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Abstract: Waste heat recovery is a critical strategy for optimizing energy consumption
and reducing greenhouse gas emissions. In this context, the circular economy highlights
the importance of this practice as a key tool to enhance energy efficiency, minimize waste,
and decrease environmental impact. Artificial neural networks are particularly well-suited
for managing nonlinearities and complex interactions among multiple variables, making
them ideal for controlling a double-stage absorption heat transformer. This study aims to
simultaneously optimize both user-defined parameters. Levenberg–Marquardt and scaled
conjugated gradient algorithms were compared from five to twenty-five neurons to deter-
mine the optimal operating conditions while the coefficient of performance and the gross
temperature lift were simultaneously maximized. The methodology includes R2024a MAT-
LAB© programming, real-time data acquisition, visual engineering environment software,
and flow control hardware. The results show that applying the Levenberg–Marquardt
algorithm resulted in an increase in the correlation coefficient (R) at 20 neurons, improving
the thermodynamic performance and enabling greater energy recovery from waste heat.

Keywords: absorption heat pump; absorption heat transformer; artificial neural networks;
automatic control; water–lithium bromide

1. Introduction
Waste heat recovery has established itself as an essential strategy to optimize energy

consumption and mitigate greenhouse gas emissions in industry [1]. In parallel, the use
of renewable energy continues to grow rapidly, and it is projected that by the end of 2025,
it will account for approximately 30% of global energy consumption [2]. In this context,
absorption heat transformers (AHTs), considered a type of absorption heat pump [3], stand
out as thermodynamically efficient equipment, capable of adapting to renewable sources
such as solar and geothermal [4] and converting waste energy into a valuable resource,
boosting sustainability and industrial efficiency [5,6].

The circular economy promotes waste heat recovery as a fundamental practice to
optimize energy use, minimize waste, and reduce the environmental impact of industrial
processes [7]. The integration of absorption heat pumps, with circular economy principles,
is becoming increasingly important to improve energy efficiency and reduce environmental
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impacts in various industrial sectors. Recent studies highlight the central role of absorption
heat pumps in the recovery and reuse of waste heat, as well as in the efficient conversion
of energy resources supporting the circular economy model [8,9]. These applications
encourage the reuse of resources and reduce dependence on primary sources.

In addition, research on efficient cogeneration systems [10] and latent heat recovery
technologies in wet biomass flows [11] underlines the importance of absorption heat
pumps to close energy cycles in industrial processes. Likewise, the integration of renewable
energies, such as concentrated solar power for low-pressure steam generation [12], or
the optimization of hydrogen-integrated energy centers [13], reinforces the transition to
sustainable models, demonstrating that AHT can be a key catalyst for the synergy between
energy efficiency and economic sustainability.

Due to the multiple variables present in the thermodynamic cycle of an AHT, the need
arises for an automatic control that considers in its strategy both the multiple variables
present in the cycle as well as the associated disturbances that can guarantee its correct
operation. Proposals for automatic control related to classical control methods, such as PID
(proportional–integral–derivative) controllers, have been published in the literature [14];
however, these approaches are limited to nonlinear and multivariable systems such as
AHTs. This study was limited to calculating the flow ratio; however, the control response
in the two cycles was not characterized.

On the other hand, artificial intelligence (AI) technologies, such as artificial neural
networks (ANNs) and fuzzy logic (FL), have become key tools for the development of
advanced control systems. These methodologies stand out for their ability to efficiently
manage nonlinearities, multivariable interactions, and uncertainty scenarios, making them
ideal for applications in complex and dynamic systems [15].

Several scientific publications have reported the use of ANN applied to thermal
processes. Ref. [16] uses ANN in heat pumps to improve demand response, achieving
high precision and optimizing energy consumption. Ref. [17] apply reinforcement learning
to optimize control in a heat pump, achieving greater efficiency in energy management.
Ref. [18] uses ANN to control a heat pump to improve energy efficiency and thermal
comfort. Sajadi predicts real-time temperature fields in manufacturing processes using
ANN [19]. In addition, Yarahmadi proposes the ANN in a laser powder bed fusion process
to predict the distribution of the temperatures present [20]. On the other hand, in pyrolysis
processes, Muravyev focuses on the application of ANN for thermal analysis [21]. Also,
Zhang combines ANN and genetic algorithms to maximize heat transfer and minimize
pressure loss of finned heat exchangers with elliptical tubes [22], but there is no ANN
for a double-stage absorption heat transformer (DSHT) for maximizing simultaneously
coefficient of performance (COP) and gross temperature lift (GTL).

This study is based on the premise that no reports in the literature on applications
of double-stage absorption heat transformers that use artificial intelligence for automatic
control. This system presents multiple variables with high nonlinearity, such as enthalpy,
which are essential for the calculation of the thermal power of the eight heat exchangers that
make up the thermodynamic cycle. Furthermore, the double-stage absorption heat trans-
former requires centralized automatic control that considers all the present variables and
the associated disturbances. The measured data can be trained by artificial neural networks,
allowing for greater accuracy compared to previously published idealized models [6].

The objective of this work is the fusion of the technology of R2024a ANN-Matlab©
software with a commercial mass flow control system to obtain the maximum value of the
temperature desired by the user simultaneously with the maximum value of the perfor-
mance coefficient as a function of the surrounding temperatures (condenser temperature in
AHT (TCO) associated with that of the environment, generator temperature in AHT (TGE)
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associated with the temperatures of the waste heat source) for circular economy thermal
processes. This work is a continuation of our previous publication [3], in which only the
control strategy based on maximizing the COP × GTL product separately for each stage of
the AHT was presented.

2. Materials and Methods
This section identifies the software, hardware, and flowchart used for fluid flow control

(MEV1), as well as the methodology used to obtain the maximize the COP × GTL using
artificial intelligence techniques.

2.1. Signal Characterization

A computer-aided simulator was developed based on experimental data obtained
in the prototype of the double stage heat transformer (DSHT) physically installed in the
Laboratory of Applied Thermal Engineering of the Center for Research in Engineering
and Applied Sciences (CIICAP) of the Autonomous University of the State of Morelos,
Mexico. Based on experimental data, this simulator was developed with the main objective
of analyzing the system’s behavior under different operating conditions. Additionally, it
determines the time required to reach a desired state from the transient heating stages. In
Appendix C, an actual photograph of the DSHT is shown on the entire page.

To this end, in each test, the temperature variations during the heating stage were
recorded and the coefficients of the function that presented the highest correlation in each
case were obtained. These coefficients, together with temperature variations, allowed the
generation of a third-degree polynomial function that describes the variation in temperature
over time. This tool enables the analysis of temperature behavior in each DSHT channel at
any given time. Tables 1 and 2 present the 44 temperature channels of the equipment and
the functions obtained for each of them. Additional uncertainty analysis was calculated for
each temperature channel at operating conditions of each by error propagation theory.

Table 1. DSHT stage 1 channel temperature variation function.

Canals Stage 1 Uncertainty (◦C)

C101 ∆T(t) = −0.0000001t3 + 0.00002t2 + 0.0235t + 37.075 ±0.002419

C102 ∆T(t) = −0.000000002t3 − 0.000017t2 + 0.0167t+ 25.993 ±0.001718

C103 ∆T(t) = −0.000000002t3 − 0.000017t2 + 0.0167t+ 25.993 ±0.001718

C104 ∆T(t) = 0.00000082t3 − 0.00034t2 + 0.0679t + 32.918 ±0.003738

C105 ∆T(t) = 0.00000002t3 − 0.000036t2 + 0.0961t + 24.398 ±0.002805

C106 ∆T(t) = 0.00000005t3 − 0.000027t2 + 0.0099t + 28.052 ±0.001371

C107 ∆T(t) = 0.00000029t3 − 0.00012t2 + 0.0476t + 30.241 ±0.003054

C108 ∆T(t) = 0.0000002t3 − 0.00005t2 + 0.0431t + 32.702 ±0.002042

C109 ∆T(t) = −0.00000015t3 − 0.00008t2 + 0.0417t + 30.954 ±0.002312

C110 ∆T(t) = −0.00000023t3 + 0.00005t2 + 0.0128t + 37.794 ±0.002249

C111 ∆T(t) = 0.0000004t3 − 0.0001t2 + 0.043t + 32.630 ±0.002514

C112 ∆T(t) = −0.0000002t3 + 0.00003t2 − 0.0175t + 37.067 ±0.001987

C113 ∆T(t) = −0.00000018t3 + 0.00001t2 + 0.0119t + 25.705 ±0.001621

C114 ∆T(t) = 0.000001t3 − 0.0002t2 + 0.0436t + 31.177 ±0.002579
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Table 1. Cont.

