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Abstract: In this paper, a novel approach that combines technology computer-aided design (TCAD)
simulation and machine learning (ML) techniques is demonstrated to assist the analysis of the
performance degradation of GaN HEMTs under hot-electron stress. TCAD is used to simulate the
statistical effect of hot-electron-induced, electrically active defects on device performance, while the
artificial neural network (ANN) algorithm is tested for reproducing the simulation results. The results
show that the ML-TCAD approach can not only rapidly obtain the performance degradation of GaN
HEMTs, but can accurately predict the progressive failure under the work conditions with a mean
squared error (MSE) of 0.2, informing the possibility of quantitative failure data analysis and rapid
defect extraction via the ML-TCAD approach.

Keywords: GaN HEMTs; performance degradation; hot-electron stress; machine learning techniques

1. Introduction

GaN-based high-electron-mobility transistors (HEMTs) with AlGaN/GaN heterostruc-
tures have been widely used in power devices due to their high operating temperature
tolerance (up to 1000 ◦C), large breakdown voltage, and stable chemical properties [1–4].
However, the reliability issue of GaN HEMTs under electrical stress, such as inverse piezo-
electric, self-heating, and hot-electron effects, seriously limits their large-scale market
applications [5–9]. For hot-electron effects, many studies have underlined that when sub-
mitted to high drain-source voltages, carriers are significantly accelerated by the high
electric field, thus being injected toward the AlGaN/GaN interface, in the AlGaN layer,
or in the SiN passivation, finally resulting in a permanent property degeneration due to
the generation of an interface state near the drain terminal [10–13]. Matteo Meneghini
et al. found that a decrease in the drain current on state correlated well with the variation
in the EL/ID signal. Meanwhile, they derived an acceleration law for hot electrons by
considering the intensity of the EL signal [11,13,14]. Davide Bisi et al. suggested an en-
hancement of hot-electron effects during RF operation when the dynamic load line reaches
deep pinch-off conditions and devices with poor carrier confinement do not completely
turn off [15]. Maria Ruzzarin et al. proposed a strong correlation between the RON increase
and the source current and the negative temperature coefficient by experiment [16]. Z.
Gao et al. investigated the degradation mechanisms of AlGaN/GaN HEMTs adopting
Fe and C codoping with high and low carbon doping concentrations by tests [17]. How-
ever, the biggest bottleneck of current reliability research on GaN devices is the lack of
large amounts of high-quality data and defect evaluation through long-term experiments.
Technology computer-aided design (TCAD) simulation provides a convenient method
to characterize the behaviors of GaN HEMT devices and to obtain the main functional
properties of the devices [18–21], facilitating reliability investigation [22] under random

Electronics 2022, 11, 3582. https://doi.org/10.3390/electronics11213582 https://www.mdpi.com/journal/electronics

https://doi.org/10.3390/electronics11213582
https://doi.org/10.3390/electronics11213582
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/electronics
https://www.mdpi.com
https://orcid.org/0000-0003-3265-7907
https://doi.org/10.3390/electronics11213582
https://www.mdpi.com/journal/electronics
https://www.mdpi.com/article/10.3390/electronics11213582?type=check_update&version=2


Electronics 2022, 11, 3582 2 of 13

defects. These theoretical reliability predictions are of great significance to the structural
design and optimization of GaN devices. However, TCAD simulation are normally chosen
with complicated modeling parameters, termination conditions, and various characteristics,
together with huge resource requirements and development time [23].

The machine learning (ML) technique is a powerful technique capable of handling
multidimensional and multivariable data in dynamic environments that aids in mod-
eling device behavior without the knowledge of device physics, expedites the design
optimization process, and avoids the solution of numerous equations. In recent years,
ML-based approaches have been widely used to model the performance of GaN HEMTs
for the evaluation of the fabrication process and electrical characteristics of devices [24–30].
However, few studies have utilized the capability of exploring sophisticated data of ML
methods to evaluate the reliability of GaN HEMTs, especially the performance degradation
and prediction.

