fixed  and  unneces-
sarily early preheating often results in substantial energy waste. The combi-
nation of static controls and fixed setpoints fails to adapt to real-time heat-
ing load variations, further increasing energy consumption.

These deficiencies are addressed in the following sections through virtual
testing of preheating scheduling and GSHP unit-number optimization based
on the calibrated physics-based model. Table S1 summarizes the main BMS-
measured input variables, optimized decision variables in the virtual testbed,
and  system  control  variables  for  the  studied  GSHP  case.  Although  the
specific variables are case-dependent, the same virtual-testing workflow can
be extended to other HVAC systems through application-specific selection of

 

Figure 2.  Schematic diagram of the GSHP system.
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monitored variables and decision variables.

 Model development
A detailed physics-based model is developed using Modelica to represent

the GSHP system. The model architecture reproduces the physical configu-
ration of the real system and includes detailed representations of the GSHPs,
water  buffer  tank,  ground  heat  exchangers,  and  room  thermal  models.46

Representative  components  from  the Buildings Library  including
Storage.Stratified, Geothermal.Boreholes.UTube,  and Movers.Flow
Controlled_m_flow,  are directly employed to represent the water buffer  tank,
borehole heat exchanger, and circulation pumps, respectively. The GSHP unit
and room thermal representations are customized based on existing compo-
nents from the Buildings Library, including HeatPumps.Carnot_y, HeatTrans-
fer.Conduction.SingleLayer,  and MixingVolumes.MixingVolume,  to  capture
system-specific  operational  characteristics  and  control  logic.  All  adopted
library components  have  been  previously  validated.  The  resulting  subsys-
tems are then integrated to form a system-level GSHP model.

GSHP  model. The  system  follows  a  commonly  used  four-pipe  GSHP
configuration,  as  illustrated  in Figure  4A.  It  features  hydraulically  separated
hot-water and chilled-water loops, allowing both independent and simultane-
ous heating and cooling supply  in  response to building demands.  Since the
heat pump models directly available in the Buildings Library are mainly based
on two-pipe configurations, they cannot directly represent the coupled four-
pipe operating mode of the studied system. Therefore, the present four-pipe
GSHP  model  (Figure  4B)  is  developed  by  extending  the  validated  two-pipe
heat  pump  model  in  the Buildings Library.43 Specifically,  the  GSHP  unit  is
modeled  as  two  thermodynamically  coupled  two-pipe  heat  pump  sub-
models  to  represent  simultaneous  heating  and  cooling  operation.  One  sub-
model  serves  the  hot-water  loop,  while  the  other  serves  the  chilled-water
loop. Each sub-model includes its own evaporator and condenser, and ther-
mal  coupling  between  heating  and  cooling  is  achieved  through  the  shared
ground-side loop.

Each two-pipe heat pump sub-model embeds the fundamental thermody-
namic relations, in which the coefficient of performance (COP) of the GSHP is
expressed as a function of the evaporating temperature, condensing temper-
ature,  and part-load ratio  (PLR).  A constant  Carnot  effectiveness (ηCarnot,0)  is
introduced for each component and calibrated at the nominal operating point
to  account  for  irreversibility  associated  with  finite  heat-exchange tempera-
ture differences, pressure drops, and compressor entropy generation (Equa-
tion 1). The outlet water temperature dynamics are described by Equation (2),
from which the evaporating and condensing temperatures are derived (Equa-

tions  3–4).  Part-load  behavior  is  represented  using  empirical  correction
factors  (Equation  5),  and  the  GSHP COP of  each  two-pipe  heat  pump sub-
model is then calculated by Equation (6) on the condenser side, with cooling
performance evaluated analogously on the evaporator side. 

ηCarnot,0 = COP0 ·
(Tcn,0−Tev,0)

Tcn,0

(1)
 

τ
Qnom

ΔTnom

· dTout

dt
=mcp (Tin−Tout)+Q (2)

 

Tcn = Tout,cn+
Qcn

Qcn,nom

TApp,cn,nom (3)
 

Tev = Tout,ev−
Qev

Qev,nom

TApp,ev,nom (4)
 

ηPLR = a1PLR
2
+a2PLR+a3 (5)

 

COP= ηCarnot,0 ·
Tcn,0

(Tcn,0−Tev,0)
·ηPLR (6)

·

Where  COP0 denotes  the  GSHP COP at  the  nominal  operating  point; Tcn,0

and Tev,0 are  the  nominal  condensing  and  evaporating  temperatures  (K),
respectively; τ is  the nominal  time constant and is set  to 60 s in this study;
Qnom is the nominal heat transfer rate for the loop (W); ΔTnom is the nominal
inlet-outlet temperature difference for the loop (K); Tout and Tin are the outlet
and inlet fluid temperatures (K), respectively; m is the mass flow rate (kg/s);
cp is the constant-pressure specific heat of the fluid (J /(kg K)); Q is the heat
transfer  rate  between the GSHP and the water  loop (W); Qcn and Qcn,nom are
the current and nominal condenser heat transfer rates (W), respectively, and
TApp,cn,nom is the nominal approach temperature on the condenser side (K); Qev

and Qev,nom are  the  current  and  nominal  evaporator  heat  transfer  rates  (W),
respectively, and TApp,ev,nom is the nominal approach temperature on the evap-
orator side (K); ηPLR is defined as the ratio of the GSHP COP at part load to the
nominal COP; a1, a2, a3 are empirical, dimensionless constants.

