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ABSTRACT

The refrigerant charge level in heat pump systems significantly impacts their energy efficiency. Virtual refrig-
erant charge (VRC) sensing technology has been comprehensively investigated and well-established due to its
lower cost compared to physical sensors. However, the previous VRC research often relied on expert judgment
and physical reasoning for their variable selection, which can potentially select redundant (or highly correlated)
or insignificant features, and it is also primarily focused on single-speed systems. To address these challenges,
this study proposes a VRC algorithm for variable-speed heat pumps that selects features through a rigorous
feature selection method in combination with physical insights. We also propose a piecewise linear model
structure segmented by subcooling temperature to accurately predict charge levels, particularly when subcooling
temperatures are substantially low. The proposed algorithm was evaluated using experimental data of a resi-
dential R410A heat pump, and the performance was compared with two baseline VRC algorithms. The results
are: (1) The proposed algorithm outperforms for the case with subcooling temperature less than 1 °C. (2) The
proposed algorithm achieves a tested mean absolute percentage error (MAPE) of 4.23%, and improves the overall
accuracy for cooling conditions by approximately 60%, compared with the two baseline algorithms. (3) The
proposed algorithm uses two fewer features and improves the accuracy for undercharge cooling conditions by
68.0%, compared with baseline algorithm 2. These improvements enhance prediction accuracy and prevent
overfitting, providing a more reliable refrigerant charge level prediction and helping improve the heat pump
energy efficiency.

1. Introduction

Direct measurement of the refrigerant charge level in a heat pump
system poses significant challenges. Although physical sensors can
detect refrigerant leakage in heat pumps, they are unable to accurately
determine the remaining charge level in the system. Moreover, test re-

Building energy consumption exceeds 30% of the entire global en-
ergy consumption [1,2]. Heat pumps play a crucial role in modern
heating, ventilation, and air conditioning (HVAC) systems to decrease
the energy consumption of buildings and are widely utilized [3,4]. The
efficiency of a heat pump is significantly influenced by its refrigerant
charge level [5-7]. An undercharge scenario can result in decreased
heating or cooling capacity and higher energy usage: it was reported that
a 25% reduction in refrigerant charge resulted in an average 15%
decrease in energy efficiency and a 20% decrease in capacity [8];
whereas an overcharge scenario can lead to high pressure, reduced ef-
ficiency, and potential system malfunctions [9]. Therefore, maintaining
the correct refrigerant charge is essential for optimal heat pump per-
formance, ensuring efficiency, reliability, and longevity.
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sults [10,11] indicate that the performance of these sensors is sensitive
to their placement and entails relatively high installation costs. In
addition to utilizing physical refrigerant leakage sensors, level sensors
can also be used to monitor the charge in liquid receivers. However, for
small-capacity systems, such measurements are often impractical and
uneconomical. Furthermore, in heat pump systems, the refrigerant is
distributed not only in the storage component (where it can be measured
using level sensors) but also across various heat exchangers, making it
difficult to measure accurately.

Several studies have shown that heat pump operating parameters are
correlated with the refrigerant charge level, thereby enabling the use of
these parameters to estimate the charge level and to identify over-
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Nomenclature Ty liquid line temperature

Tse subcooling temperature
Co intercept Tsc.turn subcooling temperature turning point
c1tocg coefficients Ty, superheat temperature
list,, list to store the excluded features Tsha discharge superheat temperature
list;, list to store the included features Tsuc suction temperature
Mcharge  refrigerant charge level Xei refrigerant quality at the evaporator inlet
Mcharge;  predicted refrigerant charge level

Greek symbols
MAPE  mean absolute percentage error s e

. a significance level

n total number of data used for testing .. .

e normally distributed random noise
RMSE root mean square error
SE standard error Abbreviations
Lscore t statistic HVAC  heating, ventilation, and air conditioning
T. condensation temperature VRC virtual refrigerant charge
T discharge temperature VRF virtual refrigerant flow
T, evaporation temperature

charged or undercharged operating conditions. Catrini and Piacentino
[12] used experimental data to demonstrate that the refrigerant charge
level is correlated with condensation pressure, subcooling temperature,
and superheat temperature. In addition, Li et al. [13] reported that
variations in refrigerant charge level also affect the evaporation pres-
sure, suction temperature, and discharge temperature. Therefore, the
original virtual refrigerant charge (VRC) sensor was proposed by Li and
Braun (2009) [14,15]. This technology employs a regression algorithm
to estimate the refrigerant charge level based on subcooling and su-
perheat temperatures, as illustrated in Eq. (1) [14]. These two features
calculate the charge level distributions in the condenser and evaporator,
respectively. A higher subcooling temperature indicates a greater pres-
ence of high-density liquid phase in the condenser, while a higher su-
perheat temperature signifies a larger quantity of low-density vapor
phase in the evaporator. Therefore, these factors can be used to effec-
tively predict the charge level.

Mcharge = Co +c Tsc +C2 Tsh (l)

where Mparg is the refrigerant charge level; Ty and Ty, are subcooling
and superheat temperatures, respectively; ¢, is the intercept; and ¢; and
¢y are the coefficients of Ty and Ty, respectively.

This algorithm with two features has been demonstrated for a variety
of different vapor compression systems, including chillers, split-systems,
packaged systems, heat pumps [16], and air conditioners, and for
various combinations of thermal and electrical expansion valves, and
with/without accumulators for both residential and commercial
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applications. However, those have been primarily focused on the single-
speed system. For variable-speed units, its accuracy deteriorates with
the changes in compressor speed, as shown in Fig. 1(a). Only a limited
number of studies have applied VRC to variable-speed systems [17].
Among them, Kim and Braun [18] were the first, to our knowledge, to
introduce a VRC algorithm for such systems. They included two addi-
tional features—refrigerant quality at the evaporator inlet and discharge
superheat temperature, as described in Eq. (2). Thus, two features
represent the charge level (T and Ty,4) for condenser, while the other
two (T, and x,;) represent the charge level for evaporator.

