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 a b s t r a c t

Heat pumps account for a significant portion of electricity consumption in buildings, making their energy ef-
ficiency a critical area of research. Control optimization is recognized as an effective approach for enhancing 
the efficiency of building HVAC systems. Specifically, since the efficiency of heat pumps increases with reduced 
superheat and the optimal refrigerant charge level varies with operating conditions, zero-superheat active charge 
control is a promising strategy to maximize the system’s COP. However, due to its complexity, this control strategy 
remains in the research phase and has only been tested under limited operating conditions. This paper proposes a 
methodology to evaluate the seasonal performance improvement of zero-superheat active charge control across a 
full range of heating conditions in buildings. The methodology includes the development of an optimal controller 
that utilizes an accumulator to store excess refrigerant and manages the active charge level at zero superheat 
through subcooling control, as well as the creation of a detailed physics-based heat pump model. Targeted a 3-
ton variable-speed heat pump with R410A refrigerant, we selected ten U.S. cities representing different climate 
regions for seasonal performance evaluation. Our simulations indicate that, depending on the climate conditions, 
the optimal control strategy could achieve energy savings ranging from 5.8% to 8.0% over the entire heating 
season. These results suggest that zero-superheat active charge control, combined with coordinated compressor 
and fan speeds, could substantially improve the energy efficiency of heat pump systems while maintaining the 
required heating capacity.

1.  Introduction

Air conditioners and heat pumps used for cooling, refrigeration, and 
space heating in buildings account for over 20% of total electricity con-
sumption in the U.S[1]. In recent decades, researchers have put con-
siderable effort into enhancing the energy efficiency of these systems 
within building environments. Those efforts include optimizing heat ex-
changer designs [2–4], improving compressor technologies [5], devel-
oping new refrigerants [6–8], adopting predictive maintenance [9–11], 
and implementing advanced control strategies [12–15]. Among those 
technologies, optimal control is considered one of the most cost-effective 
strategies for improving energy efficiency, particularly with the rapid 
advancements in computing, communication, and sensing technologies. 
In particular, suction-line superheat and liquid-line subcooling are the 
two most critical control parameters influencing system efficiency and 
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reliability. This paper aims to analyze a new optimal control strategy 
for heat pumps termed zero-superheat active refrigerant charge control.

Fig. 1 shows a schematic diagram of the vapor compression cycle for 
R410A refrigerant with an accumulator. The compressor intakes low-
pressure, low-temperature vapor refrigerant and compresses it to high-
pressure, high-temperature vapor. The vapor flows into the condenser, 
where it releases heat to the environment and then condenses into high-
pressure liquid. The liquid refrigerant moves to the expansion valve 
(EXV), where its pressure and temperature are reduced before enter-
ing the evaporator. In the evaporator, the two-phase refrigerant absorbs 
heat and evaporates back into the vapor phase. Except for the four main 
components, the suction accumulator also plays a crucial role by in-
tercepting liquid refrigerant at suction, ensuring that only vapor enters 
the compressor, thus preventing potential damage from liquid slugging. 
The heat pump manufacturers usually recommend a specific refrigerant 
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Fig. 1. Schematic diagram of the refrigeration cycle for a heat pump.

Nomenclature

Physical parameters
𝐶𝑑 Degradation coefficient
𝑓𝑐𝑜𝑚𝑝 Compressor speed
𝑓𝑛𝑜𝑚𝑖𝑛𝑎𝑙 Nominal compressor speed
𝑄𝑐𝑎𝑝,𝑑𝑒𝑠 Design capacity [W]
𝑄𝑐𝑎𝑝 Heating capacity [W]
𝑄𝑙𝑜𝑎𝑑 Heating load [W]
𝑇𝑏𝑎𝑙 Balancing dry-bulb temperature [◦C]
𝑇ℎ𝑑𝑏,𝑑𝑒𝑠 Heating dry-bulb design temperature [◦C]
𝑇𝑖 Indoor temperature [◦C]
𝑇𝑜 Outdoor temperature [◦C]
𝑇𝑠𝑐 Liquid-line subcooling temperature [K (Kelvin)]
𝑈𝐴 Thermal capacitance of the house [W/k]
𝑉𝑠 Indoor fan volume flow rate [m3/s]
𝑉𝑟𝑎𝑡𝑒 Rated indoor fan volume flow rate [m3/s]
𝑊𝑓𝑎𝑛 Indoor fan power [W]
𝑊𝑡𝑜𝑡 Total power consumption [W]
𝑊̄𝑡𝑜𝑡 Time-average power during the cycling period [W]

Abbreviations
COP Coefficient of performance
EIR Energy input ratio
EXV Expansion valve
HPDM Heat pump design model
HVAC Heating, ventilation, and air conditioning
MAPE Mean absolute percentage error
RMSE Root mean square error
TMY Typical meteorological year
PLR Part load ratio
PLF Part load fraction

charge for system installation. However, this static charge value might 
not ensure optimal system efficiency across all operating conditions. For 
heat pumps equipped with an accumulator, system efficiency can be en-
hanced by adjusting the “active charge”, which is the refrigerant actively 
circulating in the vapor compression cycle. More specifically, the active 
charge is the refrigerant inside the compressor, condenser, and evapo-
rator, but does not include the refrigerant in the accumulator or com-
pensator. The active charge can be decreased by opening the EXV under 
zero-superheat conditions, causing liquid refrigerant to accumulate in 
the suction accumulator. Conversely, it can be increased by closing the 
EXV, which reduces the liquid refrigerant level in the accumulator un-
der the same conditions. Thus, by modulating the EXV opening under 

zero-superheat conditions, the amount of liquid refrigerant in the suc-
tion accumulator can be controlled.

