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Abstract—This study presents a novel image-based machine
learning (ML) method for automating I–V parameter extraction
in gallium nitride (GaN) devices. Using Ampleon’s GEAR model,
a dataset of 100000 simulated I–V curves are converted into I–V
images through specifically designed transfer functions to train a
convolutional neural network. The proposed method outperforms
the existing ML method based on a fully connected neural
network, particularly for I–V curves in the subthreshold region.
Validation with measured pulse I–V data shows its superior
accuracy, achieving a normalized mean square error (NMSE) of
−30 dB compared with −24 dB with the existing ML method. The
proposed method demonstrates a strong potential to accelerate
the extraction and enhance the accuracy of GaN device modeling.

Index Terms—Ampleon GEAR model, convolutional neural
network (CNN), device modeling, gallium nitride (GaN) high
electron mobility transistor (HEMT), I–V parameters, machine
learning (ML).

I. INTRODUCTION

ACCURATE and quick device modeling is essential for
circuit simulation and design. In recent years, gallium

nitride (GaN) has emerged as a promising semiconductor
technology for applications requiring high breakdown voltage
and high electron mobility, including radio frequency power
amplifiers (RFPAs) [1], [2]. The GaN technology has advanced
significantly owing to increasingly faster iteration cycles in
process development [3], [4], [5], [6]. Traditional manual
methods for extracting model parameters are labor-intensive
and time-consuming, failing to keep pace with the rapid
evolution of GaN processes. The mismatch between process
iteration speed and parameter extraction capability affects the
efficiency and performance of model-based circuit design.
An efficient and reliable model extraction method is urgently
needed.

Recent advancements in machine learning (ML) techniques
have demonstrated the potential of neural networks for auto-
mated device parameter extraction [7]. One category of
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approaches replaces the device model, either completely or
partially, with a fully connected neural network to represent the
complex voltage–current relationship [8], [9], [10], [11], [12].
The other category leverages the existing device model archi-
tecture while using ML techniques to accelerate the parameter
extraction process. For example, small-signal parameters were
extracted using a neural network in [13], [14], and [15] and
worked for large-signal parameter extraction [16]. The I–V
parameters, one of the most important parts in device model,
have been proven extractable by neural networks. For example,
in [17], [18], [19], [20], [21], and [22], the neural network was
used to extract the FinFET device’s parameters based on the
BSIM model. Similarly, another study has shown that neural
networks can automatically extract I–V parameters for GaN
high electron mobility transistor (HEMT) devices based on
ASM-HEMT model [23].

A common feature in these previous works is the fully
connected neural network (FCN) architecture, which directly
learns the relationship between a series of I–V data (input
data) and a set of device parameters (output data). This
approach, however, differs from the way engineers typically
perform the task: in practice, engineers would visualize I–V
data points as 2-D plots with multiple curves, treating them
as images rather than discrete data points. In this process, the
focus is on interpreting features of I–V images. For instance,
specific characteristics such as the slope of the IDVG curves are
directly associated with the corresponding device parameters
in the model. Similarly, comparing the difference between the
visualized I–V images from the model and the measurements
is a very intuitive approach used in the model validation.

These observations inspired our new approach of incorporat-
ing 2-D information for automatic I–V parameter extraction,
in contrast to a 1-D data-to-data mapping. Although neural
networks have the capability to learn arbitrarily complex
relationships [24], it has been convincingly shown that a proper
inductive bias in neural network design, i.e. guiding principles
specific to the problem at hand, can solve the problem with
better performance, less data, and faster convergence [25]. The
most prominent example is the use of convolutional neural
networks (CNNs) in solving computer vision problems, bene-
fiting from its deep image prior [26]. Likewise, in this work,
we aim to add a domain-specific inductive bias as drawn from
the practical experience of modeling engineers, for automatic
I–V parameter extraction. We show that by mimicking the
engineer’s effective approach to parameter extraction, the new
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Fig. 1. I–V parameter extraction flow with the image-based method.

image-based method (mIM) can extract the I–V parameter
more accurately and efficiently, compared with the existing
method based on FCN (mFCN).

II. PARAMETER EXTRACTION METHODOLOGY

The image-based method of I–V parameter extraction flow
is illustrated in Fig. 1, consisting of two parts: the neural
network training process and the I–V parameter autoextraction
process. The training process begins with generating I–V data
through simulation, followed by transforming the data into
I–V images. These images are then used to train a neural
network to establish the relationship between I–V images and
the corresponding model parameters (I–V parameters).