Mcharge = Co +C Tsc +C2 Tsh + C3Xei +C4 Tshd (2)

where x,; is the refrigerant quality at the evaporator inlet; Ty is the
discharge superheat temperature; and c3 and c4 are the coefficients of x,;
and Tgq, respectively. After incorporating two additional physical var-
iables, this algorithm reduced the prediction error of the charge level
under heating conditions from over 10% to 7% when applied to eight
heat pumps using R22 and R410A refrigerants, compared to the algo-
rithm presented in Eq. (1). The algorithm has been extensively studied
and applied by many researchers [19-21]. For example, applying this
method to rooftop air conditioners and direct expansion heat pumps
using R410A and R22, the overall relative error in predicting the charge
level is around 10%. Based on the structure of Eq. (2), a deep lear-
ning-based residual neural network method was employed to predict
the refrigerant charge level in a variable refrigerant flow (VRF) system
[22]. Furthermore, for heat pump systems using CO2 as the refrigerant,

7
L 4
140%1 o Tsc>=1°C s
+10% " @ .

. Tsc<1°C g P
® 2 74
> 120% 4 4
2 ’
) s p 4 L-710%
o -
g . /~ ”
5 100% A i 2

7’

- ’ ’
2 ' LYV
' 11 ’
2 8 /' Prd
T 80% /1 L
g ,
Q-' /’ /'

p ,

’l ’/
o/ | ’
60% 4 ,# 7
7’
d

60% 80% 100% 120% 140%
Actual charge level

(b)

Fig. 1. Limitations of the previous VRC algorithms: (a) the two-feature algorithm cannot adapt to variable speed heat pump; (b) the four-feature algorithm cannot

adapt to both overcharge and undercharge scenarios [25].
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which operate under transcritical cycles and employ a gas cooler instead
of a condenser, the subcooling temperature and discharge superheat
temperature used in Egs. (1) and (2) are no longer applicable. Accord-
ingly, two recent studies [23,24] modified the structure of Eq. (2) by
replacing the condenser-side variables with the refrigerant density at the
gas cooler side to estimate the refrigerant charge level. In addition, the
performance of the VRC sensor under other faulty conditions, such as
heat exchanger fouling and compressor valve leakage, has been tested
by some other researchers. The VRC sensor is very robust when these
faults occur [14,19].

However, studies have also shown that the VRC approach can
become inaccurate under significantly overcharged and undercharged
scenarios. Ref. [26] shows the deviation of charge level prediction in
overcharge conditions (high prediction errors, exceeding 30%), and
Fig. 1(b) from our study shows similar issues under undercharge sce-
narios with the substantially low subcooling temperature (< 1 °C). It
should be emphasized that the two-factor algorithm presented in Eq. (1)
only presents the conditions when the subcooling temperature is greater
than 1 °C. In scenarios below 90% nominal charge level (subcooling
temperature is smaller than 1 °C), it exhibits performance similar to that
shown in Fig. 1(b), meaning that this method not only fails to predict
various compressor speeds, but also struggles to adequately account for
both overcharge and undercharge situations, resulting in significant

Mehares = o1 + €11 s + €21 Tsh + €31%ei + €41 Tsha + €51 Tc +C61Te (Tsc > Tsc.tum)
charse Co2 + Ci2 Tsc + Ca2 Tsh + C32Xei + C4.2Tshd + C5,2Tc + C6.2Te (Tsc < Tsc,mrn)

errors. Usually, when the subcooling temperature is low, the high-
density liquid-phase refrigerant proportion cannot be maintained, thus
resulting in an undercharge condition.

Besides those issues, the selection of features in VRC plays an
important role in predicting the charge level. However, despite
comprehensive VRC research, the feature selection approach remains in
question and varies depending on VRC algorithms. For instance, Boahen
et al. [27] identified that the evaporating temperature and condensing
temperature of the heat pump system also correlate with the charge
level. Zhu et al. [28] used the refrigeration pressure drop of the liquid
line between the condenser outlet and the expansion valve inlet as a
feature to predict the charge level. However, their algorithms are based
on multivariate polynomial regression [27] with the pressure drop as a
feature [28], making these algorithms complex and challenging to
implement. Additionally, feature selection approaches for VRC algo-
rithms vary significantly from existing literature and are highly
customized, depending on factors such as the specific system and
refrigerant used. This lack of standardized methodologies often neces-
sitates a deep understanding of the unique characteristics of the system,
and the process typically involves considerable trial and error. What's
more, the physical variables related to refrigerant charge levels are al-
ways correlated with each other. When they are used to train a regres-
sion model, the statistical significance of some variables is prone to
being affected. As a result, the trained regression model may not align
with physical principles. This issue is known as “multicollinearity” in
statistics [29,30], which can lead to high prediction errors on new
datasets.

Thus, this study proposes a rigorous feature selection method based
on a segmented VRC model for better prediction. Given the strong
relationship between subcooling temperature and charge level, the
prediction algorithm is divided into two segments depending on
whether the subcooling temperature is above or below its turning point.
In each segment, relevant features are selected based on physical prin-
ciples and statistical significance to effectively predict the charge level.
This paper applies the proposed algorithm to identify the appropriate
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features for VRC sensing based on experimental data for a residential
R410A heat pump, and compares the accuracy with two baseline VRCs.