Canals Stage 1 Uncertainty (◦C)

C115 ∆T(t) = 0.0000005t3 − 0.00001t2 + 0.0419t + 33.636 ±0.002276

C116 ∆T(t) = 0.000001t3 − 0.00003t2 + 0.0388t + 31.291 ±0.002324

C117 ∆T(t) = 0.0000008t3 − 0.00002t2 + 0.0361t + 33.784 ±0.002256

C118 ∆T(t) = 0.00000008t3 − 0.00014t2 + 0.1292t + 38.650 ±0.002324

C119 ∆T(t) = 0.000004t3 − 0.001t2 + 0.0761t + 31.838 ±0.004383

C120 ∆T(t) = 0.0000014t3 + 0.0004t2 + 0.0469t + 29.98 ±0.00347

C201 ∆T(t) = 0.0000001t3 − 0.00001t2 + 0.0181t + 18.348 ±0.002162

C202 ∆T(t) = −0.00000028t3 + 0.00008t2 + 0.002t + 21.133 ±0.001306

Table 2. DSHT stage 2 channel temperature variation function.

Canals Step 2 Uncertainty (◦C)

C203 ∆T(t) = 0.0000002t3 − 0.0001t2 + 0.0692t + 31.320 ±0.006216

C204 ∆T(t) = 0.0000003t3 − 0.0003t2 + 0.1043t + 31.274 ±0.008174

C205 ∆T(t) = −0.00000002t3 + 0.000016t2 + 0.0033t + 23.536 ±0.0004484

C206 ∆T(t) = 0.000035t3 − 0.0001t2 + 0.117t + 37.989 ±0.02224

C207 ∆T(t) = −0.00000006t3 − 0.00003t2 + 0.0513t + 31.670 ±0.004116

C208 ∆T(t) = 0.0000015t3 − 0.0006t2 + 0.0726t + 40.735 ±0.01304

C209 ∆T(t) = 0.00000018t3 − 0.00025t2 + 0.0731t + 33.368 ±0.005832

C210 ∆T(t) = −0.000001t3 + 0.0001t2 + 0.0665t + 28.387 ±0.002836

C211 ∆T(t) = 0.00000018t3 − 0.0002t2 + 0.0989t + 31.699 ±0.006024

C212 ∆T(t) = −0.0000008t3 − 0.00012t2 + 0.0412t + 31.705 ±0.002128

C213 ∆T(t) = 0.00000024t3 − 0.0002t2 + 0.088t + 31.186 ±0.007064

C214 ∆T(t) = 0.0000004t3 − 0.000206t2 + 0.0551t + 38.891 ±0.003068

C215 ∆T(t) = −0.0000009t3 + 0.00032t2 + 0.0132t + 25.676 ±0.00176

C216 ∆T(t) = −0.0000022t3 + 0.00006t2 + 0.0992t + 35.135 ±0.003712

C217 ∆T(t) = −0.00000018t3 + 0.00002 + 0.031t + 33.645 ±0.000284

C218 ∆T(t) = −0.00002t3 + 0.00079 + 0.081t + 34.799 ±0.00628

C219 ∆T(t) = −0.00000006t3 − 0.00003 + 0.0346t + 33.694 ±0.001092

C220 ∆T(t) = −0.00000016t3 − 0.000284t2 + 0.1538t + 26.957 ±0.010864

C301 ∆T(t) = 0.00000424t3 − 0.000964t2 + 0.1363t + 34.480 ±0.015544

C302 ∆T(t) = 0.000006t3 + 0.0002t2 + 0.0673t + 30.036 ±0.002456

C303 ∆T(t) = 0.0000001t3 − 0.00005t2 + 0.0196t + 19.538 ±0.000656

C304 ∆T(t) = 0.00000003t3 + 0.000012t2 + 0.013t + 19.715 ±0.000112

2.2. Artificial Neural Networks

The control strategy applied to operate the DSHT under conditions that maximize
the COP × GTL product is based on determining the first stage working fluid flow value
(MEV1) using MLP-ANN [3]. The developed ANN consists of 9 input variables and 9 out-
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put variables forming a MIMO (multiple-input and multiple-output) system. The names
and units of measurement of inputs and outputs are shown in Table 3. See Appendix C to
identify from right to left in the photograph of the laboratory’s prototype, the condenser
1 (CO1 label), generator 1 (GE1 label), evaporator 1 (EV1 label), absorber 1 (AB1 label),
condenser 2 (CO2 label), generator 2 (GE2), absorber 2 (AB2) and evaporator 2 (EV2 label).

Table 3. Input and output variables of the ANN model.

Inputs Outputs

TGE1: Generator temperature AHT [◦C] QGE1: Thermal power of generator AHT [kW]
TGE2: Generator temperature DSHT [◦C] QGE2: Thermal power of generator DSHT [kW]
TCO1: Condenser temperature AHT [◦C] QEV1: Evaporator thermal power AHT [kW]
TCO2: Condenser temperature DSHT [◦C] QEV2: Thermal power of evaporator DSHT [kW]
TEV1: Evaporator temperature AHT [◦C] MEV1: Working fluid flow AHT [kg/s]
TEV2: Evaporator temperature DSHT [◦C] XGE1: Generator concentration AHT [%]
TAB1: Absorber temperature AHT [◦C] XGE2: Generator concentration DSHT [%]
TAB2: Absorber temperature DSHT [◦C] FR1: Flow ratio AHT [dimensionless]
QAB2: Thermal power of absorber DSHT [kW] FR2: Flow ratio DSHT [dimensionless]

The range of the input variables is adjusted to the operating conditions evaluated
for the DSHT, with a variation of 1 ◦C. Although the absorber in AHT (AB1) provides
a higher thermal level available for the evaporator in DSHT (EV2), EV2 operates at the
equilibrium temperature required for the concentration feed of the Stage 2 system. Any
excess energy supplied by AB1 to EV2 results in increased pressure. The output variables
were normalized within the range of 0.0 to 1.0 and the accuracy is reported. The range of
these values is presented in Table 4 which has 10 input variables and 10 output variables,
making it a MIMO system (multiple input–multiple output).

Table 4. Variables and values of input and output variables.

Variables Values Accuracy

Inputs

TGE1 [◦C] 60–65 ±0.1 ◦C
TGE2 [◦C] 60–65 ±0.1 ◦C
TCO1 [◦C] 20–25 ±0.1 ◦C
TCO2 [◦C] 20–25 ±0.1 ◦C
TEV1 [◦C] 67–72 ±0.1 ◦C
TEV2 [◦C] 80–85 ±0.1 ◦C
TAB1 [◦C] 97–102 ±0.1 ◦C
TAB2 [◦C] 103–108 ±0.1 ◦C

QAB2 [kW] 1 ±0.01 kW

Outputs

QGE1 [kW] 0–1 ±0.01 kW
QGE2 [kW] 0–1 ±0.01 kW
QEV1 [kW] 0–1 ±0.01 kW
QEV2 [kW] 0–1 ±0.01 kW

MEV1 [kg/s] 0–1 ±0.001 kg/s
XGE1 [%] 0–1 ±0.01 %w
XGE2 [%] 0–1 ±0.01 %w

FR1 [dimensionless] 0–1 ±0.01
FR2 [dimensionless] 0–1 ±0.01

The neural network learning algorithm adjusts the weights and biases to obtain the
desired outputs minimizing the error [23]. There is no single method to determine the
optimal number of neurons or layers in the network, so a trial-and-error approach is
employed [24]. In this study, the number of neurons in the hidden layer was established
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by ensuring that the correlation between the output generated by the network and the
expected values was greater than 0.9998.

