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Modeling of the air conditioner (AC) and heat pump (HP) systems is critical for maintaining thermal comfort and regulating building
energy use. They are designed to meet the load of extreme climatic and occupancy conditions. This makes them oversized for the
majority of their operational hours, resulting in part-load operation. Their part-load operation affects efficiency and energy
consumption. Many of the equipment models currently used in building energy models (BEM) require large quantities of experimental
data and/or do not capture modern equipment behavior. This paper discusses models compatible with BEM for AC and HP and
evaluates their efficacy. First, six distinct models are identified in the literature and assessed for their predictive capabilities of
cooling/heating capacities and coefficient of performance (COP). This evaluation is conducted using high-fidelity data from 6
equipment pieces: one roof-top air conditioner (RTU), three residential 2-speed split-systems, and two variable-speed heat pump
systems. Drawing from insights gained from previous models, a new empirical model is then proposed to effectively capture the
behavior of contemporary equipment while minimizing the need for extensive testing data. All models are ranked based on mean
absolute percentage error (MAPE) as well as the coefficients employed by the model. The proposed model, with 20 coefficients, is
found to be superior compared with the legacy models, predicting heating/cooling capacity and COP below 5% for the experimental
units and sensible heat ratio (SHR) below 5% for all the units in AC operation.

1. Introduction

Space heating and cooling are almost everywhere in the
United States (US) and are becoming increasingly common
in other developed countries in the world. The most common
method to cool/heat the indoor air is the electricity-driven
vapor compression cycle (VCC). This makes air condition-
ing an energy-intensive process. In the US, approximately
76% of the total energy consumed in a residential home is
dedicated to space and water heating/cooling applications
(U.S. Energy Information Administration 2015). Continuous

worldwide initiatives aim to enhance building energy effi-
ciency and promote sustainability.

Building energy models (BEMs) play an important part
because of their ability to simulate the thermal behavior of
buildings and predict their energy consumption. The thermal
behavior of a building is often challenging to model because
of the heat transfer processes that occur at the building enve-
lope and air conditioning and heat pump (ACHP) systems.
BEM is a crucial tool used to integrate energy-efficient tech-
nologies and design principles into both new and existing
buildings (Feng, Lu and Wang 2019; Shen, Braham, and Yi
2018; Jung et al. 2023) to achieve significant energy and
cost savings. While BEM has diverse applications, for
example in ensuring compliance with energy codes, support-
ing green certification, qualifying for incentives, enabling
real-time building control, improving building performance,
and conducting fault detection studies (Fan and Xia 2018;
Yang, Gao, and You 2023; Gholamibozanjani et al. 2018;
Zhang and Hong 2017), the accuracy and reliability of the
BEM is highly dependent upon an ACHP system model
(Joe, Im and Dong 2020) because of the high energy use by
these systems in buildings.
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Since the ACHP systems are designed to meet the load
requirements for extreme conditions, for that reason they are
normally oversized, and as a result, run at part load (Cetin et al.
2019). The part load operation is achieved by adjusting the out-
put of AC and HP components, such as the compressor and
fan, to match the actual heating or cooling load of a building,
while operating at less than full capacity. While the majority of
the equipment operates at part load, there is a rapid drop in
their efficiency as the equipment operation moves away from
the optimal operating point (Doty 2010; Ahmadisedigh and
Gosselin 2022). Therefore, there is a pressing demand for the
development of an ACHP model that not only aligns with
BEM tools but also has the capability to replicate the perform-
ance of advanced, highly efficient variable speed systems.

Modeling of the ACHP system is essential for analyzing
energy usage and indoor thermal comfort quality control.
Typically, physics and data-based modeling approaches are
employed for ACHP systems. In the first approach, the system
model is formulated by employing thermodynamic laws to
link the inputs and outputs which are referred to as physics-
based models and are also categorized as white box models.
For physics-based models, it is essential to have complete
knowledge of the processes and the system. For instance,
Domanski and Didion (1983), Herbas et al. (1993), Rossi
(1995), Shen (2006), Bell (2012) presented physics-based
models. These models are computationally expensive and
require iterative techniques to be implemented to find system
outputs. Such models are used to optimize the heat pump sys-
tem on the level of refrigerant level, for example. The second
approach is the black-box models which are developed from
system performance data. Inputs and outputs are linked using
regression or machine learning techniques. Unlike their phys-
ics-based counterparts, these models do not necessitate an
extensive understanding of the system, yet they offer remark-
able accuracy and faster response times (O’Neill and O’Neill
2016). The aim of developing such models is to integrate
them with BEM tools to calculate building-specific seasonal
performance factor and/or compare specific heat pump units
using a seasonal coefficient of performance factor.

In literature, artificial neural network (ANN) is largely
used to model heat pump systems among the black-box mod-
els when the available data is large either in terms of input
information or the number of data points. For instance, ANN
is used to predict the steady-state cooling capacity of an AC
system by Yousaf et al. (2022) using 40 inputs to the model
with 10 hidden neurons. A large amount of field data with 37
input variables is used to model the ground source heat pump
system’s long-term behavior using ANN by Puttige et al.
(2022). Similarly, Ye et al. (2020) uses field measurements
from retrofit residential housing to predict energy consump-
tion using 9 inputs and 40 neurons in the hidden layer.
Kizilkan (2011) formulated a variable speed heat pump sys-
tem model to investigate the compressor frequency for cap-
acity control using ANN with better energy savings using 80
data points with 6 inputs. Lower inputs of 4 but with large
data of 38071 data points, Belman-Flores et al. (2013) eval-
uated the energetic performance of a variable speed heat
pump system. Ledesma and Belman-Flores (2014) identified

