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Abstract—In this article, we present a novel post-silicon
approach to locating the dominant heat sources on commercial
multicore processors using heatmaps measured via an infrared
(IR) thermal imaging setup. To locate the heat sources, 2-D spatial
Laplacian transformation is performed on the heatmaps followed
by K-means clustering to find the dominant power/heat-source
clusters. This is an exclusively post-silicon approach that does not
require any knowledge of the underlying design of the commer-
cial chips other than the information that is publicly available.
Since the identified clusters are the thermally vulnerable areas on
the die, we then propose a machine-learning-based framework
to deriving a thermal model capable of estimating their tem-
peratures during online use. Our approach involves collecting
transient temperature data of the aforementioned heat sources
and synchronized high-level performance metrics from the chip,
and training a long-short-term-memory (LSTM) neural network
(NN) that uses the performance metrics as inputs to estimate the
temperatures of the identified heat sources in real time. Since
the model is meant for real-time use, we explore methods of
reducing the performance overhead and inference time of the
model. This includes a novel power correlation-based approach
to identifying the thermally irrelevant performance metrics and
eliminating them in order to reduce the input dimensionality of
the model, and an analysis on network sizing to determine the
ideal NN configuration for the problem at hand. The model is
trained and tested exclusively using measured thermal data from
commercial multicore processors. The experimental results from
two Intel multicore processors (i5-3337U and i7-8650U) show that
the proposed approach achieves very high accuracy (root-mean-
square error: 0.55 ◦C–0.93 ◦C) in estimating the temperatures
of all the identified heat sources on the chip.

Index Terms—Deep learning, infrared imaging, machine learn-
ing, microprocessors, temperature measurement, thermal model,
thermal sensors.

Manuscript received June 27, 2019; revised November 11, 2019 and March
4, 2020; accepted June 9, 2020. Date of publication July 7, 2020; date of
current version March 19, 2021. This work was supported in part by NSF
under Grant CCF-1741961, Grant CCF-2007135, and Grant OISE-1854276.
This article was recommended by Associate Editor S. Reda. (Corresponding
author: Sheriff Sadiqbatcha.)

Sheriff Sadiqbatcha, Jinwei Zhang, Hengyang Zhao, and Sheldon X.-D. Tan
are with the Department of Electrical and Computer Engineering,
University of California at Riverside, Riverside, CA 92521 USA (e-mail:
ssadi003@ucr.edu).

Hussam Amrouch and Jörg Henkel are with the Department of Computer
Science, Karlsruhe Institute of Technology, 76131 Karlsruhe, Germany.

Digital Object Identifier 10.1109/TCAD.2020.3007541

I. INTRODUCTION

THE TEMPERATURE has a profound impact on all
the major long-term reliability effects, such as elec-

tromigration (EM) for interconnects, and bias temperature
instability (BTI) and hot carrier injection (HCI) for CMOS
devices [1]–[3]. To enhance reliability, many system-level ther-
mal/power regulation techniques, such as clock gating, power
gating, dynamic voltage and frequency scaling (DVFS), and
task migration have been proposed in the past [4]–[7]. One
critical aspect of the aforementioned algorithms is correctly
estimating the full-chip temperature profile to properly guide
the online thermal management schemes [8], [9]. However,
accurate thermal estimation is a difficult task, especially for
commercial off-the-shelf multicore processors. Some of the
existing methods depend on the on-chip temperature sensors.
However, very few physical sensors are typically available,
and they may not be located in close proximity to the true
hotspots on the chip, consequently misleading the tempera-
ture regulation decision [10]. Hence, the more popular solution
is to supplement the on-chip sensor readings with estimated
temperatures of all the prominent heat sources or hotspots on
the chip via thermal models based on estimated power traces.
These methods offer higher spatial resolution as they allow
for the temperature of all the heat sources on the chip to be
monitored in the real time [11]–[13].

Existing approaches consist of several bottom-up numerical
methods, such as hotspot [11]-based simplified finite differ-
ence methods, finite-element methods [14], equivalent thermal
RC networks [15], and the recently proposed top-down behav-
ioral thermal models based on the matrix pencil method [16]
and the subspace identification method [17], [18]. However,
the existing methods suffer from several drawbacks. First, most
of the compact thermal models need accurate power traces as
inputs; but estimating the power of each functional unit (FU)
of a real microprocessor is not a trivial task, if not infea-
sible [19], [20]. On the other hand, from the system-level
thermal or power management perspective, the parameters that
can be easily accessed are the frequency, voltage, and many
other performance metrics natively supported by most com-
mercial processors. Thermal models which are functions of
those parameters will be more desirable and practical. Second,
calibration of the compact models against the actual chip
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temperature under different workloads and thermal boundary
conditions is very difficult. The reason being, measuring the
temperature profile of a working chip that is under load with-
out the heat sink is a difficult task. Finally, there is still a lack
of an exclusively post-silicon approach to locating and esti-
mating the temperatures of dominant heat sources on the chip.
Such a method would enable the development and deployment
of more robust thermal control schemes for current and older
generations of processors.

Hence, in this work, we aim to address all the afore-
mentioned issues. Our novel contributions are summarized as
follows.

1) We establish a lucid infrared (IR) thermal imaging setup
with an advanced thermoelectric-based rear-mounted
cooling technique. This system allows us to obtain
accurate online thermal maps of commercial multicore
processors while they are under load.

2) We propose a novel post-silicon approach to locating
the prominent heat sources on commercial micropro-
cessors without any proprietary information about the
chip’s design. Our approach involves 2-D discrete cosine
transformation (DCT) for noise reduction, and Laplacian
transformation followed by K-means clustering for heat-
source identification.

3) We propose the use of high-level performance metrics
provided by tools such as Intel’s Performance Counter
Monitor (IPCM), instead of low-level performance coun-
ters, as the inputs to our thermal models as they provide
a comprehensive view of the processor’s utilization in
real time. Moreover, they are easily accessible as most
commercial processors are natively supported.

4) We apply long-short-term-memory (LSTM) networks to
build the system-level hybrid thermal model that is capa-
ble of highly accurate online temperature estimation.
The proposed model is parameterized with IPCM met-
rics, such as chip frequency, instruction counts, etc.,
and is trained and tested exclusively using thermal data
measured directly from the processors under test.