Fig. 2 demonstrates the changes in suction-line superheat, liquid-
line subcooling, active refrigerant charge, and COP as the EXV open-
ing gradually increases for R410A refrigerant. In this example, the EXV 
steps range from 0 (fully closed) to 500 (fully open). As the EXV step 
increases, the mass flow rate in the evaporator rises, resulting in a de-
crease in the superheat. When the EXV step reaches 170 (34% open), 
the superheat level drops to zero. Meanwhile, subcooling also decreases 
gradually. At zero superheat, liquid refrigerant begins to accumulate 
in the suction accumulator, not actively circulating in the heat pump 
cycle. As the EXV opening continues to increase, more liquid refriger-
ant accumulates in the accumulator, which further reduces the active 
charge level in the system. The EXV opening affects the COP by adjusting 
the pressure difference across the EXV, the isentropic efficiency of the 
compressor, and consequently, the compressor power. In this scenario, 
the maximum COP is achieved at an EXV opening of 210 (42% open), 
which is 12.8% higher than the baseline at 5 K superheat. Since the 
superheat is maintained at approximately 0 K in active charge manage-
ment, it cannot be used to adjust the EXV opening. However, as shown 
in Fig. 2(a), the subcooling level has a monotonic decreasing relation-
ship with the EXV opening, making subcooling a suitable control vari-
able. Therefore, in zero-superheat active charge control, the EXV control 
strategy is shifted from targeting a specific superheat level (e.g., 5 K) to 
targeting an optimal subcooling level. The heating capacity is also in-
fluenced by the EXV opening. However, the change in heating capacity 
varies with operating conditions, depending on the overall heat transfer 
coefficient and the temperature difference between the refrigerant and 
air at the condenser. For variable-speed heat pumps, the additional de-
grees of freedom provided by the variable-speed compressor and indoor 
fan create an opportunity to further enhance efficiency while meeting 
a given heating load. Therefore, to maintain the heating capacity and 
maximize the system efficiency, the zero-superheat active charge control 
could be combined with optimized coordination of compressor and fan
speeds.

Although zero-superheat active charge control can significantly in-
crease the COP of heat pumps with no hardware upgrade, it has not been 
implemented in real systems due to several practical challenges. These 
challenges include the complexity of control algorithms, maintaining 
control stability at zero superheat, and the risk of liquid refrigerant en-
tering the compressor [16–18]. However, advancements in manufactur-
ing, computing, communication, and sensing technologies are making 
zero-superheat active charge control more feasible. For instance, mod-
ern compressors, such as scroll compressors, are more tolerant of wet 
compression. Also, though there could be small oscillations in superheat 
when it is close to zero, we observed that in the active charge control, 
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Fig. 2. Experimental demonstration of heat pump performance at zero superheat (refrigerant: R410A).

the quality at the evaporator outlet is slightly below one, away from the 
regimes with superheat oscillations.

Although limited, some studies in the literature have focused on ac-
tive charge management using either a receiver or an accumulator to 
store excess refrigerant. For example, Kim and Braun (2012) [17] used 
accumulators to modify system charges and experimentally evaluated 
the impact of charge levels on system efficiency. To prevent the accu-
mulator from being completely filled during zero-superheat control, Liu 
and Cai (2022) [19] proposed a liquid-level estimator for the accumula-
tor and demonstrated its accuracy through both simulation and experi-
ment for a heat pump. Jensen and Skogestad (2007) [18] investigated 
the benefits of using a receiver and a control valve in the refrigeration 
cycle to manage excess refrigerant and optimize subcooling. Their re-
sults indicated that maximum efficiency could be achieved at a specific 
subcooling level, emphasizing the importance of managing the refriger-
ant charge for improved system performance. Menken et al. (2014) [20] 
compared the performance of using an accumulator versus a receiver for 
active charge management for a heat pump. They found that the system 
with a receiver had a higher COP, but the system with an accumula-
tor could be preferable in a cold climate. Plus, the zero-superheat level 
is automatically satisfied by using an accumulator to store the liquid 
refrigerant, which is a significant advantage. Besides, some studies de-
signed or evaluated active charge controllers. Koeln and Alleyne (2014) 
[21] used a receiver and an additional EXV to provide independent con-
trol of the subcooling, and showed that there is an optimal subcool-
ing level that maximizes system efficiency, which varies with operating 
conditions. They also implemented extremum seeking control (ESC) to 
identify the optimal subcooling and showed a 9% performance enhance-
ment. Moreover, some researchers also studied the speed coordination of 
heat pumps. Fischer and Rice (1985) [22] designed a heat pump model 
to minimize its annual energy consumption by finding the optimal fan 
speed. Zakula et al. (2012) [23] designed an optimization algorithm to 
find the optimal coordination of evaporator airflow, condenser airflow, 
and subcooling for which the total power consumption is minimal at a 
given operation condition, and the optimization is based on a static heat 
pump model.