the best performance zones for heat pump systems using only
4 inputs by utilizing a data set of 54654 data points. Not only
a large amount of data is required, but in addition, the model-
er’s proficiency in selecting and utilizing an appropriate train-
ing dataset while minimizing overfitting is the primary
determinant of success when employing ANN models (Lee
et al. 2019). This is due to the absence of reliable guidelines
for determining the optimal training structure, including the
number of neurons in the input, output, and hidden layers
(Yousaf, Shafi, and Ahmad 2018; Shafi et al. 2006). Selecting
the ultimate trained model often hinges on the expertise of the
researcher. Additionally, implementing ANNs poses a unique
challenge due to the substantial number of model parameters
generated during training. To illustrate, consider a scenario
where a heat pump model utilizes just six inputs (e.g., indoor
and outdoor dry/wet bulb temperatures, compressor and fan
data) and employs a single hidden layer with merely ten neu-
rons to predict three outputs (such as cooling capacity, COP,
and sensible heat ratio). In this case, the training process
yields a total of 103 model parameters. The exact count may
vary, influenced not only by the volume and quality of the
training data but also by the proficiency of the model devel-
oper. These challenges underline why ANN and machine-
learning black-box models may not be suitable for integrating
the heat pump model with BEMs.

The second category in black-box models are empirical
models. The coefficients in the polynomials are mostly eval-
uated using data fitting techniques. These models find applica-
tions in ACHP systems and their individual components to
streamline the modeling process, reduce the computational
burden, and mitigate the risk of overfitting. These models are
characterized by explicit polynomial expressions and possess
predefined input variables in terms of number and type. For
instance, an empirical model is formulated to represent all
types of heat exchangers for their effectiveness and charge esti-
mation along pressure drop using polynomials by Park, Guo,
and Rasmussen (2021). A second-order polynomial function is
developed using inlet pressure, the mass flow rate of refriger-
ant, inlet quality, temperature of the secondary fluid, and heat
exchanger length. In another study for heat exchangers, an
empirical model is developed to calculate the effectiveness of
the heat exchanger as a function of the number of transfer units
(NTU), fluid inlet temperatures, and surface temperatures of
heat exchangers by Lim, Cheon, and Jeong (2018). The scope
of empirical modeling extends to compressor performance as
well, where parameters like compressor capacity and power
consumption are estimated. This is achieved by a cubic polyno-
mial equation in Air conditioning, heating, and refrigeration
institute (AHRI) well-known 10-coefficient mapping model as
a function of evaporating and condensing temperatures
(AHRI-540 2020). More complex phenomena like vapor injec-
tion ((Tello-Oquendo et al. 2019)) and variable speed operation
(Shao et al. 2004) in compressors are also modeled using
empirical modeling. These exemplary cases, drawn from the
literature, underscore the widespread adoption of empirical
models within the realm of air conditioning and refrigeration
system components. A second-order polynomial as a function
of supply air flow rate is used to calculate the fan power
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consumption in Shao, Yang, and Zhang (2010). Empirical cor-
relations are not limited to modeling individual ACHP compo-
nents but are also indispensable in developing comprehensive
system-level models. For example, a linear model using a sin-
gle variable is employed to estimate the energy requirements
of both a variable-capacity air source heat pump (ASHP) and a
ground source heat pump (GSHP) by considering the outside
temperature as an independent variable by Safa (2012). Single
and multiple input variable empirical models are formulated
for ASHP and GSHP systems to predict the power consump-
tion by Peskova (2023). They investigated different models
with one, two, and three independent variables selected on the
basis of Spearman and Pearson coefficients from the data. The
independent variables selected for this purpose are outdoor dry
bulb temperature, supply air temperature, and refrigerant tem-
perature of the evaporator. It is reported that models having all
three inputs are performing significantly better in prediction of
the power consumption. Simple polynomial-based heat pump
model correlations are developed for a dual, water and air,
source heat pump to predict the condenser capacity along with
compressor power consumption through data generated from a
computer simulation by Marchante-Avellaneda et al. (2019).
The independent variables selected are compressor frequency,
fan frequency, pressure ratio of the compressor, inlet and exit
temperatures of the secondary fluid across the evaporator and
condenser along with the relative humidity of the air. An
empirical model for the heat pump is provided by Afjei and
Wittwer (1995). The model uses bi-quadratic polynomials
based on fluid entering temperature to the evaporator and exit
temperature to the condenser to calculate the heating capacity
as well as compressor work. A heat pump model is given by
Morrison (1994) based on catalog data provided compressor
manufacturer for the evaporation and condensation tempera-
tures. They provided bi-quadratic polynomials for the heating
capacity and power consumption of the compressor. The com-
ponent models are closed through energy conservation laws. A
steady-state empirical model is developed by Filliard,
Guiavarch, and Peuportier (2009) to predict the heat pump per-
formance. Separate models are formulated for full load, part-
load, and defrost operation for the heat pump. The model uses
indoor and outdoor temperatures to calculate the capacity and
COP using a second-order polynomial equation in the full load
model. The part load model predictions are carried out by the
introduction of part-load factor in the model while in the
defrost model, a degradation coefficient is applied to the heat-
ing capacity. They validated the full load model through manu-
facturer data while part-load and defrost models were not
validated due to data unavailability. A reference model is for-
mulated by Kim et al. (2010) for a heat pump for fault detection
in cooling mode to predict seven dependent features of the heat
pump by using dry bulb temperature for indoor and outdoor
along with indoor humidity ratio as independent variables.
They formulated polynomial-based models upto 4th order and
found that higher-order models are accurate but may worsen
the interpolation for small data sets. Using source and sink
temperatures as input to the model, a simple polynomial-based
heat pump model is presented in Gupta and Irving (2013). The
regression-based model developed from the test results of the

heat pump is intended to be simple enough to be used in a
spreadsheet to provide predictions for monthly loads and
energy consumption. The difference between the manufac-
turer’s provided performance and in situ performance of the
heat pump is evaluated for COP using polynomial models
involving different independent variables by Chesser et al.
(2021). The independent variables selected for different mod-
els are outside dry bulb temperature, rain precipitation, dew
point air temperature, mean sea level pressure, relative humid-
ity, and wind speed.

