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Abstract—This work presents a deep neural network (DNN)
approach to solve the inverse tuner control problem in multi-
probe harmonic impedance tuners used in RF Load-Pull
measurements. In this problem, the desired reflection coefficients
at the tuner reference plane are specified, and the corresponding
probe positions must be determined. The proposed methodology
addresses the complex nonlinear interactions inherent in
multi-probe systems, where the movement of a single probe
shifts the impedance across multiple harmonics, rendering
traditional brute-force search methods impractical due to the
large number of possible probe configurations. Two feedforward
DNN architectures featuring six hidden layers were designed
and trained to predict the motor steps required to synthesize
target impedances at the tuner reference plane. Experimental
validation using a Focus Microwaves iMPT-1818-TC tuner at a 3
GHz fundamental frequency demonstrated prediction accuracies
of 96.61% in magnitude and 94.03% in phase. Furthermore, a
multi-harmonic model simultaneously controlling 3 GHz and 6
GHz achieved accuracies of 90.15% in magnitude and 87.78%
in phase at the fundamental, and 88.12% in magnitude and
74.92% in phase at the second harmonic. By replacing iterative
VNA-based searches with a predictive model, the proposed
approach significantly reduces tuner pre-characterization
time and improves the efficiency of RF transistor Load-Pull
measurements.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/10737

Index Terms—Deep neural networks, harmonic impedance
tuners, impedance synthesis, load-pull measurements, multi-
probe tuners, RF measurement automation

I. INTRODUCTION

IN the design of RF power amplifiers (PA), the load-pull
technique is widely used to evaluate how transistor output

power, efficiency, and linearity vary with the presented load
impedance. Since its initial publication [1], this technique has
evolved from continuous-wave (CW) analysis to advanced
characterization scenarios where harmonic terminations play
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a critical role [2]- [4]. In high-efficiency, continuous-mode
designs, accurate second-harmonic control is essential to shape
voltage and current waveforms, making harmonic load-pull
characterization indispensable.

Load-pull systems are generally classified into passive [5]–
[6], active [7]– [8], and hybrid [9] configurations. While active
systems rely on signal injection and hybrid systems combine
passive tuners with active load modulation, passive mechanical
tuners remain the most economical and widely used solution,
synthesizing load impedance through mechanically movable,
electronically controlled probes.

Extending passive tuners to harmonic frequencies intro-
duces significant complexity. Dedicated tuners per frequency
band increase hardware cost [10], while multi-probe tuners
reduce hardware requirements but create a highly coupled,
nonlinear tuning space due to probe interactions. Furthermore,
multiple physical configurations can yield similar impedance
values, posing a complex inverse control problem. For high-
resolution tuners such as the Focus Microwaves iMPT-1818-
TC considered here, an exhaustive search could require years
of measurement time, making conventional iterative methods
computationally prohibitive.

This work addresses this limitation by formulating multi-
probe tuner control as an inverse mapping problem and solving
it with deep neural networks (DNNs). Although DNNs have
been applied in RF domains such as antenna design [11], filter
synthesis [12], and transistor modeling [13], their use for direct
inverse prediction of motor positions in a multiprobe harmonic
tuner has not been previously reported. The main contributions
of this work are as follows. First, the tuner control problem is
formulated as a direct inverse mapping, enabling the prediction
of motor positions from a target impedance and eliminating
the need for iterative Vector Network Analyzer (VNA) based
searches. Second, a dataset acquisition and filtering method-
ology is proposed to mitigate the non-injective behavior of
multiprobe harmonic tuners, enabling reliable supervised train-
ing in a high-dimensional coupled space. Finally, experimental
validation on a commercial Focus Microwaves iMPT-1818-
TC tuner demonstrates simultaneous impedance synthesis at
3 GHz and 6 GHz with high prediction accuracy in both
magnitude and phase.