5) Since the model is meant to be deployed for real-time
use, we explore methods of reducing the performance
overhead and inference time of the model. This includes
a novel power correlation-based approach to identifying
the thermally irrelevant IPCM metrics and eliminating
them in order to reduce the input dimensionality of the
model, and an analysis on network sizing to determine
the ideal neural network (NN) configuration that offers
sufficient tradeoff between accuracy and inference time.

6) We have structured the proposed framework such that it
does not require any design changes and moreover does
not need any information on the chip’s architecture or
floorplan. Hence, it can just as easily be applied by the
original manufacturer as well as a third party for current
and older generations of commercial processors.

The experimental results from two Intel multicore proces-
sors (i5-3337U and i7-8650U) show that the proposed thermal
model achieves very high accuracy (RMSE: 0.55 ◦C–0.93 ◦C)
in estimating the temperatures of all the identified heat sources
on the chip. For i5-3337U, the maximum root-mean-square

error (RMSE) is 0.76 ◦C or 1.79%, and for i7-8650U, the
maximum RMSE is 0.93 ◦C or 1.35%.

The remainder of this article is organized as follows.
Section II reviews some of the existing relevant works.
Section III introduces the proposed algorithm flow and
describes the IR setup that will be used for data acquisition.
Section IV presents the new post-silicon heat-source identifi-
cation method. Section V presents the runtime data that will be
used to train the machine learning-based model. Sections VI
and VII describe methods of reducing the computational over-
head of the model by means of input dimensionality reduction
and network sizing, respectively. Section VIII presents the
implementation of the proposed approach on two commercial
multicore processors and compares the accuracy of the model
with measured thermal data. Section IX concludes this article.

II. REVIEW OF RELEVANT WORK

Performance counter-based power-consumption estimation
methods for both high performance and mobile/embedded pro-
cessors have been developed in the past [21]–[23]. These
methods offer a software-based solution to runtime fine-grain
power estimation rather than requiring component-wise power
sensors which incur significant design overheads and are
prone to sensing and process-based noise similar to embedded
temperature sensors [24]. Additionally, performance counters
along with the temperature readings from the embedded tem-
perature sensors have also been used to predict the future
readings from the embedded sensors [24]–[26]. However, as
previously mentioned, the number of embedded sensors on the
chip is very limited due to their high area and power overheads
and they may not always be placed in close proximity to the
hotspots on the chip.

To supplement the temperature readings from the embed-
ded sensors, it is imperative to develop thermal models that
can either estimate the temperature profile of the entire chip,
or all the thermally vulnerable areas on the chip. To this end,
interpolation-based methods have been proposed to compute
the full-chip thermal map from the sensor readings [27]. Since
the number of sensors and their placement have a significant
impact on the accuracy of the aforementioned interpolation,
smart sensor placement algorithms have been proposed that
can be used during design time to find the optimal placement
for the given budget of embedded thermal sensors [28]–[30].
It has been shown that adapting the aforementioned sensor
placement algorithms significantly improves the accuracy of
soft sensing or interpolation-based methods that can be used
to estimate the temperature of any arbitrary location on the die
including the hotspots. However, these methods are not suit-
able for chips that are not designed with the aforementioned
smart sensor placement algorithm. There is still a lack of an
exclusively post-silicon approach that requires no changes to
the design of the chip.

Hence, in this work, we propose a novel machine-learning-
based framework to post-silicon temperature estimation for
commercial multicore processors using high-level performance
metrics. Here, the correlation between the utilization behavior
of the processor shown by high-level performance monitors
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and the temperature response of the chip is automatically
learned. With data being of utmost importance with any
machine learning-based approach, in this work, we present a
thorough and systematic method to measure first-hand thermal
and utilization data from commercial microprocessors. The
overarching goal of this work is to propose an exclusively
post-silicon method to identify all the thermally vulnerable
areas of the die and build a thermal model that can be used
to estimate the temperatures of these areas during runtime.

III. PROPOSED THERMAL MODELING FRAMEWORK

A. New Thermal Modeling and Characterization Overview

The proposed thermal modeling approach involves several
critical steps. First and foremost, it requires an advanced IR
thermography setup that is capable of recording lucid thermal
maps of the processor under test while it is executing real
workloads. This setup will be discussed in detail in the next
section. The heatmaps acquired using this system will then be
used to objectively determine the locations of prominent heat
sources (or power sources) on the commercial processor. The
located heat sources will then be clustered together into dom-
inant heat-source clusters, which are the thermally vulnerable
spatial locations on the chip (hotspots). Our novel approach
to locating these dominant heat sources will be discussed in
Section IV. Once the heat sources are located, the IR setup
will once again be used to record time-series temperature data
of all the identified heat sources while the processor is sub-
jected to a variety of realistic workloads. At the same time,
a suite of high-level performance metrics will be recorded in
synchronous with the capture rate of the IR camera. After suf-
ficient data are acquired, a variant of recurrent neural networks
(RNNs) called the LSTM network will be employed to train
the thermal model. Once trained, the thermal model will be
able to use the performance metrics as inputs to estimate the
temperatures of all the identified heat sources in real time.

B. Our IR Thermography Setup With Rear-Mounted Cooling

One important aspect of the proposed approach is the acqui-
sition of spatial and temporal heatmaps from the processor
under test while it is running a practical load. First-hand
acquisition of thermal data has been shown to be superior,
as opposed to using simulators or other golden models [31],
[32] for this task. To this end, we have built a specialized IR
thermography setup inspired by the recently proposed RAMA
thermal imaging system [10]. This state-of-the-art setup fea-
tures a thermoelectric-based rear-mounted heat extractor which
offers a precisely controllable cooling solution where the
processor is cooled from underneath, leaving the front side
completely exposed to the IR camera. This introduces mini-
mum interference with the IR emissions from the chip which
is in stark contrast with the existing cool-liquid or oil-based
front-cooling techniques where some sort of compensation or
de-embedding is needed [20]. This allows us to capture lucid
thermal images of the chip, while maintaining a safe operating
temperature comparable to the traditional front-mounted heat
sink-based cooling solutions.

Fig. 1. Illustration of our IR thermography setup.