Air-conditioners and heat pump models that leverage
inputs commonly available from manufacturers and employ
polynomials of lower degree, requiring fewer model coeffi-
cients, are highly advantageous for building energy modelers
Yousaf et al. (2024). Using lower-degree polynomials not
only reduces the volume of training data required but also
helps in avoiding over-fitting—a prevalent issue in data
driven models, like ANN-based models, due to the lack of
standardized architectures (Yousaf, Shafi, and Ahmad 2018).
Over-fitting compromises model generalizability, often
occurring when researchers, in pursuit of high accuracy,
inadvertently use higher-degree polynomials that increase the
number of coefficients. It is essential to select model coeffi-
cients judiciously to maintain consistent and reliable per-
formance across both training and test datasets. On this
criterion, an air-conditioning model is formulated by
Brandemuehl, Gabel, and Andresen (1993) for fixed-speed
equipment as a function of indoor and outdoor temperatures
along with indoor air flow rate. The model can predict the
operational performance of the system other than rated con-
ditions by adopting correction factors in indoor and outdoor
temperatures along with an indoor air flow rate. A similar
model for the heat pump is presented by Winkelmann et al.
(1993) but with a lower number of model coefficients. A
relatively simple model for capacity calculation is presented
by Nyika et al. (2014). For power calculation, their model
separately calculates the power of each component of the
system while demanding more component-specific data as
well as training data. Their model can be used for both cool-
ing and heating applications. Using Brandemuehl, Gabel,
and Andresen (1993)’s model as a baseline, Hjortland
(2018) formulated a variable speed unitary equipment model
with higher training data requirements. A variable speed
cooling-only model is presented by Cheng, Braun, and
Horton (2021). The model takes sensible load as input from
a BEM and predicts total cooling capacity and power con-
sumption of the unit.

Despite extensive research on modeling unitary equip-
ment, there is no clear consensus on the most suitable black-
box model for a diverse range of equipment. Additionally,
we have identified critical limitations in the existing models
that necessitate a shift in our research focus.

� ANN and machine learning models lack a standardized
design and are susceptible to modifications dependent
on the characteristics and quantity of the training data.

� A significant number of literature models rely on input
variables that are challenging to obtain in real-world set-
tings, rendering them impractical for widespread
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application. This is more pronounced in machine learn-
ing-based models.

� Many of the models currently available do not compre-
hensively capture the intricacies of modern heat pump
equipment and their variable operating conditions.

� A significant limitation seen in some models is the
omission of part-load operation of the equipment, which
has considerable significance in ensuring the correctness
of the model’s predictions.

In light of these limitations, we are focusing on finding a
model in literature or formulating a new one that better
aligns with the practical demands of contemporary energy
modeling. Formulating a model is akin to cooking a recipe;
while all the ingredients are available, mastering the art lies
in understanding the precise proportions, timing, and quanti-
ties of each ingredient required. In (Yousaf et al. 2023), the
authors use experimental data from a ten-ton rooftop unit
(RTU) and 3 state-of-the-art high-efficiency split heat pumps
with a capacity range of 3 to 5 tons to study the influential
model inputs and proposed two sets of critical model inputs
for empirical and semi-empirical models. Based on the
model input recommendations from (Yousaf et al. 2023), we
identify models with such inputs that can be integrated into
an existing BEM, smoothly. Our next steps involve evaluat-
ing the performance of these selected models, assessing their
suitability for real-world applications, and exploring opportu-
nities for further refinement. This approach allows us to not
only critique the limitations of existing models but also
advance the field by identifying and enhancing models that
show promise in accurately representing real-world behavior.
Our research focuses on the following:

� Selecting BEM engines compatible empirical models
from the literature, including Brandemuehl, Gabel, and
Andresen (1993), Winkelmann et al. (1993), Nyika
et al. (2014), Hjortland (2018), Cheng, Braun, and
Horton (2021), and EnergyPlus (2022). Specifically
regarding EnergyPlus, for cooling, we used the
EnergyPlus model Coil:Cooling:DX:SingleSpeed and
for heating, we used the EnergyPlus model

“Coil:Heating:DX:SingleSpeed and will be referred to
as EnergyPlus model in the latter sections.

� Conducting a rigorous evaluation of these selected mod-
els using high-fidelity experimental data obtained
from state-of-the-art unitary equipment, including high-
efficiency commercial units of 10 tons (35 kW) and 5
residential units of capacities ranging from 3.5 to 5 tons
(12 to 17.6 kW).

� Identifying the strengths and weaknesses of the eval-
uated models in accurately capturing the complex
behavior of air conditioners and heat pumps.

� Proposing an improved empirical model for variable
speed equipment based on the lessons learned from the
evaluation of legacy models.

� Enhancing the accuracy and efficiency of empirical
models for air conditioners and heat pumps to enable
more precise predictions and enhance energy efficiency
in buildings.

Through this comprehensive evaluation and improvement
process, our work aims to contribute to the advancement of
empirical modeling techniques for unitary air conditioners
and heat pumps, facilitating more accurate and energy-
efficient designs.