Room  thermal  model. To balance  model  complexity  and  calibration  diffi-
culty  while  capturing  the  overall  thermal  response  of  the  building,  a  single-
zone room thermal model is adopted in this study. The model is constructed
in Modelica using validated components from the Buildings Library.43 Specifi-
cally,  the  indoor  air  and  additional  internal  thermal  mass  are  represented

 

Figure 3.  Operating characteristics and performance distribution of the GSHP system.
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using  lumped-parameter  modeling,  the  building  envelope  is  represented  by
one-dimensional  multi-node  heat  conduction,  and  the  terminal  radiator  is
modeled  using  a  multi-segment  hydronic-thermal  coupled  model.
MixingVolumes.MixingVolume,  Conduction.SingleLayer, and Radiators.Radi-
atorEN442_2 are used to represent the zone air,  envelope heat transfer,  and
terminal-side  heat  delivery,  respectively.  A Components.HeatCapacitor is
introduced to account for interior thermal inertia not explicitly resolved else-
where in the model, while valve, hydraulic resistance, and PID control compo-
nents  are  included to  reproduce terminal-side  hydraulic  flow regulation  and
room-temperature  control.  The  zone  air  is  treated  as  a  fully  mixed  control
volume,  and  its  dominant  thermal  dynamics  are  described  by  the  zone
energy balance in Equation (7). 

cp,airρairVroom

dTz

dt
= Qwall(t)+Qint(t)+Qhot(t) (7)

Where Tz is  the  room  temperature  (K); Vroom is  the  heating-zone  volume
(m3); Qwall is  the  heat  transfer  from  the  envelope  to  the  zone  (W); Qin is  the
internal heat gain (W); Qhot is the heat supplied by the terminal unit (W);cp,air is
the specific heat capacity of the air inside the room, taken as 1005 J/(kg·K);
ρair is the air density, taken as 1.2 kg/m3.

The parameters of the GSHP system-level model are obtained from manu-
facturer design data, system design documents, on-site measurements, and
calibration results. Nominal equipment specifications such as GSHP capaci-
ties, design flow rates, buffer tank characteristics, pump flow rates, and bore-
hole configurations are directly adopted from manufacturer data and system
design  documents.  System-level  operational  measurements,  including
supply  and  return  water  temperatures,  flow  rates,  and  GSHP  power
consumption,  are  used to  derive thermal  loads and performance indicators.
The  design  specifications  and  nominal  parameter  settings  of  the  system-
level model are summarized in Supplementary Table S2 , while the calibrated
room-model parameters are presented in next section.

Existing  Control  Logic. To  reproduce  the  operating  behavior  of  the  actual
system and calibrate the Modelica-based model, the existing control logic is
incorporated  into  the  system-level model.  Based  on  the  analysis  of  opera-
tional data, the current control strategy can be summarized as follows: i) All
GSHP  units  start  and  stop  simultaneously,  with  partial  loads  distributed
equally.  ii)  A  PID  controller  regulates  GSHP  power  to  maintain  the  chilled-

water and hot-water buffer tank temperatures at approximately 11 °C and 45
°C,  respectively.  Cooling  starts  when the  chilled-water buffer  tank  tempera-
ture exceeds 12 °C and stops when it drops below 9 °C. Heating starts when
the  hot-water  buffer  tank  temperature  falls  below  44  °C  and  stops  when  it
exceeds 47 °C. iii) On the GSHP side, the chilled-water, hot-water, and ground-
side  circulation  pumps  operate  at  fixed  speeds,  while  the  building-side
pumps use variable-speed control based on differential pressure. The imple-
mented control logic is illustrated in Figure 5.

 Model calibration
Within the  Modelica  physical  modeling  environment,  a  calibration  frame-

work is developed that combines polynomial regression and Bayesian infer-
ence.  Specifically,  equipment  performance  parameters  with  well-defined
performance  curves  are  identified  using  regression-based  methods.  In
contrast, parameters without explicit  functional  relationships,  such as enve-
lope heat transfer coefficients,  surface areas, and thermal capacitances, are
calibrated using sensitivity analysis and Bayesian inference due to their indi-
rect and highly coupled influence on system outputs.

Polynomial regression. The performance characteristics of equipment can
generally  be  described  by  polynomial  functions,  as  exemplified  by  Equation
(5).  Accordingly,  polynomial  regression  is  employed  to  infer  equipment
performance coefficients  from  operational  data,  thereby  effectively  charac-
terizing nonlinear efficiency variations of the equipment under different oper-
ating conditions.