From the literature review, very few researchers have investigated 
active charge control. Moreover, they demonstrated the efficiency gain 
of active charge control through experiments, which could only test a 
limited number of operating conditions and could not cover the full 
range of possible scenarios. Therefore, the overall efficiency gain of the 
heat pump throughout the entire heating season is still unknown under 
a specific climate. Additionally, there is currently no control algorithm 
for active charge management in the industry. Based on these research 
gaps, this study contributes to zero-superheat active charge control as 
follows:

• Proposed a methodology to evaluate the seasonal performance of 
zero-superheat active charge control. The methodology is applied to 

assess the seasonal energy savings of this control strategy for small 
residential buildings across a full range of heating operating condi-
tions in ten U.S. cities in different climate regions.

• Developed a model-based optimal controller that uses the accumu-
lator to manage the active charge level at zero superheat in the heat 
pump. The optimal controller also coordinates the compressor and 
fan speeds to achieve the maximum COP while meeting the required 
heating load.

• Developed a detailed physics-based heat pump model to simulate 
and compare the performance of the active charge control with a 
baseline representing the conventional control strategy.
The novelty of this study lies in the comprehensive approach to eval-

uating the seasonal performance of zero-superheat active charge control 
and a detailed analysis of the control algorithm’s efficiency gains. Com-
pared with previous research, the proposed control algorithm offers a 
more efficient solution for heat pump control, with significant potential 
for energy savings in small residential buildings.

2.  Methodology

This section first outlines the methodology used to evaluate the sea-
sonal performance of zero-superheat active charge control for residen-
tial heat pumps under heating conditions. Then, Sections 3.2 and 2.3 
introduce the development of the high-fidelity heat pump design model 
(HPDM) and the control-oriented reduced order models, respectively. 
Using the reduced order models, an optimal control problem is formu-
lated to minimize total power consumption within specified bounds for 
the control variables in Section 2.4.

2.1.  Introduction to the seasonal performance evaluation process

Fig. 3 shows the framework to evaluate the seasonal performance 
of zero-superheat active charge control. Given the location of a residen-
tial building where the heat pump is installed, its typical meteorological 
year (TMY) weather data and heating dry-bulb design temperature are 
retrieved first. The heating dry-bulb design temperature is used for sys-
tem sizing, and the hourly heating load is calculated using the system 
sizing information and the hourly weather data. Then, the optimal con-
trol algorithm searches for the minimum power of the heat pump in each 
operating hour by adjusting the control variables (i.e., the indoor fan 
speed, compressor speed, and liquid-line subcooling) while ensuring the 
heating capacity matches the required heating load. After that, a high-
fidelity heat pump model (HPDM) takes the optimal control variables 
and the weather data as inputs to compute the heating power, heating 
capacity, COP, and other physical properties in the refrigeration cycle. 
On the other hand, a baseline controller is created for comparison, which 
assumes a controlled suction-line superheat of 5 K, fixed active charge 
level (i.e., no liquid refrigerant inside the accumulator), and synchro-
nized compressor and indoor fan speeds to meet the required heating 
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Fig. 3. Framework of the seasonal performance evaluation process.

load. Finally, the energy efficiency and physical properties between the 
optimal control and the baseline are compared, and the advantages of 
the optimal control are analyzed.

2.2.  Development of a high-fidelity heat pump model

A high-fidelity heat pump model has been developed and calibrated 
from data collected for a 3-ton residential heat pump with R410A refrig-
erant in a research lab. The model employs the Heat Pump Design Model 
(HPDM) [24], a building equipment modeling platform created by the 
Oak Ridge National Laboratory for steady-state and quasi-steady-state 
design analyses of extensive thermal system configurations. In HPDM, 
each piece of equipment is modeled separately. The compressor model is 
constructed using the AHRI compressor maps [25]. Two heat exchangers 
are modeled using the finite control volume approach, which discretizes 
a heat exchanger into multiple segments and then calculates local heat 
transfer and pressure drop in each segment. The fan models are created 
by fitting a function to the relationship between power consumption and 
air flow rate.

2.3.  Development of control-oriented reduced order models

To be shown in Fig. 6 (Section 3.3), the high-fidelity model is very 
accurate after calibration, and can be used for simulating the heat pump 
performance in varying operating conditions. However, because it is a 
complex and detailed model which requires significant computational 
resources, the model is impractical for real-time control and optimiza-
tion tasks. Therefore, there is a need to develop control-oriented reduced 
order models based on the high-fidelity model simulation results. These 
simplified models can capture the essential characteristics of the sys-
tem while being computationally efficient, making it suitable for model-
based optimization.

The proposed optimal controller needs three reduced order models:

1. The heating capacity (𝑄𝑐𝑎𝑝) is modeled as a function of the indoor 
fan volume flow rate (𝑉𝑠), compressor speed (𝑓𝑐𝑜𝑚𝑝), indoor temper-
ature (𝑇𝑖), outdoor temperature (𝑇𝑜), and liquid-line subcooling tem-
perature (𝑇𝑠𝑐). This model structure is based on the ASHRAE Toolkit 

model [26], but accounts for additional correction terms associated 
with compressor speed and subcooling.
𝑄𝑐𝑎𝑝 =(𝑎0 + 𝑎1𝑇𝑖 + 𝑎2𝑇𝑜 + 𝑎3𝑇

2
𝑖 + 𝑎4𝑇

2
𝑜 + 𝑎5𝑇𝑖𝑇𝑜)

⋅ (1 + 𝑎6
𝑉𝑠
𝑉𝑟𝑎𝑡𝑒

+ 𝑎7(
𝑉𝑠
𝑉𝑟𝑎𝑡𝑒

)2)

