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ABSTRACT

This work utilizes machine learning techniques to achieve
learning based mesh generation for the thermal simulator. In
the learning stage, first, we generate many power value sets
of application processors and apply the superposition tech-
nique to obtain the temperature raw data of material blocks.
We, then, use these thermal data and several defined thermal
gradient ranges to obtain different appropriate mesh-size sets
of material blocks for each power value set. We construct
the regressions that are capable of predicting targets as a
supervised learning task, and the architecture of regression
model includes seven hidden layers. After the learning stage,
we integrate the learning based mesh decision engine into
a developed system-level thermal simulator, which is built
by the finite difference method. The experimental results
show that the temperature profiles of the handheld device
calculated by the developed thermal simulator with learning
based mesh generation fits the results obtained by a commer-
cial tool pretty well with less runtime usages. Moreover, the
learning based mesh decision engine is much more efficient
than the artificial mesh decision.

KEY WORDS:

adaptive meshing, heat transfer equation, machine learn-
ing, finite difference method (FDM), thermal gradient, circuit
simulation.

NOMENCLATURE

G Thermal conductance matrix
T Temperature vector (°C)
p Power consumption vector (W)
~r Location vector (x, y, z)
∆Ttarget Max. temperature difference between adjacent ther-

mal grids (°C)
∆Tx Max. thermal gradient in x-direction (°C)
∆Ty Max. thermal gradient in y-direction (°C)
∆Tz Max. thermal gradient in z-direction (°C)
nx No. of thermal grids in x-direction (#)
ny No. of thermal grids in y-direction (#)
nz No. of thermal grids in z-direction (#)
Lmax Max. resolution level
Lmin Min. resolution level
∆Tmax Max. thermal gradient
∆Tmin Min. thermal gradient
gt The gradient of function
u Momentum factor

mt Momentum
v The decaying mean parameter
nt The norm vector
Greek symbols
κ Thermal conductivity (W/m·°C)
η Learning rate
ε The smoothing factor
Subscripts
b Boundary surface

INTRODUCTION
To seek better performance, the power values of applica-

tion processors (APs) are getting higher in handheld devices
such as smartphones. Designers might request the thermal
information from thermal simulators many times during the
design stage to ensure the satisfaction of thermal constraints.
Though commercial computational fluid dynamics (CFD)
tools can perform the detail thermal simulation, their run-
times are huge.

[1] has indicated that the grid size of equivalent thermal
network will impact the precision of thermal simulation.
Several existed works discussed the grid size for the chip-
level thermal simulation. [2], [3] used the thermal gradient
to be the constraint. They change the grid size while the
thermal gradient violates the constraint. [4] reduced the sim-
ulation runtime by using the multigrid-based approach. [5]
predicted the transient peak temperatures of chips efficiently.
And also some works focused on the system-level thermal
simulation. [6], [7] applied the finite difference method
(FDM) to simulate temperatures for smartphones, and [8]
developed an automatic meshing method by utilizing the
rough temperatures obtained by a fast thermal analyzer.

The mesh size decision is a key step of thermal simulators
for balancing the runtime usage and accuracy level. Basi-
cally, the runtime and accuracy will increase when the mesh
size decreases. The suitable mesh sizes might be different for
different power consumption (scenarios) of APs. However,
users need to manually choose mesh sizes for most thermal
simulators, and it causes a lot of time. In general, few
researches consider auto-meshing in system-level thermal
analysis. Therefore, effective mesh generation techniques are
necessary.

In this work, we will utilize machine learning techniques
to build a learning based thermal mesh decision engine, and
integrate this engine into a developed system-level thermal
simulator, which is implemented by the finite difference
method.
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Figure 1. The structure of a smartphone.

This paper is organized as follows. First, we summarize
the developed finite-difference based thermal simulator with
an automatic meshing engine for smartphones. Then, we
detail the learning based thermal mesh decision engine.
Finally, we show the experimental results and conclude this
work.

