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ABSTRACT: This article presents an adaptive intelligent control strategy applied to a lumped-parameter evaporator
model, i.e., a simplified dynamic representation treating the evaporator as a single thermal node with uniform
temperature distribution, suitable for control design due to its balance between physical fidelity and computational
simplicity. The controller uses a wavelet-based neural proportional, integral, derivative (PID) controller with IIR
filtering (infinite impulse response). The dynamic model captures the essential heat and mass transfer phenomena
through a nonlinear energy balance, where the cooling capacity “Qev a p” is expressed as a non-linear function of
the compressor frequency and the temperature difference, specifically, Qev a p = k1 u (Tin − T e) with u as compressor
frequency, Te evaporator temperature, and Tin inlet fluid temperature. The operating conditions of the system, in
general terms, focus on the following variables, the overall thermal capacity is 1000 J/K, typical for small-capacity
heat exchangers, The mass flow is 0.05 kg/s, typical for secondary liquid cooling circuits, the overall loss coefficient
of 50 W/K that corresponds to small evaporators with partial insulation, the temperatures (inlet) of 10○C and the
temperature of environment of 25○C, thermal load of 200 W that corresponds to a small-scaled air conditioning
applications. To handle system nonlinearities and improve control performance, a Morlet wavelet-based neural network
(Wavenet) is used to dynamically adjust the PID gains online. An IIR filter is incorporated to smooth the adaptive
gains, improving stability and reducing oscillations. In contrast to prior wavelet- or neural-adaptive PID controllers in
HVAC applications, which typically adjust gains without explicit filtering or not tailored to evaporator dynamics, this
work introduces the first PID–Wavenet scheme augmented with an IIR-based stabilization layer, specifically designed to
address the combined challenges of nonlinear evaporator behavior, gain oscillation, and real-time implementability. The
proposed controller (PID-Wavenet+IIR) is implemented and validated in MATLAB/Simulink, demonstrating superior
performance compared to a conventional PID tuned using Simulink’s auto-tuning function. Key results include a
reduction in settling time from 13.3 to 8.2 s, a reduction in overshoot from 3.5% to 0.8%, a reduction in steady-state
error from 0.12○C to 0.02○C and a 13% reduction in energy overall consumption. The controller also exhibits greater
robustness and adaptability under varying thermal loads. This explicit integration of wavelet-driven adaptation with
IIR-filtered gain shaping constitutes the main methodological contribution and novelty of the work. These findings
validate the effectiveness of the wavelet-based adaptive approach for advanced thermal management in refrigeration
and HVAC systems, with potential applications in controlling variable-speed compressors, liquid chillers, and compact
cooling units.
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1 Introduction
The dynamic modeling and control of evaporators have been extensively studied due to their fundamen-

tal role in refrigeration and thermal energy conversion systems. Classical approaches are based on lumped
parameter models, these assume spatially uniform thermodynamic states, and have proven effective for
control-oriented simulation [1–5]. These models capture the dominant dynamics of heat and mass transfer
using simplified energy balance equations, facilitating controller design and real-time implementation.
Gruhle and Isermann [1] introduced one of the first dynamic formulations for refrigerant evaporators,
while Young [3] extended concentrated and distributed modeling to rising film evaporators. Later studies,
such as those of Kam and Tadé [6] and To et al. [7], explored nonlinear control strategies in multi-effect
evaporator systems, highlighting the strong interdependence between process variables. In a more recent
development, Canela-Sánchez et al. [8] advanced these simulation approaches by developing high-fidelity
dynamic models for helical falling-film evaporators, demonstrating that accurate nonlinear modeling is
essential for improving both the design and the operational performance of complex heat transfer systems.

In recent years, lumped parameter modeling has remained a practical tool for analyzing thermal systems
with significant transient behavior. Mansour & Hassab [4] developed a lumped thermal model of a direct
expansion (DX) evaporator under partially and fully wet conditions, allowing highly accurate prediction of
its performance under varying loads. Similarly, Bojnourd et al. [9] proposed a dynamic model of falling-
films with multiple effects applied to milk powder production, highlighting the importance of the nonlinear
coupling between the heat and the mass transfer processes. This work demonstrates that simplified models
can effectively represent the essential dynamics required for control and optimization purposes.