2. Proposed algorithm

Traditional algorithms typically determine the charge level by fitting
the overcharge and undercharge conditions together based on empirical
knowledge of feature selection, resulting in limited prediction perfor-
mance for variable-speed heat pumps. Because the subcooling temper-
ature of the heat pump is often closely related to the charge level, this
study proposes an algorithm that divides the charge level prediction into
two segments by using a subcooling temperature turning point (Tsc qm),
as shown in Eq. (3). It should be emphasized that the heat pump
considered in this study is a residential system, which typically does not
incorporate a liquid refrigerant receiver between the condenser and
evaporator [31,32]. Compared to traditional algorithms, this approach
more effectively addresses the inaccuracies by predicting undercharge
and overcharge conditions separately. Thus, it can improve the accuracy
of predicting both the overcharge and undercharge conditions. How-
ever, it is important to emphasize that Eq. (3) does not imply that all six
physical variables are applied in the algorithm. The method for selecting
the appropriate physical variables will be introduced in Section 2.2.

3

where T, and T, are condensation and evaporation temperatures,
respectively; Tsum is the subcooling temperature turning point; and
¢51/¢52 and ce1/¢6 2 are the coefficients of T, and T, respectively.

In this study, linear regressions are considered because they have
already demonstrated high accuracy in predicting the charge level. In
these two segments, the study considers six physical variables affecting
the charge level as possible features in the proposed algorithm,
including subcooling temperature (Ts), superheat temperature (Tg),
refrigerant quality at the evaporator inlet (x.;), discharge superheat
temperature (Ty,4), condensation temperature (T.), and evaporation
temperature (T,), as shown in Eq. (3).

However, as mentioned previously, not all of the aforementioned six
physical variables are used for predicting the charge level, as this could
lead to overfitting. This study first analyzes the influence of these six
physical variables on the charge level from a thermodynamic perspec-
tive (Section 2.1). Subsequently, a feature selection method is proposed
(Section 2.2). This method selects the physical variables that are theo-
retically relevant and significantly correlated with the charge level,
based on the correlation signs (positive or negative) and the significance
of their correlations. These selected physical variables are then used as
features to predict the charge level.

2.1. Physical variables relationship

This section analyzes the positive and negative correlations between
the six physical variables and the charge level. The five temperatures
(except for refrigerant quality at the evaporator inlet) are presented in
Fig. 2(a). Since the majority of the refrigerant in the heat pump system is
present in the condenser and evaporator, and these six physical variables
are related to the operating states of the condenser and evaporator, their
influence on the distribution of refrigerant can be analyzed to calculate
the refrigerant density distribution in the system and thus predict the
refrigerant charge level. It is emphasized that the present study exam-
ines a residential heat pump with a basic vapor compression cycle
without a liquid receiver (i.e., no receiver installed between the
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Fig. 2. Refrigerant charge level related physical variables: (a) on the
temperature-entropy diagram; (b) on the system diagram.

condenser and the expansion valve), internal heat exchanger, flash tank,
or ejector, as shown in Fig. 2(b). Moreover, because the evaporator-
outlet refrigerant is treated as superheated vapor under the conditions
investigated, the accumulator charge inventory is not considered.

(1) Subcooling temperature (T,.): The subcooling temperature typi-
cally has a positive correlation with the charge level. In the
condenser, the refrigerant is distributed in gas, gas-liquid, and
liquid phases. The higher the subcooling, the higher the propor-
tion of subcooled liquid refrigerant in the condenser is. Since the
liquid phase refrigerant has the highest density, a higher sub-
cooling temperature indicates a higher charge level. Therefore,
subcooling temperature is positively correlated with the charge
level; in addition, the relationship between subcooling and
charge level can be assumed to be linear because the density of
the liquid-phase refrigerant is much greater than that of the gas-
phase refrigerant and can be considered constant [14].
Superheat temperature (Ty,): The superheat temperature usually
has a negative correlation with the charge level. In the evapo-
rator, the refrigerant is distributed in gas-liquid and gas phases.
The higher the superheat, the higher the proportion of super-
heated gas-phase refrigerant in the evaporator is. Since the gas-
phase refrigerant has the lowest density (under normal temper-
ature and pressure, the density of gas-phase R410A is approxi-
mately 6% of that of the liquid-phase R410A), a higher superheat
temperature indicates a lower charge level. Therefore, superheat
temperature is negatively correlated with the charge level.
Refrigerant quality at the evaporator inlet (x,;): The refrigerant
quality at the evaporator inlet usually has a negative correlation
with the charge level. It refers to the ratio of the mass of the gas
phase to the total mass of the refrigerant mixture (gas and liquid
phases) at the inlet of the evaporator. A higher refrigerant quality

(2

—

3

—
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at the evaporator inlet indicates a higher proportion of gas-phase
refrigerant entering the evaporator, indicating that the lower-
density gas-phase refrigerant occupies more volume in the
evaporator, thus leading to a lower charge level.

(4) Discharge superheat temperature (T,q): The discharge superheat
temperature usually has a negative correlation with the charge
level. Discharge superheat temperature refers to the temperature
difference between the refrigerant discharge and its saturation
temperature at the compressor outlet (i.e., the saturated
condensation temperature). When the refrigerant charge level is
insufficient, the refrigerant in the evaporator evaporates
completely early, leading to more superheated gas-phase refrig-
erant entering the compressor, which in turn increases the
discharge superheat temperature. Therefore, discharge superheat
temperature is negatively correlated with the charge level.