II. THE HARMONIC IMPEDANCE TUNER

In RF PA design, the mode of operation is defined by the
voltage and current waveforms at the active device, which are
strongly influenced by the load impedances presented at the
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Fig. 1. Measurement setup for the harmonic impedance tuner char-
acterization.

fundamental frequency and its harmonic components [14]. In
particular, the second harmonic plays a key role in shaping the
waveforms and performance of continuous-mode PAs [15]. As
a result, harmonic load-pull characterization requires accurate
and efficient control of the impedances presented at multiple
frequency components, especially at the second harmonic,
placing stringent demands on the performance and usability
of harmonic impedance tuners.

A mechanical harmonic impedance tuner can be used to
reduce the complexity and cost of harmonic load-pull setups
that would otherwise require multiple impedance tuners. Such
tuners typically employ a multiprobe structure in which the
probes are mutually coupled, so that the movement of a single
probe affects the impedances seen at multiple frequencies,
including the fundamental and its harmonics. The probes
(C1, C2 and C3) are actuated by stepper motors (X and Y)
controlled by a computer, and the impedance at the tuner
reference plane is typically determined using a vector network
analyzer (VNA), as shown in Fig. 1. The motors are driven
by computer commands that position the probes to synthesize
a desired impedance at the tuner reference plane. During
operation, the resulting impedance is measured with the VNA
and the probe positions are adjusted until the target load
condition is achieved.

In practice, the desired impedance is obtained through an
iterative process in which the probes are moved to different
positions and the resulting impedances are measured until
the target impedance is achieved. This procedure constitutes
a pre-characterization of the tuner, during which load-pull
measurements on the device under test are not performed.

Furthermore, when the objective is to modify the impedance
at a single frequency while maintaining the impedances at the
remaining frequencies unchanged, the tuning process becomes
significantly more challenging. Due to the interaction between
the probes, adjusting one probe alters the impedances across
multiple frequency components, which substantially increases
the time required to identify the appropriate probe positions.

This non-injective behavior has direct implications for su-
pervised learning. Due to the mutual coupling between probes,
different motor position combinations may produce similar or
nearly identical impedance values at the tuner reference plane.
Consequently, the inverse mapping from impedance to motor
position is not unique. In a supervised learning framework,
this introduces ambiguity in the training labels. As a result,
the DNN may experience degraded convergence, increased
prediction variance, and reduced reliability during inference.

Fig. 2. ∠Γf0 vs motor X position of probe C1.

To mitigate this issue, the dataset is filtered to retain regions
where the impedance-to-position mapping is approximately
injective, thereby reducing label ambiguity and improving the
stability and consistency of the learning process, as described
in Section III.

To address this problem, a deep neural network (DNN) is
proposed to predict the probe positions required to achieve a
target impedance at the tuner reference plane, as described
in the following sections. A previous analysis of different
conventional and non-neural baselines are summarized in
Table I, where their limitations are discussed and the selection
of a DNN architecture is based on their capability of nonlinear
multivariable mapping, generalization performance, very low
time inference, and high efficiency regardless of the training
dataset size.

The first step for developing the DNN is the characterization
of the impedance tuner to determine how the probe positions
affect the impedance at the tuner reference plane for the
fundamental frequency and its harmonics. Although the tuner
includes three probes, only the first two probes are used in
this work in order to focus on the control of the fundamental
and second harmonic impedances.

A. Characterization of the Impedance Tuner for a Single
Frequency

For a single frequency, this characterization can be per-
formed in a relatively straightforward manner [16]. As an
initial approach, a single-frequency scenario with a single-
probe is considered. The position of C1 probe was varied
by sweeping the stepper motors controlling the longitudinal
position (X motor) from 0 to 20,000 steps and the penetration
depth (Y motor) from 0 to 8,950 steps. For each probe position,
the impedance at the tuner reference plane was measured using
a calibrated VNA [17] at 3 GHz.