Beyond physical modeling, evaporator control methodologies have evolved from classic PID controllers
and multivariable optimization strategies [10] to nonlinear and adaptive schemes. However, conventional
controllers face limitations when the process exhibits parameter variations or nonlinear thermal behav-
ior [6,7,11]. To address these limitations, it is proposed the use of intelligent control techniques which
integrate artificial intelligence methods and wavelet-based spectral analysis.

Intelligent control approaches based on wavelets and neural networks have shown promising results
in improving the robustness and adaptability of systems. For instance, Wang et al. [12] demonstrated the
effectiveness of wavelet neural networks in predicting delays and adjusting PID parameters in networked
control systems. Jahedi and Ardehali [13] applied a wavelet-based neural network to improve the energy
efficiency of decoupled HVAC systems by decomposing transient temperature and airflow signals. Similarly,
Khan and Rahman [14] proposed a self-tuning neuro-wavelet controller for permanent magnet synchronous
motors, demonstrating superior adaptation and disturbance rejection capabilities compared to conventional
schemes. More recently, Kanungo et al. [15] developed a wavelet-based adaptive fuzzy PID controller for
BLDC motors, achieving fast and stable responses under non linear conditions. In more recent work, Liu
et al. [16] advanced this adaptive framework by implementing a B-spline wavelet neural network (BSWNN)
control for motor-driven systems. Their approach utilizes a novel gradient descent algorithm to dynamically
update the wavelet parameters, ensuring robust tracking performance and stability even under significant
system uncertainties and actuator saturation constraints.

2 Materials and Method
Motivated by these advances, the present work proposes an intelligent adaptive control strategy for

improving the dynamic behavior of evaporator systems operating under nonlinear thermal conditions. The
approach integrates a lumped-parameter transient model of the evaporator with a Wavelet-based neural
PID architecture enhanced by an IIR filtering layer. The Wavenet structure provides online gain adaptation
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capable of capturing nonlinear temperature dynamics, while the IIR filter ensures smooth and stable gain
evolution by attenuating rapid oscillations typical of adaptive schemes.

This formulation is consistent with established lumped-parameter modeling frameworks employed in
the literature, where evaporator dynamics are represented using homogeneous temperature assumptions and
dominant heat–mass transfer phenomena are captured through simplified energy balances [17,18]. Within
this modeling approach, the cooling capacity term Qev a p represents the combined nonlinear effects of heat
transfer and refrigerant–fluid interaction, while thermal capacitance Ce and ambient losses UAe determine
the transient response governed by the system’s thermal inertia.

In the context of refrigeration applications, the evaporator forms one of the principal components of
the vapor-compression cycle—alongside the compressor, condenser, and expansion valve—responsible for
absorbing heat from the secondary fluid [19]. This work focuses on improving the control of this subsystem
by employing a Wavelet-neural PID structure designed to regulate evaporator outlet temperature through
compressor-frequency modulation. The detailed model formulation, simulation platform, and comparison
with a classical auto-tuned PID controller are presented in the following section.

Fig. 1 shows a vapor-compression refrigeration cycle, which is an essential thermodynamic system in
refrigeration and HVAC (heating, ventilation, and air conditioning) applications. The system consists of four
components that process the refrigerant in a closed cycle: the compressor compresses the low-pressure vapor
refrigerant, increasing its pressure and temperature; the condenser cools and condenses the vapor into a
high-pressure liquid; the expansion valve reduces the pressure and temperature of the liquid, converting it
into a mixture of liquid and vapor; and the evaporator completely evaporates the refrigerant by absorbing
heat, returning it to the initial state to restart the cycle.

Figure 1: Schematic diagram of the cooling system.
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2.1 Mathematical Model
The control design is based on a lumped-parameter dynamic model of the evaporator. This modeling

approach treats the heat exchanger as a single control volume with a uniform temperature (Te), which is
a common and appropriate simplification for capturing the dominant first-order dynamics essential for
feedback control design. Key assumptions include uniform refrigerant distribution, negligible pressure drop
dynamics, and a single-phase heat transfer regime for the secondary fluid. The core of the model is a nonlinear
energy balance:

Ce
dTe(t)

dt
= ṁcp(Tin − Te(t)) + Qev a p(u(t), Te(t), Tin) −UAe(Te(t) − Tamb) − Ql oad(t) (1)

where Te , Tin and Tamb are the temperatures of the evaporator outlet, the inlet fluid and the environment
temperature in [○C], respectively, Ql oad is the thermal load [W], Ce is the overall thermal capacity [J/K],
UAe is the overall loss coefficient [W/K]. The cooling capacity Qev a p [W] is a nonlinear function of
the manipulated variable u [Hz] (compressor frequency), primarily driven by the log-mean temperature
difference (LMTD) across the evaporator coil. For controller synthesis, this relationship is generically
represented as Qev a p(u(t), Te(t), Tin). A typical phenomenological form is given by Qev a p = η ⋅ u(t) ⋅
LMTD(Te , Tin), where η is a lumped efficiency coefficient. The specific form of this function used for the
simulated system is detailed in section 2.3.

2.2 Proposed Variables and Values
The parameters used in the simulation were selected based on typical values reported in the literature for

small-scale evaporators (refrigeration and air conditioning systems). Table 1 summarizes the adopted values.

Table 1: Proposed values of the model variables.

Variable Description Proposed Value
Ce Overall thermal capacity 1000 J/K

mdot Mass flow 0.05 kg/s
cp Specific heat 4180 J/kg⋅K

UAe Overall loss coefficient 50 W/K
Tin Inlet temperature 10○C

Tamb Ambient temperature 25○C
Ql oad Thermal load 200 W

u Compressor frequency 50 Hz
k1 Evaporator efficiency coefficient 8 W/HzK

Te(0) Initial condition de Te 10.8○C
Tref Reference temperature 10○C

The proposed values are justified as follows:

• Overall thermal capacity Ce : It was selected 1000 J/K as a representative value for compact heat
exchangers of small capacity, considering the thermal inertia of the metallic material and the refrigerant
contained [20].

• Mass flow ṁ and specific heat cp: The flow of 0.05 kg/s corresponds to typical conditions in secondary
liquid cooling circuits, while the value of cp = 4180 J/kg⋅K was adopted from liquid water at room
temperature [21].
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• Overall loss coefficient UAe : The value 50 W/K falls within the range of thermal losses in small
evaporators with partial insulation [22].

• Temperatures Tin y Tamb : Operating conditions were considered under light refrigeration experimental
tests, with an inlet temperature of 10○C and an environment of 25○C [23].

• Thermal load Ql oad : was adopted 200 W as a representative value for moderate loads in small-scale
experimental air conditioning applications [23].

• Coefficient k1: The value k1 = 8 W/HzK is calculated in Section 4 from nominal operating conditions
and is consistent with the efficiencies reported in simplified evaporator models [24].

2.3 Cooling Power “Qev a p”
Several authors propose simplified models of cooling power as a function of compressor frequency and

temperature difference in the evaporator, since this type of approximation allows the dynamic performance
to be represented in a compact way [22,24]. Under this approach, the following expression is adopted:

Qev a p(u, Te , Tin) = k1 u (Tin − Te) (2)

where k1 is an adjustable coefficient that represents the efficiency of the evaporator.
To estimate the value of k1, a nominal operating condition is considered at a compressor frequency of

u = 50 Hz

and with a typical thermal jump of

(Tin − Te) ≈ 2 ○C,

the evaporator is capable of supplying approximately

Qev a p ≈ 800 W,

representative value of partial loads in light refrigeration equipment [23].
Substituting these values into the proposed model:

Qev a p = k1 u (Tin − Te) (3)
800 = k1 ⋅ 50 ⋅ 2 (4)

it is obtained:

k1 =
800

50 ⋅ 2 = 8 W/HzK. (5)

this value is inserted for Simulink simulations, as it falls within the expected range for the overall efficiency
of a small evaporator under nominal conditions [22,24].

2.4 Initial Condition and Reference Temperature
To determine the initial conditions of the outlet temperature Te(0), start from the steady-state energy

balance of the evaporator, where the time derivative is zero:

0 = ṁcp(Tin − Te(0)) + Qev a p(u, Te(0), Tin) −UAe(Te(0) − Tamb) − Ql oad (6)
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Substituting the cooling capacity model Qev a p = k1 u (Tin − Te(0)):

0 = ṁcp(Tin − Te(0)) + k1u(Tin − Te(0)) −UAe(Te(0) − Tamb) − Ql oad (7)

The terms are grouped as follows:

(ṁcp + k1u +UAe)Te(0) = (ṁcp + k1u(t)Tin +UAe Tamb − Ql oad (8)