2. Legacy models

This section provides a brief description of empirical models
used to model the performance of unitary equipment. Due to
space limitations, detailed descriptions of legacy models are
skipped here and can be found in the original references.
Legacy models, compatible with BEM, identified from the
literature have few inputs and outputs that are common
across all models. These are identified as standard inputs
and outputs as shown in Figure 1. Standard inputs include
outdoor dry bulb temperature (ODT), indoor wet bulb tem-
perature (IWB), and indoor dry bulb temperature (IDT). The
standard outputs are heating/cooling capacity and the sens-
ible heat ratio (SHR) (cooling mode only). In addition to
standard inputs and outputs, indoor air supply, compressor

Fig. 1. General form of legacy models.
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speed, and building sensible load are sometimes used as
inputs while coefficient of performance (COP) or power are
the outputs as well. Apart from conventional inputs, the per-
formance of the equipment at the standard rated conditions
is also required. AHRI standards define standard rating con-
ditions as a comparison for performance characteristics
AHRI (2008). These performance characteristics include
heating/cooling capacity, and COP. The industry has
accepted two standard rating conditions, one each for cool-
ing and heating purposes to compare the equipment perform-
ance. The standard rated conditions are shown in Table 1.

At the standard rating conditions, cooling capacity along
with COP is recorded with the highest compressor and fan
speeds. Legacy models use correction factors to the rated
performance of the equipment to predict cooling capacity
and COP at various operating conditions. Details of correc-
tion factors for the capacity and COP are provided in Table
2. Another metric, bypass factor (BF) is also recorded at the
rated conditions (Cheng, Braun, and Horton 2021). The BF

represents the amount of air traveling through the coil that
does not directly make contact with the surface of the cool-
ing coil. All the legacy models use the bypass factor
approach (BFA) to calculate the SHR at different operating
conditions, except for the model presented in Cheng, Braun,
and Horton (2021).

3. The proposed model

The current work proposes a modification to the
Brandemuehl model (Brandemuehl, Gabel, and Andresen
1993)) for the estimation of equipment performance at vari-
able speed. The proposed model uses model inputs recom-
mended by Yousaf et al. (2023) for black box models.

Figure 2 shows the inputs as well as the outputs of the
model in cooling operation. The proposed modification uses
correction factors for temperature, air flow rates, and com-
pressor speed but with fewer data point requirements to train

Table 1. Standard rating conditions for cooling and heating AHRI (2008).

AHRI Standard
Air Entering Indoor Unit Air Entering Outdoor Unit

Rating conditions Dry bulb �F (�C) Wetbulb �F (�C) Dry bulb �F (�C) Wetbulb �F (�C)

Cooling (A-Test) 80 (26.7) 67 (19.4) 95 (35) 75 (23.9)
Heating (H1-Test) 70 (21.1) 60 (15.6) 47 (8.33) 43 (6.11)

Table 2. Correction factors and the degree of polynomials used in legacy models.

Author Model Coefficients

Correction Factors

SHRCFM Temperature Part load Compressor speed

Brandemuehl 16 Linear Bi-quadratic – – BFA
EnergyPlus 18 Quadratic Bi-quadratic Cubic for power – BFA
Nyika 21 Quadratic Bi-quadratic Bi-quadratic – BFA
Cheng 20 – Bi-quadratic Degree 4 – –
Winkelmann 17 Linear Bi-quadratic – – –
Hjortland 26 Quadratic Bi-quadratic – Cubic BFA

Fig. 2. Proposed model inputs and outputs (SHR only in cooling mode).
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the model coefficients. These correction factors account for
differences in ambient temperatures, indoor air flow rate,
and compressor speed. The differences in ambient tempera-
tures are modeled using a bi-quadratic function of ODT and
IWB while the air flow rate and compressor speeds are mod-
eled using a linear correction factor. The model predicts the
capacity using,

_Qtot ¼ fcap, temp : fcap, _V : fcap,X : _Qrat, (1)

and the COP is predicted using,

COP ¼ fcop, temp : fcop, _V : fcop,X : COPrat: (2)

The model makes use of the BFA to calculate the SHR
as follows in the cooling operation of HP.

SHR ¼ hðTID,xadpÞ − hadp
hID − hadp

, (3)

where,

hadp ¼ hID −
hID − hsup
1 − BF

: (4)

The BF is given by,

BF ¼ hsup − hadp
hID − hadp

: (5)

The model coefficients are trained using performance
data at various temperatures and compressor speeds. Table 3
shows the correction factors for the capacity and COP pre-
diction. Correction factors with a total of 20 coefficients for
cooling operations are listed in Table 4.

The proposed model is used for heating operations by
using indoor dry bulb temperature instead of indoor wet bulb
temperature, similar to the legacy models. In the heating
mode operations, SHR is not calculated and the model outputs
are the heating capacity and COP. For both heating and cool-
ing, heat pump power consumption ( _W ) is obtained directly
by dividing the capacity by the COP as given below,

_W ¼ COP
_Qtot

: (6)

4. Methodology

This section provides details about model training and test-
ing methodology along with the performance metrics
adopted for the evaluation of the various models.
Furthermore, detailed information about the collection of
unitary equipment data is provided along with an uncertainty
analysis of the data collected for training and model
evaluation.

4.1. Model training and testing

Models presented in this study predict the performance of
the equipment by correcting for the changes in operating
conditions to the rated performance using correction factors.
The correction factors utilized by models are for capacity
and COP prediction. Coefficients of correction factors are
obtained from unitary equipment data using regression meth-
ods. The cost function used to get the model coefficients is
given as,

Error ¼
Xn
i¼1

XPred − XExp

XExp

� �2

: (7)

whereas XPred and XExp are predicted and experimental val-
ues for capacity or COP.

For training purposes, the unitary equipment data is div-
ided into training and testing data sets for AC and HP as
shown in Figure 3. The Nyika model uses the highest
amount of model coefficients in the power correction factor
which is 16. So, for model training, 17 data points are
selected from the data set of each unit, manually. Manual
selection of training data points is preferred over algorithmic
random selection due to a consistent use of similar condi-
tions representative of similar operations in all data sets.
IWB and ODT vary from their minimum to their maximum
values in the training data set for each unit. The training
data sets also included all the fan speeds as well as compres-
sor stages/speeds. The training data set provided us with
model coefficients which are used to predict the capacity

Table 3. Correction factors and the degree of polynomials used in the proposed model.