Motivated by the above considerations, an ML-TCAD coupled method that combines
ML algorithms and TCAD simulation is proposed to evaluate the electrical parameter
changes in GaN HEMTs under long periods of hot-electron stress, which is further used
for the optimization and prediction of the defect developments and device characteristics.
Moreover, the developed ML model can reduce the demand for TCAD simulations and
save many experimental and computational resources and decrease development time.

2. Flow Diagram for Degradation Prediction

Figure 1 shows the flow diagram of the proposed ML-TCAD coupled model. It consists
of two parts, the TCAD and ML algorithms. The TCAD simulation [31,32] involves device
modeling, materials definition, physical model selection, mesh division, defect definition,
and so on. The ML algorithm can be mainly divided into the following parts: input and
output defining, dataset preprocessing, dataset separating, algorithm design, algorithm
training, and optimization.
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Figure 1. Flowchart of the ML-TCAD coupled model to predict the performance degradation of
GaN HEMTs.

Firstly, the time dependence of Ids under Vds and Vgs for the hot-electron stress is
calculated by TCAD simulation. Then, the ML algorithms of the artificial neural network
(ANN) are constructed. For the ML algorithm, the inputs could be set as hot carrier stress
conditions (Vds and Vgs) for the GaN HEMTs while the output is Ids degradation as a
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function of time. In addition, decision tree (DT) and ridge regression (RR) are employed for
prediction. All the ML algorithms are constructed using 2250 samples, of which 80% of the
dataset is utilized for training and validation and 20% is utilized for testing. Additionally,
a set of data beyond the training, validation, and testing range is dedicated to evaluating
the extrapolated prediction of algorithms. Finally, the performance of ML algorithms is
evaluated by simulation results verification. More details are provided and explained in
the following sections.

3. Degradation Properties by TCAD
3.1. Structures and Parameter Setting

The degradation study is carried out on a symmetrical depletion-type HEMT (D-
HEMT), whose schematic structure is shown in Figure 2. It consists of an AlGaN/GaN
heterostructure, followed by a 2.3 µm thick GaN buffer layer, a 150 nm GaN channel layer,
a 20 nm AlxGa1−xN barrier (the composition x = 0.3 is considered for the barrier layer,
AlxGa1−xN), and a 3 nm thick GaN cap layer. The device is covered by a 50 nm thick SiN
passivation layer. The detailed geometric parameters and doping concentration of the
material are listed in Table 1.
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Table 1. Geometric and doping concentration parameters.

Structure Thickness (µm) Doping Concentration (cm−3)

SiN 0.05 —
GaN cap 0.003 5 × 1018

AlGaN barrier 0.02 2 × 1018

AlGaN spacer 0.002 1 × 1018

GaN buffer 2 1 × 1018

SiC/Si 0.001 —

To accurately simulate the characteristics of the actual GaN HEMTs, essential physical
models, such as the interface trap model, surface trap state model, nitride low and high
field mobility model, and SRH (Shockley–Read–Hall) recombination model, are compre-
hensively considered in the TCAD simulation. Additionally, a doping dependence model
and a high-velocity saturation model, driven by a field computed as the gradient of the
electron quasi-Fermi level, are defined for electron mobility. The source and drain regions
in Figure 2 are defined as “modified ohmic” contacts [33]. The piezoelectric effects and the
spontaneous polarization are considered at the AlGaN/GaN interface, which visualizes
(supports and controls) the two-dimensional electron gas (2-DEG) concentration formed
in the quantum well at the AlGaN/GaN heterointerface. In the simulation, a nonuniform
mesh [12] of nodes is created to discretize the physical properties and numerically sim-
ulate the HEMT behavior. The mesh is markedly finer at gate edges, especially for the
semiconductor interfaces, to ensure both robust and efficient simulation.
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To simulate the degradation characteristic of the device under hot carrier stress, var-
ious kinds of defects are generated and added to the GaN model. Initial interface trap
concentrations of 3 × 1012–9 × 1012 cm−2 are widely reported [34]. Donor-type interface
defect traps with a density of 5 × 1013/cm2 were activated at the interface of the passivation
layer and GaN cap, as specified in Figure 3a. Bulk acceptor traps with a density of 1015/cm3