The IR setup that we have built (Fig. 1) has a slightly dif-
ferent configuration than what was presented in [10], as it is
adapted specifically for the application presented in this study.
The new setup consists of an FLIR A325sc IR camera with an
image resolution of 16-bit 320×240 pixels (px) and operating
frequency of 60 Hz [33]. It can measure the temperature range
from 0 ◦C to 328 ◦C. Its spectral range (observable wavelength
of electromagnetic radiation) is from 7.5 to 13 μm. It has a
microscope lens attachment which provides a spatial resolu-
tion of 50 μm/px. The IR camera has an internal waveform
generator that generates a square waveform in synchronous
with the capture rate of the camera. An I/O device is used
to interface the waveform generator to the processor under
test, so that the performance metrics (recorded on the proces-
sor) can be synchronized with the thermal data captured by
the camera. The processors under test are the Intel i5-3337U
(2 cores, 4 threads, released in 2012) and the Intel i7-8650U
(4 cores, 8 threads, released in 2017). Mounted on the PCB
directly underneath the processor is the thermoelectric-based
cooling system which includes a Peltier device powered by
a programmable dc power source. A liquid cooling system is
used to cool the hot side of the Peltier device.

While the aforementioned configuration of the RAMA
system was used in this study, few key caveats must be consid-
ered while building such a setup [10]. First, the Peltier device
used in our setup is the TEC1-12710 which has a maximum
power rating of 110 W [34]. It should be noted that the cool-
ing potential of the Peltier device must be significantly larger
than the thermal design power (TDP) of the processors under
test. This is due to the fact that the rear-mounted cooler has
to overcome the low-thermal conductivity of the PCB which
is now in-between the processor and the cooler. We found
that the Peltier device we used was able to easily match the
cooling potential of the stock heat sink of the two proces-
sors we tested. However, more powerful Peltier devices may
be required for higher end processors. If the Peltier device is
not able to match the stock cooling system of the chip, but
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is able to maintain the chip’s temperature under its thermal
limits, then a method such as the one presented in [20] can be
used to scale the captured thermal maps to the amplitude that
would have been observed under the stock cooling system.
Second, IR camera systems are factory calibrated on materi-
als with a high emissivity coefficient (ε). If the heat spreader
covering the processor’s die has a low ε, then the tempera-
ture readings from the camera will not be accurate. One way
to address this issue is to recalibrate the camera to the given
heat spreader using readings from the processor’s integrated
thermal sensors. However, this method is not recommended as
the internal sensors have an accuracy of ±5 ◦C [35]. Another
method, which we prefer, is to improve ε of the heat spreader
by covering it with a thin layer of a better emitter. As sug-
gested by Amrouch and Henkel [10], one simple option is
masking tape (ε ≈ 0.92).

IV. HEAT-SOURCE IDENTIFICATION

One important aspect of building a thermal model for a pro-
cessor is identifying the dominant heat/power-source clusters.
These are the critical areas of the chip for many online or
dynamic thermal/power management schemes. Locating the
heat-source clusters or hotspots during design time is triv-
ial as it can be done through power/thermal simulation tools.
However, post-silicon identification of these locations with no
knowledge of the chip’s proprietary design is not trivial. As
a result, locating these heat-source clusters without the floor-
plan and layout information becomes an important problem.
In this section, we will present our novel approach to locating
these heat sources on commercial processors exclusively using
measured thermal data.

A. Laplacian Operation for Heat-Source Identification

We start with the general thermal diffusion equation shown
in [36]

ρCp
∂T

∂t
− ∇(κ∇T) = g (1)

where T is the temperature (K), ρ is the mass density of the
material (kg·m−3), Cp is the mass heat capacity (J·kg−1 ·K−1),
κ is the thermal conductivity, and g is the spatial heat energy
generation (W · m−3).

Since, in this step, we are only concerned with the spatial
information that we can extract from a single time step, we can
ignore the transient terms in (1). We then get the 2-D steady-
state thermal equation (assuming homogeneous material with
location independent κ)

− κ∇2T(x, y) = gT(x, y) (2)

where ∇2 is the Laplace operator. From the simplified heat
equation (2), we can see that the negative spatial Laplacian
of the temperature distribution across the die is equal to the
spatial heat generation. Therefore, we can perform the 2-D
spatial Laplacian on a given thermal map to locate the under-
lining heat sources gT(x, y). The exact amplitude of gT(x, y)
remains unknown since we do not know the value of κ; how-
ever, this is not important since we are only interested in the

Fig. 2. COMSOL validation of the heat-source identification method.

Fig. 3. Illustration of our novel heat-source identification flow.

spatial locations of the heat sources, hence relative amplitude
will suffice. This method also works even if there is a thin heat-
spreader layer with a conductive surface (e.g., a die with heat
spreader and package). This is due to the fact that although
the heat spreader will distribute the heat across its surface and
dissipate it, the spacial locations of the underlying heat sources
do not change.

To illustrate this idea, we simulate a simple structure in
COMSOL multiphysics where three distinct heat sources are
placed underneath a thin heat spreader with a conductive
boundary in-between. The simulation results (Fig. 2) show that
by applying 2-D Laplacian transformation on the temperature
distribution, T(x, y), observed on the heat spreader, the three
distinct heat sources located underneath the heat spreader can
be easily identified.

B. Full Heat-Source Identification Flow

In this section, based on the aforementioned principles, we
present our approach to identifying the major heat sources
using measured thermal maps captured from the commercial
processor under test. First, the raw thermal map is prepro-
cessed to remove the inherent noise present in measured IR
data. After this, 2-D spatial Laplacian is applied to locate the
active heat sources in 2-D space. This process is repeated
on the ten-of-thousands of heatmaps captured at different
time instances under different workloads. Finally, a K-means-
based clustering algorithm is invoked to find the dominant
heat-source clusters with high densities of heat sources. The
proposed method is illustrated in Fig. 3. For clarity, we will
demonstrate the algorithm using the following example.

1) Preprocessing for Noise Reduction via DCT: We start
with a thermal map (i.e., Fig. 4) captured from the dual-core
Intel i5-3337U processor under test.
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Fig. 4. Heatmap of the Intel i5-3337U captured using our IR system.