(5) Condensation temperature (T,): The condensation temperature
typically has a positive correlation with the charge level. When
the refrigerant charge level is excessive, the amount of liquid
refrigerant in the condenser increases, and the excess refrigerant
increases the system pressure, further elevating the condensation
temperature. In addition, the charge level change causes the
variations in refrigerant flow rate, resulting in a change of
refrigerant density at the compressor inlet. These variations in
flow rate lead to different pressure drops across the expansion
valve; thus influence condensation pressure and temperature.
Therefore, the condensation temperature is positively correlated
with the refrigerant charge level.

(6) Evaporation temperature (T.): The evaporation temperature
typically has a positive correlation with the charge level. The
increase in refrigerant charge level leads to an increase in the
evaporation pressure, because the pressure increases with mass
when the system volume is fixed. Since evaporation pressure is
positively correlated with evaporation temperature, the evapo-
ration temperature also rises accordingly. Therefore, evaporation
temperature is positively correlated with the refrigerant charge
level.

In summary, the correlations between the six physical variables and
the refrigerant charge level are summarized in Table 1. Furthermore,
under the same operating conditions, a comparison of the refrigeration
cycles at the nominal refrigerant charge and at the reduced (under-
charged) condition after refrigerant leakage is shown in Fig. 3. After a
significant refrigerant leakage, the overall refrigeration cycle shifts
rightward and on the temperature-entropy diagram (reflecting lower
refrigerant density and reduced system pressure), exhibiting a higher
degree of superheat and a lower degree of subcooling. In fact, there are

Table 1
Six physical variables' relationship with refrigerant charge level and required
sensors.

Physical Relationship with Required sensors
variables Mcharge
Tsc + Condenser pressure and outlet temperature
Ta - Evaporator inlet and outlet temperatures
o _ Condenser pressure and outlet temperature,
o evaporator inlet temperature
Tsha - Condenser pressure and inlet temperature
T, + Condenser pressure
Te + Evaporator inlet temperature
*Positive and negative correlations are represented as “+” and “-”, respectively.

Xi can be determined from the condenser pressure and outlet temperature,
together with the evaporator inlet temperature, only when T is greater than
zero. Otherwise, the expansion valve inlet may contain two-phase refrigerant, in
which case the inlet enthalpy cannot be uniquely determined based solely on
condenser pressure and outlet temperature measurements.
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Fig. 3. Refrigeration cycle at nominal-charge and under-charge conditions.

certainly correlations among these six features. For example, the
refrigerant quality at the evaporator inlet is associated with evaporating
pressure, condensing pressure, and the temperature at the condenser
outlet (subcooling temperature). Thus, it is necessary to use the pro-
posed feature selection method to identify the most suitable features
from them, which will be presented in Section 2.2.

Some researchers have also demonstrated a similar relationship be-
tween these physical variables and the charge level through theoretical
analysis and experimental data: subcooling and superheat temperatures
(Ts, Ts) [33]; evaporation and condensation temperatures, and sub-
cooling temperature (T, T,, Ts.) [34]; evaporation and condensation
temperatures, and subcooling and superheat temperatures (T, T, T,
Ts,) [35,36]. The rigorous feature selection method proposed in Section
2.2 determines whether a particular physical variable should be
included as an appropriate feature in the regression model for predicting

Create an empty list (list;;,)
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the charge level based on the positive or negative signs of the correla-
tion. This ensures that the regression model is consistent with theoretical
principles and avoids overfitting.

2.2. Feature selection method

Based on the analysis of the positive and negative correlations be-
tween each physical variable and the charge level in Section 2.1, this
study proposes a feature selection method as part of the charge level
prediction algorithm. This method selects features from the six physical
variables that have the appropriate correlation signs and significant
impacts on predicting the charge level. The specific process is illustrated
in Fig. 4.

The feature selection method uses a sequential procedure for both
cases when the subcooling temperature is larger than/equal to, or
smaller than the subcooling turning point [as shown in Eq. (3)]. It starts
with an empty list of physical variables (list;,), a list to store the excluded
physical variables (list,,) to be included that start with all six physical
variables, and a linear regression algorithm without any features (i.e.,
physical variables). Then the linear regression algorithm applies all the
physical variables in the list;, plus a physical variable in list,, to perform
regression for predicting the charge level. For each physical variable in
the list,y, its p-value is calculated to determine whether the physical
variable is significant for the charge level prediction and whether the
coefficients (i.e., ¢y to ¢¢ in Eq. (3)) obey the physical rules of the heat
pump system (i.e., c1, ¢s, and cg should be positive; c2, c3, and c4 should
be negative). Then, the physical variable in list,, that aligns with the
correlation signs and has the smallest p-value is added to listy,. This
process is repeated until the p-values of all physical variables in list,,
exceed the significance level, thereby determining the final list;, as the
selected features for the linear regression algorithm.