Bayesian  inference. To  mitigate  excessive  model  dimensionality,  a  Sobol
sensitivity analysis is first conducted to identify key parameters, followed by
Bayesian  calibration  using  operational  data.  The  physics-based  model  is
evaluated  under  multiple  parameter  combinations  to  generate  prediction
data, which are used to construct a random forest (RF) surrogate.44 Based on
this surrogate, a Sobol global sensitivity analysis is performed to quantify the
main and interaction effects  of  input  parameters on output  variance (Equa-
tion  8),  and  parameters  with  high  first-order  or  total-effect  indices  are
selected  for  calibration.  Bayesian  inference  using  Markov  Chain  Monte
Carlo45 is  then  applied  to  update  these  parameters  (Equation  9).  The  mean
absolute  error  (MAE)  between  measured  outputs  and  surrogate  model
predictions is used as the objective function (Equation 10), and the resulting
maximum  a  posteriori  estimates  are  incorporated  into  the  Modelica-based

 

C D

Figure 4.  (A) Schematic of the four-pipe GSHP and (B) its equivalent. (C) Modelica-based model Flowchart of the existing control logic for the GSHP system. (D) Coupled
physics-informed predictors for buffer-tank and GSHP.
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model for subsequent simulation and performance evaluation. 

V(Y) =
k

∑
i=1

Vi+∑
i<j

Vij+∑
i<j<l

Vijl+ ...+V12...k (8)

 

P(θ|D) ∝ P(D|θ)P(θ) (9)
 

MAE=
1
n

n

∑
i=1

|Ym,i−Ys,i| (10)

Where Vi represents the independent contribution of input variable Xi to the
output variance, and Vij represents the interaction effect between input vari-
ables Xi and Xj on the output variance; The first-order sensitivity index Si = Vi /
V(Y)  and the  total-effect  index STi are  defined  to  quantify  the  individual  and
overall  interactive  effects  of  each  input  parameter  on  the  output  variance,
respectively.  Larger  values  of  these  indices  indicate  a  stronger  influence  of
the corresponding parameter on the uncertainty of the model output; P(θ|D)
denotes the posterior distribution of parameters, P(D|θ) represents the likeli-
hood  function,  and P(θ)  is  the  prior  distribution  of  parameters; Ym,i and Ys,i

denote  the  measured  value  and  the  corresponding  predicted  output  of  the

 

Figure 5.  Validation of key system variables.
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surrogate model for the i-th sample, respectively, and n is the total number of
samples used for calibration.

Stable  operational  data  from  representative  heating  (December  1–18,
2022)  and  cooling  (August  12–25,  2022)  periods  are  selected  for  GSHP
model calibration. The PLR and GSHP COP are inferred from measured hot-
water inlet and outlet temperatures, flow rates, and operating power. Polyno-
mial regression is applied to identify the GSHP part-load performance coeffi-
cients a1, a2, a3 in the part-load efficiency correction function defined in Equa-
tion (5).

For  room  thermal  model  calibration,  measured  heating  load  data  from
December  1  to  18,  2022  are  used,  as  this  period  provides  high-quality
measurements  with  minimal  noise.  The  calibrated  parameters  include  the
heating-zone  air  volume,  envelope  surface  area,  heat  transfer  coefficient,
thermal  capacitance,  material  density,  and thickness,  all  of  which affect  the
building heating load and indoor thermal dynamics. An RF surrogate model is
developed to predict the heating load generated by the room thermal model.
The six calibration parameters listed in Table 1 are used as inputs, while the
corresponding  space  heating  load  simulated  by  the  physics-based  model
serves  as  the  output.  Sobol  sensitivity  analysis  and  Bayesian  inference  are
then  applied  for  model  calibration  by  minimizing  the  mean  absolute  error
between RF-predicted and measured heating loads.

Within  the  prescribed  parameter  space,  10,000  samples  are  generated
using  a  uniform  sampling  strategy  to  support  the  sensitivity  analysis  and
Bayesian calibration. The sample size is selected to ensure adequate cover-
age of the six-dimensional parameter space defined in Table S1 while keep-
ing  the  computational  cost  manageable.  During  occupied  periods,  internal
heat gains are represented by a constant value of 25 W/m2,  adopted from46

and scaled according to the conditioned floor area.

 Virtual testing and optimization
As  mentioned  in  the  previous  section,  two  different  predictor  types  are

developed  for  virtual  testing  and  optimization.  For  control  tasks  that  are
strongly  influenced  by  external  disturbances,  such  as  weather  and  building
thermal  inertia,  and  where  explicit  physical  relationships  are  difficult  to
formulate, purely data-driven predictors are employed. This predictor is used
to  optimize  the  preheating  scheduling  problem.  In  contrast,  for  equipment-
level decisions where clear thermodynamic relationships exist and key inter-
nal states can be derived from the calibrated physics-based model, physics-
informed  predictors  are  adopted  to  enforce  physical  consistency  and
improve extrapolation reliability.

Preheating  scheduling. Under  the  existing  control  strategy,  preheating
follows fixed  time  rules  without  explicit  consideration  of  actual  load  condi-
tions.  To  address  this  limitation,  an  adaptive  preheating  control  strategy  is
proposed.