are activated in the GaN buffer. The acceptor trap density of 1012/cm3 is declared for both
AlGaN barriers. All the traps considered are located 0.4/0.5 eV from the conduction band,
according to Refs. [35–39]. Figure 3a shows the energy band diagram and electron den-
sity distribution at 300 K for the designed structure in TCAD simulation. It can be seen
that electrons mainly accumulate in the channel region of GaN (i.e., 2-DEG is confined in
the GaN_channel with a thickness of 5 nm) with a maximum electron concentration of
4 × 1019 cm−3, and the energy bandgap is approximately 3 eV, which is similar to that of
practical GaN HEMTs.
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Figure 4 shows the simulated I-V characteristics of the D-GaN HEMTs before the hot
carrier stress. The DC output characteristics of GaN HEMTs were determined by sweeping
the gate voltage bias (Vgs) from 0 to −4 V and the drain voltage bias (Vds) from 0 to 10 V
(Figure 4a). The peak Ids is ~0.9 A/mm at bias voltages of Vgs = 0 V and Vds = 10 V. The
extracted 2-DEG and mobility in the channel are 1.14 × 1013 cm−2 and 1260 cm2/V-s,
respectively. Figure 4b shows the transfer and transconductance curves of GaN HEMTs
when Vgs is swept from −7 to 2 V and Vds from 6 to 8 V. It is found that the threshold
voltage of the device is approximately −3.86 V, and the peak value of transconductance (gm)
is 0.3 S/mm when Vds = 10 V. In order to verify the accuracy of this modeling method, we
conducted TCAD model construction and simulation for asymmetric T-gate GaN/AlGaN
HEMT in Ref. [14]. The predicted output characteristics and transfer curves are displayed
in Figure 5a,b, respectively. It is worth noting that when the Vds is lower than 7 V, there
is a difference between the simulation and the experimental data, which may be caused
by the material growth process and device preparation process of the sample. However,
the simulated DC characteristics almost exactly match the experimental Ids-Vds at the
saturation region. This means that the modeling method is feasible for studying the
reliability degradation of GaN HEMTs.
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Figure 5. (a) Output characteristics of the asymmetrical T-gate AlGaN/GaN HEMT on a silicon
carbide substrate with a gate length of 0.25 µm before stress and (b) transfer characteristics before
stress [14].

3.2. Degradation Results for GaN HEMTs

Hot carrier stress is usually found to reduce the drain current [17,40]. During hot-
electron stress, channel electrons (such as 2-DEG) are heated at the gate and gate-drain
extension regions. A large fraction of these hot electrons directly collides with the interface,
resulting in the generation of the interface states [10]. A famous HCI model that describes
the relationship between the number of interface states ∆Nit near the drain terminal and
the hot-electron stress [41,42] is shown as follows:

∆Nit = C
(

Idt
W

e−
ϕit

qλEm

)n
= C1

[
Idt
W

e
− β

Vds−(Vgs−Vth)

]n

(1)

in which Em = (Vds − Vdsat)/L, Vdsat = Vgs − Vth, and β = ϕit L/(qλ); ϕit is the critical
energy that an electron must have to create an interface trap, which is determined by
experiment. λ is the hot-electron mean-free path. W is the channel width. N is the power
factor, and t is the stress time. In this simulation, the specific parameter values used are
shown in Table 2.
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Table 2. Parameters of HCI model during simulation.