The raw thermal map may contain noise, which must be
removed as a preprocessing step. This step is crucial because
the 2-D discrete Laplacian

∇2f (x, y) = f (x − 1, y) + f (x + 1, y) + f (x, y − 1)

+ f (x, y + 1) − 4f (x, y) (3)

is very sensitive to local difference of adjacent pixels.1

2-D DCT filter is an effective method for eliminating high-
frequency noise, by transforming the heatmap into spatial
frequency domain, masking the high-frequency components,
and then transforming back to the original space domain. A
2-D DCT consists of two separate 1-D DCT operations, which
can be denoted as

fk = a0√
N

+
√

2

N

N−1∑
i=1

ai cos
(2i + 1)kπ

2N
, 0 ≤ k < N (4)

where vector {ai} is the original data, and {fk} is the result of
1-D DCT. A 2-D DCT is completed by applying 1-D DCT
on each column and then on each row of the matrix. With the
heatmap T(x, y) transformed to 2-D frequency domain F(x, y),
a filtered frequency map F(x, y) can be obtained by applying
a mask

F(x, y) = F(x, y)m(x, y) (5)

where m(x, y) is the mask map valued 0 at high frequencies
and 1 at low frequencies. The filtered heatmap T (x, y) is
then obtained by taking the inverse 2-D DCT on the filtered
frequency map F(x, y). Similar to its forward counterpart, the
inverse 2-D DCT consists of two separate inverse 1-D DCT
steps on the rows and columns, respectively. The inverse 1-D
transformation of (4) is

ai = f0√
N

+
√

2

N

N−1∑
k=1

fk cos
(2i + 1)kπ

2N
, 0 ≤ i < N. (6)

This operation performed on the noisy heatmap previously
shown in Fig. 4 results in the filtered heatmap shown in Fig. 5.

1For a heatmap with 177×166 px, with temperature ranging from 65 ◦C to
80 ◦C, the Laplacian range is approximately at ±0.025 ◦C/px2. While with
noise introduced, the Laplacian can easily go up to ±1.0 ◦C/px2, which is
much higher than the useful Laplacian component.

Fig. 5. Noise-reduced heatmap of the Intel i5-3337U.

Fig. 6. Negative Laplacian of the heatmap with all the heat sources (red)
identified.

2) Temperature Laplacian for Heat-Source Identification:
The Laplacian operation in (2) can now be applied to the
noise-less heatmap, which reveals the locations of the internal
heat sources that were active during the time this particular
heatmap was captured. These heat sources can be identified
by locating all the local maxima on the negative Laplacian of
the temperature distribution as shown in Fig. 6.

3) K-Means Clustering for Dominant Heat-Source
Localization: While the above step can be used to identify
the heat sources that were active during the time the heatmap
shown in Fig. 4 was recorded, there is no guarantee that
all the prominent heat sources within the chip were active
during that time. In fact, many of the heat sources are
disabled at any given time due to the extreme power and
clock gating used in modern processors. In order to ensure
that most, if not all, of the prominent heat sources on the
chip are identified, we repeat the aforementioned heat-source
identification process on many (N ∼ 2 × 105) heatmaps that
were collected while the processor is subjected to a multitude
of different workloads with varying execution patterns. This
process increases the chances of activating all the prominent
heat sources on the chip, at least once, so that their thermal
signature can be recorded. The aggregate of the local maxima
identified using this method is shown as clusters of red dots
in Fig. 7.

This method results in dense clusters of heat sources.
However, it is not possible to track the temperature of each
point in the cluster. Instead, we use the K-means cluster-
ing algorithm (using the “elbow criterion” to determine the
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Fig. 7. Distinct heat sources (red) extracted from 187 200 heatmaps of the
Intel i5-3337U and dominant heat-source clusters (yellow) identified using
k-means.

value of k) to identify the centroids of the clusters (shown
as yellow dots in Fig. 7). We will, from this point, refer to
these centroids as our distinct heat-source clusters or simply as
heat sources. In total, we were able to identify 18 prominent
heat-source clusters on the dual-core Intel i5-3337U processor
which has only two on-chip temperature sensors. Likewise, as
we will show in Section VIII, 20 heat sources were identified
on the quad-core Intel i7-8650U which has only four on-chip
temperature sensors.

With all the heat sources on the chip identified, our next goal
is to derive a model that can be used to estimate their tempera-
tures in real time. The derivation of this model will be detailed
in the subsequent sections. For clarity of the presentation, the
discussions in Sections V and VII will only consider the Intel
i5-3337U. These exact steps will also be implemented on the
Intel i7-8650U. Section VIII will show the implementation of
the proposed methodology and experimental results for both
chips.

V. MACHINE LEARNING-BASED THERMAL

MODELING: DATASETS

A. Runtime Temperature Measurement

The heat-source identification method discussed in
Section IV allowed us to locate 18 distinct heat-source
clusters on the Intel i5-3337U dual-core processor under test.
With the thermal model, our goal is to accurately estimate the
temperatures of these heat sources during online operation.
Hence, in order to train the regression model, we need
time-series temperature data of these 18 heat sources. With
the IR thermography setup (Fig. 1), we can directly record the
temperatures of the identified heat sources while the processor
is subjected to a variety of workloads. This temperature data
measured directly from the processor gives us a significant
advantage in developing an accurate thermal model, as
opposed to relying on another previously established model
or simulator to acquire the required datasets. In this study,
we strictly use first-hand measured data for training, and later
for testing the accuracy of the trained model.

TABLE I
IPCM METRICS FOR THE INTEL I5-3337U

B. Runtime Performance Metrics

While the IR setup allows us to capture the temperature of
the processor externally, the other major part of the dataset
comes from monitoring the utilization of the processor while
the temperature data are being recorded. One way to moni-
tor the processor’s utilization is through online performance
monitoring software, which is supported by most, if not all,
major manufacturers of commercial microprocessors. In this
work, we use high-level performance metrics provided by
tools such as IPCM [37]. These provide a comprehensive
high-level view of the processor’s utilization with system-level
metrics, such as the current frequency of the cores, instruction
counts, cache hit/miss rates, sleep-state residency, tempera-
ture from the internal sensors, etc. In total, IPCM provides
80 performance metrics (I1–I80) for the Intel i5-3337U. The
complete list of these performance metrics is given in Table I.
Since these performance metrics are a good representation of
the processor’s utilization, we can train a model which can
accurately estimate the temperature of the hotspots using these
metrics as inputs. Note that it is important to ensure that these
performance metrics are captured in synchronous with the
thermal data captured by the IR camera. Hence, as previously
mentioned, the IR camera’s internal waveform generator, along
with an I/O device, is used to synchronize the capture rate of
the camera and the performance metrics recorded on the test
system. This setup ensures that, at the frequency of 60 Hz,
one set of IPCM data is recorded in tandem with each set of
temperature data captured by the IR camera.

