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Abstract: Online condition-monitoring techniques that are used to reveal incipient faults before
breakdowns occur are typically data-driven or model-based. We propose the use of a fundamental
physics-based thermofluid model of a heat pump cycle combined with deep learning-based surro-
gate models and parameter identification in order to simultaneously detect, locate, and quantify
degradation occurring in the different components. The methodology is demonstrated with the aid
of synthetically generated data, which include the effect of measurement uncertainty. A “forward”
neural network surrogate model is trained and then combined with parameter identification which
minimizes the residuals between the surrogate model results and the measured plant data. For the
forward approach using four measured performance parameters with 100 or more measured data
points, very good prediction accuracy is achieved, even with as much as 20% noise imposed on the
measured data. Very good accuracy is also achieved with as few as 10 measured data points with
noise up to 5%. However, prediction accuracy is reduced with less data points and more measurement
uncertainty. A “backward” neural network surrogate model can also be applied directly without
parameter identification and is therefore much faster. However, it is more challenging to train and pro-
duce less accurate predictions. The forward approach is fast enough so that the calculation time does
not impede its application in practice, and it can still be applied if some of the measured performance
parameters are no longer available, due to sensor failure for instance, albeit with reduced accuracy.

Keywords: condition-monitoring; heat pumps; neural networks; parameter identification

1. Introduction

Being able to anticipate breakdowns in industrial equipment in advance can reduce
the negative impacts caused by unexpected stoppages, especially where complicated
logistics are involved for repairs and maintenance. For this purpose, online condition-
based monitoring can be applied to reveal incipient faults before breakdowns occur [1].
These techniques can broadly be divided into model-based or data-driven approaches [1–4].
Model-based approaches typically identify faults by comparing outputs predicted by a
mathematical model of the system with actual measurements. Inconsistencies between
the model outputs and actual measurements are called residuals, which are considered
fault indicators [5]. Another approach is to monitor the rate of change in specific key
parameters within the physics-based model via parameter identification to detect potential
faults [6]. Data-driven approaches typically detect faults via applying signal processing
or statistical analysis to the measured data [2]. The ideal procedure includes steps for
fault detection, classification, location, and quantification [1,5,7], although many methods
focus on detecting faults without identifying the underlying causes. Some purely data-
driven fault detection and diagnosis models applied to refrigeration cycles and heating,
ventilating, and air conditioning (HVAC) systems include those proposed by Gao et al. [8],
Zhang et al. [9], and Du et al. [10].
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Model-based methods require a suitable model of the physical system. Models can
range from lumped parameter regression models [11] to more detailed physics-based
models [12]. Kocyigit et al. [13] developed a fault diagnosis method for vapor compression
refrigeration systems based on the pressure-enthalpy diagram. This includes an analysis
of the refrigeration cycle to determine the values of pressure and enthalpy in between
the different components, including the compressor, condenser, expansion device, and
evaporator. Essentially, faults are identified via overlaying the faulty p-h diagram on top
of the healthy p-h diagram and looking at the ratios of different variables. Lee et al. [14]
used a building energy simulation tool to model the HVAC system of an office building
for normal operation and five types of system faults. However, the focus was on the air
handling units, and therefore the refrigeration cycle chillers were simulated as lumped
models. It could therefore not identify faults within the refrigeration cycle. They used
simulated operational data to train a deep neural network classifier in order to identify
the individual faults. They did not look at the ability to discriminate between multiple
simultaneous faults.

Miyata et al. [3,7,15] developed a model based fault detection and diagnosis sys-tem
for a HVAC system comprising of four water chillers and water thermal storage tanks.
They modelled the water distribution systems with pumps and tanks in some detail, but
the refrigeration cycle chillers were modelled via a lumped system curve that provides the
Coefficient of Performance (COP) as a function of the load and the condenser water outlet
temperature. Faults in the chillers were described as a decrease in efficiency. The models
were based on a quasi steady state assumption, although the controllers accounted for the
change in variables over time. They used the simulation model to generate a fault database
with fault labels, which was then converted to im-age data. Convolutional neural networks
(CNN) were trained to learn the features of faults, which can be used for classification.
They did not investigate the impact of po-tential sensor errors on the classification accuracy
or the ability to discriminate be-tween multiple simultaneous faults.

Kim et al. [16] developed a reference model of a residential heat pump system for
fault detection and diagnosis. Although they did not simply lump the refrigerant cycle
into a single component, they did not consider the physics of the system, but rather
applied regression via multivariate polynomial regression (MPR) and artificial neural
networks (ANN). In all cases, they used the outdoor dry-bulb temperature, indoor dry-bulb
temperature, and indoor dew point temperature as independent inputs, and predicted the
values of seven dependent features including the evaporating temperature, condensing
temperature, and air temperature changes across the heat exchangers.

Vapor compression cycles such as chillers and heat pumps can be subject to a wide
range of faults. Aguilera et al. [17] conducted a review of common faults in large-scale
heat pumps which covered 53 case studies. A larger number of faults were identified in
the compressor and evaporator or source heat exchanger, with very few in the condenser.
Compressor faults include noise and vibration that cause pressure pulsation, defective
shaft seals that cause leakage and additional frictional torque, defective capacity control
valves resulting in additional thermodynamic losses, and defective electric motors. In
the evaporators, the most frequent faults were fouling, which may affect the pressure
drop and thermal performance, followed by corrosion, and excessive frosting which can
lead to a reduction in performance and capacity. The most common faults in general
were fouling in the heat exchangers, refrigerant leakage, noise and vibration, and defec-
tive control systems. Rogers et al. [18] and Li and Braun [19] also list the types of faults
typically diagnosed in vapor compression air-conditioning systems. These include un-
dercharge, overcharge, liquid-line restrictions, compressor valve leakage, condenser and
evaporator fouling or reduced air flow, and non-condensables within the refrigerant lines.
Piancento and Talamo [20] list typical faults, such as the fouling of the evaporator and
condenser, refrigerant undercharge, compressor valve leakage, and extra superheating.

Parameter identification is one possible way of identifying faults when combined
with a model of a physical system. Parameter identification techniques determine the
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unknown values of specific parameters that characterize a physical system by minimizing
the difference between the predicted and measured performance data via an optimization
technique or a combination of techniques. These range from traditional Newton or quasi-
Newton methods, least squares algorithms [21], genetic algorithms [22,23], metaheuristic
optimization [24], and convolutional neural networks [25].

In this paper, we propose the use of a fundamental physics-based thermofluid model
of a heat pump cycle combined with deep learning-based surrogate models and param-
eter identification for online condition monitoring. Whereas many existing condition-
monitoring approaches focus on detection only, the proposed methodology allows the
simultaneous detection, location, and quantification of degradation occurring in the dif-
ferent heat pump system components. This approach can discriminate between multiple
simultaneous faults and has not been applied before to heat pumps or other vapor com-
pression cycles. The methodology is demonstrated with the aid of synthetically generated
data, which include the effect of measurement uncertainty.

2. Materials and Methods

This section first introduces the actual heat pump used as a case study, then the overall
methodology that is proposed, followed by a description of the thermofluid model, the
degradation factors employed, and then the surrogate models and parameter identifica-
tion technique.

2.1. Case Study Heat Pump

The heat pump that is used as the case study is a deep mine air-cooling unit (ACU),
of which a schematic is shown in Figure 1. It is utilized in mines at underground depths
of more than 1000 m to cool the working environment at development ends where air
temperatures are typically higher than 30 ◦C with high humidity. It cools the air down to
around 22–23 ◦C, while rejecting heat to a cooling water stream that is provided from the
surface at around 20–25 ◦C.

Figure 1. Image of the deep mine air-cooling unit used as a case study (courtesy of M-Tech Industrial
(Pty) Ltd., Potchefstroom, South Africa).

The heat pump weighs around 4.5 tons and consists of a standard refrigeration cycle
layout with a R407c screw compressor, a water-cooled tube-in-tube condenser, and a moist
air finned tube evaporator coil. Specific details of the design and component specifications
will not be provided here since it is commercially sensitive information.