The ANN was programmed using the MATLAB © nftool (Neural Fitting) tool that
facilitates data selection, the creation and training of neural networks, as well as the evalu-
ation of their performance by calculating mean square error and regression analysis [25].
Several networks with different neurons in the hidden layer were tested, ranging from 5 to
25. To train the networks, the data were randomly divided into three sets as follows: 70%
was used for training, 15% was used for validation, and the remaining 15% was used as a
completely independent test of the generalizability of the network [3].

The MATLAB© toolbox (nftool) allows you to develop an artificial neural network
(ANN) with a predetermined feedforward architecture, in which the number of neurons in
the hidden layer can be adjusted. To evaluate the model’s performance during the training,
validation, and testing phases, the toolbox uses metrics such as the correlation coefficient
(R) and the mean square error (MSE).

During ANN training, a mechanism called validation checks (early stopping) is used
to monitor the validation error. Its function is to stop training when the validation error
begins to increase after several iterations, thus avoiding overfitting and improving the
model’s generalization capabilities.

Appendix A (Figure A1) presents a flowchart explaining how the number of neurons
in the ANN hidden layer is determined, following the criterion of maximizing R. The
process begins in MATLAB’s nftool, where the input and output data are first imported.
The nftool randomly determines 70% of the data for training, and the user defines the
percentage for validation and testing, in our case 15% for each. Next, the number of neurons
(N) in the ANN hidden layer is initialized. After training the ANN, the R values (training,
validation, and testing) are obtained, and these data are saved in Excel.

The number of neurons is then increased, and the network is retrained to calculate
the new R values (training, validation, and testing), and these data are saved again. If the
current values of R (training, validation, and test) are greater than the previous ones, the
number of neurons in the hidden layer is increased again. This process is repeated until the
current values of R (training, validation, and test) no longer exceed the previous values
of R (training, validation, and test), at which point the cycle ends, obtaining the neurons
needed to configure the ANN and completing the cycle.

Two optimization algorithms for ANN training were tested: the Levenberg–Marquardt
method (LM) and the scaled conjugate gradient (SCG). According to [26], the LM method is
accurate, but computationally expensive, especially for large networks. On the other hand,
the SCG method is faster, although its accuracy is lower, especially in complex networks. In
this study, the LM algorithm was chosen, since even though its computation time is longer
than that of SCG, this aspect is not relevant, since the DSHT operates in a steady state for
long periods, requiring maximum accuracy for its control.

To ensure the reliability of this database, experimental data from the DSHT were
used, with a total of 155,520 samples. Of these, randomly, 108,864 samples were used in
the training phase, 23,328 values for validation, and the remaining were used for testing.
Training the ANN, using both the Levenberg–Marquardt and scaled conjugate gradient
algorithms, leads to the optimal point, defined as the maximum value of the product
COP × GTL, allowing both maximum possible values to be achieved simultaneously for
the desired condition.
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2.3. Hardware and Software
2.3.1. Automatization for Flow Control

The devices were used to collect data on the variables (temperature and flow) as well
as to control the MEV1 flow are shown in Figure 1. These include a Model 34970A Data
Acquirer with three 34901A modules, thermocouples, a flow sensor, an Arduino UNO, a
servo valve, and a computer.
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Figure 1. Hardware implemented for signal acquisition and control of the DSHT.

For the control of the MEV1 flow of the DSHT, a 1/2-inch manual ball valve (on/off)
coupled to a servo motor was used as the final control element. According to a previous
study carried out by [27] the torque necessary for the opening and closing of this valve is
around 1.57 Nm. It was decided to use the SAVOX SB2290SG servomotor with 4.41 Nm of
torque, since this is higher than what is needed to rotate the valve, which operates with
a voltage of 6 V to 7.4 V, velocity of 6 V: 0.16/60 ◦s and 7.4 V: 0.13/60 ◦s. Besides, its
outstanding feature lies in its ability to receive a PWM (pulse width modulation) control
signal, which facilitates the manipulation of its angular position in a simple way.

For the coupling of the servo motor to the manual valve, a piece that fits onto the top
of the valve was used, in addition to another part that was 3D printed to keep the servo
motor fixed; both allow the valve to adjust its rotation from 10 to 85 degrees as shown in
Figure 2a.
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Figure 2. This figure describes devices used in control: (a) servo valve used for MEV1 flow control;
(b) flow sensor coupled to the DSHT; (c) connecting the Arduino® UNO to the flow sensor and servo
valve; (d) acquisition system 34970A, 34901A modules, and thermocouples.

2.3.2. Flow Sensor

The acquisition of the DSHT MEV1 flow rate was carried out using a 1/2-inch YF-S20
flow sensor, allowing the measurement of water flow to determine consumption (Figure 2b).
This sensor operates at a voltage of 4.5 V to 18 V DC, working flow rate of 1 to 30 L/min, and
accuracy of ±10%. It operates thanks to the flow of water that activates a turbine connected
to a magnet; when turned, this magnet activates a Hall effect sensor. The electrical impulses
generated by this sensor can be interpreted by a digital input from an Arduino.

The sensor generates a square wave, with a frequency proportional to the flow rate [28].
The conversion factor from frequency (Hz) to flow rate (L/min) varies between models
and depends on pressure, density, and even the flow itself, Equation (1), where Q [L/min]
represents the flow, f [Hz] the frequency, and k is the conversion factor; in the case of this
sensor, the average conversion factor provided by the manufacturer is 7.5.

Q =
f
k

, (1)

2.3.3. Arduino® UNO Interface

The Arduino® UNO features in its configuration 14 digital input/output pins, 6 analog
inputs, a 16 MHz quartz crystal, a USB connection, a power connector, and a reset button [29].
The Arduino UNO microprocessor was used, because with the digital input pins you can
acquire the MEV1 digital flow signal provided by the flow sensor mentioned above. In
addition, it has a PWM output that serves to send the necessary signal to the servomotor.

Figure 2c illustrates the physical connection of the Arduino to a breadboard, thus
linking the flow sensor and servo valve. The 5V (Vdc) and ground (GND) pins of the
Arduino are connected to the microboard using cables. The microboard, in turn, is con-
nected to the flowmeter and the servo valve. The flowmeter data signal is linked to pin 2 of
the Arduino, configured as a digital signal, while the servo valve is linked to pin 3 of the
Arduino, intended for the PWM signal.

The MEV1 flux generated by the ANN, which corresponds to the maximum product
of COP × GTL, represents the flux necessary for the DSHT to operate in its best scenario
according to the input vector introduced in the ANN. According to [3] one of the important
parameters of the DSHT is the flow ratio (FR), a dimensionless value that is calculated as
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the ratio between the concentration of lithium bromide in the generator and the difference
in concentrations between the generator and the absorber. This value is also equal to the
ratio of the dilute lithium bromide solution flow to the refrigerant flow. According to [14],
a variation in concentration causes alterations in the FR, which initially impacts the flows
of the evaporator and the absorber, and later those of the generator, in accordance with
the conservation of matter. These changes are restricted by thermodynamic equilibrium
conditions, which consider parameters such as pressure, temperature, and concentration.

The control stability under operating conditions was evaluated, and the standard
deviation was 0.002245 kg/s.

The correspondence between the MEV1 flow and the opening or closing angle of the
servo valve (α) is shown in Table 5, according to Equation (2). Using the R2 metric, the
variations of the MEV1 flow in each test performed in the laboratory were analyzed for the
variation of the rotation angle of the servo valve with a range of 10 to 85 degrees, resulting
in second-degree polynomial functions. These equations correspond in each case for a unit
of QAB2.

M = F(∝), (2)

where

M: Flow [kg/s];
α: Servo valve angle [◦C]

Table 5. Ratio of the MEV1 flow to the opening or closing angle of the servo valve.