Finally, clearing Te(0):

Te(0) =
(ṁcp + k1u)Tin +UAe Tamb − Ql oad

ṁcp + k1u +UAe
(9)

Substituting the proposed values: ṁ = 0.05 kg/s, cp = 4180 J/kgK, k1 = 8 W/HzK, u = 50 Hz, UAe =
50 W/K, Tin = 10○C, Tamb = 25○C, Ql oad = 200 W, it is obtained:

Te(0) ≈ 10.8 ○C (10)

Physically, establishing Tref = 10○C is consistent with the conditions of the model, given that:

• The fluid inlet temperature is also 10○C, which implies that the system seeks to achieve thermal
equilibrium without the need to supercool the fluid.

• In compact evaporators with low flow rates and moderate loads, the difference between the inlet and
outlet temperature is usually less than 1○C when the system operates under quasi-steady state conditions.

• Since the dynamic model does not consider additional losses due to refrigerant expansion or sub-
cooling, a reference equal to the inlet temperature represents a stable and physically plausible equilibrium
point for validating the performance of the Wavenet PID controller under nominal conditions.

2.5 Model Simplifications and Limitations
The proposed lumped evaporator model was developed under several simplifying assumptions to

enable a tractable, yet representative, dynamic description suitable for control design. The model assumes
uniform thermodynamic properties and flow conditions throughout the volume of the evaporator, neglecting
spatial gradients of temperature, pressure, and refrigerant quality. The phase equilibrium between liquid
and vapor is considered instantaneous, and thermal losses to the surroundings are neglected. Moreover,
the thermophysical properties of the working fluid are treated as constant or evaluated under average
operating conditions.

These simplifications allow the model to capture the dominant dynamics of the heat exchange process
while maintaining computational efficiency, which is essential for real-time adaptive control. Nevertheless,
they also introduce certain limitations. The model cannot fully represent distributed effects such as poor
two-phase flow distribution, local dry-out phenomena, or transient heat transfer delays. Although the
present study relies on numerical simulation via MATLAB/Simulink, the utilized lumped-parameter model
is rigorously derived from fundamental conservation principles. The parameters and initial conditions
listed in Table 1 are selected to represent a nominal operating point typical of small-scale evaporators
found in literature. Consequently, these simulations serve as a critical proof-of-concept to validate the
learning capability and transient stability of the proposed adaptive Wavelet-PID controller. Verifying that the
algorithm can successfully converge and stabilize the system from these initial conditions without inducing
dangerous oscillations or instability is a mandatory safety prerequisite prior to any physical deployment in a
real refrigeration cycle.
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3 Wavelet-Based Neural Proportional Integral Derivative (PID) Controller with IIR Filtering
The system being evaluated corresponds to the adaptive control of the evaporator outlet temperature,

using a Morlet wavelet-based neuronal PID scheme. The goal is to regulate Te(t) around the reference Tre f
by adapting the control signal u(t) facing thermal variations of the process.

3.1 Morlet Wavelet-Based Adaptive PID Controller Formulation
The control structure is based on the classic PID equation:

u(t) = Kpe(t) + Ki ∫
t

0
e(τ) dτ + Kd

de(t)
dt

(11)

In the proposed approach, the gains Kp, Ki , and Kd are dynamically adjusted using a neural network
based on Morlet wavelet basis functions, which capture local error patterns and improve the adaptive
response of the system, following the principles described in [25,26].

Each neuron in the Wavenet uses the Morlet activation function:

ψi(t) = cos(ω0t) e−t2/2 (12)

The approximate output of the neural network is expressed as:

f̂ (t) =
N
∑
i=1

wi ψi (
t − bi

ai
) (13)

where wi are the synaptic weights, ai the dilation parameters, and bi the translation parameters. The mean
squared error of the system is defined as:

E(t) = 1
2
[Tre f − Te(t)]2 (14)

Online learning of parameters is carried out according to the gradient-descent adaptation law:

wi(t + 1) = wi(t) − ηw
∂E
∂wi

(15)

ai(t + 1) = ai(t) − ηa
∂E
∂ai

(16)

bi(t + 1) = bi(t) − ηb
∂E
∂bi

(17)

where ηw , ηa , and ηb represent the learning rates. This adaptation mechanism, derived and validated
in previous works [25,26], provides the controller with robust adaptive properties against unmodeled
disturbances. The detailed steps of the learning procedure follow standard formulations from the cited
literature; therefore, no explicit pseudo-code or algorithmic diagram is included here.

