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Abstract—This paper presents a hybrid AI-thermal model for
the determination of the current and lattice temperature of a
device under a given bias voltage. The model is based on a neural
network trained with isothermal Monte Carlo simulations and
the coupling of any thermal model where the lattice temperature
depends on the dissipated power. The proposed procedure has
been validated on a GaN-based self-switching diode, although its
application to other electronic devices such as transistors is also
straightforward. The proposed method allows for a significant
reduction in computational cost, in addition to enabling the
investigation of various thermal models in an efficient manner. It
is capable of reproducing the results that would be obtained
through electrothermal Monte Carlo simulations, which are
particularly computationally expensive.

Index Terms—Monte Carlo Simulations, Artificial Intelligence
(AI), Thermal models, Artificial Neural Networks (ANN), GaN,
Electronic devices

I. INTRODUCTION

IN just a short time, devices based on nitrides, such as
Gallium Nitride (GaN), have become ideal candidates for

operation at high temperatures and high output power [1], [2],
[3], [4]. One of the most important aspects leading to the
degradation of the devices is the elevated temperature reached
inside, being self-heating a major limitation because the high-
power dissipation [4], [5], [6]. The use of thermal models
has become very useful in electronic device simulations to
obtain the temperature distribution within the device and its
impact on performance [1], [5], [7], reliability [6], and lifespan
[8], [9]. Also, thermal models are essential for determining
temperature limits, helping to prevent device breakdown,
and thereby avoiding unnecessary manufacturing costs. Com-
mercial software and home-made simulators include thermal
effects via different alternatives, going from simple models
based on a thermal resistance and the dissipated power (Pdiss)
inside the device [10], [11], [12] to others that take into
account the heat diffusion equation (HDE) [13], [14], [15], and
those that employ the Boltzmann equation for phonons [16].
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Electrothermal simulations can be computationally expensive,
meaning they require a significant amount of computation
time as well as computational resources. In this context,
Artificial Intelligence (AI) techniques have emerged as a
powerful tool to reduce the costs associated with modeling
electronic devices [17], [18], [19] or electronic systems [20].
Machine Learning (ML) algorithms, such as Artificial Neural
Networks (ANN), are used for regression analysis, predicting
an output variable (numeric dependent variable) based on a
set of input variables (numeric independent variables) [21].
On the other hand, ANNs are an attractive option compared
to other regression techniques, such as, for example, linear
regression, decision trees or Support Vector Machines (SVM)
due to the advantages they present. Specifically, they generally
allow greater flexibility in the representation of data, capturing
non-linear and complex relationships between input and output
variables more accurately than linear methods such as linear
regression [22], [23]. In addition, neural networks allow us to
generalize well from training data to make accurate predictions
on unseen vales and their algorithms allow the automation
of the modeling process, which leads to savings in time and
resources [23].

In previous works, through an electrothermal MC simulator,
self-heating was successfully studied in Self-Switching Diodes
(SSDs) [12] and High Electron Mobility Transistors (HEMTs)
[24]. However, this procedure is tedious since the simulations
require high computational cost and, for each modification
of each parameter of the thermal model, a complete MC
simulation is required. In this work we present a method
to reduce this computational cost by combining a neural
network (trained with data from isothermal MC simulations)
and different thermal models. With the proposed technique
it is possible to determine, without performing electrothermal
MC simulations, the current density and the lattice temperature
(Tlatt) of the device for specific bias conditions and device
properties. Although in this study we focus on a planar
nanodiode to be used as Gunn diode [25], the technique to
be described could be applied to other types of devices.

The paper is structured as follows. First, the details of the
device that has been selected as case study and the home-
made MC simulator are presented. Then, the developed ANN
is explained, together with the metrics that validate the good
accuracy of the model. The next section presents the proposed
method, a combination of a predictive network and any thermal
model where Tlatt depends on Pdiss. In our case, the technique
will be applied to three thermal models, which are briefly
described in Section IV(A). The results are presented in
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Fig. 1. (a) 3D structure of the doped-GaN diode. (b) Top-view structure used
in the 2D MC simulations.

Section IV(B) and finally the main conclusions of the work
are provided.