Once the neural network is trained, the autoextraction pro-
cess uses I–V data obtained from GaN HEMT measurements.
The measured pulse I–V data are similarly transformed into
I–V images and fed into the trained neural network model.
The network extracts the I–V parameters from these images.
Finally, the device model with extracted parameters is evalu-
ated, ensuring the accuracy of extracted parameters.

A. Training Data Generation
To generate sufficient training data for the neural networks,

we use Ampleon’s GEAR model as the basis for data genera-
tion through ADS simulation. The GEAR model is a compact
model developed for GaN devices [27]. Ampleon’s models
and products have been widely used by designers for various
applications, including mobile network basestation, broadcast
transmitters, medical resonance imaging, etc. [28], [29].

The simulated training data cover the bias conditions within
operation range: drain voltage (VD) ∈ [0, 50]V and gate
voltage(VG) ∈ [−5, 2]V. The GEAR model includes ten I–V
parameters, each of which is assigned a range wide enough
to cover parameter variations based on process statistics. A
Monte Carlo simulation is then used to generate 100 000
unique I–V parameter combinations within these predefined
ranges, ensuring coverage of measurement variations.

B. I–V Image Transformation
In HEMT devices, the drain current ID is a 2-D function

of VD and VG, forming a surface over bias space (see Fig.
2). In (1)–(3), x denotes ID at each (VD,VG) point. The
transfer functions are applied elementwise: f1(x) performs
global scaling to preserve the overall structure and normalize
the range relative to f2 and f3; f2 enhances the subthreshold
region using a sigmoid transformation that amplifies low
current values, while f3 emphasizes the saturation region

Fig. 2. Conversion of I–V data into I–V image.

Fig. 3. Structure of a convolution neural network. (a) Convolutional layers.
(b) Fully connected layer.

using an exponential transformation that expands high cur-
rent values. Although the CNN could theoretically model
f1, its explicit inclusion improves numerical conditioning by
avoiding channel imbalance and allows the network to focus
more effectively on nonlinear patterns captured by f2 and f3.
This combination improves feature contrast across key regions
relevant to parameter learning

f1(x) = α1 · x + α2 (1)

f2(x) = β1/
�
1 + e−(β2·x+β3)� (2)

f3(x) = γ
(γ2·x+γ3)
1 (3)

where α1, . . . , γ3 are the coefficients of the transfer functions.
These coefficients were empirically chosen based on extensive
experience with I–V data across GaN devices, aiming to
balance output ranges and enhance distinct nonlinear regions.
Each transfer function generates a 2-D matrix of transformed
current values, corresponding to the original ID(VD,VG) sur-
face. These matrices, similar in structure to image channels
used in computer vision, are then mapped to the red, green,
and blue channels of a composite I–V image, preserving
the spatial layout of the data. The resulting image serves
as an input to the convolutional neural network. This RGB
representation follows standard image processing conventions
and also facilitates visual interpretation of device behavior.

C. Neural Network Architecture Selection

After the I–V data are transformed through the image
transformation method described in Section II-B, a neural
network learns from these I–V images and their corresponding
I–V parameters. Among various neural network architectures,
convolutional neural network (CNN), initially proposed in
[30], features a unique structure suited for learning from
images. The CNN architecture, as illustrated in Fig. 3, consists
of two parts: convolutional layers and fully connected layers.
The convolutional layers [see Fig. 3(a)] extract image features
and patterns, such as edges, textures, and shapes. The fully
connected layer [see Fig. 3(b)] maps these extracted features to
the final output. These layers establish the relationship between
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the I–V image features in the training data and target I–V
parameters by connecting every neuron in one layer to every
neuron in the subsequent layer.

By training a properly designed CNN using the processed
I–V images, the network can effectively learn the device model
parameters from the input images. This approach leverages the
ability of CNNs to capture complex, high-dimensional patterns
in images, enabling accurate parameter extraction.

III. RESULTS AND DISCUSSION

The network used in mIM is designed with 12 layers.
The first nine are convolutional layers, each followed by a
ReLU activation. These are followed by three fully connected
layers with 512, 256, 128, and 10, each paired with a ReLU
activation. The final output layer contains ten neurons, corre-
sponding to the target I–V parameters.