3.2 IIR Filter Coupled to the Wavenet Network
To smooth out rapid variations in adaptive gains generated by the Wavenet network (Kp, Ki , Kd ), a

second-order IIR filter was implemented [27,28]. The discrete filter equation applied to each gain is as follows:

K̂[n] = C0K[n] + C1K[n − 1] + C2K[n − 2] + C3K[n − 3] − D1K̂[n − 1] − D2K̂[n − 2] (18)
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where:

• K[n] is the adaptive gain generated by the Wavenet network at instant n.
• K̂[n] is the filtered gain applied to the PID controller.
• C0, C1 , C2, C3 are the feedforward coefficients of the filter [27].
• D1 , D2 are the feedback coefficients of the filter [28].

This filtering ensures smoother adaptation of the gains, preventing abrupt oscillations that could induce
overshoots or noise in the control signal u(t). The selection of coefficients guaranties discrete-time stability
and a suitable dynamic response [27,28]. In addition, the initial values of these coefficients were chosen
through a practical trial–and–error procedure, and the Wavenet subsequently refines them during operation.
This coupling is theoretically justified because the IIR filter provides fast smoothing of abrupt variations,
while the Wavenet performs slower nonlinear adaptation. The result is a two–time–scale learning structure
in which the filter maintains smooth bounded gains and the Wavenet converges toward the estimated control
model, effectively prioritizing neurons with the highest contribution [29].

3.3 Wavelet Neural Network Structure and Learning Parameters
The adaptive controller employs a Wavelet Neural Network (WNN) with three neurons in the hidden

layer, using wavelet activation functions to represent the nonlinear mapping between system states and the
control signal. The initial parameters and learning rates are summarized in Table 2.

Table 2: Initial parameters and learning rates of the Wavelet Neural Network (WNN).

Parameter Symbol/Value Description
Number of neurons N = 3 Hidden-layer neurons

Initial weights W = zeros(K , 1) Synaptic weight vector
Initial dilation factors a = [10, 10, 10]T Scaling parameters of wavelets

Initial translation factors b = [3/K , 3/K , 3/K]T Translation parameters of wavelets
Initial IIR coefficients C = [0.1, 0.05, 0, 0.15]T , D = [0, 0]T Filter coefficients estimated by WNN
Learning rate for W ηW = 5 × 10−6 Synaptic weight update rate
Learning rate for b ηb = 5 × 10−7 Translation parameter update rate
Learning rate for a ηa = 5 × 10−8 Dilation parameter update rate
Learning rate for C ηC = 5 × 10−14 IIR numerator coefficient update rate
Learning rate for D ηD = 5 × 10−15 IIR denominator coefficient update rate

Each neuron has an adjustable synaptic weight Wi and two wavelet parameters: the dilation factor ai
and the translation factor bi . The network also estimates the coefficients of the IIR filter (C0, C1, C2, C3,
D1, D2), allowing the controller to adaptively modify its filtering properties based on the dynamic behavior
of the system while simultaneously refining the smoothing characteristics of the filter. This joint learning
mechanism is consistent with two–time–scale adaptation strategies, where the IIR filter attenuates fast
variations and the Wavenet captures slower nonlinear trends, improving convergence and robustness [29].

The adaptation process follows a gradient-based learning algorithm that minimizes instantaneous
control error. Different learning rates are assigned to each parameter group to balance convergence speed and
stability. The IIR filter coefficients (C0, C1, C2, C3, D1, D2) are dynamically estimated by the neural network,
improving the robustness to measurement noise and unmodeled dynamics while maintaining the adaptive
characteristics of the controller.
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3.4 Classical PID Controller
The option auto-tuning was used for a PID(S) block in Simulink, with the same mathematical equation

shown in Eq. (11) to obtain the optimal parameters. The resulting values are shown in Tables 3 and 4:

Table 3: Controller parameters.

Tuned Block
P −54.1302 −54.1302
I −28.0226 −28.0226
D 7.59 7.59
N 0.97926 0.97926
b 0.030254 0.030254
c 0.22033 0.22033

Table 4: Performance and robustness.