Test Function

1 MEV1(∝) = 9 × 10−09 ∝2 +3 × 10−07 ∝ +0.0006
2 MEV1(∝) = 1 × 10−08 ∝2 +3 × 10−07 ∝ +0.0006
3 MEV1(∝) = 2 × 10−08 ∝2 +3 × 10−07 ∝ +0.0006
4 MEV1(∝) = 1 × 10−08 ∝2 +2 × 10−07 ∝ +0.0006
5 MEV1(∝) = 9 × 10−09 ∝2 +3 × 10−07 ∝ +0.0006
6 MEV1(∝) = 4 × 10−09 ∝2 +2 × 10−07 ∝ +0.0005
7 MEV1(∝) = 1 × 10−08 ∝2 +3 × 10−07 ∝ +0.0006

2.3.4. Data Acquisition

The Agilent Acquirer model 34972A was used, which supports the insertion of several
modules for various functions, with a maximum capacity of three modules. In this instance,
three 34901A modules were used, to which J-type thermocouples were connected. It has an
operating temperature range of −210 ◦C to 760 ◦C, with a standard accuracy of ±2.2 ◦C
or ±0.75% of the measured value. The total number of thermocouples connected to the
data acquisition system is 44, representing the different physical temperatures of the DSHT
(Figure 2d).

2.3.5. Visual Engineering Environment Software

For the development of the MEV1 flow control, Visual Engineering Environment
(VEE) Pro-9.33 was used as the main program in parallel with the Arduino software (IDE).
Appendix B (Figure A2) shows the flow diagram that begins by acquiring the temperature
and absorption power provided by the user, as well as the acquisition of the data through
the data acquirer. Once these data are obtained, if this condition is not met, the program
ends. If the condition mentioned above is true, it means that the necessary entry vector is
available to enter the ANN.
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The ANN generates the necessary output values that respond to the increased product
of COP × GTL, leading to the first-stage fluid flow (MEV1). This flow value is sent to the
IDE software via serial port, and with the PWM signal of the same, the value of the degree
of opening or closing of the corresponding servo valve is sent.

Once the servo valve varies the necessary degrees, the physical (MEV1_physical) flow
value sensed by the flow sensor is acquired through the digital input of the Arduino. With
this feedback, a comparison is made between the MEV1_ANN and the MEV1_physical and if
the condition that they are different is met, it means two things:

1. Changes in the vector of operating conditions of the DSHT.
2. Acquiring the MEV1_physical value before detecting the valve rotation value.

Therefore, the program must follow this same dynamic, and if the condition is not
achieved, MEV1_ANN and MEV1_physical are the same. In this condition, the program contin-
ues sending the same angle value to the valve. The iterative process continues until the
input vector’s operating conditions change.

3. Results
A search was carried out to determine the value of the R greater than 0.9998 and an

MSE as close to zero as possible, using the Levenberg–Marquardt method as an optimization
algorithm. To do this, five to twenty-five neurons were tested in the occult layer (Table 6).
The results indicate that when using 20 neurons in the hidden layer, the lowest values of
MSE and the highest values of R were obtained for training, validation, and testing. Thus,
the ANN was configured with 20 neurons in its hidden layer.

Table 6. MSE and R referring to neurons present in the hidden layer of the ANN.

Neurons 5 10 15 20 25

MSE
Training 4.18619 × 10−4 5.16531 × 10−5 4.43622 × 10−5 1.78592 × 10−5 2.84184 × 10−5

Validation 4.18619 × 10−4 5.83722 × 10−5 4.47101 × 10−5 1.97765 × 10−5 2.78101 × 10−5

Testing 4.18619 × 10−4 5.49637 × 10−5 4.88679 × 10−5 1.77207 × 10−5 2.78455 × 10−5

R
Training 9.99630 × 10−1 9.99545 × 10−1 9.99611 × 10−1 9.99841 × 10−1 9.99751 × 10−1

Validation 9.99630 × 10−1 9.99486 × 10−1 9.99660 × 10−1 9.99826 × 10−1 9.99754 × 10−1

Testing 9.99627 × 10−1 9.99516 × 10−1 9.99571 × 10−1 9.99844 × 10−1 9.99755 × 10−1

The ANN was designed with twenty neurons (Ns = 20) in the hidden layer (Figure 3),
resulting in 180 weights, Wi{k,s} = 180 as shown in Table 7 and Wo{l,s} = 180 according
to Table 8. Two bias vectors were used: one with twenty values (b1) and another with
nine values (b2), detailed in Table 9. This configuration was used to predict the output
values associated with the maximum product of COP × GTL, considering a vector of input
conditions corresponding to the DSHT.

Using trial and error, MSE minimums of 1.78592× 10−5, 1.97765× 10−5, and 1.77207 × 10−5,
respectively, were achieved by employing 20 neurons in the hidden layer. These low MSE
values indicate optimal network performance in predicting the maximum COP × GTL
output based on input operating conditions. In addition, the regression plots confirm the
effectiveness of the model, showing a strong fit for all datasets with correlation values (R)
greater than 0.9998 (Figure 4).
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Table 7. Weights of the input vector with respect to the hidden layer of DSHT ANN.

Wi{20,1} Wi{20,2} Wi{20,3} Wi{20,4} Wi{20,5} Wi{20,6} Wi{20,7} Wi{20,8}

−0.9707 −0.0100 66.9167 0.1637 0.0076 0.0877 −6.900 −13.2861
−0.0009 0.0052 −0.0022 −0.0435 −3.1913 × 10−6 0.0257 0.0022 −0.0016
0.0949 0.0124 −0.5066 −0.0889 −0.0001 −0.0504 0.5886 0.1221
−0.4572 0.0067 2.8211 −0.0352 −6.70806 × 10−6 −0.0248 −2.1403 0.3929

−2.1437 × 10−6 −0.0477 0.0018 0.2589 2.8521 × 10−5 0.2241 −0.0013 −0.2146
0.0894 0.0014 0.3448 −0.0027 −7.9386 × 10−6 6.9341 × 10−6 0.0025 −0.0101

−11.9317 0.0046 10.4245 −0.0067 0.0004 0.0009 0.0084 0.0024
−0.4420 0.0039 2.5667 −0.0183 8.2110 × 10−5 −0.0135 −2.1589 0.2142
0.0896 −0.2134 −1.0210 0.0259 −0.0006 0.0180 0.2981 −0.4800
0.4522 −0.0021 −2.5038 0.0083 −6.7576 × 10−5 0.0067 2.2680 −0.1020
0.2536 0.0036 −0.7549 −0.0269 0.0003 −0.0185 1.5020 0.4725
0.0186 −0.0069 0.0844 0.0090 3.9038 × 10−5 0.0401 −0.0191 −0.1288
−0.0810 −0.010 0.9629 −0.0256 0.0006 −0.0176 −0.2602 0.4636
0.0342 9.3861 × 10−5 −0.0417 −0.0027 −3.5353 × 10−5 −0.0019 0.2101 0.0832
−0.0001 −0.1266 0.0005 −0.2631 −5.4257 × 10−6 −0.0027 0.0013 0.0068
−0.0884 −0.2005 1.0147 −0.0266 0.0006 −0.0181 −0.2937 0.4786
−0.0001 12.7505 0.0013 −11.0696 0.0002 −0.0064 0.0051 0.0199
−0.0003 −0.0362 −0.0012 0.1264 −3.1597 × 10−5 0.2452 0.0002 −0.1554
−0.0163 0.0157 −0.0733 0.0036 −4.1376 × 10−5 −0.0614 0.0194 0.0995
0.4804 −0.0089 −3.0714 0.0488 0.0001 0.0338 2.1814 −0.5268

Table 8. Hidden layer weights with respect to the DSHT ANN output vector.

Wo{1,20}
T Wo{2,20}

T Wo{3,20}
T Wo{4,20}

T Wo{5,20}
T Wo{6,20}

T Wo{7,20}
T Wo{8,20}

T Wo{9,20}
T

0.0004 0.0002 −0.0176 −0.0001 −0.0177 0.0110 0.0004 −0.032 0.0012
−3.7721 −8.7448 −1.9396 −3.5883 −2.1171 −0.4420 0.4999 −0.0232 −5.0740
−0.0420 0.0070 0.4734 −0.0079 0.4689 −0.0004 −0.0007 0.0286 0.0029
−0.4764 −0.0370 −17.8683 0.1040 −18.1554 −0.1674 −0.0064 −34.7524 −0.0367
−13.8912 9.5971 −5.3957 −14.5236 −5.4037 −0.0018 0.0114 0.0015 −4.8584

0.0928 −0.0247 −0.7126 0.0491 −0.7224 2.4011 0.0602 −1.4565 0.1608
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Table 8. Cont.