As indoor air temperature was not available in the 2022 BMS dataset used
for this study, the preheating analysis is based on the calibrated single-zone
room  thermal  model  rather  than  direct  room-by-room  temperature
measurements. To evaluate the suitability of this model for preheating analy-
sis,  supplementary  indoor  temperature  measurements  collected  in  2025
from perimeter and interior rooms on the first floor were compared with the
corresponding  2022  simulation  results  under  similar  outdoor-temperature
conditions,  as  shown  in  Supplementary Figure  S1-S5.  The  comparison
covers  indoor  temperature  evolution,  initial  temperature  at  the  start  of
preheating,  and  the  time  required  to  reach  18  °C.  The  results  show  that

measured temperatures  vary  across  individual  rooms,  and  that  the  simu-
lated  temperatures  from  the  room  thermal  model  also  differ  from  these
measurements.  However,  the  model  generally  does  not  underestimate  the
preheating duration required to reach 18 °C. In cases where longer preheat-
ing  was  observed,  the  discrepancy  did  not  exceed  15  min.  These  findings
support the use of simulated indoor temperature from the single-zone room
thermal  model  as  an  intermediate  physical  variable  for  determining  the
required preheating duration in this case study.

However,  using  the  measured  temperature  of  the  worst-case  room  or  a
weighted average of all room temperatures as the control reference also has
limitations.  The  worst-case  room  is  not  fixed  and  may  vary  with  date,
weather conditions, and operating scenario, while its occupancy pattern may
differ  from the  main  building  demand.  In  addition,  a  weighted  average  may
mask  inter-zone  thermal  differences  and  underestimate  the  preheating
requirement of the worst-case room. Therefore, the simulated room temper-
ature  is  adopted  to  define  the  required  preheating  duration  by  tracking  the
time  at  which  it  first  reaches  18  °C,  thereby  ensuring  comparable  heating
effects prior to control strategy evaluation. This provides a practical training
target  for  the  RF  predictor  and  demonstrates  that,  under  incomplete  field
measurements,  the  calibrated  physics-based  model  integrated  into  the
virtual testing  platform  can  support  reliable  control  development  and  strat-
egy evaluation.

An RF predictor is trained using data generated from the calibrated Model-
ica-based  models  under  single-unit  operation.  The  time  required  for  the
simulated room temperature to reach 18 °C after start-up is extracted as the
prediction target,  enabling adaptive preheating control.  Inputs of  the predic-
tor  include  hourly  buffer  tank  and  outdoor  air  temperatures  from  00:00  to
05:00  on  the  prediction  day,  representing  the  initial  thermal  state  of  the
system  before  start-up,  together  with  outdoor  air  temperatures  over  the
same period on the previous day to capture cross-day thermal inertia effects.

To mitigate the risk of insufficient morning warm-up caused by prediction
errors,  a  safety-margin  adjustment  is  applied.  Residuals  between  predicted
values  and  the  reference  preheating  durations  generated  by  the  calibrated
simulation  model,  together  with  their  standard  deviation,  are  calculated
during training (Equations 11–12). During prediction, a safety margin equal to
six  times  the  residual  standard  deviation  is  added  to  the  predicted  value
(Equation  13).  This  margin  is  intended as  a  conservative  engineering  buffer
rather than a strict statistical confidence interval. Six times the residual stan-
dard deviation is adopted to provide a high safety margin under the current
data  conditions,  because  the  available  training  data  may  not  fully  cover  all
relevant  operating  conditions,  especially  rare  or  extreme  cases.  This  also
reflects  the  different  practical  consequences  of  prediction  errors,  since
underestimation  may  lead  to  insufficient  preheating  before  occupancy,
whereas  moderate  overestimation  mainly  results  in  additional  energy  use.
The  safety  margin  can  be  adjusted  in  practice  according  to  the  similarity
between  the  current  inputs  and  the  training  data.  The  resulting  preheating
duration still  varies with the predicted thermal state and weather conditions,
rather than following a fixed schedule. 

ei = ytrue,i−ypre,i (11)
 

σ =

√
1

n−1

n

∑
i=1

(ei−e)2 (12)

 

Tpreheat,i = ypre,i+6σ (13)

Where ytrue,i the  reference  preheating  duration  required  for  the  simulated
room  temperature  to  reach  the  predefined  comfort  threshold, ypre,i denotes
the  preheating  duration  predicted  by  the  RF  model, Tpreheat,i denotes  the
adopted preheating duration after applying the safety margin.

In practice, users can input the above feature variables before daily GSHP
start-up to determine the required preheating duration. This enables preheat-
ing schedules to be adjusted according to actual operating conditions, reduc-
ing the mismatch between fixed schedules and heating demand.

GSHP  unit-number  optimization.  Under  the  current  control  strategy,  two
identical  GSHP  units  operate  simultaneously  with  equal  PLR  allocation.
Although equal PLR distribution is generally considered efficient for identical

 

Table 1.  Calibration parameters and prior sampling ranges

Calibration parameters Sampling ranges for
the prior distributions

Heat transfer coefficient 0.2-0.7 W/(m2·K)

Envelope thermal capacitance 300-1000 J/(kg·K)

Envelope thickness 0.2-0.4 m

Envelope surface area 1000-4000 m2

Equivalent envelope density 1.6-3 g/cm3

Heating-zone volume 10000-30000 m3
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units,47 inappropriate determination of the number of operating units can still
lead to prolonged low-load operation and degraded system performance. In
systems  equipped  with  buffer  tanks,  thermal  storage  introduces  thermal
buffering  effects  that  create  temporal  and magnitude  mismatches  between
building heating demand and GSHP output. Therefore, unit-number selection
cannot  be  determined  solely  from  instantaneous  building  load,  and  should
also account for the thermal state of the buffer tank.