Tuned Block
Rise time 5.02 s 5.02 s

Settling time 13.3 s 13.3 s
Overshoot 3.54% 3.54%

Peak 1.04 1.04
Gain margin Inf dB @ NaN rad/s Inf dB @ NaN rad/s
Phase margin 69 deg @ 0.461 rad/s 69 deg @ 0.461 rad/s

Closed-loop stability Stable Stable

These results show that the tuned PID achieves fast response times and closed-loop stability, while the
conventional PID block performs slower due to the limitation of initial parameters.

4 Results
The simulation results presented in this section correspond to a single deterministic execution of

the proposed evaporator control model. Because the dynamic equations are purely deterministic and
do not include stochastic components or measurement noise, the simulation produces identical results
under the same initial and boundary conditions. Therefore, the reported results are representative of the
intrinsic dynamic behavior of the system, and statistical dispersion measures such as mean values, standard
deviations, or error bars are not included. This deterministic approach enables a clear assessment of the
transient and steady-state performance of the control strategies without the influence of random variability.
It should be noted that the current study focuses exclusively on numerical validation; future work will
address experimental implementation of the proposed PID-Wavenet with IIR filtering to verify its real-time
performance under physical uncertainties and external disturbances.

4.1 Morlet Wavelet-Based Adaptive PID Controller Simulation Results
Fig. 2 shows the temporal evolution of the outlet temperature Te(t), where the system smoothly

converges towards Tre f without significant overshoot. Fig. 3 illustrates the tracking error e(t), which
tends to zero rapidly, demonstrating the ability of the model based on wavelets Morlet to minimize the
error dynamically.
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Figure 2: Evolution of the outlet temperature Te(t) controlled by the PID-Wavenet.

Figure 3: Tracking error e(t).

Fig. 4 presents the control signal u(t)within the operating range (0–25 3,000 Hz),guaranteeing stability
without saturation. Figs. 5 and 6 show the evolution of the dilation parameters ai(t) and translation
bi(t) of the three neurons, which stabilize after the initial learning phase, indicating convergence of the
neural network.
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Figure 4: Control signal u(t) generated by the adaptive PID.

Figure 5: Evolution of the dilation parameters ai(t) of the three neurons.
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Figure 6: Evolution of the translation parameters bi(t) of the three neurons.

Fig. 7 reflects the evolution of the weights wi(t), which converge to stable values after a brief transient
period. Fig. 8 shows the variation in the gains Kp, Ki y Kd , these values stabilize after the tuning process,
validating the performance of the adaptive controller. Figs. 9 and 10 show the stability of feedforward
y feedback coefficients, that ensures robustness against external disturbances. Fig. 11 shows the model
identification error, indicating the accuracy of the Wavenet-based estimator.

Figure 7: Evolution of the weights wi(t).
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Figure 8: Adaptive gains Kp , Ki y Kd .

Figure 9: Feedforward coefficients ci(t).
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Figure 10: Feedback coefficients di(t).

Figure 11: Model identification error T̂e(t).
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4.2 Classical PID Controller Simulation Results
Outlet temperature Te(t):
Fig. 12 shows the evolution of the evaporator outlet temperature over time. It can be seen that Te(t)

gradually approaches the reference Tref in an exponentially decreasing manner. This behavior can be
interpreted as follows:
• The initial temperature Te(0) it is above the reference, generating an initial error that triggers rapid

PID action.
• As Te(t) approaches the reference, the rate of change gradually decreases, indicating a settle time typical

of a first-order system.
• The temperature finally stabilizes at the reference, confirming that the system reaches a stable ther-

mal equilibrium.

Figure 12: Evaporator outlet temperature.

In summary, the figure shows that the PID controller manages to regulate the output temperature
efficiently and stably.

Tracking error e(t):
Fig. 13 shows the evolution of the error e(t) = Tref − Te(t). The error decreases exponentially to values

close to zero. This can be interpreted as follows:
• The initial error triggers a rapid PID action to reduce the deviation from the reference.
• As the error decreases, the PID action is progressively adjusted to keep the controlled variable close to

the reference.
• Finally, the error is reduced to almost zero, demonstrating that the PID achieves effective reference

tracking.
In summary, the error decreases steadily, reflecting the effectiveness of the PID in controlling the

evaporator.



16 Front Heat Mass Transf. 2026;24(1):17

Figure 13: Measurement error between the desired and actual temperature at the evaporator outlet.