Wo{1,20}
T Wo{2,20}

T Wo{3,20}
T Wo{4,20}

T Wo{5,20}
T Wo{6,20}

T Wo{7,20}
T Wo{8,20}

T Wo{9,20}
T

0.0094 0.0033 −0.0463 0.0042 −0.0498 0.3983 0.0006 −0.1071 0.0020
0.4411 0.0346 17.1188 −0.1085 17.3914 0.0354 0.0064 33.2782 0.0292
0.0973 −0.0270 2.7412 0.0510 2.7751 −0.0103 −0.0034 5.9217 0.0063
0.1712 0.0131 6.8628 −0.0482 6.9711 −0.0132 0.0034 13.2644 0.0109
−0.0102 −0.0029 −0.3632 −0.0054 −0.3668 0.0013 0.0020 −0.7578 0.0044
−2.9476 4.7769 −0.0253 −2.9086 −0.1114 −0.6306 0.1526 3.7563 −0.8020
0.2159 −0.0590 6.0166 0.1114 6.0922 −0.0135 −0.0077 13.0098 0.0174
0.2276 0.0147 3.2497 0.1522 3.2809 −0.0734 −0.0355 9.2639 −0.1304
0.9963 −0.2739 0.4570 0.9941 0.4801 0.0119 −3.1836 0.1462 1.0923
−0.1132 0.0298 −3.2395 −0.0587 −3.2797 0.0107 0.0049 −6.9881 −0.0069
0.1847 −0.0599 0.0833 0.1828 0.0884 0.0050 −0.5951 0.0096 0.1743
−0.8833 −5.3522 −0.4634 −0.9178 −0.4692 −0.0146 −0.0175 0.0721 −8.2437
−3.1361 5.6090 −0.8346 −3.0348 −0.9597 −0.5852 0.4277 2.3422 0.0072
−0.2099 −0.0166 −7.6677 0.0454 −7.7924 −0.1153 −0.0033 −14.9043 −0.0184
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Table 9. Biases of the DSHT ANN model.

b1 b2

54.4937 12.8656
−0.3201 −6.7723
−1.0302 7.3636
2.5434 13.5084
2.2253 7.3384
−0.1183 0.0796
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Table 9. Cont.

b1 b2

−0.3830 0.4253
2.3015 6.6770
−0.5007 10.5917
−2.2028
−2.5434
−0.0039
0.4887
−1.2356
0.0896
0.5003
0.3915
1.9931
−0.0084
−2.7692

Transient State Simulator and DSHT ANN

After the creation of the computer-aided simulator to produce the transient states of
each temperature variable present in the DSHT (Tables 1 and 2), and with the support of the
ANN, an analysis was carried out based on the experimental data of seven trials previously
documented by [27], with the aim of graphically replicating its behavior and verifying that
TAB1 is superior to TEV2 due to the efficiency of the heat transfer

Figures 5–17 show the behavior of the temperatures corresponding to the generator,
condenser, evaporator, and absorber in the first and second stages of the AHT over time.
From time 0 to t0, the dynamic state of each variable is observed until the steady state
is reached. Subsequently, during the t0–t1 interval, the operating conditions are entered
into the ANN, generating the condition that maximizes the COP × GTL product in each
case. The DSHT will remain in this optimal condition until the user modifies the TAB2. In
response, the ANN will again adjust the system at t1–t2 to ensure the new maximum value
of the COP × GTL product.

Test 1:
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During the t0–t1 interval in Test 1, when entering the operating conditions into the
ANN, a reduction in the temperature of the first stage evaporator (TEV1) from 72 ◦C to
67 ◦C is observed, which optimizes the COP × GTL product. The relationship can be seen
in Figure 6, where the pink line represents a TAB2 of 106 ◦C, and the purple diamond
indicates a COP × GTL of 9.3546. The optimal point, identified by the ANN, corresponds
to a maximum value of 10.1213 (violet square). This state will be maintained until TAB2 is
reduced to 104 ◦C (a variation of 2 ◦C) at the user’s discretion, at which point the ANN will
adjust the system in the range t1–t2 to reach a new maximum of COP × GTL.
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In Test 2, the operating conditions introduced into the ANN during the t0–t1 interval
cause a decrease in TEV1, maximizing the COP × GTL product. According to Figure 8, the
pink line represents TAB2 at 106 ◦C, while the purple rhombus shows a COP × GTL of
9.9512. The ANN points out that the optimal scenario occurs when the product reaches a
maximum value of 9.9899 (violet square). This DSHT status will be maintained until TAB2
is increased to 108 ◦C, at which point ANN will adapt the system at t1–t2 to achieve the
new maximum of the COP × GTL product.
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During Test 3, between times t0 and t1, the operating conditions processed by the ANN
determined that the DSHT remained in an optimal configuration, reaching a maximum
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COP × GTL of 9.9959. This value, represented by a purple circle and a pink line (with
TAB2 set at 107 ◦C), is illustrated in Figure 10. This condition will be maintained until the
user adjusts the TAB2, reducing it by 1 ◦C. Subsequently, in the t1–t2 interval, the ANN
will readjust the system to reach a new maximum value of COP × GTL.
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During Test 4, in the t0–t1 interval, the conditions entered into the ANN generate a
decrease in TEV1 that maximizes COP × GTL. As Figure 12 shows, the pink line reflects
TAB2 at 106 ◦C, and the purple diamond indicates a COP × GTL of 9.9247. The ANN
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calculates the optimal scenario when this value reaches a maximum of 9.9441 (violet square).
The DSHT system will remain in this condition until TAB2 is increased to 108 ◦C, which will
cause the ANN to adjust the system to t1–t2 to reach the new maximum of COP × GTL.
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In Test 5, the operating conditions processed by the ANN reduce TEV1, thus maxi-
mizing the COP × GTL product in the t0–t1 range. In Figure 14, the pink line illustrates a
TAB2 of 108 ◦C, while the purple diamond shows a COP × GTL of 9.5946. According to the
ANN, the sweet spot corresponds to a maximum of 10.1096 (violet square). This condition
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will remain stable until TAB2 is adjusted to 105 ◦C, after which the ANN will modify the
system in the t1–t2 range to ensure the new maximum of the COP × GTL product.
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In Test 6, between t0–t1, the vector of conditions introduced in the ANN generates
an adjustment in TEV1, optimizing the product COP × GTL. Figure 16 illustrates this
relationship, showing the pink line for a TAB2 of 104 ◦C and a purple rhombus indicating
a COP × GTL of 9.5716. The ideal scenario is reached with a maximum value of 10.2041
(violet square), according to the ANN. The DSHT system will remain in this optimal state
until TAB2 is increased to 107 ◦C, which will trigger a new adaptation in the t1–t2 range to
maintain maximum performance.
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In Test 7, during the period t0–t1, the ANN suggests keeping the DSHT in this state,
which is where the maximum COP × GTL product is found, with a value of 10.0191. This
result, identified by a purple circle and a pink line (TAB2 set to 106 ◦C), can be seen in
Figure 18. The DSHT will continue in this condition until the user modifies the TAB2,
increasing it by 2 ◦C. Accordingly, the ANN will adjust the system again during t1–t2 to
ensure the new maximum of COP × GTL.
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It can be affirmed that using the Levenberg–Marquardt algorithm, we obtained higher
values of R for training, validation, and testing. In the case of the scaled conjugate gradient
algorithm, it can be seen in Table 10 that in our approximations, for 5, 10, 15, and 20 neurons,
the R value for the Levenberg–Marquardt algorithm was always higher and even when
we tested with 30 neurons the scaled conjugate gradient algorithm obtained its highest R
values 0.99923, 0.999248, and 0.999249 for training, validation, and testing, respectively,
without exceeding the Levenberg–Marquardt values of 0.9998414, 0.999826, and 0.999844
for training, validation, and testing, respectively, again.