Parameter Value Unit

C1 1 × 1012 -
W 1 um
β 1.79 -
n 0.28611 -

To simulate the device characteristics under hot carrier stress, we introduce an acceptor-
type interface trap with concentration varying through time being uniformly distributed
at the AlGaN/GaN interface. The variation in trap concentration is set according to
Formula (1). In this work, the acceptor energy level at each concentration is fixed at 0.5 eV.
Additionally, electron and hole capture cross sections of 1 × 10−15 cm2 are used for the trap
level, which is consistent with other reported numerical simulations [37,38]. The parameter
variations are performed under degradation-free initial conditions. The specific simulation
details are given as follows. (1) The variation in defects with time induced by hot-electron
effects is obtained based on the change in gate voltage Vgs and drain voltage Vds. (2) The
concentration of defects as a function of time is added to the AlGaN/GaN interface in the
GaN HEMT model. (3) The variation in device characteristics with time is obtained at a
given gate voltage Vgs and drain voltage Vds.

The drain current variation in the GaN model with time under hot-electron stress
(Vgs = −1 V, Vds = 30 V) is simulated. Figure 6 shows the reduction in the drain current
(measured at Vds = 10 V, Vgs = 0 V) obtained. It can be seen that Ids gradually decreases
at constant Vgs = 0 V with increasing time. After 1.8 × 105 s, the drain current decreases
from 0.890 to 0.810 A/mm, dropping by 8.9%. Furthermore, on-state stress is found to
induce a decrease in maximum transconductance but no significant change in the threshold
voltage of the devices (see Figure 6b). The observed strong variation in the drain current
during stress can be explained by the trapping of electrons in the channel region, which
corresponds to the continuous degradation of the device [10]. Furthermore, the variation
in the drain current of the GaN model with time under hot-electron stress (Vgs = −1 V,
Vds = 30 V) based on the method above is compared with the degradation of the device in
Ref. [13]. The results are shown in Figure 7. Here, a decrease in drain current is replaced
by the Ids degradation rate (%); that is, ∆Ids = (Ids_str − Ids0)/Ids0 × 100%, Ids_str means
Ids after stress with t time, and Ids0 means Ids before stress. The comparison results show
that the predicted ∆Ids% with time is consistent with the reported results under the same
hot-electron stress, which indicates that the degradation law of the GaN HEMTs reacted in
this work agrees with the actual trend.
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Figure 7. Comparison of the degradation trend of ∆Ids with time between Ref. [13] and this work
under the hot-electron stress of Vds = 30 V.

Numerous groups of Vds and Vgs specific stresses can result in various Ids degradation,
which can be observed in the simulation. To handle the multidimensional and multivariable
stress on the device behavior, 2250 groups of degradation data under specific Vds and Vgs
were obtained based on the above methods, which were used for the subsequent training
of the ML methods.

4. ML Algorithms for HCI Degradation

The ML algorithms are employed to predict the performance changes in devices based
on the simulation data. The details of the ML algorithms for predicting the performance
degradation of GaN HEMTs, shown in Figure 1, are described in subsequent steps.

(1) Data preprocessing, which includes scaling, normalizing, grouping, and removing
the outliers of the training data. Scaling is achieved by subtracting the mean of each feature
and dividing by the standard deviation:

z =
x − µx

σx
(2)

where µx is the mean of x and σx is the standard deviation of x.
(2) Dataset separating. The dataset is divided into three groups: training, validation,

and testing. Testing data are used to evaluate the accuracy of these trained algorithms.
(3) An ML algorithm such as ANN is designed based on the training dataset.
(4) ML algorithms are trained multiple times until fitting.
In addition, to minimize the situation of underfitting or overfitting, a cross-validation

approach is used to ensure that the model is generalized to an independent or unseen dataset.
Figure 8 shows the ANN structure consisting of an input layer, hidden layers, and an