If breakdowns occur, the coordination involved is complex and the costs can be
substantial. Since the machine is lowered down the mine shaft to significant depths, it is
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not feasible to extract it for regular maintenance, and maintenance and repairs occurring
deep underground is challenging. Any breakdown can also result in significant financial
losses due to the loss of production. An online condition-monitoring system that enables
the pro-active detection, location, and quantification of degradation can therefore provide
significant benefits in this specific case.

2.2. Methodology

The proposed condition-monitoring methodology is presented in the schematic shown
in Figure 2. The discussion that follows will refer to the various blocks within the dashed
lines that are labelled A to G.

Figure 2. Flow diagram of the proposed condition-monitoring methodology.

Block A: An essential element is to have a representative and properly calibrated
thermofluid model of the heat pump cycle. The model must be constructed so that it
represents the characteristics of the individual components with sufficient detail to capture
the effects of degradation on its performance. Furthermore, it must include the coupling
amongst the different components since the performance of any one component is heavily
dependent on the performance of the other components [20], and therefore influences the
performance of the integrated cycle. Whatever model is employed must be calibrated
with the aid of data from healthy plant measurements. Successful calibration is of prime
importance, but will not be addressed here since the aim of this paper is to demonstrate the
overall methodology rather than the complexity of the model calibration, which is a major
topic. Furthermore, in the present work, the thermofluid model will be simplified when
compared to reality, but still complex enough to demonstrate the thermofluid phenomena
involved. More details of the thermofluid model will be provided in Section 2.3, and the
following work assumes that the model is calibrated appropriately.

Block B: An array of degradation factors ( fi = 1..n) that represent specific modes of
degradation in the components can now be added to the various component models. This
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implies that, by adjusting a specific degradation factor, it is possible to simulate the effect of
the degradation on the specific component, as well as its impact on the performance of the
complete integrated cycle. Each of these degradation factors are defined to have a value
between zero and one. A value of one implies no degradation, i.e., a completely healthy
component, while a value of zero implies complete degradation. It would of course be
ideal if the actual degradation mechanisms could be integrated into the model, for instance,
by physically simulating the flow leakage around seals or valves, or additional friction on
moving parts due to wear. However, this would place an unnecessarily high burden on the
simulation model, with an associated high burden for accurate calibration, because the final
detail physical fault diagnosis must still be conducted on site by a competent technician.
Since a simplified thermofluid model is employed here, not all degradation phenomena will
be simulated, and only four degradation factors are included for demonstration purposes.
More detail of the specific degradation factors included in this study will be provided in
Section 2.4.

In this study, the performance of the heat pump cycle will be characterized by four
readily measurable parameters, namely the evaporating temperature (Te), the condensing
temperature (Tc), the compressor power input requirement (

.
W), and the rate of heat transfer

in the condenser (
.

Qc). It is of course possible to employ more parameters, but the aim of the
paper is to demonstrate that the methodology can be employed using a limited number of
parameters that can readily be measured on the real plant. In the current work, the pseudo
‘measured’ values will be assumed to be the quasi-steady state mean values measured over
a period, rather than instantaneous values. This approach is common [18] and implies a
degree of data pre-processing, which will not be addressed here. However, the current
work will investigate the impact of varying degrees of noise in the measured plant data.
This will be addressed in more detail in Section 3.3.

Block C: The next step is to apply the model to generate pseudo plant operational
data that cover the complete envelop of operation as well as all possible combinations
of degradation factors. The operational envelope is defined by the ranges of the various
boundary values that serve as inputs to the model. In this case, it will be the inlet dry-bulb
temperature of the air into the evaporator heat exchanger (Tai), the inlet relative humidity
of the air (RHi), the mass flow rate of water through the condenser heat exchanger (

.
mw),

and the inlet temperature of the water (Twi). Note that for the purposes of this study, it
is assumed that the mass flow rate of the air through the evaporator heat exchanger (

.
ma)

remains constant. This is a reasonable assumption since the plant is fitted with a single
fixed-speed fan drawing air from the surroundings. The data generation process is based
on a suitable design of experiments to ensure that the data cover the complete operational
envelope together with all possible combinations of degradation factors. More details of
the training data generation will be provided in Section 3.1.

Blocks D and E: Next, the plant data are used to train either a ‘forward’ DNN or a
‘backward’ DNN. The forward DNN takes as input features all the operational boundary
values together with all the degradation factors, and predicts as output labels the values of
the performance parameters, i.e., the parameters measured on the real plant. The backward
DNN takes as input features all the boundary values together with the performance
parameters, and predicts as output labels the values of all the degradation factors. More
details of the surrogate models will be provided in Section 2.5.

Block F: The forward DNN is applied in the condition-monitoring process via com-
paring predicted values with that of online measurements taken on the real plant during
operation. It is combined with a suitable parameter identification technique to discover
the appropriate values of the degradation factors that will result in the best predictions of
the performance parameters. In essence, the parameter identification technique solves an
optimization problem with the degradation factors as the independent variables and the
mean squared error between the predicted and measured performance parameters as the
target function. More details of the parameter identification will be provided in Section 2.6.
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Block G: The application of the backward DNN does not require a parameter iden-
tification technique. It simply takes as input the measured operational boundary values
as well as the measured performance parameters, and directly predicts the values of the
degradation factors.

The modeling and analyses for this study were performed on an Intel® Xeon® Gold
6346 CPU @ 3.10 GHz, with 36 MB cache, 64 GB RAM, and 16 cores. The models were
developed in Python 3.12.2 64 bit, while making use of NumPy for general mathematical
programming, SciPy for root finding and optimization, pandas for data manipulation and
analysis, Matplotlib and Engineering Equation Solver (EES) for visualization, CoolProp for
fluid property calculations, pyDOE for the design of experiments, as well as scikit-learn
and PyTorch for machine learning.

2.3. Thermofluid Model of the Heat Pump

The thermofluid model of the heat pump consists of five parts, namely the refrigerant
cycle model, the compressor model, the condenser heat exchanger model, the evapora-
tor heat exchanger model, and finally the integration between the overall cycle and the
component models.

2.3.1. Refrigerant Cycle Model

A schematic of the refrigerant cycle is shown in Figure 3, while the corresponding
temperature-specific entropy diagram is shown in Figure 4.

Figure 3. Schematic of the refrigerant cycle.

The primary components in the heat pump are the refrigerant compressor (C), con-
denser heat exchanger (CD), expansion valve (EX), and evaporator heat exchanger (EV).
For the purposes of the current work, the presence of secondary components such as
pipes, valves, dryers, accumulators, etc., is ignored. Heat losses to the surroundings and
all pressure losses due to friction, inlets, outlets, bends, etc., are also neglected. This is
performed to simplify the model since the aim of the paper is not to present a complete
thermofluid model, but rather to demonstrate the condition-monitoring methodology.
However, all the secondary components as well as heat and pressure losses could also
readily be incorporated.
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Figure 4. Refrigerant cycle (blue) depicted on the temperature versus entropy diagram as well as
temperature traces of the water through the condenser (red) and air through the evaporator (green).

Given the simplified nature of the refrigerant cycle, it is analyzed via the conventional
thermodynamic cycle analysis approach. Refrigerant enters the compressor as superheated
vapor at point 1 and is compressed in an irreversible process to superheated vapor at a
higher pressure and temperature at point 2. The required power input to the compressor
is designated as

.
W, and the irreversibility of the process is represented by an appropriate

value for the isentropic efficiency, defined as

ηs =

.
Ws

.
W

(1)

where
.

Ws is the isentropic (reversible and adiabatic) power input.
From the outlet of the compressor, the refrigerant enters the condenser where it rejects

heat and is desuperheated to saturated vapor at point 3. The pressure and temperature
at point 3 are designated as the condensing pressure pc and condensing temperature Tc.
It is then condensed to saturated liquid at point 4, and then cooled further to subcooled
liquid at point 5. Therefore, the condenser contains superheated, two-phase, and subcooled
regions, and the total rate of heat transfer in the condenser is designated as

.
Qc.