A SYSTEM-LEVEL THERMAL SIMULATOR WITH
LEARNING BASED MESH GENERATION

Fig. 1 shows the diagram of a smartphone. Its major com-
ponents are blocks of the rear case, battery, PCB, display,
and APs. Its heat transfer govern equation [9] is

∇ · (κ(r)∇T (r)) = p(r), (1)

subject to the condition at arbitrary boundary surface b,

κ(rb)
∂T (rb)
∂~nb

+ hbT (rb) = fb(rb). (2)

Here, r=(x, y, z) is an arbitrary position inside the phone.
κ(r), T (r), and p(r) are the thermal conductivity, tempera-
ture, and power density at r, respectively. rb is an arbitrary
position on b, T (rb) is the temperature at rb, fb(rb) is
an arbitrary function, hb is the equivalent heat transfer
coefficient of b, and ~nb is the outward normal to b.

To solve (1) and (2), first, the phone geometry is dis-
cretized into meshes. After that, we construct an equiva-
lent sub-circuit for each mesh by employing its geometry,
material property, and power consumption, and integrate
these sub-circuits to form an equivalent thermal resistive
network. Next, by utilizing the modified nodal analysis
(MNA) method, (1) and (2) can be approximated as

GT = p. (3)

Figure 2 illustrates the flow of the developed thermal
simulator. Given the blocks’ geometries, material, and power
values of a smartphone, and the heat transfer coefficients
(HTCs) for its boundary conditions, first, the learning based
thermal decision engine, which will be described in the
next section, is employed to automatically decide the mesh
resolution of each block. Then, we utilize the given input
and decided resolutions to construct the equivalent thermal
resistive network and stamp their thermal resistances and
power values to form (3). Finally, we apply SuperLU [10] to
perform the LU decomposition of the system matrix, and use
forward and backward substitutions to obtain the temperature
profile of the smartphone.

LEARNING BASED THERMAL MESH DECISION
ENGINE

Figure 3 illustrates how to build the learning based thermal
mesh resolution decision engine. In the preprocessing stage,
first, given the geometry and material of the smartphone, and

the operating power ranges of chips in the smartphone, we
obtain raw thermal data with different power sets of chips by
using the commercial CFD tool, Icepak, or existed thermal
simulators with finest thermal mesh. After manipulating
the obtained raw data, we construct the training data and
testing data. In the learning stage, we employ the training
data, different optimizers and different activations to fit the
weights of our resolution decision model, which is a fully-
connected feedforward neural network. Finally, we apply the
testing data to verify the resolution decision engine. If the
error does not satisfy the threshold, we go back to change
the architecture of decision model, optimizers or activations.
At the end of the flow, the resolution decision engine will
be built and output.

Preprocessing Stage

In the preprocessing stage, we need to prepare enough
training and testing data. However, in fact, preparing training
data is relatively difficult. To save the runtime, first, we
get the basic data from the thermal simulator with the
finest mesh size. The basic data include the positions and
corresponding temperatures, and they are generated by only
turning one chip on with a unit power each time. Since
the system equation (3) is linear, we utilize the basic data,
generate various power value sets of APs, and employ the
superposition technique to build the temperature raw data of
each block of the smartphone.

With the temperature raw data, we calculate the mesh
size (resolution) of each block by specific thermal gradients.
The thermal gradient is the temperature difference between
adjacent thermal grids. Given ∆T target, nx, ny, and nz of
a block, we calculate its ∆T x, ∆T y, and ∆T z. The mesh
resolutions of this block with ∆T target are decided to be

x-direction: nx ·
∆T x

∆T target
,

y-direction: ny ·
∆T y

∆T target
,

z-direction: nz ·
∆T z

∆T target
.

Different power values of chips and different ∆T target’s
decide different mesh sizes for each block, and the total
number of its thermal grids increases as ∆T target decreases.
We output the mesh resolutions along x-, y- and z-directions
of each block for each power value set and each ∆T target to
be our training targets.