II. DEVICE DETAILS AND MONTE CARLO
SIMULATIONS

The schematic structure of the doped-GaN diode studied in
this paper is shown in Fig. 1(a). It is a planar diode where the
top doped GaN layer is etched to form insulating trenches.
The dielectric permittivity within the trench region is defined
as εr = 1 (air). We perform MC simulations of the top region,
denoted as top-view simulations, whose schema is depicted
in Fig. 1(b). The diode has a length of the active region of
2000 nm, and a channel width of 200 nm. The doping of the
GaN layer (ND) and Tlatt will be within the 0.5-10×1024 m−3

and 300 K-700 K ranges, respectively. We will provide values
of current density (in A/m), to be multiplied by the thickness
of the top doped GaN layer (Wt) to obtain the current (in A)
flowing in a concrete device.

The simulation tool employed for the study of the devices
is a home-made semiclassical ensemble MC simulator self-
consistently coupled with a two-dimensional resolution of the
Poisson’s equation [26], [27], [28], [29]. The simulator takes
into account the following scattering mechanisms: intervalley,
acoustic and optical (polar and non-polar) phonons, piezo-
electric and ionized impurities. Equilibrium Bose-Einstein
occupation for phonons is always employed. The inclusion
of non-equilibrium phonon distributions would affect both
the electron transport in the devices and and their thermal
resistance, but the global framework presented here would
remain the same.

Fig. 2. Maps of current density as a function of the applied cathode-to-
anode voltage, V, and lattice temperature, Tlatt: (a) ND=0.5×1024 m−3, (b)
ND=1.0×1024 m−3 and (c) ND=5.0×1024 m−3.

The conduction bands of materials are modelled by a three-
nonparabolic, spherical valley model [30] and, for GaN, the
Wurzite structure is considered [26], [31]. The lowest point
of the conduction band of GaN is located at the Γ point (Γ1-
valley), 3.44 eV above the absolute maximum of the valence
band, also located at the Γ point. The second minimum is
located between the M and L points, leading to a valley
called the U -valley. An energy separation to the first to
second valley of ε1−2=0.9 eV [32], [33], [34] is contemplated
in our model. The third minimum is also in the Γ point,
the Γ3-valley, at 2.4 eV from the minimum of the Γ1-valley.
We want to highlight that most simulations of GaN devices
—except for the model employed by Sadi et al. [35] for MC
simulations of LEDs— typically use ε1−2=2.2 eV. This value
is derived from Density Functional Theory (DFT) calculations
[36] and other similar theoretical works [37], [38]. However,
recent experimental findings indicate that ε1−2 for GaN could
be lower, approximately ε1−2=0.9 eV [32], [33], [34]. Some
authors have acknowledged the controversy between theoret-
ical predictions and measurements but opted to discard the
experimental value [39]. In our case, we have chosen to use
this lower intervalley separation ε1−2=0.9 eV because MC
simulations of Gunn diodes using this value show a good
correlation between the threshold voltage for the onset of Gunn
oscillations and the experimental breakdown voltage, which
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Fig. 3. Schematic diagram of the deep neural network comprised of an input layer, three hidden layers and an output layer. Lattice temperature (Tlatt),
doping, (ND) and bias (V ) are the input variables and the current density (I) is the target variable.

we believe appear at the same time [25]. Additionally, the
simulator takes into account a self-consistent surface-charge
model as described in Ref. [40].

The maps of Fig. 2 represent results of isothermal MC
simulations used for the training and validation of the network.
In particular, we show the current density (I) as a function
of the applied bias (V ) and Tlatt for three values of the
doping ND. As observed, the current density is essentially
proportional to ND and is strongly influenced by Tlatt. When
Tlatt increases, electron-phonon scattering is enhanced, which
reduces the current level. Remarkable levels of heat dissipation
due to the Joule effect can be reached in these highly-doped
devices when increasing the applied voltage. According to the
results in Fig. 2, the associated increase of Tlatt cannot be
ignored to evaluate the current density. Thus, it is essential to
account for self-heating in the analysis of these devices.

III. ARTIFICIAL NEURAL NETWORK MODEL

The ANN used in this paper is a multilayer perceptron,
[41], a neural network in which every node is connected to
each layer’s next node. The determination of the number of
hidden layers and the number of neurons in each hidden
layer are hyperparameters that need to be decided during
the model design phase, and may vary depending on the
specific problem being addressed [42]. To capture the non-
linear relationship between the input and output variables, it
is advisable to include one or more hidden layers [43]. The
number of neurons in hidden layers has been determined such
as three times the size of the input layer, plus the size of
the output layer [43], [44]. The schema of the ANN used is
shown in Fig. 3. The ANN is made up of three hidden layers
with 10 neurons each, and it considers as input variables V ,
ND, and Tlatt. The ANN provides the prediction of I , our
target variable. For training our ANN, the backpropagation
algorithm has been adopted, using the neuralnet function
from the package neuralnet in the R statistical software
programming language [45]. The dataset has been split into
train and validation sets accordingly the proportion of 80 %
and 20 %, respectively, taking into account that validation data