To provide insight into the magnitude of possible motor-step
combinations, even with only one probe, the total number of
combinations is 20,000 × 8,940 = 178,800,000. Even though
multiple probe positions may correspond to identical or nearly
identical impedance values at the tuner reference plane due to
the non-injective nature of the tuner response, the effective
search space remains extremely large. Consequently, a brute-
force approach is not feasible, as measuring all possible
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TABLE I
COMPARISON OF INVERSE TUNER CONTROL METHODOLOGIES

Methodology Handling of probe
coupling

Scalability Real-time inference cost Motor position validation
MAE

Analytical / parametric
models

Cannot account for
electromagnetic interaction

Equations become
analytically unsolvable

Very low NA

Polynomial surface
regression

Requires independent
models per motor

Helicoidal surfaces require
high-order polynomials

Low 159.29 - 324.53 at single
frequency

K-nearest neighbors
(KNN)

Suffers from the ”curse of
dimensionality” as variables
increase

High (requires massive
memory and scales with
dataset size)

Distance-based interpolation
from a stored dataset

45.97 at single frequency
118.76 at dual frequency

Deep neural networks
(proposed)

Natively maps highly
coupled, multidimensional
inputs

Readily scales to higher
dimensions with robust
generalization

Very low (constant time
after training)

12.01 at single frequency
49.88 at dual frequency

combinations would require approximately five years, assum-
ing a measurement time of 1 s per point, which represents
an optimistic lower bound and does not include additional
overhead such as probe settling time, VNA triggering, or data
storage.

Due to the non-injective behavior, repeated impedance
values are observed in the dataset. Figs. 2 and 3 show the
phase and magnitude of the reflection coefficient Γf0 of C1

probe after removing repeated impedance data points. These
results reveal the nonlinear interaction between the motor
positions and the reflection coefficient Γ at the fundamental
frequency, demonstrating that the displacement of each motor
simultaneously influences both the magnitude and phase of
Γf0 . A significant variation in |Γf0 | is observed only when
motor Y is positioned beyond approximately 5,500 steps
(Fig.3); otherwise, the influence of X motor is negligible
(Fig.2). Regarding phase control, X motor must be limited to
the range of 0 to 4,000 steps to ensure a single phase rotation
(–180° to 180°) (Fig. 2); beyond this range, the phase response
becomes periodic with respect to motor position, increasing
ambiguity and potentially degrading the learning performance
of the neural network.

B. Characterization of the Impedance Tuner for Two Frequen-
cies

Continuing with the analysis, the case of two frequencies is
studied, in which a sweep of the X and Y motors positions of
the first and the second probes (C1 and C2) was performed. It
is found that the interaction between the probes is significant
and more erratic, and the movement of even one motor affects
the impedance seen at the reference plane of the tuner for the
fundamental frequency (3 GHz) and the second harmonic (6
GHz). This interaction significantly increases the complexity
of the impedance control problem. After performing several
measurements, the reflection coefficients Γf0 and Γ2f0 are
shown in Figs. 4 and 5, respectively. In these figures, the blue
lines represent a fixed X1 motor position at 1000 steps for
both 3 and 6 GHz, while the orange lines represent a fixed
distance of 1000 steps between X’s motors of C1 and C2

probes (X2−X1 = 1000 steps). This behavior can be modeled
according to the following observations:

• Keeping a fixed distance (motor steps) between the X’s
motors of the C1 and C2 probes constant (orange lines
in Figs. 4 and 5), the magnitudes |Γf0 | and |Γ2f0 | can be

Fig. 3. |Γf0| vs motor Y position of probe C1.

kept relatively constant with a change of 1.89% (3 GHz)
and 7.76% (6 GHz), while the phases ∠Γf0 and ∠Γ2f0

change between 38.33% and 50.28% at 3 and 6 GHz,
respectively.

• If one of the motors X’s is fixed (in this case X1) and
the other is moved, the phases ∠Γf0 and ∠Γ2f0 move
with a lower ratio between 14.37% and 32.88%, and
the magnitudes change significantly between 13.18% and
53.78% at 3 and 6 GHz respectively (blue lines in Figs.
4 and 5).