To  support  unit-number  selection,  two  coupled  variants  of  physics-
informed neural  network (PINN) predictors are developed to estimate GSHP
operating power under different heating demands and unit-number configu-
rations. The predictors comprise a buffer tank predictor and a GSHP perfor-
mance  predictor,  both  trained  using  a  diverse  set  of  data  from  simulations
covering various operating scenarios generated from the calibrated Modelica
model across a wide operating range. In the adopted hydraulic configuration,
the  buffer  tank  is  hydraulically  in  series  with  the  condenser-water  loop.
Therefore,  the  tank  outlet  temperature  is  identical  to  the  condenser  inlet
temperature,  and  the  tank  inlet  temperature  is  identical  to  the  condenser
outlet  temperature.  The  PINN  takes  the  building  heating  load  (Qheat,load),  the
hot-water  mass  flow  rate  in  the  GSHP-buffer  tank  loop  (Mhot,total),  and  the
GSHP  condenser  water  inlet  temperature  (Tin,hot)  as  inputs  and  predicts  the
GSHP condenser  water  outlet  temperature (Tout,hot).  Physical  constraints  are
imposed to ensure that the predicted outlet temperature increases monoton-
ically  with  heating  load  and  remains  within  physically  feasible  operating
ranges, as expressed in Equations (14)-(15). 

∂Tout,hot

∂Qheat,load

≥ 0 (14)
 

Tin,hot ≤ Tout,hot ≤ Tout,hotmax (15)

In parallel, GSHP performance is represented using an embedded-physics
PINN  (EP-PINN).48 The  EP-PINN  takes  condenser  water  inlet  and  outlet
temperatures  (Tin,hot, Tout,hot),  the  hot-water  flow  rate  through  each  GSHP
(Mhot),  the  ground-side  fluid  mass  flow  rate  through  each  GSHP  (Mgro),  and
the  ground-side  fluid  inlet  and  outlet  temperatures  (Tin,gro, Tout,gro)  as  inputs,
and outputs  the  GSHP  COP.  Key  internal  variables  derived  from  the  cali-
brated physics-based model, including load-related states, flow-related vari-
ables,  and  refrigerant-side  thermodynamic  quantities,  are  embedded  as
physical neurons representing intermediate quantities of the thermodynamic
calculations.  These  neurons  are  structured  according  to  the  computational
sequence  of  the  thermodynamic  equations.  Connections  are  structured  to
reflect  the  physical  equations,  with  variables  propagating  according  to  the
mechanistic  calculation  flow,  preserving  the  dependency  relationships
defined by the equations. The EP-PINN architecture and training settings are
detailed in Supplementary Figure S6 and Tables S3-S4.

The predicted tank outlet temperature is then passed to the GSHP perfor-
mance  predictor,  forming  a  coupled  predictor  for  evaluating  different  unit-
number  configurations,  as  illustrated  in Figure  4D  Under  the  operating
assumptions  used  for  unit-number  screening  (a  fixed  tank  temperature
setpoint of 45 °C, constant flow in the heat pump–tank loop, and a ground-
side  inlet  temperature  approximated  by  the  annual  mean  soil  temperature)
the operating  power  corresponding  to  different  unit  numbers  can  be  evalu-
ated as a function of  building heating load.  This provides a control-oriented
basis for selecting the number of operating GSHP units.

 MODEL EVALUATION AND VALIDATION
Different evaluation  metrics  are  adopted  according  to  model  characteris-

tics.  For  the  physics-based  Modelica  system  model,  independent  followed
ASHRAE guidelines,49 using the normalized mean bias error (NMBE) to quan-
tify the agreement between simulated and measured performance (Equation
16).  For  the  data-driven  models,  including  polynomial  regression,  the  RF
surrogate,  PINNs and RF predictors,  model  fitting or  validation performance
is  evaluated  using  the  root  mean  square  error  (RMSE)  and  mean  absolute
percentage error (MAPE) (Equations 17–18). 

NMBE=

n

∑
i=1
(Mi−Si)

nS
×100% (16)

 

RMSE=

√
1
n

n

∑
i=1

(Mi−Fi)
2 (17)

 

MAPE=
1
n

n

∑
i=1

∣∣∣∣Mi−Fi

Mi

∣∣∣∣×100% (18)

Mi Si

S
n Fi

Where  denotes the measured value;  denotes the simulated value of
the physics-based Modelica system model;  is  the mean of  the simulated
values,  and  is  the  total  number  of  samples;  denotes  the  fitted  or
predicted value of the data-driven models.