⋅ (1 + 𝑎8𝑓𝑐𝑜𝑚𝑝 + 𝑎9𝑓
2
𝑐𝑜𝑚𝑝 + 𝑎10𝑓

3
𝑐𝑜𝑚𝑝)

⋅ (1 + 𝑎11𝑇𝑠𝑐 + 𝑎12𝑇
2
𝑠𝑐)

(1)

2. The compressor energy input ratio (𝐸𝐼𝑅) is also modeled as a func-
tion of the indoor fan volume flow rate (𝑉𝑠), compressor speed 
(𝑓𝑐𝑜𝑚𝑝), indoor temperature (𝑇𝑖), outdoor temperature (𝑇𝑜), and 
liquid-line subcooling temperature (𝑇𝑠𝑐). Since the ASHRAE Toolkit 
model structure shows a relatively high prediction error, an artifi-
cial neural network (ANN) model is used. The ANN model has two 
hidden layers, each with 32 neurons.
𝐸𝐼𝑅 = 𝑓ANN(𝑇𝑖, 𝑇𝑜, 𝑉𝑠, 𝑓𝑐𝑜𝑚𝑝, 𝑇𝑠𝑐 ) (2)

3. Modeling the indoor fan power (𝑊𝑓𝑎𝑛) as a cubic function of its vol-
ume flow rate (𝑉𝑠).

𝑊𝑓𝑎𝑛 = 𝑏0 + 𝑏1
𝑉𝑠
𝑉𝑟𝑎𝑡𝑒

+ 𝑏2(
𝑉𝑠
𝑉𝑟𝑎𝑡𝑒

)2 + 𝑏3(
𝑉𝑠
𝑉𝑟𝑎𝑡𝑒

)3 (3)

With the above three models, the total power consumption (𝑊𝑡𝑜𝑡) of 
the heat pump system can be calculated by:
𝑊𝑡𝑜𝑡 = 𝑊𝑓𝑎𝑛 + 𝐸𝐼𝑅 ⋅𝑄𝑐𝑎𝑝 (4)

2.4.  Formulation of an optimal control problem

The optimal controller designed in this study is a combination of the 
zero-superheat active charge controller and the fan-compressor speed 
coordination controller. The control variables include the setpoint of the 
subcooling temperature (𝑇𝑠𝑐), the indoor fan volume flow rate (𝑉𝑠), and 
the compressor speed (𝑓𝑐𝑜𝑚𝑝). The outdoor fan speed is fixed. The goal 
of the optimal controller is to find the optimal control setpoint for the 
heat pump to minimize the total power consumption while ensuring the 
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Fig. 4. Selected cities for simulation in this study.

required heating load is met. This can be formulated into a constrained 
optimization problem. The control objective is:

min
𝑉𝑠 ,𝑓𝑐𝑜𝑚𝑝 ,𝑇𝑠𝑐

𝑊𝑡𝑜𝑡 (5)

while the constraint is that the heating capacity should equal the heating 
load:

𝑄𝑐𝑎𝑝 = 𝑄𝑙𝑜𝑎𝑑 (6)

and each control variable is bounded:

0.5 <
𝑉𝑠
𝑉𝑟𝑎𝑡𝑒

< 1 (7)

0.3 <
𝑓𝑐𝑜𝑚𝑝
𝑓𝑛𝑜𝑚𝑖𝑛𝑎𝑙

< 1 (8)

1 K < 𝑇𝑠𝑐 < 15 K (9)

The upper bounds for the compressor and fan speeds correspond to 
their nominal speeds, while the lower bounds are set to 30% and 50% 
of their nominal speeds, respectively, in accordance with the manufac-
turer’s specifications and the operational stability requirements of the 
heat pump unit. For subcooling, the lower bound is set at 1 K, which 
means the condenser basically has no subcooling. The upper bound is 
set at 15 K, since a very long subcooling region in the condenser de-
grades the total heat transfer efficiency, which is not favorable.

3.  Simulation setup

The simulation is performed based on a real 3-ton variable-speed 
heat pump unit. The manufacturer-suggested refrigerant charge level 
is 6.2 kg of R410A. In the heating mode, about 0.7 kg of refrigerant is 
stored inside the compensator. Thus, if the accumulator is empty, the 
active charge in the refrigeration cycle is about 5.5 kg. The nominal 
compressor speed is 5000 rpm, and the rated indoor fan volume flow 
rate is 0.566m3/s (1200 CFM, tested in the psychrometric chamber). 
This section will detail the setup of the simulation, including selecting 
10 locations for simulation, calculating the hourly heating load in each 

location, training and calibration of the simulation models, and design 
details of the baseline and optimal controllers.

3.1.  Selection of locations for simulation

This study selected 10 cities in the U.S.A. to perform the simulation. 
As shown in Fig. 4, the cities are selected based on the International 
Energy Conservation Code (IECC) climate zones and moisture regimes 
[27]. Because this study only analyzed the heating conditions of the 
heat pump, cities in the Climate Zone 1 are not selected. Also, cities 
in Climate Zones 6 and 7 are too cold for the current heat pump to 
operate. For future work, a model for the cold climate heat pump could 
be developed to test the performance in those very cold cities. Table 1 
lists the 10 selected cities along with their heating or cooling dry-bulb 
design temperature.