Learning Stage

1) Fully-connected feed-forward neural network: To
predict the thermal mesh size, we build our machine learning
model for regression task [11]. Figure 4 shows the architec-
ture of learning model that is a fully-connected feed-forward
neural network because the inputs have effects on each
other. The input to the learning model are power values of
chips, the resolution level, and the HTC. The output are the
numbers of thermal grids for each block. The resolution level
indicates the number of total thermal grids and is transferred
by ∆T target as

Level = Lmax −
∆T target − ∆T min

∆T max − ∆T min
× (Lmax − Lmin). (4)



Figure 2. Flow of the thermal simulator.

Figure 3. Learning based thermal mesh resolution decision engine building
flow.

Figure 4. Architecture of learning model.

In our training data, Lmax = 5, Lmin = 1, ∆T max = 5°C,
and ∆T min = 1°C. We transfer thermal gradients to levels
because the user can give input more intuitively. If the users
want more dense mesh grids, they can choose higher levels.

The machine learning is a kind of math to find the weights
for fitting the equation. As shown in Figure 4, the input
values will go through the hidden layers. The input and the
first hidden layer connect densely, and each connect means
that the input multiplies a weight. Hence, each output value
of the first hidden layer is equal to the summation of each
connecting value and the bias. After that, the output for
the rest hidden layers will be through a suitable activation
function to be nonlinear. The last hidden layer will output
thermal mesh resolutions for each block of the smartphone.

The activation between layers is for the nonlinear combi-
nation. If we do not use the activation, the output of layers
will be linear, and the neural network is pointless. Hence,
one of our tasks is to choose a suitable active function σ(·)

in each hidden layer.

σ

units∑
i=1

(wixi) + bias

 , (5)

where wi’s are input weights of a hidden layer.
2) Activation Function: There are three common acti-

vation functions, sigmoid, tanH, and Relu.
• Sigmoid: The sigmoid function has a sigmoid curve

which its shape is like ‘S’. Its output is between 0 to 1.

σ(x) =
1

1 + e−x

• TanH: The shape of tanH function is also like ‘S’, but
its output is between −1 to 1.

σ(x) =
2

1 + e−2x − 1 (6)

• Relu [12]: The Relu function is the most used activation
function in the neural network. It is a ramp function. It
can increase the efficiency in the gradient descent and
backward propagation.

σ(x) =

{
0, i f x < 0
x, i f x ≥ 0

Generally, using Relu can avoid the problem of gradient
explosion and gradient vanishing. We have tried those three
activation functions with the same optimizer (Nadam) and
found that the Relu function can lead to the better fitting
results. Hence, we choose the Relu function as the activation
function.

3) Machine learning algorithms: In the learning stage,
each power value set of APs, the heat transfer coefficient,
and the thermal mesh resolution level are the input features.
Meanwhile, their corresponding mesh sizes for material
blocks are the training targets. Before investigating the
optimizer algorithms for training the fully-connected feed-
forward neural network model that is capable of predicting
mesh resolutions of each block under different system power
consumption of the smartphone, first, we define the mean
absolute percentage error (MAPE) to be the loss function of
the training model.

MAPE =
1
k

k∑
i=1

∣∣∣∣∣Pi − Ai

Ai

∣∣∣∣∣ , (7)

where Pi is the i-th predicted target and Ai is the i-th real
target.

In this work, we will investigate four optimizer algorithms
for training the model. [13].
• Gradient descent: The gradient descent is a well-known,

basic, and robust deep learning algorithm. The loss



function f can be minimized by updating the weights
θt through the gradient descent.

gt ←∇θt−1 f (θt−1),
θt ←θt−1 − ηgt,

where gt is the gradient of f .
• Nesterov’s accelerated gradient: It has a better bound

than the gradient descent. It can be seen as an improved
momentum [14]. It adds a momentum factor u to
precisely update the momentum mt.

gt ←∇t−1 f (θt−1 − ηumt−1),
mt ←umt−1 + gt,

θt ←θt−1 − ηmt.

• RMSProp [15]: Different from momentum, it divides η
by a running average of gradients to adjust the learn-
ing rate. However, possibly dramatically decreasing η
might slow down the convergence of algorithm. Hence,
RMSProp adds a decaying mean parameterized by v.

gt ←∇θt−1 f (θt−1),

nt ←vnt−1 + (1 − v)g2
t ,

θt ←θt−1 − η
gt

√
nt + ε

.