In this process, the regression t-test is used to identify if a physical
variable is statistically significant for the linear model for charge level
prediction:

Mcharge = Co +c Tsc +C2 Tsh + C3Xei +C4 Tshd + C5TC + CGTe +e€ (4)

where ¢ is a normally distributed random noise. The regression t-test is

v

Create a list (list,,) including
Tsc~ Tshw Xei» Tshd» TC» Te

=

|

Select all features in list;,

and each feature in list,,:

Regress Mcpqrge With the
selected features

'

Any feature n list,,
presents a p-value smaller
than significance level and

a proper correlation sign

No *
End

Output list;,, as results of the
selected features
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Add one feature in list,, with
the smallest p-value and a
proper correlation sign to list;,

v

Any feature in list;,
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p-value larger than threshold or

a improper correlation sign

|

Fig. 4. Refrigerant charge level-related feature selection method.
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applied to test whether the above six physical variables are useful for the
prediction of the charge level. Take T, as an example, the null hy-
pothesis (Hy) states that ¢; = 0, and the alternative hypothesis (H;)
states that ¢; # 0. If ¢; represents the least squares estimator of ¢; and
SE(¢1) represents the standard error of ¢1, then

b = gy~ 2 ®)

follows a t-distribution with n — 2 degrees of freedom when Hj, is true (n
represents the sample size). The p-value is calculated according to tscore
and if it is smaller than the significance level (@) prespecified for the test,
then Hj is rejected. That is, it is 100 e (1 — a)% confident that ¢c; # 0 and
T, is useful for the prediction of mcpqrg. In this study, the significance
level () is considered as 0.05.

The feature selection method proposed in this study not only assesses
the significance of each physical variable on the charge level based on its
p-value but also takes into account the signs of their correlations ac-
cording to physical principles. Due to potential multicollinearity among
the physical variables, even a model with good accuracy might select too
many features, leading to overfitting and reduced robustness. Therefore,
this proposed feature selection method prevents selecting irrelevant or
insignificant physical variables and ensures that the proposed algorithm
has a more reasonable form compared to traditional algorithms.

3. Evaluation method

To apply and evaluate the proposed algorithm and feature selection
method, this study uses the experimental results of an R410A heat pump
under different cooling conditions, and splits them into training and
testing sets. Although the production of R410A heat pump equipment
may be discontinued in certain countries in the future, it is still widely
used in most countries and possesses significant research value. The heat
pump units tested in this study are also split-type heat pumps that are
still utilized in the US market. The training set is used by the developed
algorithm to select the appropriate features for predicting the charge
level. Baseline algorithms are considered based on previously published
empirical equations, as shown in Egs. (1) and (2). Before training, the
features were standardized (zero mean, unit variance) to improve nu-
merical stability and ensure comparable feature scales. Then the testing
set is used to evaluate the proposed and baseline algorithms for the
R410A heat pump and compare their accuracies for the charge level
prediction under different conditions, as shown in Fig. 5.

The following two sections will introduce the experiment's details
and the indices to evaluate the algorithms' performances.

3.1. Experiment for evaluation

To apply and evaluate the proposed algorithm for charge level pre-
diction and the corresponding feature selection method, experiments of

Feature selection Experimental
method results
Feature
select v Train-test split p

Training data —  Testing data

¥ Model train &
Developed Baseline
— - < > -
algorithm algorithms

T Model test and compare T

Fig. 5. Development and evaluation of virtual refrigerant charge sensor.
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a variable-speed residential heat pump with a nominal refrigerant
charge level of 6.1 kg were conducted in a psychrometric chamber at the
University of Oklahoma [37]. This unit is available in the US market,
with a nominal cooling capacity of 10.1 kW and a nominal power con-
sumption of 2.43 kW. The experimental platform with the system dia-
gram and sensor locations is shown in Fig. 6, and the uncertainties of the
sensors are listed in Table 2.

The uncertainty of the charge level is obtained based on the formula
of uncertainty propagation, as shown in Eq. (6).

0 2 0 2 0 2
uf_m;jun) (L) o (L) ©

where u is the total uncertainty of the output variable uy, % is the

partial derivative of the function u; with respect to each input variable
X;, and u,, is the uncertainty associated with each input variable x;.

Two cooling conditions are chosen based on AHRI Standard 210,/240
(2020) [38], for the algorithm training and testing, as shown in Table 3.

Under each cooling condition, different refrigerant charge levels (6
settings), compressor speeds (3 settings), and indoor fan speeds (2 set-
tings) are selected. The specific parameter ranges are shown in Table 4.
As a result, a total of 2 x 6 x 3 x 2 = 72 steady-state data points are
obtained from the experiment.

Before conducting feature selection, the 72 experimental datasets are
randomly split into a training set and a test set. This study randomly
selected 80% of the steady-state data as training data, and all the other
20% of the data are in the test set. Typically, for linear models, the
number of training samples should be approximately 10 times the
number of features [39]. In our study, we consider 6 features; thus, 50
samples are generally sufficient.

3.2. Performance evaluation indices

Using the R410A heat pump operation data under various cooling
conditions, this study trains and compares the performance of the
developed algorithm with the two baseline algorithms: baseline algo-
rithms 1 and 2 are presented in Egs. (1) and (2), respectively. The root
mean square error (RMSE) [40] and mean absolute percentage error
(MAPE) [41] are used to evaluate the accuracy of the algorithms, as
shown in Egs. (7) and (8), respectively.

1 ~ 2
RMSE = \/HZLI (mcharge,i - mchargei) @]
1 n |Mchargei — fﬁchargei
MAPE == = | ————-— 8
nZl:1 Mcharge,i

where n is the total number of data points used for testing, Mcuqrge; is the
actual charge level, and r?lcha,ge‘i is the predicted charge level.

4. Results and discussion

This section demonstrates the process and results of applying the
proposed feature selection method to determine the refrigerant charge
level prediction model form as described in Eq. (3). It also compares the
accuracy of the determined algorithm with two baseline algorithms,
thereby showing the advantages of the proposed method.