3.2.  Calculation of the hourly heating load

For each selected city, its hourly outdoor air temperature in the 
whole year can be retrieved from the typical meteorological year (TMY) 
weather data. However, in order to evaluate the heat pump performance 
at different operating conditions, the hourly heating load should also be 
specified in addition to the outdoor air temperature data. In this study, 
the hourly heating load of a heating-dominant location is determined 
by a system sizing method with the following three steps:

1. The design capacity (𝑄𝑐𝑎𝑝,𝑑𝑒𝑠) of the heat pump is calculated at the 
heating dry-bulb design temperature (𝑇ℎ𝑑𝑏,𝑑𝑒𝑠) of the location and an 
indoor temperature of 70◦F (21.1 ◦C), assuming the indoor fan and 
compressor operating at full speeds, the subcooling set at 10 K, and 
the heat pump unit oversized by 20%:
(1 + 20%) ⋅𝑄𝑐𝑎𝑝,𝑑𝑒𝑠 = 𝑓𝑄(𝑇𝑖 = 21.1◦C, 𝑇𝑜 = 𝑇ℎ𝑑𝑏,𝑑𝑒𝑠,

𝑉𝑠 = 𝑉𝑟𝑎𝑡𝑒, 𝑓𝑐𝑜𝑚𝑝 = 𝑓𝑛𝑜𝑚𝑖𝑛𝑎𝑙 , 𝑇𝑠𝑐 = 10 K)
(10)

where 𝑓𝑄 refers to the reduced-order model to predict the heat-
ing capacity (Eq. (1)), and the heating dry-bulb design temperature 
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Table 1 
IECC climate zones of the selected cities for simulation.
 Climate zone  City  Heating dry-bulb design temperature  Cooling dry-bulb design temperature  Note
 2A  Tampa  3.6 ◦C  33.6 ◦C  Cooling dominant
 2B  Phoenix  3.7 ◦C  43.4 ◦C  Cooling dominant
 3A  Dallas −6.5 ◦C  38.0 ◦C  Heating dominant
 3A  Atlanta −6.3 ◦C  34.3 ◦C  Heating dominant
 3B  Los Angeles  6.9 ◦C  28.7 ◦C  Cooling dominant
 3C  San Francisco  3.8 ◦C  28.3 ◦C  Heating dominant
 4A  New York −10.7 ◦C  32.1 ◦C  Heating dominant
 4C  Seattle −4.2 ◦C  29.4 ◦C  Heating dominant
 5A  Chicago −20.0 ◦C  33.3 ◦C  Heating dominant
 5B  Denver −17.4 ◦C  34.6 ◦C  Heating dominant

(𝑇ℎ𝑑𝑏,𝑑𝑒𝑠) is defined as an extreme temperature that occurs for 0.4% 
of the year. An oversizing factor of 20% ensures that the heating 
load can be met in extremely cold weather and also during the time 
when the heat pump runs continuously to track an increased ther-
mostat heating setpoint.

2. Then, consider a house with its room temperature controlled by the 
heat pump. The thermal resistance of the house (1∕𝑈𝐴) is calculated 
by:

1
𝑈𝐴

=
𝑇𝑏𝑎𝑙 − 𝑇ℎ𝑑𝑏,𝑑𝑒𝑠

𝑄𝑐𝑎𝑝,𝑑𝑒𝑠
(11)

where 𝑇𝑏𝑎𝑙 is the balancing dry-bulb temperature, an ideal outdoor 
temperature where no heating or cooling is required for that house. 
The balancing temperature is set at 65◦F (18.3 ◦C) in this study. 
Note that the balancing temperature should be lower than the in-
door temperature at zero load, considering the internal heat gains in 
the house.

3. Finally, the heating load (𝑄𝑙𝑜𝑎𝑑) in each hour can be calculated by:
𝑄𝑙𝑜𝑎𝑑 = 𝑈𝐴 ⋅ (𝑇𝑏𝑎𝑙 − 𝑇𝑜) (12)

where 𝑇𝑜 is the outdoor temperature data retrieved from the TMY 
weather dataset.

Similarly, for cooling-dominant locations, the system is sized based 
on the cooling dry-bulb design temperature, following the same three 
steps. For the 10 selected cities, Tampa, Phoenix, and Los Angeles are 
cooling-dominant cities, and the others are heating-dominant cities.

3.3.  Model calibration

The development and calibration process of the simulation models 
is shown in Fig. 5. First of all, some experimental data on the heat 
pump are collected to calibrate the high-fidelity model. Then, the cali-
brated high-fidelity model generates thousands of simulation data points 
at zero superheat but with different operating conditions. Finally, the 
control-oriented reduced-order models are trained and validated using 
the simulation dataset.

Table 2 shows the specifications of the heat pump system in this 
study. In order to collect experimental data for validation of the high-
fidelity model, three sets of experimental tests were performed, as shown 
in Table 3. First of all, Test #1 focused on operations at normal su-
perheat levels (i.e., 5 ◦C), and the total charge level varied from 5 kg 
to 6.2 kg. Then, Test #2 and #3 focused on zero-superheat conditions. 
Test #2 varied the EXV steps from 140 to 240, while other variables are 
fixed. In this process, the superheat gradually decreased to zero and the 
refrigerant started to accumulate in the accumulator. In Test #3, this 
process was repeated but at different levels of compressor speed, fan 
speed, and outdoor temperature.

Fig. 6 shows the calibration results of the high-fidelity heat pump 
model in heating mode, with the x-axis representing experimental data 
and the y-axis representing the model simulation results. The experi-
mental data were collected at various EXV openings and refrigerant 
charge levels under H1 and H2 testing conditions, as specified by the 

Fig. 5. Process to develop high-fidelity and control-oriented simulation models.