Thermal models based on runtime performance metrics have
been demonstrated in the past [38]–[40]. However, the existing
methods are not practical to implement in modern commer-
cial processors for several reasons. First, for each FU on the
chip, the low-level performance counters that have a signifi-
cant correlation with the power draw of the given FU must be
manually identified. However, this is under the assumption that
microbenchmarks can be used to target a single FU in isolation
so that this correlation can be determined, this is not feasible
in modern processors. Second, even if these correlations can
be found, the number of low-level performance counters that
can be recorded in parallel is limited by the number of free
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programmable registers available in the processor. In the case
of the Intel i5-3337U, only 11 registers were available. Since
more than one metric is typically needed to model the tempera-
ture of a single FU, it is not possible to track the temperature of
all the FUs on the chip in parallel. Alternatively, in this study,
we use high-level performance metrics offered by performance
monitors such as IPCM. The correlation between the tran-
sient behavior of the high-level performance metrics and the
thermal response of the previously identified hotspots are auto-
matically learned through training. This makes the proposed
method more practical for modern commercial processors with
advanced microarchitectures. Moreover,the proposed approach
does not require any information regarding the chip’s architec-
ture or floorplan, which is typically necessary for an FU-wise
temperature estimation.

VI. MACHINE LEARNING-BASED THERMAL MODELING:
IPCM INPUT REDUCTION

From the machine learning perspective, the larger the num-
ber of inputs and outputs, the more complex the model will
be. Currently, we have 80 inputs and 18 outputs. However,
not all the inputs are important and relevant from the ther-
mal/power perspective. To eliminate the irrelevant inputs, we
need to identify the IPCM metrics that have little correlation
with the thermal response of the heat sources. If these metrics
are removed, we can reduce the number of inputs to our model
while maintaining its accuracy. This step is especially crucial
for real-time applications as it leads to a more compact model
with lower inference latency.

To determine if a given IPCM metric is relevant to any of
the heat sources, we view the IPCM metrics as heat-source
stimulants. Hence, our goal will be to identify the IPCM met-
rics that are effective stimulators for the heat sources on our
chip. The IPCM metrics that fail to stimulate any of the heat
sources can be deemed thermally irrelevant and can there-
fore be removed. To this end, we first apply a DVFS heuristic
algorithm to simulate spatial power (W·m−3) on a given heat
source induced by a targeted IPCM metric. We then set up
the heat partial differential equation (PDE) for the given heat
source. The thermal coefficients for the PDE will be obtained
by using the least-squares method. After this, we can compute
the estimated input power from the measured temperature at
the given heat source. If the targeted IPCM metric is relevant
to the given heat source, then the estimated power should agree
with the IPCM metric activities. In the following sections, we
give a detailed explanation of the proposed method.

A. Transient Power Estimation From Measured Thermal Map

For our problem, we first need to estimate the transient
power density at the heat sources from transient heatmaps.
Then, we will calculate the correlation in the time domain.
The total power of a CMOS digital chip is typically deter-
mined by clock frequency, supply voltage, and capacitance of
transistors. Today’s DVFS techniques couple frequency and
voltage (called power states), which makes frequency the only
variable needed to determine energy consumption. Official
specifications released by Intel [41], [42] show that the active

power of the CPU is linearly related to the operating frequency
and squarely related to supply voltage, while the static power
remains almost constant. In addition, [41] states that frequency
and power are linearly related; the official data of power
states in [42] illustrate this linear relationship. Thus, the total
chip power is cubically related to frequency, which can be
expressed by

P = CV2f + P(S) = ηf α + P(S) (7)

where P denotes the total power, C is the capacitance, V is the
supply voltage, f is the operating frequency, which is known,
α = 3 is a constant, η is the coefficient for frequency scaling,
and P(S) is the static power consumption.

As mentioned previously, we simulate the spatial power
density by applying the DVFS heuristic algorithm to IPCM
metrics. The power density gn at heat source #n located at
(xn, yn), can be computed by considering all the IPCM metrics
together

gn(t) ∝
M∑

m=1

ηm(Im(t) + βm)f α + g(s)
n

n ∈ [1, 2, 3, . . . , N]

m ∈ [1, 2, 3, . . . , M] (8)

where g(s)
n denotes the static power density at heat source #n.

M and N denote the total number of IPCM metrics and heat
sources, respectively. Im(t) is the value of the mth IPCM metric
at time step t, ηm is a coefficient, and βm serves as a constant
bias for the mth IPCM metric.

Let us consider the case where the power density at heat
source #n is very sensitive to one of the IPCM metrics. In
this case, the power density at heat source #n must have high
correlation with this particular metric. Hence, power density
can be estimated using just the targeted IPCM metric

gn(t) ≈ ηkf α(Ik(t) + βk) + g(s)
n (9)

where ηk is a constant coefficient for the targeted kth IPCM
metric. In (9), higher sensitivity will lead to higher equality.