4.1. Feature selection results

The traditional refrigerant charge level prediction algorithms
consider both the undercharge and overcharge conditions together and
select features based on experience, and thus may not perform well
when the subcooling temperature is excessively low or high. Therefore,
this study proposes fitting piecewise linear equations segmented by the
subcooling temperature, leading to a form presented in Eq. (3). Upon
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the process is similar to that in Case 1. In the first step, among the six
Table 2 . . .
. . physical variables, subcooling temperature also has the lowest p-value
Sensors' uncertainties [37]. is . . . 1 s .
and a positive correlation coefficient (though with its small variance),
Sensor Uncertainty which is consistent with the analysis in Section 2.1. Therefore, the
Power +0.5% subcooling temperature is added to list;,. Then, the algorithm continues
Pressure 40.25% of the full scale to add each of the remaining five physical variables from list,, to the
Temperature +05°C regression model, and the superheat temperature shows the lowest p-
Humidity +1.5% 1 d . lati fici hich i . ith th
Flowrate 129 for air and 4 0.5% for rerigerant value and aneggtlve correlation coe cllent, which is cons1ste.nt with the
Charge +10g analysis in Section 2.1. Further, after including the subcooling and su-

observation, this study found that the subcooling temperature turning
point (T 4m) should be around 1 °C for the experimental heat pump.
Consequently, the entire regression problem is divided into two cases:
subcooling temperature larger than the switching point (Case 1:
Tsc > Tscun) and subcooling temperature smaller than or equal to the
switching point (Case 2: Ty < Temm). In each case, the proposed
feature selection method is applied to determine the appropriate fea-
tures for predicting the refrigerant charge level.

Fig. 7 shows the feature selection process in Case 1: Ts > T . The
algorithm starts with a model that has no features and sequentially adds
the six physical variables from list,, to the regression model, and the
regression model evaluates the correlation coefficients and the p-values
for predicting the charge level of each physical variable. Firstly, among
the six physical variables, the subcooling temperature has the lowest p-
value and a positive correlation coefficient, which is consistent with the
analysis in Section 2.1. Therefore, the subcooling temperature is added
to list;,. Then, the algorithm continues to add each of the remaining five
physical variables from list,, to the regression model, along with the
already included subcooling temperature, to predict the charge level.
The results show that the quality at the evaporator inlet has the lowest p-
value and a negative correlation coefficient, which is consistent with the
analysis in Section 2.1. Therefore, the quality of the evaporator inlet is
then added to list;,. Further, the algorithm continues to screen the
remaining four features from list,,, but finds that the p-values of the
remaining features do not meet the threshold for p-value (0.05). The
process ends, with the two features of the algorithm being subcooling
temperature and the quality at the evaporator inlet, and both features
are statistically significant and follow physical principles; no more fea-
tures can be added to the regression model.

Fig. 8 shows the feature selection process in Case 2: Ty, < Ty s, and

Table 3
Experimental conditions chosen for charge level predictions.

perheat temperatures as the features, the method finds that the p-values
of the remaining features do not meet the threshold for p-value (0.05).
The process ends, with subcooling and superheat temperatures being the
two features that are statistically significant and follow physical
principles.

Thus, based on the above feature selection process, the developed
algorithm is determined as Eq. (9).

Men _ Co1 +C11 Tsc + C31Xei (Tsc > Tsc.tum) (9)
carse Co2 + C12Ts + 22T (Tsc < Tsc.tum)

where ¢ 1, €11, and c3; are 7.08, 0.56, and — 0.34, respectively; co 2,
1.2, and ca 5 are 4.76, 0.53, and — 0.27, respectively.

Based on Egs. (6) and (9), as well as the measurement uncertainties
of the instruments presented in Table 2, the uncertainty in the charge
level has been calculated. The uncertainties of Ty, Ty, and X, are
derived from the direct measurement results of pressure and tempera-
ture. The uncertainties in the condensation temperature and the
enthalpy at the condenser outlet are calculated, which are then used to
further estimate their uncertainties. The calculation results indicate that
the uncertainty in the charge level ranges from 0.3 to 0.5 kg.

It should be noted that in this study, when the subcooling tempera-
ture is very low, the proposed feature selection method still selects the
subcooling temperature as one of the features. This demonstrates both

Table 4
Heat pump operation parameters under each experimental condition.

Contents Parameters

Charge level (kg)
Compressor speed (rpm)
Indoor fan speed

3.8,4.6,5.4,6.2,7.0,7.8
1300, 2300, 3300
60%, 100%

Condition

Indoor dry/wet bulb temperature [°C(°F)]

Outdoor dry/wet bulb temperature [°C(°F)]

A(Cooling)
E(Cooling)

26.7(80.0)/19.4(67.0)
26.7(80.0)/19.4(67.0)

35.0(95.0)/23.9(75.0)
30.6(87.0)/20.6(69.0)
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Mcharge = Co + C17Tsc
Mcparge = Co + c2Tsn
Mcharge = Co T C3Xe;
Mcharge = Co + C4lsha
Mcharge = Co + CsT¢

Mcharge = Co + ceTe
Add T, to list;y,

listin: [Tsc]
listey: [Tsps Xei> Tshas Tc > Te]

Tsc: 2.86E-07 cy: +0.514
Tsp: 6.76E-01 c,:-0.050

Xei: 2.00E-02 c3:-0.270
Tspa: 9.79E-01  c4:+0.003
T.: 1.61E-01 cs: +0.167
T,: 4.44E-01 ce: 10.092

Coefficients

Mcharge = Co T C1Tsc + C2Tsp

Mcharge = Co + C1Tsc + C3%Xe;