AHRI Standard 210/240 [28]. The high-fidelity model demonstrates 
high accuracy in predicting heating capacity, power consumption, and 
COP, with a mean absolute percentage error (MAPE) of less than 2%. 
Additionally, the model accurately predicts the refrigerant charge level, 
achieving an MAPE of 3.5%. It is important to note that the charge 
level prediction is used solely for validation and does not influence the 
control and optimization process or the calculation of efficiency gains.

A large amount of data is generated from the calibrated high-fidelity 
model to train and validate Eqs. (1) and (2) of the reduced-order mod-
els, while Eq. (3) is directly fitted using experimental test data as it 
has fewer coefficients. As shown in Table 4, each input variable of the 
reduced order models spans a wide range of heat pump operating condi-
tions. Then, the large dataset is split into a training set and a validation 
set. Fig. 7(a) and (b) display the validation results of the reduced-order 
models after training. The predictions of the high-fidelity model and the 
reduced-order models agree well, with the MAPE for heating capacity at 
1.1% and for EIR at 1.0%. Fig. 7(c) compares the fitted indoor fan curve 
with experimental data, showing that the prediction error for indoor fan 
power is also very low.

3.4.  Design of the optimal controller

Based on the optimization problem formulated in Section 2.4, an al-
gorithm is developed to determine the optimal control setpoint for each 
hour. With only three control dimensions (i.e., indoor fan airflow rate 
𝑉𝑠, compressor speed 𝑓𝑐𝑜𝑚𝑝, and liquid-line subcooling temperature 𝑇𝑠𝑐) 
and clearly defined bounds for each variable, the brute-force method 
proves to be both straightforward and efficient. Its computational load is 
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Table 2 
Specifications of the heat pump system.
 Parameter  Specification
 Tonnage  3
 Compressor type  Scroll
 Compressor configuration  Modulating
 Indoor fan motor  Variable-speed electronically commutated motor
 Rated indoor airflow  1200 CFM (0.566m3/s)
 Seasonal Energy Efficiency Ratio (SEER)  20

Table 3 
Experimental data collection for validation of the high-fidelity model.
 Test 𝑓𝑐𝑜𝑚𝑝 𝑉𝑠  EXV steps 𝑇𝑖 𝑇𝑜  Total charge
 #1  3200 rpm  0.566m3/s  –  21.1 ◦C  8.3 ◦C  5∼6.2 kg
 #2  3200 rpm  0.566m3/s  140∼240  21.1 ◦C  8.3 ◦C  6.2 kg
 #3  1300∼3000 rpm  0.226∼0.566m3/s  100∼170  21.1 ◦C  1.4 ◦C∼12.5 ◦C  6.2 kg

Fig. 6. Validation of the high-fidelity model (HPDM).

Fig. 7. Validation of the control-oriented reduced order models.
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Algorithm 1 An algorithm to find the optimal control setpoint.
1: for hour = September 1st 00:00 to June 1st 00:00 do
2: if 𝑄𝑙𝑜𝑎𝑑 = 0 then
3: continue to the next iteration
4: end if
5: Generate a DataFrame 𝑋 having all combinations of 𝑉𝑠, 𝑓𝑐𝑜𝑚𝑝, and 𝑇𝑠𝑐 with small increment 
6: Predict 𝑄𝑐𝑎𝑝 and 𝑊𝑡𝑜𝑡 for 𝑋 using the reduced-order models at 𝑇𝑖 = 21.1◦C and current 𝑇𝑜
7: Store the predictions in two DataFrames 𝑌1 and 𝑌2
8: Filter 𝑌1 to include only rows where |𝑄𝑐𝑎𝑝 −𝑄𝑙𝑜𝑎𝑑 | < 0.02kW

Assuming 𝑃𝐿𝑅 = 1, calculate 𝑊̄𝑡𝑜𝑡 for every row of 𝑌1
9: Filter 𝑌2 to include only rows where 𝑄𝑐𝑎𝑝 −𝑄𝑙𝑜𝑎𝑑 > 0.02kW

Assuming 𝑃𝐿𝑅 < 1, calculate 𝑊̄𝑡𝑜𝑡 for every row of 𝑌2 using Eqs. (13)–(15) 
10: Concatenate 𝑌1 and 𝑌2 into a single DataFrame 𝑌
11: Select the row in 𝑌  with the minimum 𝑊̄𝑡𝑜𝑡
12: end for

Table 4 
Data generation from the high-fidelity model: range of the in-
put variables.
 Variable  Min  Max  Increasing step
𝑉𝑠  0.5⋅𝑉𝑟𝑎𝑡𝑒  1.0⋅𝑉𝑟𝑎𝑡𝑒  0.1⋅𝑉𝑟𝑎𝑡𝑒
𝑓𝑐𝑜𝑚𝑝  0.3⋅𝑓𝑛𝑜𝑚𝑖𝑛𝑎𝑙  1.0⋅𝑓𝑛𝑜𝑚𝑖𝑛𝑎𝑙  0.1⋅𝑓𝑛𝑜𝑚𝑖𝑛𝑎𝑙
𝑇𝑠𝑐  2.8 K (5 R)  22.2 K (40 R)  2.8 K (5 R)
𝑇𝑖  15.6 ◦C (60◦F)  21.1 ◦C (70◦F)  1.1 ◦C (2◦F)
𝑇𝑜 −15 ◦C (5◦F)  18.3 ◦C (65◦F)  2.8 ◦C (5◦F)

very low, allowing the algorithm to quickly identify the optimal control 
point that minimizes power consumption for each operating condition, 
which makes the brute-force method highly suitable for real-time im-
plementation. The pseudo-code for the brute-force searching algorithm 
is presented in Algorithm 1.