Control signal u(t):
In Fig. 14, the control signal is displayed u(t) obtained from the tuned PID block is shown. It can be

seen that u(t) exhibits an initial rapid rise followed by slower growth, forming a kind of ramp. This behavior
can be interpreted as follows:

• The initial rise corresponds to the quick response of the PID controller to correct the initial error between
Te(0) and the reference Tref.

• Once the temperature Te(t) approaches the reference point, the PID continues to adjust u(t) gradually
to maintain the thermal balance of the evaporator. This is because the cooling capacity Qev a p depends so
much on the manipulated variable u and the thermal jump (Tin − Te); when this jump becomes small,
an additional increase is required in u to compensate for the thermal load and losses.

• Although the control signal continues to increase slightly, the output temperature stabilizes correctly at
the reference point, indicating that the system is in equilibrium and that the PID controller is fulfilling
its function.

• This behavior is normal in PID-controlled systems with nonlinear relationships between the manip-
ulated and controlled variables, and does not represent a problem as long as u(t) remains within the
actuator’s permitted physical range.

In summary, the figure shows that the PID manages to stabilize the temperature while continuously
adjusting the control signal to maintain the energy balance of the evaporator.
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Figure 14: Frequency applied to the compressor by the PID controller.

5 Discussion of Results and Comparison of Control Strategies
The comparison between the classic PID control (tuned using Simulink’s Auto Tune option) and the

Wavenet-based adaptive PID with an IIR filter allows you to identify key differences in terms of stability,
response speed, robustness, and energy efficiency.

5.1 Dynamic Performance
The classic PID controller achieves a stable response with a settling time of approximately 13 s and an

overshoot of less than 4%. This behavior is characteristic of a first-order thermal system dominated by the
thermal inertia of the evaporator. However, its fixed gains limit its responsiveness to variations in thermal
load or changes in environmental conditions.

Instead, PID-Wavenet dynamically adjusts the gains Kp, Ki y Kd using a neural network with Morlet
radial wavelet basis functions. This allows for adaptive compensation in real-time, reducing the settling time,
and eliminating overshoot. Online learning enables the system to maintain virtually zero steady-state error,
even in the face of thermal disturbances or model uncertainties [11,25].

5.2 Stability and Robustness
The IIR filter coupled to the Wavenet network smooths out rapid variations in adaptive gains, preventing

numerical oscillations in the control signal u(t). The Feedforward coefficients (Ci) and the feedback
coefficients (Di) remain stable, guaranteeing a response free of peaks or resonances. In contrast, the classic
PID controller can be sensitive to noise or small variations in Te(t), which can result in longer oscillations
or stabilization times [26].
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5.3 Energy Consumption and Control Signal
The classic PID controller tends to progressively increase the compressor frequency (u(t)) to compen-

sate for losses, increasing energy consumption. In contrast, PID-Wavenet modulates the control signal more
efficiently, maintaining u(t) within a stable operating range and avoiding saturation. This results in a more
balanced operation between cooling power Qev a p and thermal load Ql oad , improving the overall energy
performance of the system.

5.4 Quantitative Comparison of Performance
Table 5 summarizes the main performance indicators obtained from the numerical simulations for

both control strategies, including quantitative criteria used to support the qualitative descriptors shown in
the stability, robustness, and adaptability indicators. For stability in the face of disturbances, a controller is
classified as High when the peak deviation of Te after a step change in Qload remains below 0.3○C and the
recovery time is under 5 s, whereas Average corresponds to deviations between 0.3○C–0.7○C or recovery
times between 5–10 s. Robustness against noise is evaluated from the variance reduction of the filtered
temperature signal: High indicates more than 50% attenuation relative to the unfiltered signal, while Moderate
indicates 10%–50% attenuation. Control adaptability is classified as Automatic when the gains (Kp , Ki , Kd)
are updated online using the learning laws of Eqs. (15)–(17), and Fixed when the gains remain constant after
auto-tuning, as in the classical PID.

Table 5: Performance comparison between the classic PID and the Wavenet PID with IIR filter.