It is important to mention that Figs. 4 and 5 represent only a
part of the X’s motor sweep. For the above, it is necessary to
use the distance between the X motors of C1 and C2 probes,
or the value of X2 −X1 as an input parameter for the DNN.
Now it is possible to analyze how much distance (steps) is
required to change the phase from -180 to 180 degrees for
both frequencies. This is an advantage, since the C1 probe is
limited to the minimum X motor actual position of the C2

probe due to mechanical constraints of the tuner.

III. DNNS DESIGN AND TRAINING

To characterize the behavior of the impedance tuner for
one and two frequencies, two DNNs are developed, a single-
frequency DNN for targeting impedance control at the fun-
damental frequency (3 GHz), and a dual-frequency DNN to
address simultaneous control at the fundamental and second
harmonic (3 and 6 GHz).

The datasets were generated by controlling the motor po-
sitions of the probes while measuring the corresponding re-



ARENAS-ALVAREZ et al.: NEURAL NETWORK–BASED IMPEDANCE SYNTHESIS FOR MULTI-PROBE HARMONIC TUNERS 1183

Fig. 4. |Γ| vs motor X position of probe C2.

flection coefficients using a VNA. Specifically, for the single-
frequency network, the dataset was acquired using a uniform
distribution of measurement points across the mechanical
range established during the initial analysis presented in Sec-
tion II. Conversely, for the dual-frequency network, a hybrid
sampling strategy was implemented: the penetration motors
were positioned according to a semi-normal distribution cen-
tered on their maximum values, whereas the longitudinal
motors were assigned a uniform distribution. The collected
data were then filtered to restrict the training domain of
the neural networks and promote an approximately injective
mapping between impedance values and motor positions.

By constraining the penetration depth and longitudinal range
of each probe, regions where multiple probe configurations
yield similar impedance values are largely excluded. Within
this filtered space, the network learns a single admissible
and physically consistent solution rather than an average over
multiple valid configurations. This is an important distinction
because while other valid probe positions might exist outside
the training domain, the predicted solution is expected to lie
within a well-behaved region of the tuner response, where
the mapping is stable and the predictions are reliable. The
trade-off is a reduced coverage of the full impedance plane,
which is reflected in the increased error observed near the
Smith chart boundary. This filtering directly mitigates the
non-injective mapping described in Section II by removing
ambiguous training labels associated with multiple valid motor
configurations.

For the single-frequency DNN, the longitudinal position
(X motor) is limited to 0–4,000 steps, consistent with the
single-phase rotation condition identified in Section II-A (Fig.
2), and the penetration depth (Y motor) is constrained above
approximately 6,000 steps, where a significant and monotonic
variation in |Γf0 | is observed (Fig. 3). This filtering reduces the
occurrence of ambiguous impedance-to-position mappings in
the training dataset. For the dual-frequency DNN, the dataset
is filtered such that the penetration depths (Y motor) of C1

and C2 probes are greater than approximately 7000 steps.
In addition, the relative distance between the longitudinal
positions (X motor) of C1 and C2 probes is constrained to
the range of approximately 900 to 2500 steps based on the
coupled probe behavior described in Section II-B (Figs. 4

Fig. 5. ∠Γ vs motor X position of probe C2.

and 5). The longitudinal position of C1 probe (X motor) is
limited to the range between 0 and 3800 steps to ensure
a single phase rotation at the fundamental frequency. These
filtering criteria are based on the analysis of the tuner behavior
and are designed to preserve representative tuner responses
while minimizing ambiguities in the mapping between probe
positions and impedance values.