 Calibration results and validation of the simulation model
For GSHP  parameter  calibration,  polynomial  regression  yielded  coeffi-

cients of a1 = -0.5484, a2 = 1.1365, a3 = 0.4101 for the heating mode, and a1 = -
0.0455,  a2 = 0.5941,  a3 =  0.01  for  the  cooling  mode.  The  heating-mode
regression achieved an RMSE of 0.09 and an MAPE of 9.9%, while the cooling-
mode regression yielded an RMSE of 0.02 and an MAPE of 14.6%. As shown
in Figure S7, the regression results provide a satisfactory fit to the measured
data and capture the efficiency degradation at low part-load ratios.

The RMSE and MAPE values indicate the fitting accuracy of the regression
model,  being  0.09  and  9.9%  for  heating  and  0.02  and  14.6%  for  cooling,
respectively.For  the  room  thermal  model,  the  RF  surrogate  achieved  an
RMSE  of  3.1  kW  and  an  MAPE  of  5.8%  in  fitting  the  physics-based  model
outputs over the sampled parameter space (Figure S8). Based on this surro-
gate,  a  Sobol  global  sensitivity  analysis  was  conducted.  The  results  (Figure
S9) indicate that the envelope heat transfer coefficient is the most influential
parameter,  followed  by  the  envelope  thermal  capacitance,  thickness,  and
surface area, while the equivalent envelope density and heating-zone volume
have negligible influence. These four parameters were therefore selected for
calibration using Bayesian inference,  and the corresponding posterior  distri-
butions are shown in Figure S10. The final calibrated values of the envelope
heat  transfer  coefficient,  thermal  capacitance,  thickness,  and  surface  area
are 0.5932 W/(m2·K), 890.6 J/(kg·K), 0.2982 m, and 3416.8 m2, respectively.

An  independent  validation  dataset  covering  14  days  from  December  19,
2022, to January 1, 2023, and not used during model calibration, was used to
assess  model  performance.  As  shown  in Figure  5,  the  calibrated  Modelica
model achieves NMBE values of +4.14% for building heating load and +3.24%
for  total  GSHP  power  consumption.  For  key  monitoring  variables,  including
condenser  inlet  and  outlet  temperatures,  buffer  tank  supply  and  return
temperatures,  and  ground-loop supply  and  return  temperatures,  the  corre-
sponding  NMBE  values  range  from −3.42%  to  +1.56%.  All  deviations  are
within ±4%, satisfying the commonly adopted validation criterion for building
energy models (NMBE < ±10%).49

 Validation of the Predictors
For the RF-based preheating predictor, validation on data not used in train-

ing yielded an RMSE of 12.7 min (Figure 6A). After applying the safety-margin
adjustment, the adopted preheating durations consistently exceed the refer-
ence  preheating  durations  from  the  calibrated  single-zone  room  thermal
model,  particularly  for  samples  where  the  RF  model  underestimates  the
required duration.  As  discussed  in  previous  sections,  these  reference  dura-
tions  can  represent  the  heating  durations  for  the  building.  Adding  a  safety
margin to the RF-predicted durations further  reduces the risk of  insufficient
preheating across varying loads and weather conditions.

On  an  independent  validation  dataset  (Figure  S11),  the  buffer  tank  and
GSHP  predictors  achieved  RMSE  values  of  0.22  °C  and  0.18,  and  MAPE
values of 0.15% and 5.5%, respectively. The buffer tank and GSHP predictors
achieve  RMSE  values  of  0.22  °C  and  0.18,  and  MAPE  values  of  0.15%  and
5.5%, respectively. The results of the physics-informed buffer tank and GSHP
performance predictors indicate that single-unit operation is preferable when
the  building  heating  load  is  below  161.3  kW,  while  two-unit  operation
becomes more efficient above this threshold (Figure 6B). As high-load condi-
tions occur only during short morning start-up periods, single-unit operation
is adopted to reduce frequent start–stop cycling.

 VIRTUAL TESTING AND OPTIMIZATION
 Baseline performance
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The current control strategy is used as the baseline, whose performance is
assessed  using  the  calibrated  simulation  platform.  Virtual  tests  across  a
wide  range  of  operating  conditions  show  that  operating  two  GSHP  units
simultaneously  degrades  efficiency  regardless  of  load  level  or  ambient
conditions.  Energy-flow  analysis  identifies  three  major  loss  mechanisms:
standby losses from keeping both units continuously available, cycling losses
caused  by  frequent  start–stop  operation  under  low-load  conditions,  and
distribution  losses  when  operating  temperatures  exceed  actual  demand.
Buffer  tank  simulations  further  indicate  limited  effective  thermal  storage,
which  promotes  frequent  cycling  rather  than  stable  continuous  operation.
Simulations under extreme weather conditions show that,  except during the
morning  start-up  period,  the  system  generally  retains  sufficient  capacity
margin. A single unit can satisfy the heating demand during most operating
periods  while  operating  at  a  higher  PLR.  The  short  capacity  deficit  during
morning start-up can be addressed through an appropriate preheating strat-
egy.

Based  on  this  analysis,  the  baseline  operation  is  compared  with  three
single-unit  strategies  to  evaluate  the  feasibility  and  energy-saving  potential
of the proposed retro-commissioning approach. The baseline corresponds to
the existing dual-unit  operation with a fixed preheating schedule.  Strategy 1
adopts  single-unit  operation  with  the  current  fixed  preheating  start  time
(07:15).  Strategy  2  uses  single-unit operation  with  a  fixed  preheating  dura-
tion  determined  from  the  longest  historical  requirement.  Strategy  3  applies
single-unit operation with the proposed predictive preheating strategy.