Author Model Coefficients

Correction Factors

SHRCFM Temperature Part load Compressor speed

Proposed model 20 Linear Bi-quadratic – Linear BFA

Table 4. Proposed model correction factors.

Correction Factors Equation to be fit

fcap, temp a0 þ a1Tiwb þ a2T2
iwb þ a3Todt þ a4T2

odt þ a5TiwbTodt
fcap, _V b0 þ b1ð _V

_V rat
Þ

fcap,X k0 þ k1X
fcop, temp c0 þ c1Tiwb þ c2T2

iwb þ c3Todt þ c4T2
odt þ c5TiwbTodt

fcop, _V d0 þ d1ð _V
_V rat

Þ
fcop,X l0 þ l1X

538 Science and Technology for the Built Environment



and COP on the test data set. The complete process of
model training and testing is shown in Figure 3.

4.2. Performance metrics

To quantify the accuracy of the model prediction, the
selected performance metric is the MAPE. It is useful when
comparing models with varying error magnitudes, as it pro-
vides a percentage-based error metric, which can be easier
to interpret. Additionally, it provides a holistic view of the
model’s predictive capabilities. It is calculated as:

MAPE ¼ 1
n

Xn
i¼1

Xexp − Xpred

Xexp

����
����:100%: (8)

4.3. Unitary equipment data

To evaluate the performance of models in both cooling and
heating modes, experimental data is recorded on one com-
mercial and 5 residential pieces of unitary equipment, as per
ASHRAE standard 37 ASHRAE (2009). The commercial
unit is a 10-ton (35.2 kW) fixed-speed RTU AC, referred to
as Unit-1, and is tested in in-house psychrometric chambers
by varying conditions of indoor and outdoor temperatures.
Indoor air flow rate and compressor speeds are kept fixed
and the equipment performance is captured in only cooling
mode.

Among the residential split systems, five units are exam-
ined, with three of them being 2-speed systems, operating
with only two compressor and fan speeds. These systems
undergo testing in both full and part-load operations across
various operational and environmental conditions. The three
residential 2-speed systems, designated as Unit-2 (3.5 tons/
12.3 kW), Unit-3 (4 tons/14 kW), and Unit-4 (5 tons/
17.5 kW), are tested in cooling and heating modes, with fur-
ther details on fan and compressor speeds provided in
Table 5.

Unit-2, Unit-3, and Unit-4 undergo extensive testing in
both heating and cooling modes, spanning a wide range of

temperature conditions within an external psychrometric
chamber. Additionally, Unit-5 (4 tons/14 kW) and Unit-6 (5
tons/17.5 kW) are variable speed units, also tested in both
heating and cooling modes. Operational and temperature
range specifics for these variable speed systems are detailed
in Table 5.

Unit-5 undergoes testing within an in-house psychromet-
ric chamber, while experimental data for Unit-6 is sourced
from Shoukas et al. (2022). Figure 4 illustrates the experi-
mental setup, featuring the 10-ton RTU and Unit 5 under
test in the in-house psychrometric chambers. For in-house
testing, steady-state data is recorded for a minimum of
15min, with sensors capturing data at a sampling frequency
of 1Hz. Figure 5 provides insight into the placement of
pressure, temperature, and mass flow sensors used in the in-
house data collection.

4.3.1. Uncertainty analysis
In the current work, uncertainty is estimated for the afore-
mentioned units using a propagation analysis using the
method developed in Taylor and Kuyatt (1994). Table 6 lists
the accuracy specifications for each sensor, as well as a brief
description of how it is used. An EES Klien and Alvardo
(2000) script is written to calculate the uncertainty propaga-
tion for all the unitary equipment data. Uncertainty in the
cooling capacity for the fixed speed RTU ranged from
60.74 kW (60.21 ton) to 61.2 kW (0.35 ton). For the
12.3 kW (3.5 tons) unit, the uncertainty range is 60.33 kW
(60.10 ton) to 60.73 kW (60.21 ton) while in the residential
units with capacities of 14(4) and 17.6(5) kW(tons),
the uncertainty range is 60.38 kW (60.11 ton) to 60.75 kW
(60.2 ton) and 60.47 kW (60.13 ton) to 60.83 kW
(60.23 ton) respectively. In the variable speed heat pump,
the air side uncertainty in capacity is found to in between
60.26 kW (60.08 ton) to 60.22 kW (60.06 ton).

4.4. Model ranking

To evaluate the performance of the models, two key metrics
are considered: MAPE and the number of coefficients in the

Fig. 3. Model training and testing methodology.
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model. The models are individually assessed based on their
MAPE values, where lower values indicate better accuracy
and hence accurate formulation of the model. An average
MAPE is obtained for all the heat pump performance met-
rics for the units predicted by every model. The average
score is separate for heating and cooling applications.

The second metric to assess the models is the number of
coefficients in the model. A model with higher accuracy but
the least number of coefficients is desirable. The number of
the model coefficient represents the amount of training data
it would require. Additionally, more coefficients in the
model can over-fit the model on the training data set, which
might lead to poor prediction on the test data set. To rank
all the models, a criterion is chosen that combines both the
MAPE and the number of coefficients. The final rank score,
S, is a weighted sum of MAPE, having a weight of 90%,
and the number of model coefficients with a weight of 10%.
This is given as:

S ¼ r:
1
n

Xn
i¼1

MAPE þ q:C, (9)

where n is the number of performance metrics predicted, C
is the number of model coefficients. At the same time, r
(set to 0.9) and q (set to 0.1) represent the weightage of
MAPE and the number of model coefficients. To determine
the weights assigned to MAPE and the number of coeffi-
cients, we considered the relative importance of each criter-
ion in accurately assessing model performance. Given the
fundamental significance of accuracy in predictive modeling,
MAPE was assigned a higher weight of 90%, while the
number of coefficients, although important for model simpli-
city and training data requirements, was given a weight of
10% to avoid overly penalizing models with slightly higher
complexity. This ranking methodology enabled a holistic
evaluation of the models, taking into account both accuracy
(MAPE) and number of model coefficients (C) in determin-
ing their overall performance.