Once the dataset has been defined, the two DNNs models
are designed. Each DNN employs a feedforward architecture,
commonly used for regression problems [18] - [19], and is
designed with the same basic topology of an input layer,
six hidden layers and an output layer. Six hidden layers
were selected as a compromise between sufficient model
capacity to represent the highly nonlinear tuner response and
stable training behavior without significant overfitting. The
input layer represents the target impedance using its real and
imaginary components together with the normalized values of
magnitude and phase. This redundant representation provides
complementary information about the impedance distribution
and facilitates the learning process by improving the sensitivity
of the network to variations in both amplitude and phase. Since
the real and imaginary components are inherently bounded
between -1 and 1, no additional normalization is applied to
these quantities. The normalized magnitude and phase are
computed as:

Magnitude =

√
Real2 + Imaginary2 (1)

Phase =
atan2(Imaginary,Real)

π
(2)

and where the real and imaginary components correspond to
the normalized in-phase and quadrature parts of the target
reflection coefficient, respectively. It is important to note that
the phase, together with the magnitude and the real and
imaginary components, is used exclusively as an input feature
to the network. The DNN outputs and the corresponding
training error are defined entirely in terms of motor step posi-
tions, which are continuous physical quantities without circular
periodicity. Consequently, the wrapping behavior inherent to
angular variables does not affect the training process of the
proposed DNNs.

Six hidden layers are used with tanh activation function to
introduce non-linearity, facilitate convergence during training,
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maintain bounded activations, and demonstrate better perfor-
mance compared to other activation functions. The number
of neurons in each layer changes for both DNNs. Finally,
the output layer provides the normalized values of each
motor position (X and Y ) required to synthesize the desired
impedance at the tuner reference plane for each case. For
the single-frequency DNN, there are two outputs (X and Y
positions), and for the dual-frequency DNN, there are four
outputs (X1, Y1, X2, Y2 positions). The equations (3) - (6)
are used for the denormalization of the output values for each
motor of the probes, where (3) and (4) are used for the single-
frequency DNN, and (3) - (6) are used for the dual-frequency
DNN, defined as:

X1DNorm = X1Norm × 4000 (3)

Y1DNorm = Y1Norm × 2940 + 6000 (4)

X2−1DNorm = X2−1Norm × 2300 + 700 (5)

Y2DNorm = Y2Norm × 2960 + 7000 (6)

Where the subscript Norm denotes the network output before
denormalization, and DNorm denotes the resulting motor step
value applied to the tuner.

The model parameters (hidden layers and neurons for each
layer) were optimized using Bayesian optimization [20]. The
Pytorch framework was used for training, and dropout regu-
larization with a rate of 0.5% is applied to mitigate overfitting.
Higher values increase the number of epochs to converge
because of the large dataset, while 0.5% provides sufficient
regularization as confirmed by the close agreement between
training and validation errors shown in Figs. 8 and 9. The
RAdam optimizer is employed with a learning rate of 0.0005,
which is half of the default, and the training process minimizes
the mean absolute error (MAE) loss function, using the entire
dataset as the batch (full-batch training), which speeds up
training. The number of training epochs was selected based
on the validation MAE performance, corresponding to the
point where no further improvement in prediction error was
observed.

A. Single-frequency DNN

Fig. 6 illustrates the architecture of the single-frequency
DNN developed for the fundamental frequency. The input
layer consists of four neurons corresponding to the magnitude,
phase, real and imaginary parts of the reflection coefficient at 3
GHz. This layer is followed by six hidden layers that contain
250, 450, 500, 250, 120, and 40 neurons, respectively. The
output layer comprises two neurons to predict the positions of
X and Y motors of the C1 probe.

The dataset used for this case has 13,000 samples and
was divided into training, validation and test subsets using
an 80%–10%–10% ratio. Therefore, 10,400 samples are used
for training, while 1,300 are assigned for both validation
and testing. The split was made with random distribution
using a seed to replicate the results. The network was trained
for 100,000 epochs, requiring approximately 16 minutes on
a workstation equipped with an Intel Core i5-10400 CPU,

24 GB of RAM, and an NVIDIA RTX 4060Ti GPU. The
reported training time is provided as a reference and may vary
depending on the computational resources used.