 Strategy feasibility and risk assessment
Virtual testing of alternative control strategies on the calibrated simulation

platform enables systematic optimization while avoiding the risks of on-site
experiments.  The  primary  change  in  the  tested  strategies  is  the  transition
from  dual-unit  to  single-unit  operation,  which  increases  the  part-load  ratio
(PLR) of the active unit.

Figure  7A  shows  the  simulation  results  for  the  coldest  two  weeks  in  the
recorded period. Under Strategy 1, single-unit operation with the original fixed
preheating  schedule  fails  to  raise  the  indoor  temperature  to  18  °C  before
occupancy,  indicating  insufficient  morning  warm-up  under  cold  conditions.
This  occurs  because  low  nighttime  temperatures  and  accumulated  heat
deficits  cannot  be  recovered within  the  limited  preheating period when only
one unit  is  operating.  These results suggest that single-unit operation with-
out  adjusting  the  preheating  duration  may lead  to  thermal  comfort  risks.  In
contrast,  both  Strategy  2,  which  uses  a  fixed  preheating  duration  based  on
the  longest  historical  requirement,  and  Strategy  3,  which  applies  the
proposed  predictive  preheating  strategy,  can  achieve  the  18  °C  setpoint
before occupancy. This indicates that appropriate preheating scheduling can
mitigate  the  capacity  limitations  of  single-unit  operation  during  extreme
conditions.

Figure 7B presents the distribution of preheating start time under Strategy
3. The preheating duration adjusts dynamically with the operating condition.
Early  start-up  is  avoided  under  mild  conditions,  while  longer  preheating  is
applied  during  colder  periods  to  meet  the  indoor  temperature  target.  The
longest preheating duration does not necessarily occur on the coldest day, as
it depends on the overall thermal state of the building and buffer tank prior to

start-up. Annual simulations show that the optimized strategy maintains the
indoor  temperature response at  a  level  comparable to  the baseline strategy
while adapting to varying conditions. During preheating, the heat pump typi-
cally  operates  at  a  PLR  of  60–80%,  increasing  indoor  temperature  while
charging the buffer tank.

 Energy performance improvement
The transition from dual-unit to single-unit operation alters the load profile.

During  normal  operation,  the  GSHP  PLR  increases  from  approximately
20–50%  to  50–80%. Figure  7C  presents  the  building-side  operational  COP
from  December  5  to  December  18,  2022.  Under  the  baseline  strategy,  the
COP typically ranges from 2 to 4 and frequently falls below 3. With the opti-
mized strategies,  it  is  maintained between 3 and 5 for  most  operating peri-
ods, and the mean COP increases from 3.0 to 4.4 (46.7 %). By taking account
of pumping power, the system-level efficiency ratio increases from 2.3 to 3.2.

Figure  7D  compares  the  total  energy  consumption  of  the  GSHP  system
under different operating strategies during the coldest 14 days of the winter
period.  Under  the  baseline  dual-unit  operation,  total  energy  use  reaches
10,123.52 kWh. In contrast, single-unit operation with the intelligent preheat-
ing strategy reduces total energy consumption to 8,677.08 kWh, correspond-
ing  to  an  energy  saving  of  16.1%.  The  mean  COP  shows  a  larger  increase
than  the  reduction  in  total  electricity  consumption  during  the  coldest  two
weeks  of  the  recorded  period.  This  is  because  the  optimized  single-unit
strategy  involves  longer  preheating  periods  than  the  baseline,  which
increases  the  GSHP  runtime.  From  an  electricity  consumption  perspective,
these additional preheating hours contribute extra energy that is not present
in the baseline strategy. From a COP perspective, the heating delivered during
preheating periods is also included in the calculation. As a result, the increase
in mean COP appears larger than the corresponding reduction in total  elec-
tricity  consumption.  Over  the  two  weeks,  preheating  contributes  192  kWh,
accounting  for  only  2.3%  of  total  energy  use,  while  avoiding  insufficient
morning warm-up and improving GSHP efficiency. Compared with the fixed
preheating  strategy,  the  intelligent  preheating  approach  further  reduces
energy use by 176 kWh (2%)  by avoiding unnecessary  early  start-up during
mild weather.

Single-unit  operation  also  reduces  cycling  under  low-load  conditions,
resulting  in  more  stable  operation  and  lower  equipment  wear.  Although  the
existing  buffer  tank  has  limited  thermal  storage  capacity,  its  utilization  is
improved under the optimized strategy. By charging the tank during preheat-
ing,  stored  thermal  energy  supports  morning  warm-up  and  can  be  partially
carried  over  to  the  following  day,  maximizing  the  value  of  the  existing  tank
without additional investment, thereby reducing retrofit and long-term main-
tenance costs.