output layer. These layers are connected through weights-driven connections. Increasing
the model’s topology simultaneously affects the model’s complexity, which in turn upsets
the simulation time of the model. Thus, we carefully changed the model’s parameters and
repeated the same steps until we obtained the best topology for this problem. The proposed
model’s topology consists of two inputs Vgs and Vds, four hidden layers, and an output
layer. The four hidden layers have 30, 80, 100, and 100 neurons, respectively. The output
layer has 59 neurons with a neuron dropout rate of 0.2. The output vector is the variation
in Ids as a function of time. In addition, each perceptron has an ReLU activation function
for fast learning and avoiding gradient loss. These layers are linked together to achieve
progressive data distillation.
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The fitness function of the algorithm is evaluated in terms of the mean square error
(MSE). When the value of MSE is met, the loss no longer decreases, and the ANN algorithm
ends the training process. The loss function and MSE are given by

ϕ(x) = max(0, x) (3)

MSE =
1
n

n

∑
i=1

(yi − ŷi)
2 (4)

where n is the total sample size; yi and ŷi are the actual and prediction results, respectively.
Additionally, backpropagation adopts Adam’s algorithm with good stability and fast

convergence speed. To avoid overfitting or underfitting in ANN training, 200 epochs are
chosen for gradient descent optimization.

In addition, the decision tree (DT) and ridge regression (RR) are also constructed.
After these algorithms are constructed, the dataset (obtained from Section 3) is processed
and input into the algorithms, as shown in Figure 1. Then, the ML algorithm is repeatedly
trained until a validated output set is generated. Once the model is validated, it is able to
generate the output from the input parameters of the device. Trained models are then used
to predict the results for different conditions that are the output of the original datasets.

5. Results and Discussion

Figure 9 shows the losses of the ANN algorithm as a function of steps. After a few
epochs of training, the loss function begins to decrease, and the algorithm begins the
learning of the Ids degradation as a function of time under different Vds and Vgs. The
loss value reaches a minimum value after a few epochs and then stabilizes around a fixed
value. Figure 9a,b show that the training has converged and that there is no overfitting
with excellent algorithm generalization ability. As a result, the ANN algorithm is trained
for 1000 epochs and it completely learns the behavior of the GaN HEMTs under the hot-
electron effects. The trained algorithm becomes an equation solver that can instantaneously
predict the Ids degradation as a function of time under various hot-electron conditions.