B. Dual-frequency DNN

The dual-frequency DNN designed to operate at the funda-
mental and second-harmonic frequencies has the architecture
shown in Fig. 7. The input layer consists of eight neurons,
corresponding to the magnitude, phase, real and imaginary
components of the reflection coefficient at 3 and 6 GHz. This
is followed by six hidden layers with 350, 550, 600, 350,
200, and 60 neurons, respectively. The output layer comprises
four neurons to predict the longitudinal position (X1) and
penetration depth (Y1) of C1 probe, the longitudinal separation
between the X motors of C1 and C2 probes (X2 −X1), and
the penetration depth (Y2) of C2 probe.

In this case, the dataset is significantly larger due to the
increased number of possible probe-position combinations, as
discussed previously. A total of 271,005 samples are used,
divided into training, validation, and test sets comprising 90%,
9%, and 1% of the dataset, respectively using the same seed
for reproducibility. This corresponds to 243,905 samples for
training, 24,390 for validation, and 2,710 for testing. The net-
work was trained for 200,000 epochs, requiring approximately
9 hours to complete the training using the same computational
resources described in the previous subsection.

IV. EXPERIMENTAL RESULTS

This section presents the experimental results obtained
to evaluate the performance of both proposed DNNs for
impedance synthesis using an iMPT 1818-TC multiharmonic
impedance tuner. The objective of these experiments is to as-
sess the capability of the single-frequency and dual-frequency
DNNs to accurately predict the required X and Y motors posi-
tions of the tuner probes as a function of the target reflection
coefficients defined at the tuner reference plane. The validation
is performed by comparing the target reflection coefficients
with the reflection coefficients measured after applying the
motor positions predicted by the DNNs. Furthermore, repeated
inference experiments confirmed that the neural networks
produce consistent and identical motor position predictions for
the same impedance target, demonstrating the deterministic
stability of the proposed approach.

A. Metrics of Training Process of the DNNs

The training results for both DNNs are considered satisfac-
tory. For the single-frequency DNN, the mean absolute error
(MAE) is 10.94 motor steps for the training set, and 12.01
motor steps for the validation set, indicating a close agreement
between the predicted and target motor positions. For the dual-
frequency DNN, the MAE increases to 29.31 motor steps for
the training set and 49.88 motor steps for the validation set.
This increase is expected due to the higher complexity of the
problem, as multiple probes and frequency components are
controlled simultaneously. The validation values are compared
in Table I as a reference to the performance of other baseline
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Fig. 6. Architecture of the DNN at f0.

Fig. 7. Architecture of the DNN at 2f0.

Fig. 8. Training curves of the DNN at f0.

Fig. 9. Training curves of the DNN at 2f0.

methods. The DNNs demonstrate superior performance in
terms of prediction accuracy, generalization capability, and
inference speed compared to conventional approaches.

Figs. 8 and 9 show the training curves for the single-
frequency and the dual-frequency DNNs, respectively, where

the loss function (MAE) decreases consistently with the num-
ber of epochs for both training and validation sets. This
behavior indicates stable convergence and the absence of
overfitting during training.

The generalization capability of the models is further vali-
dated using the test sets. The single-frequency DNN achieves
a test MAE of 16.64 motor steps, while the dual-frequency
DNN reaches 48.68 motor steps. These values are consistent
with the corresponding validation errors, confirming that both
DNNs generalize well to unseen data.