From there, it is expanded through the expansion valve to a lower pressure while
flashing to a mixture of saturated liquid and vapor at point 6. Here, it enters the evaporator
heat exchanger where it absorbs heat while evaporating further to saturated vapor only at
point 7. The pressure and temperature at point 7 is designated as the evaporating pressure
pe and evaporating temperature Te. It is then superheated to point 1 at the inlet of the
compressor. The evaporator therefore contains a two-phase region and a superheated
region, and the total rate of heat transfer in the evaporator is designated as

.
Qe.

Since pressure losses are ignored, the pressure at the inlet of the compressor is also
equal to pe, and the pressure at the outlet of the compressor equal to pc.

The degree of subcooling is defined as

∆Tsc = T4 − T5 (2)

and it is specified as a controlled parameter. Amongst the major components in the current
model, the bulk of the refrigerant mass is located inside the subcooled region within the
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condenser, since the internal volume of the condenser is large and there is an order of
magnitude difference between the densities of the saturated liquid and saturated vapor.
The assumption is therefore made that the degree of subcooling serves as a proxy for the
refrigerant charge, i.e., the mass of refrigerant that is present in the closed cycle. If less
refrigerant is charged, the degree of subcooling will be less, while more refrigerant charge
will result in more subcooling. A more sophisticated feature for expressing refrigerant
charge was developed by Li and Braun [19], which could also be incorporated as part of
the proposed methodology, but will not be included in the current work.

The degree of superheating is defined as

∆Tsh = T1 − T7 (3)

and is also specified as a controlled parameter since it is typically controlled via the
expansion valve. In this simplified model, the degree of superheating therefore serves as a
proxy for a detailed component model of the expansion valve.

The energy balance for the refrigerant through the condenser, while neglecting poten-
tial and kinetic energy difference between the inlet and outlet, is given by

.
Qc =

.
mr(h2 − h5) (4)

with
.

mr being the refrigerant mass flow rate, and h being the specific enthalpy at the
respective points. The energy balance for the refrigerant through the evaporator is given by

.
Qe =

.
mr(h1 − h6) (5)

The energy balance through the compressor is given by
.

W =
.

mr(h2 − h1) (6)

The flow through the expansion valve is assumed to be adiabatic and therefore

h6 = h5 (7)

The refrigerant cycle takes as input the values of ∆Tsc, ∆Tsh, pe, and pc. From pe
and ∆Tsh, it determines all the properties at point 1. Using pe and pc, it then obtains the
value of

.
mr and ηs from the compressor model (described in Section 2.3.3) and calculates

the properties at point 2 based on Equations (1) and (6). It then goes on to calculate the
properties at points 3, 4, and 5, also using ∆Tsc, and then determines

.
Qc from Equation (4).

Finally, it finds the properties at point 6 from Equation (7), followed by point 7, and then
determines

.
Qe from Equation (5). The outputs of the refrigerant cycle model are therefore

the values of the p1..7, h1..7, and T1..7 (including Te and Tc), together with
.

mr,
.

W,
.

Qc, and
.

Qe.

2.3.2. Fluid Property Calculations

The R407c and water properties are calculated using the PropsSI function, while the
moist air properties are calculated using HAPropsSI. However, it was found that in the
execution of the models, a large fraction of the total time is required to calculate the fluid
properties. Furthermore, it was found that within iterations, it is possible for the PropsSI
function to be called outside of its envelope of application. To remedy this, a custom suite of
modules was developed that use the original PropsSI functions to generate fluid property
lookup tables, and then use these tables to find the required R407c and water properties
where necessary.

The lookup tables were generated using the original PropsSI functions. For R407c, a
rectangular data grid of 400 equally spaced pressure values by 400 equally spaced enthalpy
values was used, i.e., 160,000 data points per table. These pressure values range from
200 kPa to 5000 kPa, and the enthalpy values from 150 kJ/kg to 500 kJ/kg. For water, a
500 by 500 grid was used, with the pressure values ranging from 5 kPa to 25,000 kPa and
the enthalpy values from 50 kJ/kg to 4000 kJ/kg. Separate lookup tables were generated
for temperature, specific entropy, density, thermal conductivity, and dynamic viscosity as a
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function of pressure and enthalpy. Furthermore, tables were generated for the values of
saturated liquid enthalpy, temperature, specific entropy, density, thermal conductivity, and
dynamic viscosity as a function of the saturation pressure, as well as the corresponding
saturated vapor properties. The lookup tables are read by another custom module that uses
the SciPy class scipy.interpolate.RectBivariateSpline to determine the fluid property values.
All the lookup tables and procedures were thoroughly validated through comparing the
interpolated values from the tables with values derived from the original PropsSI function.

The two major benefits of the lookup table approach are that it is significantly faster
than the original functions, and that it automatically bounds the values of the pressure
and enthalpy inputs to the envelope covered in the lookup table. This avoids unrealistic
fluid property calls within iterations. A speedup of approximately 100 times is realized for
determining the temperature from the pressure and enthalpy, and approximately 200 times
for determining the specific entropy from the pressure and enthalpy.

2.3.3. Compressor Model

The compressor model applied here is the same as that of Jahnig et al. [26]. The
refrigerant mass flow rate is given by

.
mr =

Vs

νi
N

(
1 − VdVs

((
pc

pe(1 − δp)

)1/γ

− 1

))
(8)

where Vs is the swept volume, νi is the specific volume of the refrigerant gas at the inlet, N
is the rotational speed in Hz, VdVs is the effective clearance volume ratio, δp is the effective
pressure drop at the inlet, and γ is the ratio of the specific heats of the refrigerant gas at
the inlet.

The isentropic efficiency of the compressor is a function of the inlet and outlet pressures,
and is given by the bivariate cubic polynomial as follows:

ηs = c0 + c1 pe + c2 pc + c3 p2
e + c4 pe pc + c5 p2

c + c6 p2
e pc + c7 pe p2

c + c8 p3
c (9)

where c0..8 are the appropriate correlation coefficients. (Note that the p3
e term was omitted

on purpose to avoid potential overfitting in this case.) The value of Vs is typically provided
by the OEM (original equipment manufacturer) of the compressor, while the values of
VdVs, δp, and c0..8 are determined via least squares curve fitting to the performance data
provided by the OEM.

2.3.4. Condenser Heat Exchanger Model

The fact that the degree of subcooling serves as a proxy for the refrigerant charge
necessitates a high level of detail to be resolved in the condenser model. It requires the
accurate determination of the transition point between the two-phase flow region and the
subcooled region, as well as between the superheated region and the two-phase region.
The positions of the transition points are not known a priori and must be determined as
part of the solution of the model. Therefore, in this work, the condenser heat exchanger
is modeled in detail via a thermofluid network model [27]. A schematic of the model is
shown in Figure 5.

In the thermofluid network model, the flow paths on both the refrigerant and water
sides are discretized into n control volumes that are connected to represent the layout of
the actual flow path in the heat exchanger. In this case, the flow configuration is purely
counterflow, as shown in Figure 5. Besides the geometrical parameters, the input boundary
values to the model are the refrigerant mass flow rate (

.
mr) and overall inlet pressure (pri)

and enthalpy (hri), as well as the water mass flow rate (
.

mw) and overall inlet pressure
(pwi) and enthalpy (hwi). Each control volume j is treated as a counterflow heat exchanger
element for which the rate of heat transfer (

.
Qc,j) is determined.
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Figure 5. Schematic of the condenser heat exchanger model layout (not showing the actual number
of increments).

By writing the energy balance for each refrigerant-side control volume, we obtain a
set of n + 1 unknowns, namely hr,0 to hr,n, and n + 1 simultaneous equations given by

.
mrhr,0 =

.
mrhri

− .
mrhr,0

.
mrhr,1 =

.
Qc,1

. . . . . . = . . .
− .

mrhr,j−1
.

mrhr,j =
.

Qc,j
. . . . . . = . . .

− .
mrhr,n−1

.
mrhr,n =

.
Qc,n

(10)

The right-hand side of Equation (10) contains the inlet boundary value and the source
terms, i.e., the rate of heat transfer in each of the control volumes. A similar set of n + 1
unknowns, namely hw,0 to hw,n, and n + 1 simultaneous equations can be written for the
water-side control volumes, namely

.
mwhw,0 − .

mwhw,1 =
.