5. Results and discussion

All the models are trained and tested as per the methodology
laid out in Figure 3. Each model is trained on the same data
and tested on the same test data set as well. The coefficients
of the model are obtained through applying methods of least
squares. Once the coefficients are obtained, the model is
updated and a predictive model is complete. The predictive
model is used to predict the unseen test data. Individual
model performance is assessed by an error metric, MAPE.
All the models are coded in Python programming language.
This section provides the results of all the models evaluated
for cooling and heating operations. All the percentages given
in this section are percent MAPEs.

5.1. Cooling mode predictions

This section presents the results of the model evaluation for
cooling operations. Figure 6 shows the performance of allT
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the evaluated models for the cooling capacity, Figure 7 pro-
vides details about the COP predictions, while Figure 8
shows the MAPEs for SHR being predicted for different
units included in this study.

The evaluation of MAPE values across various models
provides a comprehensive comparison of prediction accuracy
for cooling capacity, COP, and SHR metrics. The
EnergyPlus model performs well for fixed-speed and 2-speed
units, with MAPE values under 5%, but struggles with vari-
able-speed units, particularly Unit-5, where the cooling cap-
acity MAPE is 16.6%. The Brandemuehl model exhibits
higher errors, especially for variable-speed units, with a
17.27% MAPE for Unit-5’s cooling capacity. The Nyika
model shows higher COP prediction errors for Units 2 and
3, with MAPEs of 8.13% and 15.9%, respectively. The

Hjortland model is consistent across all units, maintaining
MAPE values below 5% for most metrics, except for Unit-
3’s COP. The Cheng model performs well for cooling
capacity predictions but has significant inaccuracies in COP
predictions, notably with Unit-2 and Unit-5 showing MAPEs
of 7% and 11%, respectively. The proposed model stands
out with high accuracy across all performance metrics, main-
taining MAPE values well under 5% for most units, except
for a 7.32% MAPE for Unit-3’s cooling capacity. To further
clarify what the MAPEs represent in terms of model accur-
acy, Figure 9 is provided for cooling capacity, illustrating
the measured versus predicted cooling capacities for each
model across the different units evaluated in this study. By
directly comparing measured and predicted values, these
plots provide a visual interpretation of model accuracy

Fig. 4. Test units under test at in-house psychrometric chambers.
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Fig. 5. Schematic showing locations of key sensors in the split heat pump system installed in a pair of psychrometric chambers.

Table 6. Sensor accuracy and usage for variable speed residential units.

Sensor Accuracy Use

Thermocouples 0.9 �F (0.5 �C) Air side temperature
RTD 0.2 �F (0.11 �C) Refrigerant side temperature
Pressure sensor 60.06% of F.S Refrigerant side pressure
Power meter 60.1% of F.S Indoor and outdoor unit power
Coriolis flow meter 60.1% of rate Refrigerant flow rate
Dew point hygrometer 6:27�F (.15�C) Dew point

Fig. 6. Model performance comparison for total cooling capacity prediction.
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beyond the MAPE values, allowing readers to assess how
closely each model captures the actual system performance
across varying operational conditions.

Key observations include the consistent accuracy of
fixed-speed units across all models, significant challenges in
modeling variable-speed units, and the superior performance
of the proposed model. Addition of a linear correction factor
for compressor speed enhances accuracy of the proposed
model on the test data, making it a robust and effective tool
for building energy modeling.

5.2. Heating mode predictions

The selected models are evaluated on three residential 2-
speed units, and 2 variable-speed heat pump systems.

Legacy as well as the currently proposed model are assessed
through MAPE, similar to the cooling mode of operation.
For HP, the Cheng model is not used because it applies
only to AC. Another model, the Winkelmann model applies
only to HP and is added to the list of models to be eval-
uated. For HP, only the total heating capacities and COP
are to be predicted. Figures 10 and 11 show the MAPEs for
heating capacity and COP, respectively. The EnergyPlus
model shows low MAPE values (under 5%) for heating cap-
acity in 2-speed systems but struggles with variable-speed
systems, particularly Unit-5 (MAPE of 20.6%) while main-
taining the COP predictions remain within 5%.
Brandemuehl’s model performs similarly, with low MAPE
for Unit-4 but higher errors for other 2-speed and variable-
speed systems. Nyika’s model shows higher MAPE values

Fig. 7. Model performance comparison for COP prediction, cooling mode.

Fig. 8. Model performance comparison for SHR prediction.
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for COP predictions due to its use of more coefficients
trained on limited data, indicating overfitting in the predic-
tions. The Hjortland model maintains MAPE values under
5% for most units, except for Unit-5’s COP. The
Winkelmann model predicts low MAPE for Unit-4 but has
higher errors for other units in both heating capacity and
COP predictions. The proposed model consistently outper-
forms others, maintaining MAPE values under 5% for all
units in predicting heating capacity and COP, demonstrating

its robustness and effectiveness. To enhance understanding
of the MAPEs and their implications for model accuracy,
we include Figure 12 showing measured versus predicted
heating capacities across the different units assessed. These
plots offer a direct visual comparison, highlighting how
each model performs in capturing the actual heating cap-
acity across varied conditions. This additional insight com-
plements the MAPEs by demonstrating each model’s
accuracy in replicating real system behavior.

Fig. 9. Model performance in predicting the cooling capacity for two speed and variable speed units.