• Nesterov-accelerated adaptive moment estimation
(Nadam) [13] : It combines RMSProp and Nesterov’s
accelerated gradient to improve performance. In the
algorithm, it adds the initialization bias correction
terms to avoid the instability induced by possibly
initializing the momentum and the normal vector to be
0. Generally, v is chosen to be close to 1, and Nadam
uses the trick of Nesterov to derive mt and θt.

gt ←∇θt−1 f (θt−1),

g̃t ←
gt

1 −
∏t

i=1 ui
,

mt ←umt−1 + (1 − u)gt

m̃t ←
mt

1 −
∏t+1

i=1 ui
,

nt ←vnt−1 + (1 − v)g2
t ,

ñt ←
nt

1 − vt ,

mt ←(1 − ut)g̃t + ut+1m̃t,

θt ←θt−1 − η
mt√
ñt + ε

.

Nadam essentially combines two different algorithms that
all work well in their topic. Nesterov’s accelerated gradient
points the model in a better direction and is often superior
to the momentum empirically. RMSProp adapts how far
the model goes in that direction on a per-parameter basis.
With the advantages of both, Nadam is often chosen as an
optimizer, and it performs better in most cases.

EXPERIMENTAL RESULTS
To demonstrate the learning based thermal mesh decision

engine and the thermal simulator, we choose the smartphone,
Samsung Galaxy S4 (GS4: 136.6×69.8×7.9 mm3), to be our
case. The power ranges of its chips are shown in Table I. In
the training stage, we prepare 15, 624 power value sets, three

Table I
Power range of the test smartphone.

Power range
Chip Snap WiFi Audio DRAM 4G-LTE eMMc

Maximum power (W) 3 0.5 0.5 1 0.5 0.5
Minimum power (W) 0 0 0 0 0 0

Table II
Loss comparison of different activation functions.

Loss
Activation Sigmoid TanH Relu

MAPE (%) 5.4 5.2 4.5

Table III
Loss comparison of different optimizers.

Loss
Optimizer GD NAG RMSProp Nadam

MAPE (%) 13.2 11.5 6.1 4.5

thermal gradients–2, 3 and 4°C, and four HTCs–9, 10.5, 12
and 13.5 W/m2·°C. This comes the number of temperature
data sets to be 187, 500, and 80% to them are used as the
training data and 20% of them are the testing data.

Learning Based Thermal Mesh Decision Engine

Validation

To choose the activation function and the optimizers,
first, we fix the learning model’s layers and the optimizer
(Nadam). Table II is the loss comparison of three different
activation functions, and we can see that the loss of Relu is
the least. Then, we fix the learning model’s layers and the
activation function (Relu) to choose the optimizer. Table III
shows the loss comparison of four different optimizers. The
Nadam is much better than others. Therefore, we utilize the
Relu and Nadam to build our thermal mesh decision model.

We build seven hidden layers, the units of the first hidden
layer is 1, 000, the second hidden layer is 49, the third to the
sixth is 4, 500, and the final is 309 (103 blocks × 3) which
is the number of targets in this case. We find the best tuning
parameters of learning rate η and smoothing factor ε by
using the criteria of loss function. The value of η can affect
the runtime of training process. Though the runtime can be
reduced by using a larger η, the fitting result becomes worse.
Here, we set the η to be 0.002. The ε is a term avoiding the
denominator to become zero. We also find that the value of
ε may affect the result indeed. Here, we set ε to be 0.01.

Figure 5 shows the learning curve in the training stage.
We can see that the testing curve is very close to the training
curve without shaking. The error of training data is 0.45%,
and the error of testing data is 0.49%. The testing error is
only a little higher than the training data. This shows that
the model does not overfit.

However, we cannot comprehend the performance of the
predicted result only by the MAPE. We also show that the
ratio between the total mesh grids predicted by our learning
based thermal mesh decision engine and the actual total mesh
grids. If the ratio is close to 1, it means that the predicted
result is very close to the actual data. Figure 6 shows the
ratio distribution. We can see that 98.65% of the distribution
is in the range of 0.95 to 1.05.