Qc,1
. . . . . . = . . .

.
mwhw,j−1 − .

mwhw,j =
.

Qc,j
. . . . . . = . . .

.
mwhw,n−1 − .

mwhw,n =
.

Qc,n.
mrhr,n =

.
mwhwi

(11)

The condenser model starts off with guessed values for the refrigerant and water
pressures and enthalpies at the inlet and outlet of each control volume, from which the
temperatures are determined using the appropriate fluid property relationships. The
average values of pressure and enthalpy are then determined for each control volume,
and from this, the average values of all the other fluid properties are determined. Based
on the inlet, outlet, and average values of the fluid properties, the source term values are
determined through calculating the rate of heat transfer in each of the control volumes.
Following this, Equations (10) and (11) are solved using a linear equation solver function
to update the enthalpy values, which in this case is numpy.linalg.solve. This process is
repeated iteratively while applying relaxation to the calculated source term values until
sufficient convergence is achieved.

The rate of heat transfer in each control volume is calculated using the well-known
effectiveness-NTU method, where the maximum possible rate of heat transfer is calcu-
lated as .

Qcmax,j = Cmin,j
(
Tr,j−1 − Tw,j

)
(12)

and the actual rate of heat transfer as
.

Qc,j = ε j
.

Qcmax,j (13)
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where ε j is the effectiveness and Cmin,j is the minimum heat capacity of the control volume
j. The minimum and maximum heat capacities are determined as

Cmin,j = min
( .
mrcpr,j,

.
mwcpw,j

)
Cmax,j = max

( .
mrcpr,j,

.
mwcpw,j

) (14)

where cpr,j and cpw,j are the specific heat capacities of the refrigerant and water, respec-
tively, in the control volume j. For the pure counterflow layout, the effectiveness is then
determined from

ε j =
1 − e−NTUj(1−Cr,j)

1 − Cr,je
−NTUj(1−Crj)

(15)

where

Cr,j =
Cmin,j

Cmax,j
(16)

and

NTUj =
UAj

Cmin,j
(17)

UAj is the effective product of the overall heat transfer coefficient and the heat transfer
surface area, which we will refer to as the UA value.

By neglecting the thermal resistance of the heat exchanger tube material and any
fouling that may occur (potential fouling will be addressed via a degradation factor), the
UA value can be determined from

1
UAj

=
1

ho,j Aho,j
+

1
hi,j Ahi,j

(18)

where ho,j and hi,j are the convective heat transfer coefficients on the refrigerant and
water sides, respectively, and Aho,j and Ahi,j are the outside and inside heat transfer areas,
respectively, for the control volume j. The heat transfer coefficients for the refrigerant and
water sides are determined in detail as described by Rousseau et al. [28]. This includes
the values for the single-phase and two-phase regions on the refrigerant side within the
heat exchanger.

On the refrigerant side, the single-phase heat transfer coefficient correlations are
employed for control volumes situated completely within the single-phase region, while
the two-phase correlations are employed for control volumes situated completely within
the two-phase region. For control volumes containing the transitions from superheated
to two-phase conditions and from two-phase to subcooled conditions, the weighting of
the respective heat transfer areas are employed. However, the correct ratio between the
single-phase and two-phase areas is not known a priori and forms part of the solution.

Figure 6 shows a schematic of a control volume on the refrigerant side that contains
the transition from superheated to two-phase conditions. The appropriate ratio between
the heat transfer areas can be derived from considering an energy balance for each region
as follows: .

mr
(
hri − hrg

)
= hsh Ah,sh∆T

.
mr
(
hrg − hre

)
= htp Ah,tp∆T

(19)

where hri, hre, and hrg are the inlet, outlet, and saturated vapor enthalpies, respectively,
hsh and htp are the superheated region and two-phase region heat transfer coefficients,
respectively, and Ah,sh and Ah,tp are the superheated region and two-phase region heat
transfer areas, respectively. ∆T is the difference between the average temperatures on the
refrigerant and water sides that drives the rate of heat transfer. From this, we may write
the heat transfer area ratio as

Ah,sh

Ah,tp
=

hri − hrg

hrg − hre

htp

hsh
(20)



Math. Comput. Appl. 2024, 29, 52 12 of 32

Figure 6. Schematic of a control volume in the refrigerant side that contains the transition from
superheated to two-phase conditions.

Therefore,

Ah,tp = Ah

(
hri−hrg
hrg−hre

htp
hsh

+ 1
)−1

Ah,sh = Ah − Ah,tp

(21)

where Ah is the total heat transfer area on the refrigerant side of the control volume. Note
that as the values of the parameters in the brackets on the right-hand side of Equation (21)
are adjusted between iterations, so will the heat transfer areas. It is also possible for the
transition point to shift from one control volume to another in between iterations, and
therefore the position of the transition point forms part of the final converged solution. A
similar approach is applied for the areas around the transition from the two-phase region
to the subcooled region.

Since a discretized network approach is used, it is necessary to ensure that the final
solution is grid size-independent. A grid independence study was conducted as part
of the model development process, and it was found that 50 increments provide a grid-
independent solution over a wide range of operating conditions. Figure 7 shows the typical
temperature distributions obtained at the nominal operating point with different grid sizes
from n = 5 to n = 50, together with the resultant calculated rate of heat transfer

.
Qc.

Figure 7. Calculated temperature distributions on the refrigerant side (blue) and water side (red) as
a function of the normalized position through the condenser heat exchanger at nominal operating
conditions for different grid sizes.

2.3.5. Evaporator Heat Exchanger Model

The evaporator model is also based on a thermofluid network approach. However, in
this case, the physical layout can be approximated as a network of crossflow heat exchanger
elements connected in a general counterflow configuration, as shown in the schematic in
Figure 8.
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Figure 8. Schematic of the evaporator heat exchanger model layout (the actual number of increments
is discussed in the main text).

On the refrigerant side, the same principles can be applied as in the condenser model
in terms of the single- and two-phase regions and the transition between them. However,
on the moist air side, the process involves combined heat and mass transfer rather than
heat transfer only. If the temperature of the cold outside surface is below the dew point
temperature of the moist air entering the control volume, the air will start to dehumidify
with the condensation of vapor taking place on the surface. To account for the moisture
content in the air, the boundary values on the air side are the dry-bulb temperature (Tai)
and absolute humidity (wai) in addition to the air mass flow rate (

.
ma). The evaporator heat

exchanger therefore exhibits two-phase flow on the refrigerant side, together with combined
heat and mass transfer on the air side. Although it is quite feasible to construct the required
detailed analysis, it is considerably more complicated than for heat transfer only.

As mentioned before, in the current study, the mass flow rate of air through the
evaporator is assumed to be constant. Furthermore, the thermal resistance between the
refrigerant and the air is dominated by the air side convective thermal resistance. This
means that the overall UA value of the evaporator heat exchanger will not vary significantly.
Given this, and to simplify the model for the purposes of the current study, it is assumed
that the overall UA value of the evaporator heat exchanger is constant. It is therefore not
necessary to perform a detailed analysis of the various convective heat transfer coefficients
in order to continually update the UA value as the operating conditions change.

Given that the overall UA value is assumed to be constant and will not be calculated
in detail, a further simplifying assumption can be made. Rather than discretizing the heat
exchanger surface into multiple increments, it is only divided into two control volumes,
namely one for the two-phase region and one for the superheated region. If at least these
two different regions are not accounted for, it could lead to unrealistic results since the
refrigerant and air temperatures may cross over in cases where the inlet temperatures are
close together. Another point to note is that since only two control volumes are used, each
of these can encapsulate several of the crossflow elements, which are all connected in an
overall counterflow arrangement. Therefore, the flow configuration of the heat exchanger
elements for each of the two control volumes will be assumed to be counterflow rather
than crossflow.