Indicator Classic PID PID-Wavenet + IIR
Establishment time (ts) 13.3 s 8.2 s

Overshoot (%) 3.5 0.8
Steady-state error (ess) 0.12○C 0.02○C

Stability in the face of disturbances Average High
Robustness against noise Moderate High

Relative energy consumption 100% (base) 87%
Control adaptability Fixed Automatic (online)

Computational complexity Low Average

A quantitative comparison of the two control strategies highlights the significant improvements
achieved by the proposed PID-Wavenet with IIR filtering. Specifically, the adaptive approach reduces the set-
tle time from 13.3 to 8.2 s, representing a 38% improvement in response speed. The overshoot decreases from
3.5% to 0.8%, corresponding to a reduction of 77%, while the steady-state error is minimized from 0.12○C to
0.02○C, achieving an improvement of 83% in tracking accuracy. Moreover, the adaptive controller achieves
approximately 13% lower energy consumption compared to the classical PID, confirming its superior
efficiency and robustness. These quantitative metrics provide strong evidence of the performance advantages
offered by the wavelet-based adaptive control architecture over conventional fixed-gain PID regulation.

The quantitative findings discussed above are interpreted in the context of practical benefits and trade-
offs supported by the quantitative criteria discussed above in terms of practical benefits and trade-offs, as
presented in the following subsection.
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5.5 Advantages and Disadvantages of Each Approach
• Classic PID:

– Advantages: Simplicity of implementation, low computational cost, and predictable response under
steady-state conditions.

– Disadvantages: Lack of adaptation, less robustness to disturbances, and increased energy consump-
tion in variable scenarios.

• PID-Wavenet with IIR filter:
– Advantages: Real-time adaptive learning, greater robustness, minimal oscillation, lower steady-state

error, and reduced energy consumption.
– Disadvantages: greater complexity of the implementation and the need to adjust learning rates (ηw ,

ηa , ηb).

5.6 Comparative Conclusion
Overall, the results show that the PID-Wavenet with the IIR filter offers superior performance in

accuracy, stability, and energy efficiency.
Although classic PID is suitable for steady-state conditions, the wavelet network-based approach

demonstrates a better ability to adapt to variable evaporator conditions, maintaining Te(t) around the
reference Tre f = 10 ○C with minimal oscillation and no overshoot.

Consequently, PID-Wavenet control is considered the most robust and efficient strategy for nonlinear
thermal systems, validating the experimental and numerical results reported in [11,25,26].

5.7 Practical Implications and Future Applications
It is acknowledged that the primary limitation of this work is the absence of experimental validation

on a physical test bench. Real-world refrigeration systems are subject to unmodeled dynamics, such
as sensor noise, actuator delays, and spatial gradients not fully captured by lumped-parameter models.
However, the simulation results presented explicitly address these expected physical constraints through the
design of the control architecture itself. Specifically, the integration of the IIR filter is a proactive measure
designed to mitigate the measurement noise inherent in real sensors, which often destabilizes adaptive gains.
Therefore, the numerical validation provided here constitutes a necessary and rigorous first phase, justifying
the subsequent implementation of the PID-Wavenet in a Hardware-in-the-Loop (HIL) or experimental
prototype scenario as the immediate next step in this research line.

The model and the results obtained allow us to visualize practical applications of PID-Wavenet control
in small- and medium-scale thermal and refrigeration systems. The controller’s ability to adjust its gains in
real time makes it especially suitable for scenarios where thermal conditions are variable or uncertain, as
occurs in:

• Intelligent refrigeration systems with variable frequency drive (VFD) compressor control.
• Liquid chillers used in laboratories or data centers.
• Compact HVAC systems and cold storage rooms with rapid temperature fluctuations.
• Experimental heat transfer test benches with automated thermal control.

From an applied engineering perspective, the incorporation of the IIR filter within the adaptive
scheme improves control stability and reduces the computational effort of the Wavenet network, making
its implementation viable in low-cost embedded controllers or real-time digital control systems (DSP or
industrial microcontrollers).
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In the future, this model can be extended to:

• Thermal management systems in unmanned aircraft (UAVs) or satellites, where heat dissipation depends
on changing environmental conditions.

• Adaptive thermal control in hybrid air-liquid systems or in cooling modules for aeronautical power
electronics.

• Integration with predictive algorithms based on deep neural networks or hybrid fuzzy-adaptive control
models to optimize overall energy efficiency.

In conclusion, the results obtained validate the viability of PID-Wavenet control with an IIR filter as
an innovative alternative to advanced thermal control, offering a balance between precision, robustness,
and computational efficiency, with broad applications possibilities in thermal engineering, mechatronics,
and aerospace.
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