are not present during the training of the model. Variables
have been previously rescalated by the min-max normalization
method [46] accordingly to the formula:

x′ =
x−min(x)

max(x)−min(x)
, (1)

where x is the original value, x′ the normalized value, and
min(x) and max(x) the minimum and maximum values
of x, respectively. The convergence criteria for training the
ANN (threshold parameter in the neuralnet function) has
been configured to 0.0001. For the training and validation of
the ANN a total of 820 simulations were used considering
biases in the 0 V-40 V range, lattice temperatures in the 300 K-
700 K range, and doping levels in the 0.5-10×1024 m−3 range.
Taking into account the high computational cost of each MC
simulation (around 144 hours), special care has been taken
to include the smallest number of MC simulations without the
model having underfitting. There are several statistical metrics
that are used for evaluating the accuracy of regression models,
in particular, the Root Mean Squared Error (RMSE) and the
Mean Absolute Error (MAE) [47], [48].

The RMSE gives the average prediction error made by the
model, where a value of zero would indicate a perfect fit to
the data and it is defined accordingly as:

RMSE(y,ŷ) =

√∑N
i=1(yi − ŷi)2

N
, (2)

where yi is the actual value of the ith observation, ŷi the value
of the ith prediction, and N the number of observations.

The MAE gives the absolute difference between the actual
values and the values predicted by the model for the target
variable and a value of of zero would mean a perfect prediction
and it is defined by:

MAE(y,ŷ) =
1

N

N∑
i=1

|yi − ŷi|, (3)

The RMSE and MAE values for training and validation
are summarized in Table. I. The obtained RMSE and MAE
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statistics show the good accuracy of the ANN to predict the
target (close to zero value and there is not a remarkable
difference between the training and validation score), which
indicates that the model is goodfitting.

TABLE I
STATISTICS OF THE VALIDATION RESULTS FOR TRAINING AND

VALIDATION: N , RMSE AND MAE .

N RMSE MAE
Training 655 0.0011 0.0008

Validation 165 0.0013 0.0009

In order to validate the prediction, Fig. 4 shows the I − V
characteristics for a diode with a doping of ND=5×1024 m−3,
at lattice temperatures of 300 K, 400 K, 500 K, 600 K, and
700 K obtained by MC simulations (symbols) and by the
constructed ANN (lines). As can be seen, a very good fit
between simulations and predictions is found.

Fig. 4. I-V characteristics obtained from (symbols) MC simulations and (lines)
ANN model for the lattice temperatures of 300 K, 400 K, 500 K, 600 K and
700 K. ND=5×1024 m−3.

IV. COMBINED ARTIFICIAL NEURAL NETWORK
AND THERMAL MODEL

In Fig. 5 the flux diagram of the operation of the hybrid
AI-thermal model is depicted. The first iteration starts with
Tlatt=T0 (300 K in our case) and, using the ANN model, I0 is
predicted for the desired doping ND and applied voltage V .
Then, an iterative computation starts. The lattice temperature
corresponding to the current predicted by the ANN, T i+1

latt , is
calculated based on a given thermal model (TRM ) using the
value of the dissipated power Pdiss.i=Ii×V . If T i+1

latt is differ-
ent from T i

latt, a new current prediction would be performed
for this new T i+1

latt . Once Tlatt converges (T i+1
latt ≈ T i

latt) the
program terminates. At this point, Tlatt and I are the values
provided by our combined model for the given ND and V , and
the considered (TRM ). This procedure is versatile and allows
applying any thermal model whose temperature depends on the
value of Pdiss. Next, three thermal models are presented, all
based on a thermal resistance.