Since the thermal resistance between the refrigerant and the air is dominated by the
air-side convective thermal resistance, the outside metal temperatures in contact with the
air can be approximated by the refrigerant-side temperatures. The rate of heat transfer is
again calculated using the effectiveness-NTU approach, but modified to accommodate the
mass transfer. Starting with guessed values for the air enthalpies and absolute humidities
at the inlet and outlet of each control volume, the maximum possible rate of heat transfer
is calculated on the refrigerant side and on the air side, and the minimum of the two is
taken as the maximum possible value for the control volume. The effectiveness is then
determined using the formulation for the pure counterflow configuration, and the total rate
of heat transfer is determined. However, the energy balance on the air side must account
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for the rate of condensation and the removal of the condensate from the control volume.
The rate of heat transfer from the moist air to the refrigerant is written as

.
Qe,j =

.
ma

[(
ha,j − ha,j−1

)
−
(
wa,j − wa,j−1

)
h f ,j−1

]
(22)

where ha,j and ha,j−1 are the moist air enthalpies per kilogram of dry air at points j and
j − 1, respectively, wa,j and wa,j−1 are the moist air absolute humidity per kilogram of dry
air at points j and j − 1, respectively, and h f ,j−1 is the enthalpy of saturated liquid at the
metal surface temperature at point j − 1. The rate of condensation is given by

.
mw =

.
ma
(
wa,j − wa,j−1

)
(23)

To determine the absolute humidity at the outlet of each control volume, we apply
the principle of a contact factor [29] or bypass factor [19]. It essentially assumes that the
dehumidification process traces a straight line on the enthalpy versus absolute humidity
plain towards the saturation conditions at the metal surface temperature. Therefore,

wa,j−1 = wa,j −
(
wa,j − wsat,j−1

)( ha,j−ha,j−1
ha,j−hsat,j−1

)
if wsat,j−1 < wa,j

wa,j−1 = wa,j if wsat,j−1 ≥ wa,j
(24)

where wsat,j−1 and hsat,j−1 are the absolute humidity and enthalpy, respectively, of saturated
air at the metal surface temperature at point j − 1. The conditional statements for the
absolute humidity, shown in Equation (24), imply that there will be no dehumidification if
the metal surface temperature is above the dew point temperature of the air at the inlet.

Despite the simplification achieved with only two control volumes, the division of the
overall UA value between the two-phase and superheated regions is not known a priori and
must be determined as part of the overall solution. We define the evaporator superheated
area fraction fEVSH as the fraction of the overall UA value that is in the superheated region,
so that

UAe,SH = fEVSHUAe

UAe,TP = (1 − fEVSH)UAe
(25)

UAe is the constant overall UA value of the evaporator heat exchanger, and UAe,SH
and UAe,TP are the UA values of the superheated and two-phase regions, respectively.
This implies that the appropriate value of fEVSH must be determined as part of the
overall solution.

Determining the distribution of the overall UA value amongst the different regions is
conducted differently in the evaporator than in the condenser. In the condenser model, the
energy balance equations for the refrigerant side and the water side (Equations (10) and (11))
are solved iteratively until convergence, where the rate of heat transfer between the two
fluids is balanced for each incremental control volume. In the evaporator model, the
refrigerant states (points 6, 7, and 1 in Figure 4) are provided by the refrigerant cycle
model as fixed input states, while the value of fEVSH is provided by the overall integration
module (which will be described in Section 2.3.6). The evaporator model then determines
the resultant rate of heat transfer from the moist air to the refrigerant in the two-phase
and the superheated regions, respectively, and passes these values back to the overall
integration module. The overall integration module then ensures that the rates of heat
transfer between the refrigerant cycle and the air in the evaporator are balanced via an
overarching iterative process.

Figure 9 shows the calculated temperature distributions on the refrigerant and air side
as a function of the normalized position in the evaporator, as well as the combined cooling
and dehumidifying process on the psychrometric chart at the nominal operating conditions.



Math. Comput. Appl. 2024, 29, 52 15 of 32

Figure 9. (a) Calculated temperature distributions on the refrigerant side (blue circles) and air side
(red squares) as a function of the normalized position and (b) cooling and dehumidifying process on
the psychrometric chart through the evaporator heat exchanger.

2.3.6. Overall Integration of the Refrigerant Cycle and Component Models

The module that is responsible for the overall integration between the refrigerant
cycle and the respective component models starts with guessed values for the evaporat-
ing pressure, the condensing pressure, and the evaporator superheated area fraction. It
then employes the non-linear root-finding function scipy.optimize.fsolve to solve for the
appropriate values of pe, pc, and fEVSH that form the roots of the following three functions:

f1(pe, pc, fEVSH) =

∣∣∣∣ .
Qc,r−

.
Qc,w.

Qc,r

∣∣∣∣
f2(pe, pc, fEVSH) =

∣∣∣∣ .
Qe,r−

.
Qe,a.

Qe,r

∣∣∣∣
f3(pe, pc, fEVSH) =

∣∣∣∣ .
QeSH,r−

.
QeSH,a.

QeSH,r

∣∣∣∣
(26)

.
Qc,r,

.
Qe,r, and

.
QeSH,r are the total rate of heat transfer in the condenser, the total rate of

heat transfer in the evaporator, and the rate of heat transfer in the superheated region of
the evaporator, respectively, as calculated in the refrigerant cycle model combined with
the compressor model.

.
Qc,w is the total rate of heat transfer in the condenser as calculated

in the condenser heat exchanger model, while
.

Qe,a and
.

QeSH,a are the total rate of heat
transfer from the air and the rate of heat transfer from the air in the superheated region,
as calculated in the evaporator heat exchanger model. In essence, this module adjusts the
values of pe, pc, and fEVSH to balance the rates of heat transfer calculated via the combined
refrigerant cycle and compressor model and the heat exchanger models. The thermofluid
model solution time is typically 8.2 s.

The nominal operating conditions of the heat pump as predicted via the thermofluid
model are presented in Table 1.



Math. Comput. Appl. 2024, 29, 52 16 of 32

Table 1. Nominal operating conditions of the heat pump predicted via the thermofluid model.

Compressor Condenser Evaporator Cycle
.

mr [kg/s] 1.889
.

mw [kg/s] 6.090
.

ma [kg/s] 11.4 ∆Tsc [◦C] 5.4
pe [kPa] 696.2 pw [kPa] 386.0 pa [kPa] 86.0 ∆Tsh [◦C] 10.0
pc [kPa] 1653.2 Twi [

◦C] 20.0 Tai [
◦C] 30.0 Te [◦C] 12.4

.
W [kW] 68.5 Twe [◦C] 35.9 Tae [◦C] 22.7 Tc [◦C] 42.7

ηs 0.607
.

Qc [kW] 403.8 RHi 0.90 COPcooling 4.9
RHe 0.99

.
Qe [kW] 335.3

Figure 10 shows the calculated values of the temperature vs. specific entropy and
pressure vs. specific enthalpy at the nominal operating conditions.

Figure 10. (a) Temperature vs. specific entropy and (b) pressure vs. specific enthalpy diagrams
calculated with the thermofluid model at the nominal operating conditions.

2.4. Degradation Factors

The model described above allows the analysis of numerous degradation mechanisms.
However, as stated before, only four degradation factors are included in the current work to
demonstrate the proposed methodology. These degradation factors are for the compressor
mass flow rate ( fm), the compressor efficiency ( fη), the evaporator heat transfer ( fev), and
the condenser heat transfer ( fcd). Each of these can be applied to a specific area in the
thermofluid model and represents one or more specific modes of degradation on the
physical machine.

The compressor mass flow rate degradation factor is introduced in the model via
multiplying it with the mass flow rate calculated via the compressor model. The “degraded”
refrigerant mass flow rate is therefore simply

.
mr = fm

.
m∗

r (27)

where
.

m∗
r is determined from Equation (8). The physical degradation represented by fm is

anything that results in the compressor delivering less than the expected mass flow rate
at a given operating point defined by pe and pc. This could for instance include leakage
around the seals or valves, which may short-cycle the discharge gasses, resulting in lower-
than-expected mass flow rates throughout the whole system. The compressor displacement
and clearance volume ratio are assumed to be constant since they are typically not affected
by degradation [19].