B. Single-frequency DNN Prediction

For the single-frequency DNN, two experimental tests are
performed at 3 GHz to evaluate its ability to predict the motor
positions required to achieve a target impedance at the tuner
reference plane. In the first test, a set of desired impedance
points, randomly selected within the impedance region covered
by the training dataset and excluded from the training and
validation sets, is defined on the Smith chart. For each target
impedance, the motor positions (X, Y) predicted by the DNN
are sent to the tuner, and the resulting impedance is measured
using the VNA and compared against the target to evaluate
the accuracy of the predictions, in terms of magnitude and
phase of the reflection coefficient. The corresponding results
are summarized in Table II. In this table, the relative error
is computed with respect to the target magnitude and phase,
respectively, while the General MAE quantifies the overall
prediction error directly in the complex plane, that is, the
average absolute difference between the target and measured
complex reflection coefficients, reported independently from
the Magnitude MAE and Phase MAE. The prediction accuracy
is defined as 100% minus the relative error, providing an
intuitive measure of model performance. Fig. 10 shows the
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TABLE II
DNN TEST RESULTS AT f0

Test number Test 1 Test 2
Mesh points 1200 1072

General MAE (Γf0) 0.01129 0.01252
Magnitude MAE (|Γf0|) 0.00903 0.01134

Phase MAE (∠Γf0) 2.89752° 1.40686°
Magnitude Relative Error 3.39% 2.17%

Phase Relative Error 5.97% 2.68%

Fig. 10. Desired and measured impedances for the DNN test 1 at f0.

comparison between the desired and measured impedances on
the Smith chart.

In the second test, the distribution of the target impedances
is different, focusing on a specific region of the Smith chart,
then the same measurement procedure is followed. This test
evaluates the single-frequency DNN performance when the
target impedances are concentrated in a specific region of the
Smith chart. The results of this test are also reported in Table
II, and the corresponding desired and measured impedances
are shown in Fig. 11. The results of both tests cases demon-
strate that the single-frequency DNN can accurately predict the
motor positions, showing the robustness of the model across
different regions of the Smith chart.

C. Dual-frequency DNN Prediction

To test the dual-frequency DNN that control the fundamen-
tal and the second harmonic, a set of desired impedances
is defined simultaneously at the fundamental frequency (3
GHz) and the second harmonic (6 GHz), and the dual-
frequency DNN is used to predict the motor steps required to
achieve these impedances. In Fig. 12, the desired impedances
are shown on a Smith chart for both frequencies. Identical
impedance meshes are defined at the fundamental frequency
and the second harmonic. Since the dual-frequency DNN
simultaneously controls both impedances, each impedance
point of the mesh at the fundamental frequency is associated

Fig. 11. Desired and measured impedances for the DNN test 2 at f0.

Fig. 12. Impedance mesh for the two harmonics DNN test.

with a corresponding point at the second harmonic, resulting
in a total of 76,176 impedance combinations. The results of
the test are shown in Table III.

A test scenario was designed to evaluate the dual-frequency
DNN harmonic decoupling capability. In this experiment, the
impedance at the fundamental frequency is kept fixed at a spe-
cific target point, while the second harmonic is programmed
to perform a phase sweep maintaining a constant reflection
coefficient magnitude (|Γ2f0 |). This procedure was repeated
for three different magnitude levels to cover various regions
of the Smith chart.

The results of this test are presented in Figs. 13 and 14.
Fig. 13 illustrates the stability of the fundamental frequency,
where the measured reflection coefficients remain clustered



ARENAS-ALVAREZ et al.: NEURAL NETWORK–BASED IMPEDANCE SYNTHESIS FOR MULTI-PROBE HARMONIC TUNERS 1187

TABLE III
TWO HARMONICS DNN TEST RESULTS

Mesh points 76,176
General MAE (Γf0 and Γ2f0) 0.03502

Magnitude MAE (|Γf0|) 0.01483
Phase MAE (∠Γf0) 8.81129°

Magnitude Relative Error (|Γf0|) 9.85%
Phase Relative Error (∠Γf0) 12.22%

Magnitude MAE (|Γ2f0|) 0.02133
Phase MAE (∠Γ2f0) 15.81142°

Magnitude Relative Error (|Γ2f0|) 11.88%
Phase Relative Error (∠Γ2f0) 25.08%

around the target reflection coefficient Γf0 = 0.62∠120◦.
This demonstrates that the dual-frequency DNN effectively
compensates for the complex probe interactions inherent to
harmonic control. Meanwhile, the accuracy of the trajectories
synthesized for the second harmonic, shown in Fig. 14, is
quantified using the Mean Squared Error (MSE) between
the desired and measured reflection coefficients, expressed in
decibels (dB) and annotated in the figure. It can be observed
that the measured impedances closely follow the desired
trajectories for the second harmonic while maintaining the
target point at the fundamental frequency.