Fig. 10. Model performance comparison for heating capacity prediction.
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Key observations from the evaluation include the consist-
ent and accurate predictions for 2-speed systems (Units 2
and 4), which consistently show low MAPE values across
all evaluated models. This indicates that these models are
well-calibrated for 2-speed systems. In contrast, variable-
speed systems (Units 5 and 6) present significant challenges,
as evidenced by the higher MAPE values, highlighting the
difficulty in accurately modeling the complexities of

variable-speed operations. Additionally, models with a
higher number of coefficients, such as the Nyika model,
tend to show higher COP prediction errors when trained on
limited data, suggesting that models with fewer coefficients
may offer more accurate predictions in such scenarios.
Notably, the proposed model demonstrates superior perform-
ance by consistently maintaining low MAPE values across
all metrics and units, underscoring its robustness and

Fig. 11. Model performance comparison for COP prediction, heating mode.

Fig. 12. Model performance in predicting the heating capacity for two speed and variable speed units.
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effectiveness in practical applications for building energy
modeling.

5.3. Model ranking

As per the ranking criterion described in Section 4.4, all the
evaluated models are ranked based on their predictive per-
formance along with the number of coefficients. The number
of coefficients in the model shows the amount of training
data required.

Figure 13 shows the average MAPE of evaluated models
in both heating and cooling operations. This figure also
shows the coefficients associated with each of the models.
The EnergyPlus model exhibits similar predictive capabilities
for both cooling (6.36%) and heating (6.40%) operations
along with its 18 coefficients while Brandamuehl’s model
with 16 coefficients has slightly higher cooling (6.85%) and
heating (6.53%) MAPEs than EnergyPlus’s model. The third
model evaluated and shown in the figure is Nyika’s model
with an average heating MAPE of 8.93% and cooling
MAPE of 6.27% which is achieved using 21 model coeffi-
cients. The fourth model on the list is Hjortland’s model
having the highest number of model coefficients of 26
achieving a MAPE of 3.96% and 3.44% in heating and cool-
ing operation respectively in all the units. The heating-only

model, Winkelmann’s model, has a MAPE of 9.19% with
only 17 model coefficients. On the list, the cooling-only
model is Cheng’s model with a MAPE of 7.63% and
20 model coefficients. The last among these models is the
currently proposed model performance. The model predicts
the heating and cooling operation of different units with a
MAPE of 3.46% and 3.57%. The current model has the
same number of coefficients of (20) as several other
models evaluated but the predictive capabilities are much
improved.

Table 7 shows individual score of each model while
Figure 14 shows the final rank received by each model as
per Equation (9). The proposed model received rank 1 while
Hjortland’s model stands 2nd in both heating and cooling
operations. Brandamuehl’s model rank is 3rd in heating
while in cooling it is 5th. Similarly, EnergyPlus’s model has
a better performance in cooling as evident from its 3rd posi-
tion as opposed to its 4th heating position. The heating and
cooling-only models, Winkelmann and Cheng models, are in
5th and 6th position. Whereas, Nyika’s model has 4th posi-
tion in cooling and 6th in heating.

A comparison of the proposed model with the Hjortland
model shows that both models achieve similar MAPE val-
ues. However, there are significant differences in their con-
struction. The Hjortland model utilizes higher-order
polynomials, which can closely fit the training data but are
more prone to overfitting. This overfitting can lead to poorer
performance on new, unseen data. Additionally, higher-order
polynomials require a larger dataset to accurately train the
model, which may not always be available. In contrast, the
proposed model employs lower-order polynomials, which
are less susceptible to overfitting and perform more reliably
with smaller datasets. This makes our model not only more
robust but also easier to implement in practical applications
where extensive data collection may not be feasible.
Consequently, we recommend our model over the Hjortland
model due to its balance between simplicity, accuracy, and
practical usability.

Fig. 13. Averaged MAPE for cooling and heating operation in all units.

Table 7. Heating and cooling scores (S) of the models (lower
is better).

Model Heating score Cooling score

EnergyPlus DX 7.56 7.52
Brandamuehl 7.48 7.77
Nyika 10.14 7.74
Hjortland 6.16 5.70
Winkelmann 9.97 N/A
Cheng N/A 8.87
Proposed 5.11 5.21

546 Science and Technology for the Built Environment



6. Concluding remarks

This work evaluated 6 empirical models from the literature for
different operating conditions to identify the best-performing
model to capture AC and HP operation of unitary equipment.
Additionally, a new model is proposed from the lessons learned
during the legacy model evaluation phase. The models are
trained and tested on high-fidelity experimental data obtained
from different types of unitary equipment. They included a
fixed-speed commercial AC unit, 3 different split-type 2-speed
residential heat pumps, and two variable-speed heat pump sys-
tems. MAPE is used as an error metric to quantify the predictive
capabilities of all the models at various operating conditions.
All the models are ranked based on their predictive abilities as
determined by the two performance metrics selected. From the
results, some conclusions drawn are as follows:

� All models demonstrated comparable performance when
applied to Unit-1, a fixed-speed commercial unit.
Similarly, their performance remained consistent for
Unit-4, where only high-speed compressor data was
available. This suggests that legacy models excel in pre-
dicting full-load data. Notably, the models’ predictive
capabilities are not as strong in scenarios that involve a
mix of compressor, fan, and temperature conditions.

� EnergyPlus and Brandamuehl’s models exhibit competi-
tive performance. EnergyPlus quadratic formulation for
the supply air correction factor improved its accuracy
prediction compared to the original Brandamuehl model.

� The heating-only model, Winkelmann’s model, and the
cooling-only model, Cheng’s model, demonstrate less
accuracy relative to other models.

� The proposed model with its 20 coefficients demon-
strates superior predictive accuracy compared to existing
models, achieving MAPEs consistently under 5% for

both cooling and heating operations across various units.
Hjortland’s model follows closely in performance but
with a higher number of coefficients (26).