Mcharge = Co + ¢1Tsc + caTspa

Mcharge = Co + ¢1Tsc + 5T

Mcharge = Co + C1Tsc + CeTe
Add x,; to listy,

liStin: [Tsca xei]
listex: [Tsns Tsna> Te 5 Tel

Ten: 2.56E-02 ¢y -0.181
Xei: 6.65E-07  c3:-0.342
Tona: 3.13E-06  cy: -0.385
T,: 1.08E-02  c5:-0.255
T,: 637E-06  cq: +0.345

Mcharge = Co + C1Tsc + C3Xei + 2 Tsp
Mcharge = Co + €1 Tse + Cc3Xei + €4Tspa
Mcharge = Co + C1T5c + 3% + 5T

Mcharge = Co + C1Tsc + C3Xe; + C6Te

End
Determine model as:

Meharge = Co + C1Tsc + C3%Xe;

Ton: 8.58E-01  cy: +0.012
Tona: 3-33E-01 ¢4 -0.137
T,: 1.81E-01  c5:-0.140
T,:2.09E-01  cq:-0.131

Fig. 7. Feature selection stepwise results when the subcooling temperature is larger than the turning point.

the significance of subcooling temperature in predicting the charge level
and the objectivity of the proposed feature selection method. For
different heat pumps, condenser capacities vary, and the significance of
subcooling temperature may differ, but appropriate features can be
selected for specific heat pump cases using the two-segment algorithm
structure and feature selection method proposed in this study.

4.2. Algorithm performance

Based on Eq. (9), the developed algorithm was trained under various
cooling conditions with different compressor speeds, indoor fan speeds,
and charge levels. In addition, the remaining 20% of the experimental
data is used for testing the algorithm. The training RMSEs are 0.317 and
0.257 kg, respectively, and the MAPEs are 3.49% and 4.46%,

respectively, for the cases when the subcooling temperature is larger
than and smaller than/equal to the turning point. The testing RMSEs are
0.300 and 0.261 kg, respectively, and the MAPEs are 3.64% and 4.59%,
respectively, for the cases when the subcooling temperature is larger and
smaller/equal than the turning point, as shown in Fig. 9. The majority of
the errors are within 10%, and the positive and negative errors distribute
along the symmetry axis, indicating acceptable accuracy of the devel-
oped algorithm. The proposed algorithm uses subcooling temperature as
the criterion, and treats the case with subcooling temperature less than
1 °C separately from the case with larger subcooling temperature, to
distinguish between overcharge and undercharge cases. In each case,
appropriate algorithms are determined using feature selection methods.
Therefore, the algorithm can accurately predict both overcharge and
undercharge scenarios.
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Coefficients

Mcharge = Co + C17Tsc
Mcharge = Co + 2Tsn
Mcharge = Co T C3Xe;
Mcharge = Co + C4lsha
Mcharge = Co + CsT¢

Mcharge = Co + ceTe
Add T, to list;y,

listin: [Tecl
listey: [Tsns Xei> Tsnas Tc » Te]

Tsc: 5.54E-11 c1: +0.616
Tep: 5.11E-04  cy:-0.401
Xeit 5.62E-01 c3:-0.073
Tsna: 6.18E-03  ¢4:-0.326
T.: 7.75E-01 cs: +0.036
T,:3.71E-01 ce: +0.112

Mcharge = Co T C1Tsc + C2Tsp
Mcharge = Co + C1Tsc + C3%Xe;

Mcharge = Co + ¢1Tsc + caTspa

Mcharge = Co + 1 Tsc + csTe

Mcharge = Co + C1Tsc + CeTe
Add Ty, to list;,

ll:5tin: [Tse» Tsnl
listex: [Xeis Tsna»> Tc » Te]

Ton: 131E-06 ¢y -0.276
Xeit LSIE-01  c3:-0.094
Tona: 3-48E-05  c4:-0.243
T.:221E-01  cs: +0.080
T,: 122B-03 ¢4 +0.199

Mcharge = Co + C1Tsc + €2 Tsp + €3¢
Mcharge = Co + 1 Tse + c2Tsp + c4Tspg
Mcparge = Co + C1T5c + 2Tsp + 5T

Mcharge = Co + C1Tsc + C2Tsp + ¢6 T,

End
Determine model as:

Meharge = Co + C1Tsc + C2Tsp

Xei: 2.07E-01  c3: +0.068
Tona: S.TSE-01  c4: +0.071
T,: 1.24E-01  c5: +0.070
T,: 6.49E-01  c4:-0.034

Fig. 8. Feature selection stepwise results when the subcooling temperature is smaller than the turning point.

Based on Egs. (1) and (2), the two baseline algorithms are also
trained using 80% experimental data under various cooling conditions,
and are tested using the remaining 20% data. The coefficients of the two
baseline algorithms, ¢ to c3 for baseline algorithm 1 in Eq. (1) and ¢, to
c4 for baseline algorithm 2 in Eq. (2), are fitted using the same training
dataset as the developed algorithm, and the test dataset is also the same.
The test performance of the two algorithms is presented in Fig. 10. For
baseline algorithm 1 [14], the testing RMSE and MAPE are 0.672 kg and
10.9%, respectively. For baseline algorithm 2 [18], the testing RMSE
and MAPE are 0.667 kg and 10.95%, respectively. The two baseline
algorithms do not separate the cases of low subcooling temperatures
(less than 1 °C) from those with normal and higher subcooling tem-
peratures. As a result, neither can achieve good predictions for some
undercharge scenarios, usually resulting in the predicted charge level

being higher than the actual value; this phenomenon is similar to that
reported in Ref. [26]. Even though baseline algorithm 2 uses more
features, it does not result in an improvement in accuracy.