Similarly, the compressor efficiency degradation factor is introduced in the model by
multiplying it with the efficiency calculated via the compressor model. The “degraded”
compressor efficiency is therefore simply



Math. Comput. Appl. 2024, 29, 52 17 of 32

ηs = fηη∗
s (28)

where η∗
s is determined from Equation (9). The physical degradation represented by fη

is anything that results in a larger power input requirement than expected at a given
operating point defined by pe and pc. The physical reason for this could, for instance, be
additional friction on the moving part due to wear or an electrical fault in the motor.

The evaporator heat transfer degradation factor is multiplied with the overall UA
value in the evaporator model. The “degraded” overall UA value is therefore

UAe = fevUA∗
e (29)

The physical degradation here is anything that impedes the rate of heat transfer
between the refrigerant and the moist air in the evaporator. This could include fouling
inside the tubes or on the outside of the tubes or fins. As stated earlier, the healthy overall
UA value of the evaporator is assumed to be constant.

In the condenser model, the overall UA value is calculated in detail within each
incremental control volume, as defined in Equation (18). The condenser heat transfer
degradation factor is applied by multiplying it with the calculated UA value of each
incremental control volume. The “degraded” overall UA value is therefore

UAc = fcdUA∗
c (30)

Like the evaporator, the physical degradation here is anything that impedes the rate
of heat transfer between the refrigerant and the water inside the condenser. This could
include fouling inside the inner fluted tube on the water side or on the outside of the fluted
tube on the refrigerant side. Interestingly, it would be possible to apply multiple condenser
heat exchanger degradation factors to different areas within the condenser layout, thereby
potentially identifying the location of the degradation more precisely. However, this is not
explored within the scope of the current work.

2.5. Surrogate Models

Although the calculation time of the thermofluid model is only around eight seconds,
it is not quick enough to employ directly in the proposed methodology where hundreds
or thousands of simulations are needed to complete the parameter identification process.
Therefore, very fast and accurate surrogate models are required. The surrogate models
selected for this purpose are deep learning-based standard MLP (Multi-Layer Perceptron)
neural networks. MLPs are well-suited to supervised learning where input features are
mapped to output labels through tuning a set of weights and biases in order to minimize a
selected cost function.

As shown schematically in Figure 11, the MLP networks consist of an input layer, one
or more hidden layers with several fully connected neurons per layer, and an output layer.
The vector of input features x serves as an input for the first hidden layer, while the final
predicted output layer vector is ŷ. For each hidden layer l, the output is calculated in two
steps. The first step is given by

zl = hl−1wl + bl (31)

where hl−1 is the output signal vector from the previous layer, wl are the weight matrices,
and bl are the bias vectors. zl is then passed through an activation function σ

hl = σ(zl) (32)
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Figure 11. Schematic of the forward (a) and backward (b) MLP surrogate models. (The actual number
of layers and neurons are discussed in the main text).

For the hidden layers, the activation function employed here is the hyperbolic tangent [30],
while, for the output layer, it is linear, which is typical for regression-type problems.

The cost function employed here is the mean squared error (MSE) between the known
output labels y and those predicted by the MLP ŷ, defined as

JMSE =
1
n

n

∑
j=1

(yi − ŷi)
2 (33)

The weights and biases are tuned in an iterative process, starting with the forward
propagation via (31) and (32), and followed by a backward propagation. The gradients of
the cost function with respect to the weights and biases are first determined, and then the
weights and biases are updated using the gradient descent algorithm. In the current work,
the Adam [30] algorithm is employed for this purpose.

The input features for the forward surrogate model are the operational boundary
values, namely the evaporator air inlet temperature Tai and relative humidity RHi and the
condenser water mass flow rate

.
mw and inlet temperature Twi, together with the values of

the four degradation factors fm, fη , fev, and fcd. The output labels are the plant performance

parameters Te, Tc,
.

W, and
.

Qc. The input features for the backward surrogate model are the
operational boundary values and performance parameters, while the output labels are the
four degradation factors.

To ensure the efficient training of the MLP, all of the input features and output la-
bels are normalized using a simple min-max normalization, as provided by the class
sklearn.preprocessing.MinMaxScaler. Minibatch training, where the gradient is approx-
imated in each step via a smaller set of samples, was employed to achieve faster con-
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vergence [30]. In this work, 10 batches were used throughout, irrespective of the total
number of training samples. Minibatch training was implemented via the PyTorch class
torch.utils.data.DataLoader, with the data being shuffled during each epoch.

2.6. Parameter Identification

In essence, the parameter identification technique solves an optimization problem
that employs the forward surrogate model, taking as input the degradation factors and
calculating the plant performance parameters as output. The degradation factors serve as
independent variables, and the MSE between the predicted and measured performance
parameters serves as the target function.

The optimization algorithm employed here is the Limited-memory Broyden-Fletcher-
Goldfarb-Shanno with Bounds (L-BFGS-B) [31]. It is a second-order quasi-Newton gradient-
based method for solving large nonlinear optimization problems which are subject to
simple bounds on the variables. The user must supply the gradient of the function to be
minimized, but knowledge of the Hessian matrix is not required [32].

The optimization is implemented here via the scipy.optimize.minimize toolbox. The
gradient is calculated via simple finite differencing, where each of the partial derivatives are
calculated based on an upward and downward perturbation of the relevant independent
variable as follows:

∂JMSE
∂ fi

=
JMSE

(
f1, . . . , (1 + δh) f j, . . . , fn

)
− JMSE

(
f1, . . . , (1 − δh) f j, . . . , fn

)
δh

(34)

where JMSE is the MSE defined in Equation (33), f j is the respective degradation factors,
and δh the magnitude of the perturbation, which is set to 10−6.

Several other optimization algorithms were also tested, including Nelder–Mead [33],
which is a direct search method that does not require a gradient, and Differential Evolu-
tion [34], which is a stochastic population-based heuristic method. However, it was found
that L-BFGS-B is robust and faster in all cases for the current application.

3. Results

In this section, we will first discuss the training data that was generated with the
thermofluid model, then the process of training the forward and backward surrogate
models, followed by the generation of the pseudo-measured data for condition-monitoring
purposes, and finally the application of the parameter identification for the degradation
detection, location, and quantification.

3.1. Training Data Generation

The trained surrogate models must be able to emulate the performance of the heat
pump over the complete envelope of operation, as well as all possible combinations of
the degradation factors. To ensure this, the data generation process is based on a design
of experiments (DOE) using the Latin Hypercube Sampling (LHS) method [35] provided
in the pyDOE library. The operational envelope is defined using the ranges of the input
boundary values shown in Table 2. As also shown in Table 2, each of the degradation
factors are allowed to vary between 0.7 and 1.1. This effectively means that the training
data cover the full operating range, while the performance of any of the components may
be degraded by as much as 30 percent, which can of course be adjusted down even further
if required. While the 110 percent may not be physically realistic, it is conducted to provide
some margin in the eventual parameter-identification process.
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Table 2. Input ranges to the LHS training data generation.

Parameter Min Max

Boundary values

Tai [
◦C] 15.0 35.0

RHi 0.10 0.90
.

mw [kg/s] 3.0 9.0
Twi [

◦C] 15.0 35.0

Degradation factors

fm 0.7 1.1
fη 0.7 1.1
fev 0.7 1.1
fcd 0.7 1.1

In most situations where purely data-driven surrogate models are developed, the size
of the available training data set would be a given as determined by the practical situation.
In this case, where the training data are generated via a thermofluid model, the data size is
only really limited by the time allocated to the data generation. Therefore, an exploratory
training exercise was conducted to decide how many data points will be needed. Different
sizes of data sets were used to train an MLP with three layers, each having 16 neurons. LHS
was conducted for each case, with the data size varying between 100 and 4000 data points.
The MLP was then trained on the different data sets for 10,000 epochs with the data split
70:30:10 between the training, validation, and testing sets. Figure 12 shows the resultant
MSE for the training, validation, and testing samples for the different data set sizes. Based
on this, it was decided to use a total data set size of 4000 throughout since it provides the
lowest MSE values for the training, validation, and test losses.

Figure 12. MSE for the training, validation, and testing samples after training for 10,000 epochs with
different data set sizes.