In Section IV, a simplified steady-state thermal diffusion
equation was used to convert the heatmaps to scaled pow-
ermaps. But, in this section, we have to consider the transient
effects so we start with the heat PDE in the time domain

ρCP
∂Tn(t)

∂t
− κ∇2Tn(t) = ηkf α(Ik(t) + βk) + g(s)

n . (10)

In this equation, we assume that the heat-source temperature
Tn is mainly stimulated by the kth IPCM metric. However, this
may not always be true. When (10) approximately holds, then
the kth IPCM must be highly correlated with this heat source,
which is what we are looking for. If (10) does not hold, the
weak correlation will manifest in the form of weak cross-
correlation (CC) coefficient and spurious thermal constants
which will be discussed in Section VI-B. In Section VI-B, we
will refine the correlations and extract relevant IPCM metrics.
Before this analysis, let us rewrite (10) as

ρCP

ηk

∂Tn(t)

∂t
− κ

ηk
∇2Tn(t) = f α(Ik(t) + βk) + g(s)

n

ηk
(11)
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(a) (b) (c)

Fig. 8. Measured data. (a) Transient temperature at heat source #1 over time. (b) Time derivative of temperature. (c) Laplacian of temperature at heat
source #1.

where Tn(t) is the temperature at heat source #n at time step
t acquired from measured thermal data. (ρCP/ηk) and (κ/ηk)

are thermal constants scaled by ηk. Suppose we have suffi-
cient amount of time steps, by stacking all the data along
time vertically, (11) can be rewritten as

Ax = b (12)

where A is a matrix with four columns, x is an unknown vector
with four elements, and b is a vector of known IPCM data, i.e.,

At =
[

∂Tn(t)
∂t − ∇2Tn(t) − f (t)α − 1

]

x =
[

ρCP
ηk

κ
ηk

βk
g(s)

n
ηk

]T

bt = f (t)αIk(t). (13)

Here, the optimal solution for x can be obtained by applying
the least-squares method

x∗ =
[(

ρCP
ηk

)∗ (
κ
ηk

)∗
(βk)

∗
(

g(s)
n
ηk

)∗]T

= (AT · A)−1ATb. (14)

Then, we obtain the two power densities for the given heat
source. The estimated power density gn,est(t) by substituting
x∗ back to (11)

gn,est(t) =
(

ρCP

ηk

)∗
∂Tn(t)

∂t
−

(
κ

ηk

)∗
∇2Tn(t) (15)

and the IPCM activity-related power density gn,Ik(t)

gn,Ik(t) = f (t)α
(
Ik(t) + (βk)

∗) +
(

g(s)
n

ηk

)∗
. (16)

The transient power density estimation gn,est(t) contains two
contributions: the time derivative for the first term and the
Laplacian of temperature for the second term. Fig. 8 shows the
two components for one heat-source location (heat source #1).
As we can see, both components are quite significant and
should be considered. Now, we are ready to compute the
correlation by looking at those two power densities over time.

B. IPCM Correlation Analysis and Refinement

We now compute the power density correlation between the
heat source #n and the targeted kth IPCM metric. We use the
CC definition [43] of two deterministic and discretized digital

signals, which measures the degree of similarity between the
two time-series signals

Xn,k[ti] = (
gn,est ⊗ gn,Ik

)
[ti]

=
∞∑

j=−∞
gn,est(j) · gn,Ik(ti + j) (17)

where ti is the discretized time point that we are interested in
and ⊗ indicates the convolution operation. Then, we use the
normalized maximum absolute value of Xn,k, between [0, 1],
as the CC measurement of the two power signals.

In the following discussions, we take heat source #1 (mea-
sured thermal data in Fig. 8) with the 11th IPCM metric, i.e.,
read rate [Fig. 9(a)], as an example to illustrate a strong cor-
relation. We also analyze this same heat source with the 31st
IPCM metric, i.e., L3 hit [Fig. 9(b)], as a counter example
to show weak correlation. The estimated power density and
IPCM activity-related power density for the two IPCM met-
rics are compared in Fig. 9(c) and (d), respectively. As we can
see, a strong correlation [0.88, Fig. 9(e)] is observed for the
11th IPCM metric, while a weak correlation [0.28, Fig. 9(f)]
is observed for the 31st IPCM metric. Although, heat source
#1 is weakly correlated with the 31st IPCM metric, it is pos-
sible that this metric is better correlated with some other heat
source. It is also possible that more than one IPCM metrics
are highly correlated with heat source #1. In Fig. 10(a), we
show the CC coefficient of heat source #1 with respect to
all 80 IPCM metrics. As we can see, it is highly correlated
with more than one metric. Note that CC coefficient of 24th,
40th, and 68th IPCM metrics are set to zero since they are
temperature sensor data which are not power stimulants.

Our detailed study shows that some correlations are still
spurious. We observe that the thermal constants ratio (ρCP)/κ

obtained from optimal solution x∗ (14) is not constant for dif-
ferent IPCM metrics as shown in Fig. 10(b). This indicates that
the related correlations have some error and noise. In order to
address this problem, we need to find the real ratio of thermal
constants. A simple technique we apply is to extract the IPCM
metrics that have high correlations (e.g., > 0.8), and then take
an average of their ratios (ρCP/κ) as the real ratio. Then, we
update the correlations by fixing this ratio for (10). By using
this technique, we identify seven relevant IPCM metrics for
heat source #1; their associated thermal constants ratios are
shown in Fig. 10(c). After this, we proceed to compute the
average ratio (ρCP)/κ , which is 0.0053. In this case study,
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(a) (b) (c)

(d) (e) (f)

Fig. 9. (a) 11th IPCM data I11. (b) 31st IPCM data I31. (c) Estimated power density at heat source #1 compared to the 11th IPCM-related power density.
(d) Estimated power density at heat source #1 compared to 31st IPCM-related power density. (e) CC between heat source #1 and 11th IPCM with coefficient
0.88. (f) CC between heat source #1 and 31st IPCM with coefficient 0.28.

TABLE II
REDUCED PERFORMANCE METRICS (INTEL PCM)

the updated nonspurious CC coefficients are shown in red in
Fig. 10(a).

We performed this analysis for all 18 heat sources which
yielded an average ratio (ρCP)/κ = 0.0048. We then used this
ratio for (10) to identify all the relevant IPCM metrics, which
are listed in Table II. In total, we were able to identify 47
IPCM metrics that are highly correlated with the heat sources
on the Intel i5-3337U. This is a significant reduction from the
original 80 IPCM metrics previously shown in Table I.