Figure 5. Learning curve.
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Figure 6. The ratio distribution of predicted total nodes to actual total
nodes.

Table IV
Power values of chips in the test smartphone.

Chip Snap WiFi Audio DRAM 4G-LTE eMMc
Case1 2.7 0 0.25 0.25 0.25 0.25
Case2 2.5 0 0.25 0.25 0.25 0.25
Case3 2.3 0 0.25 0.25 0.25 0.25
Case4 2.1 0.25 0.25 0.25 0.25 0.25
Case5 2.1 0 0.25 0.25 0.25 0.25

Thermal Simulator Performance

To see the performance of the thermal simulator with the
learning based thermal mesh decision engine, we choose
several general cases to present. The decision engine and
thermal simulator are implemented in Python 3.6 language
and executed on a PC with an Intel Processor i5-7400
3.00GHz CPU and 16GB memory. The smartphone in the
results is the Samsung Galaxy S4 (GS4). The heat transfer
coefficients on the six boundary surfaces of the smartphone
are set to be 11.5 W/m2·°C, and Table IV lists the power
values sets of chips.

Table V shows the predicted numbers of mesh grids, the
temperature error at the center of AP, and the maximum tem-
peratures errors on the skin (back cover) and the screen (top
cover) of smartphone represented by Sk and Sc, respectively.

Table V
Comparison of ANSYS Icepak and our thermal simulator.

Res.
Level

Thermal simulator
Benchmark Error(%) Total number

AP Sk Sc of mesh grids

Case1 3 3.80 2.21 2.01 29446
2.5 4.11 2.81 2.91 19307

Case2 3 3.61 2.40 2.71 25722
2.5 4.01 3.56 3.34 18831

Case3 3.5 3.90 2.71 3.31 36256
3 4.35 3.33 3.53 21093

Case4 3.5 3.84 2.32 2.91 36147
3 4.42 3.11 3.42 20951

Case5 3.5 4.11 3.84 4.36 29254
3 4.56 4.12 5.12 17250

Figure 7. Thermal maps of GS4-Case1-Level3. (a) Our thermal simulator,
(b) ANSYS IcepaK, (c) Temperature errors of our thermal simulator, (d)
Temperature percentage errors of our thermal simulator.

The error is calculated as

e =
|TThermSim − TIcepak |

TIcepak
× 100%. (8)

Here, TThermSim and TIcepak are the temperatures obtained by
the thermal simulator and ANSYS Icepak, respectively.

It can be observed that the predicted number of mesh
grids is larger while the resolution level is higher. The size
of mesh grids of each block is very important. As shown in
Table V, with the more mesh grids, the temperature error
becomes small. The maximum percentage errors shown in
Table V for the AP and Sk/Sc are less than 4.56% and 5.12%,
respectively, and the maximum temperature errors for the
AP and Sk/Sc are less than 3.12°C and 1.62°C, respectively.
The runtime of Icepak is around 15 minutes, and the runtime
of the thermal simulator is less than 5 seconds. Hence, our
learning based thermal mesh decision engine can effectively
decide and generate the thermal mesh grids.

Figure 7(a) and Figure 7(b) draw the temperature maps
of the smartphone for GS4-Case1-Level3 from our thermal
simulator and ANSYS Icepak, respectively. Figure 7(c) and
Figure 7(d) are the maps of temperature errors and tempera-
ture percentage errors of our thermal simulator, respectively.
We can observe that the temperature map generated by the
thermal simulator is very similar to that obtained by the
ANSYS Icepak. It demonstrates that our thermal simulator
can use the thermal grid resolution generated by the learning
based thermal mesh decision engine correctly.



CONCLUSION
We have developed a learning based thermal mesh de-

cision engine to predict the resolutions of a smartphone
for different operating powers of chips. By integrating this
automatic thermal mesh decision engine and the system level
thermal simulator, the temperature profile of a smartphone
can be calculated efficiently.
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