A. THERMAL MODELS

Different relationships between the Tlatt and Pdiss can
be considered [12]. The first approach used in this study
is based on an ad-hoc temperature-independent thermal re-
sistance (TRM1), Rth [11], [12], where Tlatt is obtained
according to:

TRM1 : Tlatt = Tamb + Pdiss ×Rth, (4)

being Tamb the temperature of the heat sink.
The second approach (TRM2) employs a temperature

dependent thermal resistance, where Rth is considered as a
function of Tlatt according to [49]:

Rth(Tlatt) = Rth

(
Tlatt

Tamb

)αeff

, (5)

being Rth the thermal resistance at Tamb, and αeff an
adjustable parameter since typically the device structure com-
prises different materials with different temperature dependen-
cies of thermal conductivity [13], [14], [15]. To calculate Tlatt

the Kirchhof variable transformation [13], [14], [15] is applied,
obtaining:

TRM2 : Tlatt = Tamb×
[
1 +

Pdiss ×Rth (1− αeff )

Tamb

] 1
1−αeff

,

(6)
Thirdly, a non-linear thermal resistance model (TRM3) can

be used to reproduce the non-linear behaviour of the thermal
resistance [27], where Tlatt is obtained taking into account an
extra term as:

TRM3 : Tlatt = Tamb+Pdiss×Rth

(
1 +

[
Pdiss ×Rth

∆T0

]β)
.

(7)

Fig. 5. Flux diagram of the combined ANN and thermal resistance models.
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Fig. 6. (a) Current density and (b) lattice temperature vs. bias obtained
with the combined ANN and the TRM1 for the values of Rth=0.1, 0.2,
0.3, 0.4 and 0.5 K· mm/W. Tamb = 300K. Symbols represent results
from MC electrothermal simulations using TRM1. Results are presented for
ND=5×1024 m−3 and ND=3×1024 m−3.

The model considers the parameters β (which must be greater
than or equal to 1), ∆T0 and Rth, which depend on the
geometry of the devices and surrounding areas, just as the
thermal resistance does.

B. RESULTS AND DISCUSSION

Fig. 6(a) shows the current density obtained with TRM1
for five values of the thermal resistance in the 0.1 - 0.5
K·mm/W range (well within the range of values considered in
our previous work [12]) to analyse the effect of self-heating.
The predicted current density does not change significantly
with Rth for low bias because Pdiss is small, as well as the
increase of Tlatt, as can be observed in Fig. 6(b). For biases
higher than 10 V the increase in temperature begins to be
significant, having a notable effect on the current level, which
takes decreasing values for larger Rth. We also have validated
our combined ANN and thermal model by comparing its pre-
dictions for the cases of doping levels of ND=3×1024 m−3 and
ND=5×1024 m−3 with the results directly obtained with an
electrothermal MC simulator (symbols) incorporating TRM1
with a value of the thermal resistance Rth=0.3 K·mm/W. As

Fig. 7. (a) Current density and (b) lattice temperature vs. bias obtained with
the combined ANN and the TRM1, TRM2 and TRM3 models for a value
of Rth=0.5 K·mm/W. Tamb = 300 K. For the TRM2 αeff is in the 1.5-5
range and for the TRM3 β is in the 1.0 - 3.0 range. ND=5×1024 m−3

can be observed, a very good agreement is found, for both the
current density and Tlatt.

The predicted current densities and lattice temperatures
obtained with the combined ANN and the TRM1, TRM2 and
TRM3 models are plotted in Figs. 7(a) and (b), respectively.
In all cases a thermal resistance Rth=0.5 K·mm/W has been
considered. For the TRM2 the value of αeff has been varied
in the 1.5-5 range according to those used in literature [12],
[50], [51], [52], [53], [54]. The TRM2 introduces a non-
linear response in the calculated Tlatt respect to the applied
bias, V . Finally, the TRM3 is employed taking into account
∆T0=20 K and β in the 1.0 - 3.0 range [12]. As can be seen
in Fig. 7, the TRM3 introduces a stronger self-heating effect,
approximately from 12 V onwards. Moreover, applying this
model the network temperature would be above 700 K for
applied voltages starting from 39 V, 29 V and 25 V, for β=1 ,
2 and 3, respectively, being, therefore, the limiting cases of
validity of the model since the ANN has been trained up
to 700 K and it is not valid to make predictions above this
temperature.
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V. CONCLUSIONS
A method based on an ANN trained with isothermal MC

simulations and different power dissipation-dependent thermal
models has been developed to predict Tlatt and the current
density in electronic devices. This model has been validated
with electrothermal MC simulations, with good agreement
in the results. The model is versatile as the ANN could be
trained by considering more parameters as inputs, such as
device geometry or material properties. The procedure could
be applied to any thermal model where the temperature of
the network depends on the dissipated power. Considering the
proposed model, the computational cost will be considerably
reduced compared to electrothermal MC simulations.
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“Comparative Monte Carlo analysis of InP-and GaN-based Gunn
diodes,” Journal of Applied Physics, vol. 115, no. 4, 2014.
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