Table 10. MSE and R values for the COP × GTL analyzed configurations.

Scaled Conjugate Gradient Levenberg–Marquardt

Neurons Process MSE R MSE R
5 Training 0.000439451 0.996133 0.000418619 0.996309

Validation 0.000436066 0.996147 0.000197861 0.996306
Testing 0.000432079 0.996179 0.000423703 0.996275

10 Training 0.000165692 0.99854 5.16531 × 10−5 0.999545
Validation 0.000165136 0.998552 5.83722 × 10−5 0.999486

Testing 0.000163748 0.99856 5.49637 × 10−5 0.999516
15 Training 0.000116338 0.998976 4.43622 × 10−5 0.999611

Validation 0.000119767 0.998949 4.47101 × 10−5 0.999604
Testing 0.000116829 0.99897 4.88679 × 10−5 0.999571

20 Training 0.000115385 0.998983 1.78592 × 10−5 0.999841
Validation 0.000114803 0.99899 1.97765 × 10−5 0.999826

Testing 0.000113515 0.999007 1.77207 × 10−5 0.999844
25 Training 8.73692 × 10−5 0.999230 2.84184 × 10−5 0.999751

Validation 8.56927 × 10−5 0.999248 2.78101 × 10−5 0.999754
Testing 8.54462 × 10−5 0.999249 2.78455 × 10−5 0.999755

30 Training 0.000116442 0.998975
Validation 0.000114514 0.998989

Testing 0.000115232 0.998989
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Comparing these values with the previous strategy [3] for calculating a first maxi-
mum COP × GTL in the AHT at the first stage and then based on the thermodynamic
operating conditions, a second Levenberg–Marquardt for the DSHT was calculated, shown
in Table 11, there is a variation with this new machine learning proposal. The previous
Levenberg–Marquardt configuration is shown in Figure 19.
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The results demonstrate that the R value for the new algorithm exceeds that of the
AHT/DSHT two-step calculation, particularly for the maximum value of the coefficient of
performance (COP) at the user-requested absorption temperature. A similar approach was
applied for point-to-point network integration across multiple heat sources and users [30].

4. Discussion
In 2025, there are not enough data for controlling double-stage heat transformers based

on lithium bromide absorption. There are some data for controlling the temperature in
the single-stage heat pump, but the blend was ammonia–water from 80 ◦C close to 100 ◦C
based on a one-dimensional heat exchanger falling film model [31–33], and there is no
ANN proposal on that work. Another attempt to control energy recovery has added a
compressor with a reduction of the COP and only a single stage [34–37]. Similar devices
based on absorption compression were reported for control with genetic programming
without optimal values [38].

In the literature [39], it has been established that the energy for the circulation of
liquids in the thermodynamic cycle can be considered small and insignificant, and the
flow relationship is always non-linear. Another approach to control a LiBr-H2O AHT is to
control the flow [40]. The criterion for determining where a cycle with the highest waste
heat recovery temperature can be operated to reintegrate it into the original process, with
a circular economy approach, considers that the relationship between the energy that is
recovered and the energy that is inputted, already established as COP [41] and that it
is modulated between the Gross Temperature Lift (GTL) calculated as the differences in
temperatures between the absorber and evaporator.

Reproducing with our ANN the methodology of [14] for the waste energy conditions,
but at 70 ◦C, with an environment at 20 ◦C, it can be observed in Figure 20, that it only
happens in the first stage of the thermodynamic cycle—the best condition to operate is
not at the lowest absorption temperature (which obtains the highest COP) and not at the
highest absorption temperature (which presents the lowest COP), but is at 114 ◦C, which is
the highest value of the product COP × GTL.
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Figure 20. COP and COP × GTL based on the TAB for a one-stage heat recovery cycle.
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In the case of a double stage, using our ANN, we can see the data in Figure 21 and
confirm the nonlinear behavior, reported by [14]. Furthermore, it is not possible to identify
where a DSHT should operate.
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Figure 21. Performance coefficient as a function of the flow ratio for a DSHT from [14].

In Figure 22, it can be seen that the orange line, corresponding to the methodology
presented in this work, allows the identification of the condition in which energy recovery
for the circular economy can occur, using the proposed ANN strategy. The maximum TAB2
of the double-stage heat transformer the higher value in the blue line does not indicate the
highest COP. Figure 21 shows how the highest value for FR is the lowest value for COP at
operating conditions described in Figure 22.
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Figure 23 shows that with the data calculated by the ANN, it is possible to determine
the optimized operating condition of a DSHT based not on the calculated COP [3]. The
optimization on the COP includes the calculation of the energy that can be reintegrated
into the process that disposes energy at 70 ◦C and transfers at 65 ◦C in the generators and
evaporator 1. That energy in the first stage can revalue energy at 85 ◦C, which is transferred
to evaporator 2 at 80 ◦C. The ANN calculation input determines that in the second stage,
energy is added in a second evaporator (QEV2) and therefore the highest temperature of
the DSHT is TAB2. Now, with this second stage, the energy will recover at 116 ◦C—this
theoretical calculation shows that the maximum GTL value at the highest possible COP
from waste heat is at 70 ◦C.
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Figure 23. COP and COP × GTL as a function of the TAB2 of the second stage of a DSHT.

This prediction of the maximum simultaneous values for COP and GTL was achieved
and found to be consistent with the thermodynamic values for future energy recycling. This
was after evaluating the MSE and R values for the Levenberg–Marquardt (LM) and scaled
conjugate gradient (SCG) methods, using five to thirty neurons for training, validation,
and testing, as shown in Figure 24. The highest R value, with MSE in the E-05 range, was
obtained using the Levenberg–Marquardt method with 15 neurons in the current ANN. In
this figure, the lines of the same color were obtained and compared to get the highest R
value, as Appendix A shows as a flow diagram. For the scaled conjugate gradient in our
previous work, ref. [3] with five neurons, the R value for the training was close to 0.987,
with ten being 0.993, fifteen being 0.994, and twenty being 0.992, respectively. Instead, for
Levenberg–Marquardt for this work, from five neurons, the R value goes from 0.996 to
0.999 with ten neurons, 0.9996 with fifteen neurons, asymptotic to 1.0. It is remarkable that
for 20 neurons, it is the highest R value: 0.999841, while for 25 neurons under training,
R value diminishes to 0.999751. Levenberg–Marquardt is always greater than the scaled
conjugate gradient from 0.02% to 0.10% with the same data for this study.
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Figure 24. R values for scaled conjugated gradient and Levenberg–Marquardt algorithms obtained in
this work and compared with a previous work [3].

The major improvement occurs when going from five to ten neurons for all cases,
which represents a statistical improvement thirty-two times greater compared to increasing
from ten to fifteen neurons in training, validation, and testing. From 15 to 20 neurons, the
improvement is only two times, but training, validation, and testing from 20 to 25 neurons
show a negative improvement, so the selection of neurons remains at 20 neurons.

There are several studies in the literature on the potential of absorption heat pumps in
different applications within the industrial sector. In one of these, we work on a proposal
integration of a single-state absorption heat pump in a textile industry process (ironing
process) [6], without any artificial intelligent algorithm for control; but in this natural step,
the implementation is derived from this work. Future work for this research on absorption
heat pumps will consist of evaluating whether the algorithm used in this project can be
applied to similar processes, where AHTs are already used as an alternative for energy
recovery for circular economic processes.

5. Conclusions
An ANN has been designed for a dual-stage absorption heat transformer, configured

with 20 neurons in the hidden layer, 360 weights, and 29 biases. The ANN reached a corre-
lation coefficient of 0.9998 and presented MSE values of 1.78592 × 10−5, 1.97765 × 10−5,
and 1.77207 × 10−5 for the training, validation, and testing phases, respectively. This model
allows calculating the optimal operating conditions to maximize the COP × GTL product.