Additionally, depending on the heating load value, the heat pump 
may operate continuously or cycle on and off. In this study, the heat 
pump is considered to be cycling when the compressor operates at the 
minimum speed, but the heating load is still lower than the heating 
capacity. The cycling loss is estimated based on a correlation provided 
in the EnergyPlus Engineering Reference [29]:

𝑃𝐿𝑅 =
𝑄𝑙𝑜𝑎𝑑
𝑄𝑐𝑎𝑝

(13)

𝑃𝐿𝐹 = 1 − 𝐶𝑑 + 𝐶𝑑 ⋅ 𝑃𝐿𝑅 (14)

𝑊̄𝑡𝑜𝑡 =
𝑃𝐿𝑅
𝑃𝐿𝐹

⋅𝑊𝑡𝑜𝑡 (15)

where 𝑊̄𝑡𝑜𝑡 refers to the time average power during the cycling period. 
𝑃𝐿𝑅 and 𝑃𝐿𝐹  refer to part load ratio and part load fraction, respec-
tively. 𝐶𝑑 is called the degradation coefficient, which is typically be-
tween 0.05 (lower cycling loss) and 0.25 (higher cycling loss) [30]. In 
this simulation, because the variable-speed heat pump only starts cy-
cling at low compressor speeds, a 𝐶𝑑 value of 0.25 is used.

After obtaining the optimal control setpoints for each hour, the heat 
pump performance is simulated using the high-fidelity model. Fig. 8 
shows the control loop for the heat pump by using the optimal con-
troller. Based on 𝑇𝑖, 𝑇𝑜, and 𝑄𝑙𝑜𝑎𝑑 , the optimal controller finds out the 
optimal set for 𝑉𝑠, 𝑓𝑐𝑜𝑚𝑝, and 𝑇𝑠𝑐 , which are then used to control the 
operation of the indoor fan, the compressor, and the EXV. The outdoor 
fan is maintained at a constant speed.  Finally, based on the simula-
tion results of the high-fidelity model, the next section will analyze the 
energy-saving potential by adopting the optimal controller. 

3.5.  Design of the baseline controller

To quantify the efficiency gain from adopting the optimal controller, 
we also developed a baseline controller to simulate the control strat-
egy commonly used for heat pumps in the industry. In the baseline, the 

Table 5 
Seasonal energy savings of the heat pump in the heating mode 
by adopting the optimal control.
 City  Energy savings  City  Energy savings
 Tampa  7.4%  San Francisco  7.8%
 Phoenix  7.0%  New York  5.9%
 Dallas  6.3%  Seattle  7.0%
 Atlanta  5.8%  Chicago  6.4%
 Los Angeles  8.0%  Denver  6.1%

suction-line superheat is controlled instead of the liquid-line subcooling. 
We assume a controlled superheat of 5 K and synchronized speeds for 
the compressor and the indoor fan. Since the superheat is positive, liq-
uid refrigerant will not appear in the accumulator, so the active charge 
of the refrigeration cycle is nearly constant. In the simulation, the active 
charge level is assumed to be 5.3 kg. The performance of the baseline 
controller is also simulated using the high-fidelity model.

4.  Results and discussion

4.1.  Energy saving potential of each city

Fig. 9 shows the total heating demand and electricity use for each of 
the 10 locations under the baseline and the optimal control. The heating 
demand is calculated based on the weather information and the build-
ing size in each location (see Section 3.2). Table 5 shows the heating 
energy savings of the heat pump when the optimal controller is used in 
place of the baseline controller. The energy savings range from 5.8% to 
8.0% across different locations, with larger percentages of energy sav-
ings achieved in milder locations. Additionally, Fig. 10 compares the 
heat pump COP under the baseline and optimal control strategy for all 
locations using a box plot. For most of the time, the heat pump oper-
ated under the optimal controller has a higher COP value than under 
the baseline controller. The next subsection will select two representa-
tive cities to show their energy use over time, along with some basic 
climatic data and the control decisions.

4.2.  Case studies

Fig. 11 shows the climatic data, heating demand, energy use, and 
control variables for the heat pump in Chicago, a typical heating-
dominant location in climate region 5A. Based on the TMY3 weather 
dataset, the daily average outdoor temperature in Chicago is between 
-20 ◦C and 30 ◦C. Fig. 11(b) shows the daily heating demand of the res-
idential building, where relatively heavy heating demands appear be-
tween November and April. Fig. 11(c) compares the daily energy usage 
between the baseline and the optimal control. The optimal controller 
uses less energy than the baseline controller on each day. Figs. 11(d) to 
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Fig. 8. Schematic diagram of the control loop for the residential heat pump system.

Fig. 9. Total heating demand and energy usage under the baseline and optimal control strategy for all cities.

(f) present the control decisions (the fan and compressor speeds are daily 
averaged values). Compared to the baseline, the optimal control has a 
little bit lower compressor speed, but a higher fan speed in general. This 
is because the fan power is much smaller than the compressor power. 
Thus, raising the fan speed from 50% to 60% minimally increases fan 
power, but the increased airflow further lowers the condensing pres-
sure, leading to a greater reduction in compressor power. Additionally, 
the optimal control consistently maintains a lower subcooling tempera-
ture. 