However, the prediction error increases as the synthesized
impedance approaches the edge of the Smith chart. For
magnitudes exceeding 0.7, the tuner behavior becomes more
erratic due to the increased tuner sensitivity near the Smith
chart boundary. This physical sensitivity is reflected in the
Mean Squared Error (MSE), defined as the average squared
error between the desired and measured reflection coefficients.
The MSE was 0.00514 (-45.77 dB) for the fixed fundamental
point. For the second-harmonic phase sweeps, the MSE values
shown in Fig. 14 range from -63.52 dB to -29.12 dB for the
different magnitudes of |Γ2f0 |, increasing as the magnitude
of the reflection coefficient approaches unity. The increased
error in high-magnitude regions is consistent with the behavior
expected near the boundary of the training domain, where the
density of training samples decreases and the tuner response
becomes more sensitive to small variations in probe position.
This represents a known limitation of data-driven approaches
when operating near or beyond the edges of the training
distribution, and will be addressed in future work through
data augmentation and improved sampling strategies in high-
magnitude regions. The stability of the fundamental point
while sweeping the second harmonic phase is critical for ac-
curate Load-Pull characterization, as it ensures that harmonic
tuning does not inadvertently alter the fundamental matching
conditions.

V. CONCLUSION

Deep neural network (DNN)–based models were developed
and experimentally validated to predict the motor positions
required to synthesize a target impedance at the reference
plane of a harmonic impedance tuner. A single-frequency
model at 3 GHz and a dual-frequency model controlling
the fundamental and second harmonic (3 and 6 GHz) were
developed.

Fig. 13. Desired and measured impedances at f0 for the two harmon-
ics DNN test.

Fig. 14. Desired and measured impedances at 2f0 for the two
harmonics DNN test.

The results demonstrate that the proposed approach ef-
fectively solves the inverse tuner control problem, yielding
measured impedances that closely match the desired targets.
The single-frequency model achieves high accuracy across
most of the impedance plane, whereas the dual-frequency case
exhibits increased error, particularly in phase at the second
harmonic, due to the higher dimensionality and coupling of the
multi-harmonic tuning space. In the experimental validation,
the single-frequency model achieved prediction accuracies of
96.61% in magnitude and 94.03% in phase, while the dual-
frequency model reached 90.15% in magnitude and 87.78%
in phase at the fundamental frequency, and 88.12% in mag-
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nitude and 74.92% in phase at the second harmonic. Larger
deviations are observed for reflection coefficient magnitudes
above approximately 0.7, where the tuner response becomes
more sensitive.

This work focuses on the impedance synthesis problem it-
self; therefore, the impact of the reported impedance deviations
on device-specific RF performance metrics such as efficiency,
gain, or output power is beyond the scope of this study.

By eliminating exhaustive brute-force searches during tuner
characterization, the method significantly reduces setup time.
Once trained, predictions are obtained in milliseconds, and the
overall measurement time becomes limited primarily by the
mechanical motion of the tuner and instrumentation response.

These results demonstrate the practical viability of DNN-
based impedance tuning for nonlinear RF measurements. The
proposed methodology is not restricted to the frequencies
considered here; it can be extended to other frequency bands
by repeating the characterization procedure and retraining the
DNNs with the corresponding dataset. Future work will extend
the methodology to third-harmonic control, investigate the
robustness of the approach under measurement uncertainty and
experimental perturbations, develop data augmentation and
improved sampling strategies for high-magnitude impedance
regions, and explore generalized frequency-dependent models
capable of operating across multiple frequency bands within
a unified framework.
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