A computer-aided simulator has been developed to analyze the transient and steady-
state behavior of the DSHT temperature variables over time. The tests carried out show
that the user-proposed change will cause the developed ANN to create an output vector
containing the operating conditions of higher COP × GTL, leading to an MEV1 flow output
that will mark the gradual change in the opening or closing of the servo valve.



Mach. Learn. Knowl. Extr. 2025, 7, 29 26 of 31

Using the Levenberg–Marquardt algorithm, higher R values for training, validation,
and tests of 0.061%, 0.058%, and 0.060%, respectively, have been obtained. This has resulted
in an increase in the simultaneous highest values for COP and GTL. This improvement in
energy recovery leads to taking waste energy from 70 ◦C to a useful circular economy.
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Abbreviations
The following abbreviations are used in this manuscript:

AHT Absorption heat transformer
ANN Artificial neural networks
COP Coefficient of performance (dimensionless)
DSHT Double-stage heat transformer
FR1 Flow ratio in AHT (dimensionless)
FR2 Flow ratio in DSHT (dimensionless)
GTL Gross temperature lift (K)
MEV1 Evaporator mass flow in AHT (kg/s)
MEV2 Evaporator mass flow in DSHT (kg/s)
MSE Mean squared error (kg2/s2)
QAB2 Absorption thermal power in DSHT (kW)
QGE1 Desorption thermal power in AHT (kW)
QGE2 Desorption thermal power in DSHT (kW)
QEV1 Evaporation thermal power in AHT (kW)
QEV2 Evaporation thermal power in DSHT (kW)
TCO1 Condenser temperature in AHT (◦C)
TCO2 Condenser temperature in DSHT (◦C)
TEV1 Evaporator temperature in AHT (◦C)
TEV2 Evaporator temperature in DSHT (◦C)
TAB1 Absorption temperature in AHT (◦C)
TAB2 Absorption temperature in DSHT (◦C)
R Strength of correlation (dimensionless)
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Figure A1. Flow diagram for obtaining the number of neurons in the hidden layer.
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Figure A2. Flow control diagram MEV1.



Mach. Learn. Knowl. Extr. 2025, 7, 29 29 of 31

Appendix C

Mach. Learn. Knowl. Extr. 2025, 7, x FOR PEER REVIEW 29 of 31 
 

 

Appendix C 

 

G
E

1 

A
B

1 

E
V

1 

A
B

2 

E
V

2 

G
E

2 

C
O

2 

C
O

1 



Mach. Learn. Knowl. Extr. 2025, 7, 29 30 of 31

References
1. Yuan, M.; Mathiesen, B.V.; Schneider, N.; Xia, J.; Zheng, W.; Sorknæs, P.; Lund, H.; Zhang, L. Renewable energy and waste heat

recovery in district heating systems in China: A systematic review. Energy 2024, 294, 130788. [CrossRef]
2. IEA. International Energy Agency. Available online: https://www.iea.org/reports/energy-technology-perspectives-2024 (ac-

cessed on 5 November 2024).
3. Vázquez-Aveledo, S.; Romero, R.J.; Montiel-González, M.; Cerezo, J. Control Strategy Based on Artificial Intelligence for a

Double-Stage Absorption Heat Transformer. Processes 2023, 11, 1632. [CrossRef]
4. Cudok, F.; Giannetti, N.; Ciganda, J.L.C.; Aoyama, J.; Babu, P.; Coronas, A.; Ziegler, F. Absorption heat transformer-state-of-the-art

of industrial applications. Renew. Sustain. Energy Rev. 2021, 141, 110757. [CrossRef]
5. Romero, R.J.; Cerezo, J.; Rodríguez-Martínez, A.; Montiel, M. Absorption Heat Transformer for Solar Pond Energy Temperature

Upgrading. Chem. Eng. Trans. 2021, 86, 703–708. [CrossRef]
6. Morales-Gómez, L.I.; Romero, R.J.; Vázquez-Aveledo, S.; Montiel-González, M.; Best, R. Energy and environmental study for

the textile industry based on absorption heat transformer. Energy Sources Part A Recovery Util. Environ. Eff. 2023, 45, 5594–5607.
[CrossRef]

7. Bora, R.; Richardson, R.; You, F. Resource recovery and waste-to-energy from wastewater sludge via thermochemical conversion
technologies in support of circular economy: A comprehensive review. BMC Chem. Eng. 2020, 2, 8. [CrossRef]

8. Chen, H.; Song, X.; Jian, Y. Performance Assessment of a Municipal Solid Waste Gasification and Power Generation System
Integrated with Absorption Heat Pump Drying. Energies 2024, 17, 6034. [CrossRef]

9. Cai, X.; Wang, Z.; Han, Y.; Su, W. Study on the Performance of a Novel Double-Section Full-Open Absorption Heat Pump for Flue
Gas Waste Heat Recovery. Processes 2024, 12, 2181. [CrossRef]

10. Sun, D.; Liu, Z.; Zhang, H.; Zhang, X. Performance Analysis of a New Cogeneration System with Efficient Utilization of Waste
Heat Resources and Energy Conversion Capabilities. Energies 2024, 17, 3347. [CrossRef]

11. Kabiesz, J.; Kubica, R. Optimizing the Recovery of Latent Heat of Condensation from the Flue Gas Stream through the Combustion
of Solid Biomass with a High Moisture Content. Energies 2024, 17, 1670. [CrossRef]

12. Payá, J.; Cazorla-Marín, A.; Arpagaus, C.; Corrales Ciganda, J.L.; Hassan, A.H. Low-Pressure Steam Generation with Concen-
trating Solar Energy and Different Heat Upgrade Technologies: Potential in the European Industry. Sustainability 2024, 16, 1733.
[CrossRef]

13. Abbas, T.; Chen, S.; Zhang, X.; Wang, Z. Coordinated Optimization of Hydrogen-Integrated Energy Hubs with Demand
Response-Enabled Energy Sharing. Processes 2024, 12, 1338. [CrossRef]

14. Sotelo, S.S.; Romero, J.R.; Romero, J.R.; Rodríguez-Martínez, A. Double Stage Heat Transformer Controlled by Flow Ratio. In Inno-
vations in Computing Sciences and Software Engineering: Proceedings of the 2009 International Conference on Systems, Computing Sciences
and Software Engineering (SCSS), CISSE 09, Bridgeport, CT, USA, 4–12 December 2009; Springer: Dordrecht, The Netherlands, 2009.
[CrossRef]

15. Sajid, M.; Tanveer, M.; Suganthan, P. Ensemble Deep Random Vector Functional Link Neural Network Based on Fuzzy Inference
System. IEEE Trans. Fuzzy Syst. 2024, 33, 479–490. [CrossRef]

16. Dengiz, T.; Kleinebrahm, M. Imitation learning with artificial neural networks for demand response with a heuristic control
approach for heat pumps. Energy AI 2024, 18, 100441. [CrossRef]

17. Rohrer, T.; Frison, L.; Kaupenjohann, L.; Scharf, K.; Hergenrother, E. Deep Reinforcement Learning for Heat Pump Control.
In Intelligent Computing. SAI 2023; Arai, K., Ed.; Lecture Notes in Networks and Systems; Springer: Cham, Swizterland, 2023;
Volume 711. [CrossRef]

18. Manjavacas, A.; Campoy-Nieves, A.; Jiménez-Raboso, J.; Molina-Solana, M.; Gómez-Romero, J. An experimental evaluation of
deep reinforcement learning algorithms for HVAC control. Artif. Intell. Rev. 2024, 57, 173. [CrossRef]

19. Sajadi, P.; Rahmani, D.; Mostafa; Tang, Y.; Wang, G. Real-Time Two-Dimensional Temperature Field Prediction in Metal Additive
Manufacturing Using Physics-Informed Neural Networks. arXiv 2024, arXiv:2401.02403. [CrossRef]

20. Yarahmadi, A.M.; Breuß, M.; Hartmann, C. Long Short-Term Memory Neural Network for Temperature Prediction in Laser
Powder Bed Additive Manufacturing. In Intelligent Systems and Applications; Arai, K., Ed.; Lecture Notes in Networks and Systems;
Springer: Cham, Swizterland, 2023; Volume 544. [CrossRef]