Figure 10a shows the MSE values between the developed ANN algorithm and the
simulation results with a variable drain voltage varying in the range 15–50 V. It is easy
to note that the MSE of the ANN algorithm is less than 0.1. This means that the ANN
algorithm possesses great accuracy in terms of Ids change with time under hot-electron
effects. Hot-electron stress of Vds = 20–35 V and a step size of 5 V are taken as an example,
as shown in Figure 10b. In the initial state, when the stress time is short, Ids remains almost
unchanged (∆Ids = 0). After that, the GaN HEMT shows signs of degradation. This stage
is the continuous degradation stage. With the accumulation of time, more defects are
generated by the hot-electron effects, so ∆Ids changes exponentially. It can be seen that
the training result almost coincides with the predicted values of the ANN algorithm. This
means that the ANN algorithm successfully understood the deep relationship between
hot-electron stress and Ids degradation of the GaN HEMTs.
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A value of Vds lower than 15 V is used to verify the extrapolation ability of the
ML algorithm. The MSE between the predicted values of the algorithm and simulation
values with the drain voltage varying in the range 10–14 V is shown in Figure 11a. As
the drain voltage decreases (i.e., away from the drain voltage training range), the MSE
increases gradually to a maximum of 0.2. Taking normal working conditions as an example
(Vds = 13 V) in Figure 11b, in the initial stage, the prediction of the ANN algorithm coincides
completely with the actual curve. As time passes, the predictably extrapolated results of
the ANN algorithm gradually deviate from the actual results, as shown by the solid blue
line and dashed red line. In addition, the ability of the ANN model to predict the lifetime
of GaN devices is evaluated, as shown in Figure 12. The evaluation criteria of HCI lifetime
are normally defined as 10% variation in Ids with time. According to Formula (1), the
abscissa is 1/(Vds − Vdsat), and the ordinate is the corresponding time when the sIds
of the device degrades to 10%. In the early stage, the prediction of the ANN model is
relatively accurate and almost consistent with the TCAD simulation results. Under normal
working conditions (Vds = 10 V), the simulated lifetime of GaN HEMTs simulated by
TCAD is 4.4 × 105 s, while the lifetime predicted by the ANN model is 4.2 × 105 s, which
is consistent with the previous conclusion. In summary, these test results show that the
ANN algorithm can quickly predict the performance degradation of the device without
knowing the physical background of the hot-electron effects.
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The decision tree (DT) and ridge regression (RR) are also employed to predict the
performance changes in devices under hot-electron effects. To evaluate the performance of
the two models, we compared the prediction ability of the models under stress (15–50 V)
and normal operating conditions (10–14 V). Figure 13a,b compare the MSE values of the
two algorithms when the drain voltage varies from 15 to 50 V. It is easy to note that the MSE
of the DT algorithm is minimal, almost zero, while the RR algorithm has the largest MSE of
approximately 0.25. This means that the DT algorithm possesses great accuracy in terms
of Ids change with time under hot-electron effects. However, the algorithm developed by
the DT is the least accurate in terms of prediction outside the trained range, as shown in
Figure 13c. The trend is consistent with the change in ANN in the extrapolated range,
and MSE increases with the decrease in drain voltage. The maximum MSE values of
DT and RR are 1.1368 and 0.8277, respectively. In addition, the lifetime prediction of
GaN devices by the two algorithms is shown in Figure 13d. When the DT algorithm is
extrapolated, the predicted data remain unchanged, as shown in the red scatter, which
may be attributed to the fact that the DT relies on cut points that are specific to the inputs,
leading to overfitting and poor algorithm generalization. The value of MSE between the RR
algorithm and TCAD simulation results is large in the training dataset. When Vds = 10 V,
that is, 1/(Vds − Vdsat) = 0.1629, the prediction results of the DT and RR models are worse
than those of the ANN model. Among them, the predicted lifetime of GaN HEMTs by
the DT model is approximately 3.3 × 105 s, and that of GaN devices by the RR model is
approximately 3.4 × 105 s. Compared with the actual simulated lifetime through TCAD,
the difference is 1.1 × 105 s and 1 × 105 s, respectively.
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In summary, the proposed TCAD-ANN model not only has high accuracy within the
training data range, with MSE on the order of 10−2, but also has high accuracy outside
the training data range, with a minimum MSE of 0.2. These results demonstrate that
ANN models promise to give faster and more accurate outputs in GaN HEMTs modeling
and predicting its performance under hot-electron stress. This work provides an alter-
native way to predict the degradation evaluation of GaN HEMTs; trained ML models
can be directly used to study the performance degradation of GaN HEMTs under differ-
ent thermal electron stresses not analyzed using TCAD simulator or experiments, which
corresponds to accelerating the lifetime prediction of the GaN device and benefits the
product’s development.

6. Conclusions

An ML-TCAD coupled model is proposed to predict the performance degradation of
GaN HEMTs induced by hot-electron effects, which does not require knowledge of complex
reliability physics, long-term experimental testing, or numerous TCAD simulations. Results
show that the ML-TCAD coupled model with three ML algorithms can successfully reflect
the ∆Ids variations in the GaN HEMTs under hot-electron stress and exhibit promising
predictable results. In the next research, we will combine the mature ML-TCAD model
with the reliability experiment. The traps location, distribution, concentration, and energy-
level positions in GaN HEMTs can be deduced reverse-through the degradation curve
of the device (such as the Ids-Vds, Ids-Vgs curve after a certain time of stress). This will
be helpful to further explore the physical degradation mechanism of GaN HEMTs under
hot-electron stress.
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