Figure 13 shows histograms of the normalized inputs and outputs of the 4000 data
points that were generated with the thermofluid model via the LHS. Note that the inputs
are distributed almost uniformly in 10 batches, with approximately 400 data points in each.
This shows the efficacy of the LHS in distributing the inputs uniformly over the different
input ranges. The output data sets approximate normal distributions, as would be expected
from data generated via a fundamental physics-based thermofluid model. The total run
time of the thermofluid model to generate these 4000 data points was approximately 9 h.
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Figure 13. Histograms of the normalized input feature and output label values used in the surrogate
model training.

3.2. Surrogate Model Training

A simple sequential hyperparameter search was conducted for both the forward and
backward surrogate model training to determine the appropriate learning rate and neural
network topology. An MLP with three layers, each having 16 neurons, was first used to
determine the appropriate learning rate, whereafter the network topology was varied while
the learning rate was fixed, according to the ranges shown in Table 3.

Table 3. Hyperparameter search space for MLP surrogate model training.

Parameter Hyperparameter Search Space

Learning rate 1e-5, 5e-5, 1e-4, 5e-4, 1e-3, 5e-3, 1e-2
Number of hidden layers 2, 3, 4
Neurons per hidden layer 16, 32, 48, 64

3.2.1. Forward Surrogate Model Training

Figure 14 shows the MSE for the training, validation, and testing samples after
10,000 epochs in the forward surrogate model training using different learning rates. Based
on this, the learning rate for the forward surrogate model training was fixed on 1e-4 since it
provides quick convergence, combined with losses comparable to the smaller learning rates.

Figure 14. MSE for the training, validation, and testing samples after 10,000 epochs in the forward
surrogate model training using different learning rates.
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Figure 15 shows the MSE for the training, validation, and testing samples after
10,000 epochs in the forward surrogate model training using different network topologies.
It shows that comparable losses are obtained for the networks with two hidden layers and
sixty-four neurons each and those with four hidden layers and sixty-four neurons each. The
layout with two hidden layers and sixty-four neurons each was selected for the forward
surrogate model.

Figure 15. MSE for the training, validation, and testing samples after 10,000 epochs in the forward
surrogate model training using different network topologies.

Following the hyperparameter search, the selected MLP was trained for 50,000 epochs
to arrive at the final forward surrogate model used to demonstrate the condition-monitoring
methodology. Figure 16 shows the history of the training and validation losses versus the
number of epochs, while Table 4 shows the average and maximum percentage errors for
the heat pump performance parameters predicted with the final trained forward surrogate
model. It shows that good accuracy is obtained with the forward surrogate model.

Figure 16. Training history for the forward 2 × 64 MLP using 4000 data points showing the training
(blue squares) and validation (orange triangles) MSE versus the number of training epochs.
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Table 4. Average and maximum percentage errors for the heat pump performance parameters
predicted with the trained 2 × 64 forward surrogate model.

Te Tc
.

W
.

Qc

Average error 0.012% 0.016% 0.165% 0.103%
Maximum error 0.082% 0.130% 1.268% 1.011%

3.2.2. Backward Surrogate Model Training

Figure 17 shows the MSE for the training, validation, and testing samples after
10,000 epochs in the backward surrogate model training using different learning rates.
Based on this, the learning rate for the backward surrogate model training was fixed at 5e-4.

Figure 17. MSE for the training, validation, and testing samples after 10,000 epochs in the backward
surrogate model training using different learning rates.

Figure 18 shows the MSE for the training, validation, and testing samples after
10,000 epochs in the backward surrogate model training using different network topologies.
Based on this, the layout with three hidden layers and forty-eight neurons each was selected
for the backward surrogate model.

Following the hyperparameter search, the selected MLP was trained for 50,000 epochs
to arrive at the final backward surrogate model. Figure 19 shows the history of the training
and validation losses versus the number of epochs, while Table 5 shows the average and
maximum percentage errors for the degradation factors predicted with the final trained
backward surrogate model.

Table 5. Average and maximum percentage errors for the degradation factors predicted with the
trained 3 × 48 backward surrogate model.

fm fη fev fcd

Average error 0.062% 0.102% 0.324% 0.371%
Maximum error 0.412% 0.979% 2.175% 3.096%
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Figure 18. MSE for the training, validation, and testing samples after 10,000 epochs in the backward
surrogate model training using different network topologies.

Figure 19. Training history for the 3 × 48 backward MLP using 4000 data points showing the training
(blue) and validation (orange) MSE versus the number of training epochs.

Although the accuracy obtained via the backward surrogate model is sufficient, a
comparison between Figures 16 and 19 shows that the final value of the training MSE
for the backward surrogate model (≈5.0e-5) is an order of magnitude greater than that
of the forward model (≈3.2e-6). This is also reflected in the errors reported in Table 5,
which are typically three or more times than that of Table 4. It therefore proved much more
challenging to train the backward model when compared to the forward model. The reason
for this difference is not clear to the authors, but it is suspected that there may be a degree of
multi-modality involved in the backward model. In other words, even though each unique
set of input data to the thermofluid model (which is mirrored by the forward surrogate
model) will only produce one unique set of output data, it may be possible that another
set of input data could produce the same set of output data. Therefore, in the backward
direction, a given set of input data may result in more than one possible set of output data.



Math. Comput. Appl. 2024, 29, 52 25 of 32

In that case, using a Mixture Density Network (MDN) [30,36] might be more appropriate
than a standard MLP. However, this will not be explored further in the current work.

3.3. Pseudo-Measured Plant Data Generation

The condition-monitoring methodology is based on comparing the predicted values
with that of the online measurements taken on the real plant during operation. To demon-
strate this, the thermofluid model was used to generate pseudo-measured plant data. A
single state of degradation will be used for demonstration purposes. However, it will
include simultaneous degradation via all four of the selected degradation factors. The
selected values are fm = 0.75, fη = 0.85, fev = 0.95, and fcd = 0.80.

Table 6 shows the operating conditions predicted via the thermofluid model for the
healthy and degraded heat pump at the nominal operating point. Note that the performance
of the compressor has changed significantly, with the refrigerant mass flow rate decreasing
by 18.4% and the isentropic efficiency ηs being reduced by 21.9%. This does not correspond
directly with the percentages of degradation imposed by fm and fη , which are 25% and

15%, respectively. The cooling capacity
.

Qe has decreased by 18.1% compared to the 5.0%
imposed by fev, while the heating capacity

.
Qc decreased by 15.9% compared to the 20.0%

imposed by fcd. This shows that the integrated nature of the system does not allow a simple
diagnosis to quantify the degradation in specific components.

Table 6. Nominal operating conditions of the healthy (orig) and degraded (degr) heat pump predicted
via the thermofluid model.

Compressor Condenser Evaporator Cycle
orig degr orig degr orig degr orig degr

.
mr [kg/s] 1.889 1.542

.
mw [kg/s] 6.090 6.090

.
ma [kg/s] 11.4 11.4 ∆Tsc [◦C] 5.4 5.4

pe [kPa] 696.2 756.9 pw [kPa] 386.0 386.0 pa [kPa] 86.0 86.0 ∆Tsh [◦C] 10.0 10.0
pc [kPa] 1653.2 1678.0 Twi [

◦C] 20.0 20.0 Tai [
◦C] 30.0 30.0 Te [◦C] 12.4 15.1

.
W [kW] 68.5 65.8 Twe [◦C] 35.9 33.4 Tae [◦C] 22.7 23.9 Tc [◦C] 42.7 43.3

ηs 0.607 0.474
.

Qc [kW] 403.8 339.7 RHi 0.90 0.90 COPcooling 4.9 4.2
RHe 0.99 0.99

.
Qe [kW] 335.3 274.4

An LHS design of experiments is again employed to generate the input values so that
the pseudo-measured data will uniformly cover a wide envelope of operating conditions,
while each of the four degradation factors are fixed at the selected unique value. The ranges
employed for the data generation are provided in Table 7. A data set of 1200 data points
was generated, from which a suitable number of data points can be selected randomly
as required.

Table 7. Input ranges to the LHS pseudo plant data generation.