The testing MAPEs are compared for the three algorithms, as shown
in Table 5. The proposed algorithm outperforms the two baseline algo-
rithms, with significant improvements of 61.2% and 61.4% compared to
baseline algorithms 1 and 2, respectively.

When focusing only on undercharge scenarios (when the charge level
is less than the nominal charge of 6.1 kg), the proposed algorithm
demonstrates more significant improvements, as shown in Table 6. The
proposed algorithm performs 67.0% and 68.0% better compared to
baseline algorithms 1 and 2, respectively. Especially, the developed al-
gorithm uses two fewer features and achieves better accuracy compared
with the baseline algorithm 2. The proposed algorithm takes into
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Fig. 9. Developed algorithm's performance: (a) training; (b) testing.
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Fig. 10. Baseline algorithms' performance: (a) baseline algorithm 1 [14]; (b) baseline algorithm 2 [18].

Table 5
Algorithm comparison.
Algorithm MAPE Improvement
Proposed 4.23% (3.64% and 4.59% when T;. greater and /
smaller than 1°C, respectively)
Baseline 1 10.90% (4.83% and 14.54% when T;. greater and 61.2%
[14] smaller than 1°C, respectively)
Baseline 2 10.95% (4.57% and 14.77% when T;. greater and 61.4%
[18] smaller than 1°C, respectively)
Table 6
Algorithm comparison when under charge: charge level < 100%.
Algorithm MAPE in testing Improvement
Proposed 4.94% /
Baseline 1 [14] 14.99% 67.0%
Baseline 2 [18] 15.44% 68.0%

account the special cases of low subcooling (Ts,.< 1 °C) and separates
them from the general cases. Feature selection is performed separately
for each case to determine the appropriate algorithms. Therefore, it is
better suited to handle the undercharge scenario corresponding to low
subcooling temperatures compared to the two baseline algorithms,
which avoided the issue of redundant selection due to intercorrelation
between features. As a result, the developed algorithm is significantly
more accurate with fewer selected features.

Though the six candidate features are physically highly correlated, it
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is impossible to make them completely independent in a vapor
compression cycle. The proposed feature selection method determines
the appropriate features based on physical laws rather than purely sta-
tistical criteria, and utilizes p-values to determine which features truly
influence the charge level of the heat pump. Given that the character-
istics of each heat pump differ, it is essential to select features based on
the heat pump capacities, refrigerant, rather than relying on the
empirical equation, as in the baseline algorithms, that the features are
empirically determined. The latter approach carries a higher risk of
selecting mutually correlated features, which may adversely impact the
model's performance.

4.3. Discussion

This study uses a residential variable-speed heat pump operating
with R410A as a case study to evaluate the adaptability of the proposed
algorithm across diverse operating conditions, benchmarked against
two baseline methods. The emphasis of this study is not on the training
results of the coefficients and the value of the subcooling temperature
turning point related to Eq. (9) in Section 4. Instead, the focus is on Eq.
(3) in Section 2, which presents a segmented structure using the sub-
cooling temperature as the turning point, along with a feature selection
method to determine the signs of the coefficients and identify which
features are significant. Therefore, interested readers are encouraged to
replicate the approach outlined in Section 2 using their own heat pump
testing data. Relative to conventional approaches that treat undercharge
and overcharge jointly, the proposed method more effectively mitigates
prediction inaccuracies, thereby improving accuracy for both regimes.
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However, the heat pump unit examined is a residential configura-
tion; consequently, the algorithm may not directly generalize to systems
with receivers or other charge-management components (e.g., accu-
mulators, flash tanks, ejectors). Moreover, the present analysis focuses
on R410A, and extension to other next-generation refrigerants, such as
R410A's substitute as R454B, natural refrigerant as R290, and tran-
scritical cycle of CO2, requires further investigation. We plan to address
these limitations by broadening the dataset and operating envelope,
evaluating additional refrigerants and schematics, and conducting out-
of-sample validation on independent units.

5. Conclusion

VRC sensing technology has been widely applied for a variety of
vapor compression systems. However, most VRC algorithms may select
too many features, leading to algorithm redundancy and could fail to
accurately predict refrigerant charge levels in both undercharge and
overcharge scenarios. Therefore, we proposed a systematic feature se-
lection method to choose minimal variables and a segmented modeling
approach to cover a wide range of charge conditions, including sub-
stantially low subcooling temperature cases (T;.< 1 °C). This study takes
a residential variable-speed heat pump system using R410A as an
example to investigate the adaptability of the proposed algorithm under
different operating conditions, and compares it with two baseline
algorithms.

The main research conclusions are as follows:

(1) The proposed VRC sensing algorithm treats the case with sub-
cooling temperature less than 1 °C separately, thus presenting
better accuracy to predict under both undercharge and over-
charge scenarios.

(2) The proposed VRC sensing algorithm can achieve tested MAPEs
of 4.23%, and improves the overall accuracy for cooling condi-
tions by 61.2% and 61.4%, compared with the two baseline
algorithms.

(3) The proposed VRC sensing algorithm uses two fewer features and
improves the accuracy for the undercharge scenario by 68.0%,
compared with baseline algorithm 2.

The proposed algorithm divides the charge level prediction into two
segments, thus adapting well to both undercharge and overcharge sce-
narios. Additionally, a rigorous feature selection method is employed to
ensure that the physical variables chosen in each segment not only align
with physical principles but also exhibit statistical significance. These
improvements not only enhance the model's prediction accuracy but
also prevent overfitting caused by selecting too many physical variables,
providing a more reliable solution for accurate refrigerant charge level
prediction and helping improve the heat pump operation efficiency.
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