 Economic and environmental benefits
Strategy  3  integrates  GSHP  unit-number  optimization  with  intelligent

morning preheating, improving efficiency while avoiding insufficient morning
warm-up and reducing energy waste. The shift from dual-unit to single-unit
operation altered the system’s heating load profile, increasing the GSHP PLR
from 20–50% to 50–80%, keeping the unit in a higher efficiency range. Based
on the calibrated virtual testbed, electricity costs over the representative 14-

 

Figure 6.  Coupled physics-informed predictors for buffer-tank and GSHP
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day  winter  period  decreased  from  £6,596.34  under  dual-unit  operation  to
£5,630.37  under  single-unit  operation  with  preheating,  yielding  a  simulated
saving of £965.9 (14.6%). These savings were mainly driven by better match-
ing between heat pump operation and building heating demand.

The  proposed  strategy  is  cost-effective  to  deploy,  requiring  only  control
logic reprogramming and operator  training,  without hardware modifications,
additional  sensors,  or  equipment  replacement.  This  approach  supports  the
feasibility  of  model-based  commissioning,  especially  in  existing  buildings
where major  retrofits  are  constrained  by  approval  processes  and construc-
tion limitations.

The  resulting  energy  savings  also  provide  environmental  benefits.  With  a
15% energy reduction, the strategy leads to an annual emissions reduction of
about 3.3 t  CO2 based on the current UK electricity grid carbon intensity.  As
grid decarbonization continues, absolute emissions will decrease further. The
improved  efficiency  also  reduces  peak  electricity  demand,  alleviating  grid
stress and supporting building electrification.

 Implications for field retro-commissioning
Based on the calibrated model and virtual-testing results, a feasible path-

way is proposed to translate virtual-testing results into actionable field retro-
commissioning  measures.  The  virtual  testing  framework  for  retro-commis-
sioning could be deployed on a local supervisory computer. By reading BMS
operating data stored in a local database, the testbed could update its input
variables and generate optimized setpoints and control signals, which could
then  be  written  to  the  existing  direct  digital  controller  under  the  current
control logic.

For  the  studied  GSHP  system,  the  main  field  adjustments  would  involve
two aspects: revising the original dual-unit simultaneous operation to a single-
unit  scheme,  and  replacing  the  fixed  morning  preheating  start  time  with  a
prediction-based dynamic schedule. Verification could be carried out on test
days with  similar  weather  and  building  occupancy,  comparing  the  perfor-

mance of the baseline strategy, Strategy 1, Strategy 2, and Strategy 3. Strate-
gies 1 and 2 could be implemented through manual adjustment of unit oper-
ation and preheating settings,  whereas Strategy 3  would be executed using
virtual  testbed–generated  control  variables.  Additional  indoor  temperature
measurements  could  be  introduced  during  the  verification  stage  to  assess
whether all rooms reach the comfort threshold before occupancy.

The four strategies can then be compared using indicators such as room
temperature,  GSHP operating power,  total  system energy consumption,  and
building-side operational COP, thereby further evaluating the virtual testbed’s
practical  potential  for  retro-commissioning. The corresponding field deploy-
ment and experimental validation remain for future work.

 CONCLUSIONS
This  study  presents  a  virtual  testing–based  retro-commissioning frame-

work that integrates physics-based system modeling with data-driven meth-
ods for heating, ventilation, and air-conditioning (HVAC) systems. The frame-
work enables  control  strategy  development  and  evaluation  within  a  cali-
brated  virtual  testbed,  reducing  reliance  on  on-site  experimentation  and
supporting  adaptive  operational  optimization.  A  ground  source  heat  pump
(GSHP)  system is  used to  demonstrate  the  proposed framework.  The main
findings are summarized as follows:
● Based on the calibrated physics-based system model, machine learning

predictors were developed to optimize GSHP unit operation (PINN predictors)
and preheating control  (RF predictor).  Compared with  the  baseline  strategy,
the optimized control  reduced energy consumption by 16.1% and increased
the building-side operational COP from 3.0 to 4.4 while maintaining compa-
rable indoor thermal conditions.
● Switching  from  baseline  dual-unit  to  single-unit  GSHP  operation

improves efficiency but introduces a morning warm-up risk without preheat-
ing.  The  intelligent  preheating  strategy  increases  energy  use  by  about  2%
while ensuring reliable operation under cold conditions.
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Figure 7.  Comparison of (A) indoor temperature and (B) preheating start time distributions under different strategies. Comparison of (A) COP and (B) system power under
different strategies.
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● The  proposed  framework  extends  conventional  one-time commission-
ing into an iterative, model-based optimization process. Virtual commission-
ing enables low-risk evaluation of control strategies, and the calibrated virtual
testbed indicates a 14.6% reduction in energy cost over the representative 14-
day period without hardware modifications.

Future work will therefore focus on improving the modularity and general-
ity of the virtual testbed and framework, validating it through additional prac-
tical  case  studies,  and  further  investigating  adaptive  supply  temperature
control,  variable-flow  operation,  advanced  thermal  storage,  and  integration
with  demand-side  response  strategies.  With  more  room-temperature
measurements available, the current single-zone room thermal model, which
serves  as  a  practical  approximation  for  preheating  analysis  in  this  study,
could  be  further  refined  and  extended  toward  a  multi-zone  model  to  better
capture spatial heterogeneity across rooms.
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