Parameter Min Max

Boundary values

Tai [
◦C] 20.0 30.0

RHi 0.20 0.80
.

mw [kg/s] 4.0 8.0
Twi [

◦C] 20.0 30.0

3.4. Degradation Detection, Location and Quantification

Degradation detection via the forward surrogate model is conducted by solving the
optimization problem, with the degradation factors as the independent variables and the
MSE between the predicted and measured performance parameters for all data sets as the
target function. It identifies specific areas of degradation since each degradation factor is
assigned to a specific physical phenomenon. It can also quantify the degradation via the
magnitude of the identified degradation factor and its deviation from the healthy value of
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one. The parameter-identification process provides as output a single value for each of the
degradation factors.

The backward surrogate model takes as input the measured operational boundary
values as well as the measured performance parameters, and directly predicts the values of
the degradation factors for each data set. The mean value of each of the degradation factors
is then taken as the representative value for quantifying degradation.

To estimate the sensitivity of the proposed methodology to the number of measured
data points as well as measurement uncertainty, both the forward and backward methods
were applied to 15 different cases. These cases cover the use of 10, 100, and 1000 data points,
each combined with measurements affected by noise sampled from a normal distribution
and standard deviations of 0%, 1%, 5%, 10%, and 20%, respectively. Each data set was
randomly drawn from the 1200 points presented in the previous section. The artificial
noise was applied to the plant performance parameters as well as the operational boundary
values, since all of these will be measured on the plant and therefore be subjected to
measurement uncertainty.

Figure 20 shows a snapshot of the case employing 1000 measured data points with
10% artificial noise superimposed on all the data points. The graphs show the original data
without noise on the horizontal axes versus the data with noise on the vertical axes. The
graphs in the top row are for the measured operational boundary values Tai, RHi,

.
mw, and

Twi, and the graphs in the bottom row are for the measured plant performance parameters
Te, Tc,

.
W, and

.
Qc.

Figure 20. Snapshot of the 1000 pseudo-measured data points with artificial noise sampled from a
random distribution with a standard deviation of 10% superimposed on all the data points.

3.4.1. Forward Approach

Figure 21 shows the results of the predicted versus actual degradation factors, using
the forward surrogate model combined with parameter identification for the different sizes
of data sets and for different levels of noise. The actual values are on the horizontal axis and
the predicted values on the vertical axis. Points on the solid diagonal line means perfect
prediction accuracy, while the dashed lines represent deviations of ±5% and ±10%, respec-
tively. As expected, the prediction accuracy deteriorates with less data points and more
noise. The runtime for performing the prediction with 1000 data points is approximately
0.26 s.
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Figure 21. Results of predicted versus actual degradation factors using the forward surrogate model
combined with parameter identification, with fm—red circle, fη—brown square, fev—green diamond,
fcd—purple triangle.

Figure 22 provides a summary of the prediction accuracy in the form of the average
absolute percentage error between the predicted and actual values of the degradation
factors for each case. For both 1000 and 100 data points, very good accuracy with an
average prediction error below five percent is achieved, even with as much as 20% noise.
Somewhat surprisingly, with noise up to 5%, the average prediction error is also below 5%
on average with as few as 10 data points.

Figure 22. Average absolute percentage error between the predicted and actual values of the degrada-
tion factors for each case using the forward surrogate model combined with parameter identification.
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3.4.2. Backward Approach

Figure 23 shows the results of the predicted versus actual degradation factors, using
the direct backward surrogate model combined for the different sizes of data sets and for
different levels of noise. Like the forward approach, the prediction accuracy deteriorates
with less data points and more noise. The runtime for performing the prediction with
1000 data points is approximately 0.002 s. This is more than 100 times faster than the
forward approach.

Figure 23. Results of predicted versus actual degradation factors using the backward surrogate
model, with fm—red circle, fη—brown square, fev—green diamond, fcd—purple triangle.

Figure 24 provides a summary of the prediction accuracy for the backward method. For
the larger data sets with 10% noise, the prediction error approaches or exceeds five percent.
For only 10 data points, the noise should be less than 5% to still achieve good accuracy.
A comparison between Figure 24 with Figure 22 shows that, in general, the backward
approach is less accurate and much more sensitive to noise than the forward approach.

3.4.3. Impact of the Number of Measured Performance Parameters

It was shown above that the backward approach is more than 100 times faster than
the forward approach, even though the forward approach is still “fast enough”, with a
typical total calculation time of less than 0.3 s. The forward approach was also shown to
be more accurate and less sensitive to measurement uncertainties. The forward approach
has another advantage, namely that the trained forward surrogate model and parameter
identification can still be employed, even if some of the plant performance parameter
measurements are not available. In other words, the forward surrogate model does not
have to be retrained since the available input features are still the same. In this case, the
parameter identification target function will simply exclude the output label for which the
data are not available. The reduced number of output labels may of course have an impact
on the prediction accuracy and the sensitivity to measurement uncertainties.

The same cannot be said for the backward approach. If one or more of the performance
parameters are not available, the backward surrogate model will have to be retrained with
the reduced number of input features.
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Figure 24. Average absolute percentage error between the predicted and actual values of the degra-
dation factors for each case directly using the backward surrogate model.

Two cases were explored to demonstrate the impact of having less performance
parameters available in the forward approach. In the first case, we will only employ the
pseudo-measured values of Te, Tc, and

.
W, and, for the second case, only those of Te,

.
W,

and
.

Qc. Figure 25 shows a summary of the results for the first case, and Figure 26 for the
second case.

Figure 25. Average absolute percentage error between the predicted and actual values of the degrada-
tion factors for each case using the forward surrogate model combined with parameter identification,
where only Te, Tc, and

.
W are used as output labels.

Figure 25 shows that, for the first case, the prediction error is less than 5% for the
1000 data points with 5% noise and for the 100 data points with 1% noise. For only
10 data points, the addition of any noise results is high prediction errors. For the second
case, as shown in Figure 26, the prediction errors remain low for all the data sizes with up
to 10% noise. These results show that, if the measurement uncertainty is low, the forward
approach can still be employed with good accuracy in some cases, despite the loss of one
measured performance parameter. However, the differences in the results between the
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two cases show that it is not only the number of measured performance parameters that is
important, but also the specific combination of parameters.

Figure 26. Average absolute percentage error between the predicted and actual values of the degrada-
tion factors for each case using the forward surrogate model combined with parameter identification,
where only Te,

.
W, and

.
Qc are used as output labels.

4. Conclusions

The results show that it is possible to train a forward MLP deep neural network surro-
gate model based on synthetic measured data, generated via a physics-based thermofluid
model to predict the performance of an ACU heat pump system over a wide range of
operating conditions and combinations of degradation factors. Combining this surrogate
model with a suitable parameter identification technique that minimizes the residuals
between the model outputs and plant measurements allows for the accurate detection,
location, and quantification of degradation occurring in the different system components.
For the forward approach using all four measured performance parameters, very good
prediction accuracy is achieved with 100 or more measured data points, even with as much
as 20% noise. Very good accuracy is also achieved with as few as 10 measured data points
with noise up to 5%. The trained surrogate model can still be applied, even if some of
the measured performance parameters are no longer available, for instance, due to sensor
failure. However, accuracy is reduced with less measured data points, more noise, and less
measured parameters.

It is also possible to train a backward MLP deep neural network surrogate model
using the same training data to directly predict the degradation factors using measured
plant performance parameters as input. However, the backward surrogate model proved
much more challenging to train when compared to the forward model, which may indicate
a degree of multi-modality involved in the backward model. The backward approach is
more than 100 times faster than the forward approach, but is less accurate and much more
sensitive to noise than the forward approach. Even so, the forward approach is fast enough
so that the calculation time does not impede its application in practice.

Essential for the success of the methodology is a physics-based thermofluid model
of the heat pump cycle that represents the characteristics of the individual components,
with sufficient detail to capture the effects of degradation on its performance, as well as the
integration amongst the different components. Furthermore, it must be properly calibrated
with the aid of healthy plant measurements to ensure that it can accurately emulate the
performance of the plant before it is used to generate the training data for the respective
surrogate models.
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