For comparison, mFCN is implemented as a six-layer fully
connected network with hidden layers of 2048, 2048, 1024,
512, 128, and a ten-neuron output layer. Each layer uses ReLU
activation, consistent with mIM. To ensure a fair comparison,
both the models are trained on the same dataset, with I–V data
transformed through the same set of transfer functions [see
(1)–(3)]. While mIM processes the data as an image, mFCN
receives the same I–V data flattened into a 1-D vector. Both
the models use the Adam optimizer for backpropagation.

The training dataset is generated through simulations of
Ampleon’s GEAR model, as described in Section II-A, and
transformed into images, as detailed in Section II-B. The
dataset is divided with 90% for training and 10% for testing.
Training is conducted over 500 epochs, as no significant error
reduction was observed beyond this point. The process runs on
an Intel1 i7-11850H CPU at 2.5 GHz with an NVIDIA RTX
A2000 GPU. mFCN training required approximately 200 min,
while mIM took only 75 min.

To evaluate both the methods, the coefficient of determina-
tion (R2) was used [11], [31], which quantifies the correlation
between the reference I–V parameters and the parameters
extracted by the neural networks. These reference parameter
sets, numbering 10 000, were randomly distributed within the
process variation range and used to generate the corresponding
I–V data. All the parameter values were then normalized to the
interval [−1, 1]. This procedure ensured that the assessment
focused on the methods’ generalization ability to unseen data,
thereby providing a robust comparison of performance.

Fig. 4 shows that for parameters such as GM and GON,
both the methods achieve strong correlations. However, for
max current parameter IDSAT, mIM significantly outperforms
mFCN (RmIM > 0.99 versus RmFCN ≈ 0.56). For the sub-
threshold related parameter such as SS and SS0, mFCN
yields weak correlations (RmFCN < 0.5), while mIM maintains
high accuracy (RmIM > 0.99). These results highlight the
method’s ability to capture fine details, particularly in the sub-
threshold region, demonstrating strength in accurate parameter
extraction.

We evaluated the trained networks using measured pulse
I–V data from devices fabricated with Ampleon’s Gen5 GaN

1Registered trademark.

Fig. 4. Comparison of device I–V parameters’ estimation accuracy between
the image-based method (mIM) and the existing method (mFCN).

Fig. 5. Comparison of measurement data with simulations using the proposed
mIM method and mFCN. (a) IDVD characteristics over the full bias range.
(b) IDVG characteristics highlighting the subthreshold region.

TABLE I
NMSE OF MODEL SIMULATION VERSUS MEASUREMENTS

technology. Each device has a unit gate width of 6 × 300 µm.
The extracted I–V parameters from mIM and mFCN were
applied to Ampleon’s GEAR model for simulations in ADS.
Simulation results and measurements are shown in Fig. 5.

In Fig. 5(a), the model with I–V parameters generated
by both mIM and mFCN shows generally good agreement
with the measurements over full bias. However, in terms
of accuracy, the model using parameters extracted by the
mIM outperformed mFCN. The normalized mean square error
(NMSE) for mIM and mFCN is −31.7 and −24.1 dB, respec-
tively (Table I). Fig. 5(b) focuses on the subthreshold region
of the IDVG curves. In this zoomed-in view, the simulation
using the mFCN exhibits notable errors in the slope of ID. In
contrast, the simulation with parameters from the mIM aligns
closely with the measurements, providing accurate predictions
even in the subthreshold region. The NMSE for mIM in this
region is significantly better than that of mFCN, as reflected
in Table I. These results align with the correlation statistics
shown in Fig. 4, where the image-based method demonstrated
strong correlations across all the parameters, including those
associated with subthreshold current. This highlights the effec-
tiveness of the image-based method in achieving high accuracy
and reliability in device modeling.

IV. CONCLUSION

This study presents a novel image-based ML method for
automating I–V parameter extraction in GaN devices. By
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transforming I–V data into images and using convolutional
neural networks, the method achieved exceptional accuracy,
with correlation determination exceeding 0.99, even in sub-
threshold regions. The proposed mIM requires less than
half of the training time than the conventional mFCN (75
versus 200 min). Validation using measured pulse I–V data
demonstrated significantly lower NMSE, particularly in sub-
threshold regions of the I–V curves. These results establish
that the image-based method efficiently captures complex
device characteristics, reducing both computational resources
and manual effort required for parameter extraction. Future
research could extend the proposed method to other semi-
conductor technologies, broadening its application scope and
enhancing device modeling processes essential for advancing
modern semiconductor innovation.
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