VII. MACHINE LEARNING-BASED THERMAL MODELING:
NETWORK ARCHITECTURE

Since online temperature estimation of a microprocessor is
very much a time-series problem, we need a method that is
naturally suited for modeling such a system. One option would

1In network configurations, LayerTypen{m} is a condensed representation
describing the structure of the NN. Here, LayerType refers to the type of
hidden layer (i.e., LSTM or Dense), subscript n refers to the number of the
aforementioned layers in the network, and the 1 × n vector m refers to the
number of nodes in each of the respective layers (i.e., LSTM3{100, 70, 40}
+ Dense1{18} refers to a network with three LSTM layers, with 100, 70,
and 40 nodes per layer, respectively, and one dense layer with 18 nodes).

be to use a statistical analysis-based approach, such as autore-
gressive moving average (ARMA) or even simple least-squares
regression models. The proposed heat-source identification,
data acquisition, and preparation methods discussed previously
can also be applied to fit these models as well. However, in this
work, we will instead be utilizing deep learning as the recent
advancements in this area have shown promising results in
time-series estimation and pattern recognition tasks [44], [45].
RNNs are the classical architecture designed for such tasks. In
this work, we will utilize a specialized subset of RNNs, called
the LSTM network, which uses gated internal states making
it ideal for problems that require substantial temporal reso-
lution. For brevity, we refer the readers to [44] for detailed
discussions and analysis of LSTM networks.

While the NN architecture of choice was obvious, there is
no standard method of determining the size and depth of the
network that is optimal for the problem at hand. In most cases,
some experimentation is necessary to determine the smallest
network that is robust enough to accurately model the given
problem. The network size is especially crucial for online/real-
time applications, like that one explored in this study, where
the model should be lightweight enough for inference at mod-
erate to high frequencies with low computational overhead.
In this work, our goal is to do nearly real-time temperature
estimation. Meaning, we want to estimate the temperature at
time t by time t + tinference, where tinference is the time taken
for each inference. Hence, in order to be as close to real time
as possible, it is imperative to reduce tinference as much as
possible without deteriorating accuracy. The IPCM reduction
method from the previous section aids in reducing tinference
by reducing the input dimensionality of the model, however,
another factor that affects tinference is the network architecture
itself. To this end, in this section, we explore various network
depths and layer sizes to determine the optimal configuration.
Table III shows the estimation error and inference times for
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TABLE III
PERFORMANCE COMPARISONS BETWEEN VARIOUS NN CONFIGURATIONS

(a) (b) (c)

Fig. 10. (a) CC coefficient between heat source #1 and 80 IPCM metrics. Blue dot-marked trace includes the spurious CC coefficient, while the red circle-
marked trace is for after refinement. (b) Ratio of thermal constants (ρCP)/κ associated with 80 IPCM metrics. (c) Ratio of thermal constants for relevant
IPCM metrics that have high CC coefficients.

various networks. Each network was trained twice, first with
all 80 IPCM metrics as inputs, and a second time with only
the thermally relevant 47 IPCM metrics as inputs. The results
for both cases are shown in Table III.

From the analysis in Table III, it is clear that as the network
size grows, so does the inference time and consequently the
performance overhead of the model. The thermal time con-
stant (τ ) for semiconductor devices is typically in the order
of 10−3 s (milliseconds); hence, it is important to ensure that
the inference time of the model is equal to or less than τ . To
be conservative, we will aim for an inference time less than
1 millisecond (ms). In addition to minimizing inference time,
the model must also yield usable accuracy. The analysis in
Table III shows that the model with the fastest inference time
also has the worst accuracy, hence there must be a tradeoff
between the two. However, we found that accuracy does not
continue to improve as the network size grows; after a certain
threshold, accuracy saturates or, in some cases, even declines.
This is due to the fact that larger networks are generally more
difficult to train, often requiring meticulous tuning. While such
tuning can yield higher accuracy, a larger network performing
worse than a smaller one is usually a sign that the network has
grown larger than necessary for modeling the given problem.

Hence, based on the aforementioned observations, we chose
to proceed with LSTM1{50} + Dense1{18}, which has one
LSTM layer with 50 nodes and one dense layer with 18
nodes as shown in Fig. 11. This network offers a good trade-
off between accuracy and inference time. When all 80 IPCM
metrics are used as inputs, the network yields an overall RMS
error of 0.79 ◦C and an inference time of 0.67 ms. Utilizing

the input reduction method discussed in Section VI, the same
network should maintain its accuracy while yielding a faster
inference time. This is indeed the case, when trained with
only the thermally relevant 47 IPCM metrics as inputs, the
network performs even better with an overall RMS error of
0.68 ◦C and an inference time of 0.58 ms. Here, as the input
dimensionality is decreased, the inference time also decreases.
Additionally, the accuracy of the model improves as well since
the IPCM metrics with little or no correlation with the ther-
mal response of the chip are removed, resulting in less noise
at the input. Further details of the experimental setup and
performance analysis will be presented in the next section.

VIII. EXPERIMENTAL RESULTS AND DISCUSSION

In this section, we present the experimental results from
the proposed system-level thermal modeling approach. The
proposed method has been implemented on two Intel proces-
sors: 1) the Intel Core i5-3337U with 2 cores/4 threads, which
is the chip that was used in all of the previous discussions and
2) the Intel Core i7-8650U with 4 cores/8 threads. It should be
noted that, in this work, only one i5-3337U and one i7-8650U
chip were used to collect all of the training datasets. However,
it is generally recommended to use multiple sample chips of
the same type to gather the datasets in order to account for the
statistical variations between the chips. Additionally, it should
be noted that the proposed heat-source identification method
and the proposed data collection and preparation methods can
be used to fit any regression-based model, not just train an NN-
based machine learning model. To this end, the same datasets
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TABLE IV
RMSE FOR EACH HEAT SOURCE (I5-3337U)

Fig. 11. LSTM network architecture.

used to train the LSTM network were used to fit a simple
least-squares linear regression model so comparisons can be
made between the estimation accuracy and inference times of
the two approaches.

A. Results From Intel Core i5-3337U

From the Core i5-3337U, a total of 187 200 data points
were collected which, considering the capture rate of 60 Hz,
constitutes to 52 min of continuous runtime. Each data point
consists of 80 IPCM metrics captured internally on the test
system, and the temperatures of the previously identified 18
heat sources captured via the thermal imaging setup. During
this time, the processor was subjected to a variety of realistic
workloads. These range from lightweight workloads like idling
and word processing, to intensive workloads like data com-
pression. Some workloads were primarily compute-intensive
tasks while others were memory intensive. The idea is to
utilize all the different subsystems in the processor during
the course of data acquisition so that their thermal response
can be recorded. The amount of data that is required for the
proposed approach will depend on the processor and its appli-
cation. As a rule of thumb, with any machine-learning-based
approach, more data will generally always lead to a better
model. Additionally, it is important to ensure that the work-
loads used during data acquisition are as diverse as possible.
One option to ensure diversity is to use a benchmark suite,
such a Phoronix test suite, that offers workloads that vary in
hardware utilization and intensity [46].