� The comparative results highlight the usefulness of the pro-
posed model, which uses fewer training data points while
achieving improved predictive performance across both
cooling and heating operations, making it a potential
improvement in unitary equipment performance prediction.

Overall, the proposed model has better predictive capabil-
ities both in the cooling and heating modes of heat pumps
operated at part-load conditions. The model is trained on 17
data points and tested on the remaining data points with 10
model coefficients for predicting capacity and COP, each.
To have a fair comparison with the legacy model the train-
ing data points are kept the same. The proposed formulation,
although, has the following limitations as well,

� The model requires the performance of the unit at the
rated conditions. Without such information, the model
would not be useful.

� Caution should be exercised when using the model coeffi-
cients beyond the training data range, as the model operates
as a black-box formulation. Additionally, the selection of
the training dataset significantly impacts the model’s pre-
dictive capabilities, requiring careful consideration.

In conclusion, our study synthesized and consolidated
current research on state-of-the-art approaches, unveiling the
potential for developing a new empirical model. By doing
so, our findings serve as a catalyst, paving the way for sig-
nificant contributions to the digital transformation of the
built and energy industries. These advancements hold prom-
ising prospects for enhanced efficiency, optimization, and
innovation in these sectors, ultimately driving sustainable
and impactful developments.

Fig. 14. Final ranks of models for AC and HP (lower is better).
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Nomenclature

Variables

BF ¼ Bypass factor, (-)
h ¼ enthalpy, (BTU/lb)
X ¼ compressor speed, (RPM)
x ¼ humidity ratio, (-)
_Q ¼ capacity, (BTU/hr)
S ¼ rank score, (-)
T ¼ temperature, (�F)
_V ¼ supply air flow rate, (CFM)
_W ¼ power, (W)

Subscripts

adp ¼ apparatus dew point
cap ¼ capacity
cop ¼ coefficient of performance

f ¼ correction factor
ID ¼ indoor
rat ¼ rated
sup ¼ supply

temp ¼ temperature
tot ¼ total

Acronyms

AC ¼ air conditioner
ACHP ¼ air conditioning and heat pump
AHRI ¼ air conditioning, heating, and refrigeration

institure
ANN ¼ artificial neural network
ASHP ¼ air source heat pump

ASHRAE ¼ American society of heating, refrigeration, and
air conditioning engineers

BEMs ¼ building energy models
BF ¼ bypass factor

BFA ¼ bypass factor approach
COP ¼ coefficient of performance
EES ¼ engineering equation solver
F.S ¼ full scale reading

GSHP ¼ ground source heat pump
HP ¼ heat pump
IDT ¼ indoor dry bulb temperature
IWB ¼ indoor wet bulb temperature

MAPE ¼ mean absolute percentage error
NTU ¼ number of transfer units
ODT ¼ outdoor dry bulb temperature
RTD ¼ resistance temperature detector
RTU ¼ roof top unit
SHR ¼ sensible heat ratio
VCC ¼ vapor compression cycle

Constants

a0, a1, … , a5 ¼ regression coefficients
b0, b1 ¼ regression coefficients

C ¼ number of model coefficients
c0, c1, … , c5 ¼ regression coefficients

d0, d1 ¼ regression coefficients
k0, k1 ¼ regression coefficients
l0, l1 ¼ regression coefficients

q ¼ coefficients weightage
r ¼ accuracy weightage
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Appendix A: Proposed model coefficients

This section provides coefficients for the proposed model
obtained through the training methodology outlined in 4.1

for both heating and cooling mode of operation. These can
be used to obtain the correction factors for different
operating conditions and prediction can be made. The model
coefficients are given in Table A1.

Table A1. Proposed model coefficients obtained through linear regression analysis.

Unit # Operation Coefficient 0 1 2 3 4 5 6 7 8 9

Unit 1 Cooling a 2661.087 −82.8078 0.93714 144.0744 −1.38306 2.25628 −0.00534 0.013223 0.19014 −0.15652
b 920.7129 4.107646 0.504585 13.77742 −0.22221 −0.06961 0.349565 −0.70387 0.357803 −0.35319

Unit 2 Cooling a 6518.087 7.331101 −0.27682 −179.343 −2.45865 11.27099 −0.00016 −5.3E-05 −0.1527 −0.67173
b −0.75795 −0.01755 −0.00054 −0.05752 0.000506 0.000852 −0.39395 0.455121 −0.30928 −1.1523

Heating a −263.234 −7.79162 −0.06494 −0.97037 0.044722 0.058597 −0.00531 −0.00113 −0.05678 0.537028
b 1510.174 46.3063 0.20337 18.82242 −0.82628 −1.19005 −0.25683 −0.06706 −0.00202 0.000136

Unit 3 Cooling a 10147.55 −8.25274 −0.55408 −456.519 −0.7408 21.1538 0.130237 0.095142 0.000152 0.000401
b 1456.016 18.73174 0.168179 −73.4304 −0.12929 2.135672 0.000162 0.000287 −0.00014 −0.4947

Heating a 2070.011 49.24579 0.209451 −9.64075 −0.07593 0.244741 0.211657 0.027295 −0.00019 0.002594
b 1771.585 35.35882 −0.10351 −5.31041 −0.46169 −0.40993 0.166878 0.042983 0.003147 −0.00042

Unit 4 Cooling a 619.0808 −2.38064 −0.06275 −12.4925 0.158198 0.441122 0.859535 0.254281 0.069287 −0.06753
b −291.851 −0.53835 −0.06821 6.966938 −0.03856 −0.18306 −0.00146 0.001913 −0.00116 2.006225

Heating a 29.90054 3.097655 0.05966 9.254803 0.018691 −0.21627 −0.00288 −4.8E−05 −1.03631 −1.05985
b −1.93915 −0.03454 −0.00015 0.015333 0.000311 0.000282 −0.12201 −0.02142 2.010991 2.010991
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