Fig. 12 compares the same features in Los Angeles (climate region 3B, 
cooling-dominant location). Unlike the situation in Chicago, the heat-
ing load in Los Angeles is much lower than its cooling load, and the 

compressor generally operates at a lower part-load ratio. Nevertheless, 
the optimal control achieves an overall energy savings of 8.0%, which 
remains highly beneficial for practical applications. The next subsec-
tion will explore the reasons behind the energy savings by analyzing 
the physical properties of the refrigeration cycle under the two control 
strategies. 

4.3.  Analysis of simulation results

Fig. 13 illustrates the vapor compression cycle under the two control 
strategies in a P-h diagram. In this example, the outdoor temperature is 
0 ◦C, the indoor temperature is 21.1 ◦C, and the heating load is 2.7 kW. 
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Fig. 10. Heat pump COP under the baseline and optimal control strategy for all cities.

Fig. 11. Weather, heating demand, energy use, and control variables for the heat pump in Chicago over time.

The heat pump is cycling with a duty factor of approximately 80% un-
der both controls. The cycle in blue is the baseline control, where the 
superheat is controlled at 5 K and the subcooling is 11.0 K. The cycle in 
orange results from the optimal control, where the superheat is around 
0 K and the subcooling is controlled at 1 K. The EXV opening in the op-
timal control is larger, and its refrigerant mass flow rate is higher than 
the baseline. From the diagram, the optimal control has a higher COP 
due to the following reasons:

• Much lower condensing pressure and temperature. Under op-
timal control, the subcooled region and the superheated vapor re-
gion in the condenser are both shorter, resulting in a higher total 
heat transfer coefficient on the refrigerant side. Note that for R410A, 
the heat transfer coefficient of the saturated mixture is significantly 
higher than that of the single phase. Additionally, the optimal con-

trol has a higher refrigerant mass flow rate, which further improves 
the refrigerant side heat transfer. Together, these two factors allow 
the condenser to achieve the same amount of heat transfer at a lower 
condensing temperature, thereby enhancing system efficiency.

• Higher evaporating pressure and temperature. Similarly, in the 
optimal control, the superheated vapor region in the evaporator is 
replaced by the two-phase region, which has a higher heat transfer 
coefficient. Combined with the fact that the refrigerant mass flow 
rate is also higher, the increase in the overall heat transfer coeffi-
cient allows the refrigerant to absorb heat at a higher evaporating 
temperature and pressure.

• Lower compression pressure ratio. Because the optimal control 
has a higher evaporating pressure and a lower condensing pressure, 
its compression pressure ratio is much lower. Therefore, the com-
pressor consumes much less energy to provide the same heating
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Fig. 12. Weather, heating demand, energy use, and control variables for the heat pump in Los Angeles over time.

Fig. 13. Comparison of the refrigeration cycle under the baseline and the optimal control in a P-h diagram.

capacity, and the system COP increases significantly from 3.84 to 
4.06 (5.7% of increase). Note that in optimal control, the active 
charge level is 0.3 kg lower than the baseline, representing a 6% 
decrease of charge level. This indicates that the efficiency gain can 
be achieved with only minor adjustments to the active refrigerant 
charge in the refrigeration cycle.

5.  Conclusions

This study presents a novel methodology for evaluating the seasonal 
performance improvement of zero superheat active charge control in 
variable-speed heat pumps, offering significant advancements in energy 
efficiency. The approach begins with the development of a high-fidelity, 
physics-based heat pump model to simulate system performance un-
der various control strategies. Building on this, we introduced a model-
based optimal controller designed for active charge management and 
fan-compressor speed coordination. This controller strategically utilizes 

an accumulator to sustain the active charge level at zero superheat, 
while optimizing the EXV opening to achieve maximum COP through 
targeted subcooling levels. In addition, it effectively coordinates the 
compressor and indoor fan speeds to ensure the desired heating capac-
ity.

Our methodology was applied across ten U.S. cities spanning differ-
ent climate regions, demonstrating that the proposed optimal controller 
can deliver energy savings of 5.8% to 8.0% throughout the heating sea-
son compared to traditional superheat control with a constant charge 
level. The analysis attributes the COP improvement to enhanced refrig-
erant mass flow rate and total heat transfer coefficient, which lead to 
lower condensing temperatures, higher evaporating temperatures, and 
reduced compression pressure ratios, thereby minimizing compressor 
energy consumption.

This study provides crucial insights for the design and imple-
mentation of zero-superheat active charge controllers in heat pumps,
addressing a gap in the market where no such control algorithm cur-
rently exists. The practical implications of this work suggest a pathway 
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to significantly enhance heat pump efficiency and reliability. Future ef-
forts will focus on experimentally validating the performance of the de-
veloped optimal controller and implementing a fully functional control 
algorithm in real-world heat pump systems.

Despite the promising results, the study has two limitations. First, the 
heat pump used in this study cannot operate in Climate Zones 6 and 7, 
which are characterized by very cold conditions. This is primarily due to 
the reduced efficiency and capacity of the current heat pump model un-
der such extreme temperatures. Future work should focus on developing 
a cold-climate heat pump model tailored for these regions. Second, the 
models developed in this study are steady-state models, which may not 
fully address the robustness of subcooling control under transient condi-
tions. Future research should focus on enhancing the control strategy to 
better handle dynamic changes and uncertainties in system operations.
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