Once all the data are acquired, the method discussed in
Section VI was used to select the IPCM metrics that are highly
correlated with the previously identified heat sources. Only
using these metrics to train the model allowed us to reduce
the input dimensionality of the model from 80 to 47. After
this step, the network shown in Fig. 11 was trained for a total
of 50 epochs with 60 time steps used for the LSTM layers.
Out of the 187 200 data points collected for this study, the
first 60% were used for training, the next 15% were used
for validation, and the remaining 25% were used for testing.
Similarly, for the least-squares regression model, the first 75%
of the dataset were used for fitting and the remaining 25% were
used for testing. The training and testing datasets were kept
completely isolated from each other in order to ensure that no
testing data are used in the training process.

Formal testing and validation carried out on the final LSTM
model shows that it performs exceptionally well. The results
presented in Fig. 12(a) show the model estimating the run-
time temperature of heat source #1 for a duration of about
8 min. The measured temperature from the IR camera is over-
laid on top of the estimation for comparison. For brevity, we
only show this plot for one heat source; however, the RMSE
computed for all 18 heat sources is presented in Table IV.
In summary, the highest RMSE was 0.76 ◦C (HS #10) while
the lowest was 0.55 ◦C (HS #2). Considering the observed
dynamic range of 58.73 ◦C–101.35 ◦C, these constitute a rel-
ative RMSE of 1.79% and 1.28%, respectively. The same tests
run on the least-squares linear regression-based model shows
that this approach produces lower estimation accuracy with
the highest RMSE of 3.09 ◦C (HS #6) and the lowest RMSE
of 1.99 ◦C (HS #4). These constitute a relative RMSE of
7.25% and 4.67%, respectively. RMSE computed for all 18
heat sources is shown in Table IV. While accuracy suffers
with the simple regression model, it does have the advantage
of extremely fast-fitting time and inference time. While the
LSTM model took more than a day to train, the least-squares
model took a few seconds to fit after the data had been pre-
pared. Similarly, while the inference time of the LSTM model
is in the order of milliseconds (∼ 0.58 ms), as discussed in
Section VII, the inference time of the regression model is
in the order of microseconds (∼ 0.62 μs). Hence, there is
a tradeoff between the two black-box modeling approaches.

B. Results From Intel Core i7-8650U

To further validate the proposed approach, it was also imple-
mented on the Intel Core i7-8650U. Using the heat-source
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(b)

(a)

Fig. 12. Estimated versus measured runtime temperature of heat source #1. (a) i5-3337U. (b) i7-8650U.

TABLE V
RMSE FOR EACH HEAT SOURCE (I7-8650U)

identification method presented in Section IV, a total of 20
heat sources were detected on the Intel i7-8650U. Then,
288 000 time steps of runtime temperature data of the 20
heat sources were recorded along with synchronized runtime
IPCM data. In total, IPCM provides 170 metrics for the Intel
i7-8650U. With the method discussed in Section VI, 72 ther-
mally relevant metrics were selected to be used as inputs to
the model. With this reduction, the final model will have an
input dimensionality of 72 (for the 72 IPCM metrics) and
an output dimensionality of 20 (for the temperatures of the
20 heat sources). With this in mind, the analysis presented in
Section VII was then preformed to find a network that offers a
reasonable tradeoff between accuracy and inference time. The
network that was selected is very similar to the one shown
in Fig. 11 but with 75 LSTM nodes in the first layer and
20 dense nodes in the second layer. Once the network was
selected, it was then trained for a total of 50 epochs with
65% of the data used for training, 15% used for validation,
and the remaining 25% used for testing. The same data were
also used to fit a simple least-squares linear regression model,
where the first 75% of the data were used to fitting the model
and the remaining 25% of the data were used for testing. Using

the same training and testing data on two different black-box
modeling approaches allows us to compare and contrast the
advantages and disadvantages of the two. The results presented
in Fig. 12(b) show the LSTM model estimating the runtime
temperature of heat source #1 for a duration of about 8 min.
The RMSE for each of the 20 heat sources is given in Table V
for both the LSTM model and the least-squares regression
model.

The results for the Intel i7-8650U are very comparable to
what was achieved with the Intel i5-3337U. Here, the LSTM
model yielded the highest RMSE of 0.93 ◦C (HS#4) and the
lowest of 0.62 ◦C (HS#14). Considering the observed dynamic
range of 28.9 ◦C–97.9 ◦C, this constitutes to a relative RMSE
of 1.35% and 0.89%, respectively. While the least-squares lin-
ear regression model yielded the highest RMSE of 3.19 ◦C
(HS#2) and the lowest RMSE of 1.83 ◦C (HS#14). These
constitute a relative RMSE of 4.62% and 2.65%, respectively.

IX. CONCLUSION

In this article, we have presented a novel method of system-
atically identifying all prominent heat sources on commercial
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processors and deriving a dynamic thermal model to esti-
mate the temperatures of the identified heat sources during
online use. Unlike many existing studies, this work exclusively
utilizes measured data gathered directly from commercial
off-the-shelf processors. Additionally, the proposed approach
inherently avoids all the major obstacles faced by traditional
methods that currently exist in the literature, allowing it to
be easily deployed by chip manufacturers and third-parties
alike. The experimental results on two Intel multicore CPUs
show that the proposed thermal model achieves very high
accuracy (RMSE: 0.55 ◦C–0.76 ◦C on the Intel i5-3337U
and 0.62 ◦C–0.93 ◦C on the Intel i7-8650U) in estimating
the temperatures of all the identified heat sources on the two
chips. These results make the proposed approach very desir-
able for dynamic thermal management schemes which now
rely heavily on the temperature data from just the on-chip
temperature sensors alone. The high spatial resolution yielded
by the proposed approach can help greatly in supplementing
the temperature data from the on-chip sensors, allowing for the
development of more robust and smarter online thermal/power
control schemes.
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