21. Muravyev, N.V.; Luciano, G.; Ornaghi, H.L., Jr.; Svoboda, R.; Vyazovkin, S. Artificial Neural Networks for Pyrolysis, Thermal
Analysis, and Thermokinetic Studies: The Status Quo. Molecules 2021, 26, 3727. [CrossRef]

22. Zhang, T.; Chen, L.; Wang, J. Multi-objective optimization of elliptical tube fin heat exchangers based on neural networks and
genetic algorithm. Energy 2023, 269, 126729. [CrossRef]

23. Khan, J.; Lee, E.; Kim, K. A higher prediction accuracy–based alpha–beta filter algorithm using the feedforward artificial neural
network. CAAI Trans. Intell. Technol. 2023, 8, 1124–1139. [CrossRef]

24. Villada, F.; Muñoz, N.; García-Quintero, E. Artificial Neural Networks applied to Gold Price Prediction. Inf. Tecnol. 2016, 27,
143–150. [CrossRef]

https://doi.org/10.1016/j.energy.2024.130788
https://www.iea.org/reports/energy-technology-perspectives-2024
https://doi.org/10.3390/pr11061632
https://doi.org/10.1016/j.rser.2021.110757
https://doi.org/10.3303/CET2186118
https://doi.org/10.1080/15567036.2023.2208544
https://doi.org/10.1186/s42480-020-00031-3
https://doi.org/10.3390/en17236034
https://doi.org/10.3390/pr12102181
https://doi.org/10.3390/en17133347
https://doi.org/10.3390/en17071670
https://doi.org/10.3390/su16051733
https://doi.org/10.3390/pr12071338
https://doi.org/10.1007/978-90-481-9112-3_100
https://doi.org/10.1109/TFUZZ.2024.3411614
https://doi.org/10.1016/j.egyai.2024.100441
https://doi.org/10.1007/978-3-031-37717-4_29
https://doi.org/10.1007/s10462-024-10819-x
https://doi.org/10.48550/arXiv.2401.02403
https://doi.org/10.1007/978-3-031-16075-2_8
https://doi.org/10.3390/molecules26123727
https://doi.org/10.1016/j.energy.2023.126729
https://doi.org/10.1049/cit2.12148
https://doi.org/10.4067/S0718-07642016000500016


Mach. Learn. Knowl. Extr. 2025, 7, 29 31 of 31

25. The MathWorks, Inc. Available online: https://es.mathworks.com/products/deep-learning.html (accessed on 10 May 2024).
26. Mishra, S.; Prusty, R.; Hota, P. Analysis of Levenberg-Marquardt and Scaled Conjugate gradient training algorithms for artificial

neural network-based LS and MMSE estimated channel equalizers. In Proceedings of the International Conference on Man and
Machine Interfacing, Bhubaneswar, India, 17–19 December 2015. [CrossRef]

27. Valdez, C.V. Design and Modelling of a Two-Stage Thermal Transformer for Waste Heat Recovery with Automatic Control
Depending on the Energy to be Revalued. PhD Thesis, Autonomous University of the State of Morelos, Cuernavaca, MR, Mexic,
2019. Available online: http://riaa.uaem.mx/handle/20.500.12055/712 (accessed on 6 January 2025).

28. Mantech Electronics. Water Flow Sensor Tutorial. Available online: https://naylampmechatronics.com/sensores-liquido/352-
sensor-de-flujo-de-agua-2-yf-dn50.html (accessed on 19 September 2024).

29. Heptro. Available online: https://hetpro-store.com/TUTORIALES/pines-arduino/ (accessed on 10 April 2024).
30. Wu, W.; Du, Y.; Qian, H.; Fan, H.; Jiang, Z.; Zhang, X.; Huang, S. Enhancing the waste heat utilization of industrial park: A

heat pump-centric network integration approach for multiple heat sources and users. Energy Convers. Manag. 2024, 306, 118306.
[CrossRef]

31. Collignon, R.; Demasles, H.; Phan, H.T. Modeling of an Ammonia/Water Absorption Heat Transformer to upgrade low-
temperature industrial waste heat both at machine scale and at local scale inside the falling film absorber. Therm. Sci. Eng. Prog.
2025, 59, 103302.

32. Shen, Z.; Li, S.; Feng, L.; Jin, Z.; Du, K.; Li, Y.; Sheng, W. Performance research of a solution cross-type absorption-resorption heat
transformer using NH3/H2O work fluid. Appl. Therm. Eng. 2024, 246, 122874.

33. Jin, P.; Li, S.; Jin, Z.; Li, Y. Thermodynamic analysis of an ammonia-water double absorption-resorption heat transformer system.
Appl. Therm. Eng. 2024, 247, 123130.

34. Gong, Y.; Liu, F.; Sui, J.; Wang, X.; Jin, H. Thermodynamic performance comparison of H2O/LiBr and ionic liquid working pairs
in a novel absorption compression heat transformer system. Therm. Sci. Eng. Prog. 2025, 57, 103115.

35. Sun, X.; Liu, L.; Zhang, T.; Dai, Y. Multi-objective optimization of a Rectisol process integrated with compression-absorption
cascade refrigeration system and ORC for waste heat recovery. Appl. Therm. Eng. 2024, 244, 122611. [CrossRef]

36. Ji, Q.; Yin, Y.; Huang, G.; Zhao, D.; Cao, B. An advanced cascade method for optimal industrial heating performance in hybrid
heat pump. Energy Convers. Manag. 2024, 303, 118187. [CrossRef]

37. Liu, Y.; Qu, S.; Shen, S.; Feng, Y.; Sun, T.; Wang, C.; Xing, Z. Experimental investigation on the large temperature lift heat pump
with an integrated two-stage independently variable frequency compressor. Energy 2025, 314, 134289. [CrossRef]

38. Wei, J.; Wu, D.; Wang, R. A Multi-Objective evolutionary algorithm-based optimization framework for hybrid absorption-
compression heat pump systems. Appl. Energy 2025, 382, 125228.

39. Romero, R.J.; Cerezo, J.; Martínez, A.R.; Luna, G.H.; Montiel-González, M. On the dimensionless absorption heat pump
widespread. J. Adv. Therm. Sci. Res. 2021, 8, 10–20. [CrossRef]

40. Liu, Z.; Lu, D.; Tao, S.; Chen, R.; Gong, M. Experimental study on using 85◦ C low-grade heat to generate < 120◦ C steam by a
temperature-distributed absorption heat transformer. Energy 2024, 299, 131491. [CrossRef]

41. Valdez, V.; Romero, J.R. Optimal design criterion for Heat Transformer operating with Water Carrol. In Proceedings of the Fourth
International Conference on Advances in Mechanical and Automation Engineering—MAE 2016, Rome, Italy, 19 August 2016;
p. 63. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://es.mathworks.com/products/deep-learning.html
https://doi.org/10.1109/MAMI.2015.7456617
http://riaa.uaem.mx/handle/20.500.12055/712
https://naylampmechatronics.com/sensores-liquido/352-sensor-de-flujo-de-agua-2-yf-dn50.html
https://naylampmechatronics.com/sensores-liquido/352-sensor-de-flujo-de-agua-2-yf-dn50.html
https://hetpro-store.com/TUTORIALES/pines-arduino/
https://doi.org/10.1016/j.enconman.2024.118306
https://doi.org/10.1016/j.applthermaleng.2024.122611
https://doi.org/10.1016/j.enconman.2024.118187
https://doi.org/10.1016/j.energy.2024.134289
https://doi.org/10.15377/2409-5761.2021.08.2
https://doi.org/10.1016/j.energy.2024.131491
https://doi.org/10.15224/978-1-63248-102-3-63

	Introduction 
	Materials and Methods 
	Signal Characterization 
	Artificial Neural Networks 
	Hardware and Software 
	Automatization for Flow Control 
	Flow Sensor 
	Arduino® UNO Interface 
	Data Acquisition 
	Visual Engineering Environment Software 


	Results 
	Discussion 
	Conclusions 
	Appendix A
	Appendix B
	Appendix C
	References

