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Abstract—Previous studies have used on-chip thermal sensors
(diodes) to estimate the leakage power of a CPU. However, an
embedded CPU equips only a few thermal sensors and may suffer
from considerable spatial temperature variances across the CPU
core, and leakage power estimation based on insufficient
temperature information introduces errors. According to our
experiments, the conventional leakage power models may have up
to 22.9% estimation error for a 70-nm embedded CPU. In this
study, we first evaluated the accuracy of leakage power estimates
based on thermal sensors on different locations of a CPU and
suggested locations that can reduce the error to 0.9%. Then, we
proposed temperature-referred and counter-tracked estimation
(TRACE) that relies on temperature sensors and hardware
activity counters to estimate leakage power. The simulation results
demonstrated that employing TRACE could reduce the error to
3.4%. Experiments were also conducted on a real platform to
verify our findings.
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I. INTRODUCTION

Dynamic power and thermal management are critical for
battery-operated embedded systems. The efficiency and
effectiveness of these schemes depend heavily on the accuracy
of real-time power estimation [1]. Leakage power occupies a
substantial portion of the total power consumption of modern
CPUs; therefore, estimating leakage power accurately is critical
[5]. In this study, we focus on the improvement of leakage power
estimation models of CPUs.

Embedded CPUs are usually equipped with only a few
thermal sensors to reduce costs, and they are often placed at the
hot spots [5]. The temperature information from hot spots results
in inaccurate leakage power estimations. We conducted
experiments on a commercial multiprocessor system-on-chip
(MPSoC), the Samsung Exynos 5422, which has only one
thermal sensor per core, and used an infrared camera to observe
the spatial temperature variance. Fig. 1 shows the spatial
temperature variance when the CPU2006 benchmark [10],
hmmer, is running under the ambient temperature of 20°C. If we
use the peak temperature to estimate the leakage power, an error
up to 12.7% can be introduced.

Hence, in this study, we first evaluated the accuracy of
leakage power estimates based on thermal sensors at different
locations and determined locations that could improve the
accuracy of these estimates. We then proposed temperature-
referred and counter-tracked estimation (TRACE) which is a
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Fig. 1. The spatial temperature variance of a Samsung Exynos 5422
running the CPU2006 benchmark, hmmer.

counter—sensor hybrid approach for estimating the leakage
power of a CPU. The major contributions of this study are:

e To the best of our knowledge, this is the first study to
investigate inaccuracy in leakage power estimation
caused by spatial temperature variances and insufficient
temperature information from thermal sensors.

e We evaluated leakage power estimates based on thermal
sensors on different locations and determined locations
that could improve their accuracy.

e We proposed TRACE, which can provide accurate
leakage power estimates for CPUs without the needs for
additional hardware resources.

The rest of the paper is organized as follows: Section II
summarizes related works; Section III illustrates the problem of
leakage power estimation; Section IV introduces the proposed
method; Section V discusses the simulation and experimental
results; and Section VI concludes this study.

II. RELATED WORKS

Estimating the leakage power of a CPU with a single thermal
sensor, [1, 3, 9] implicitly assume that the whole CPU core
shares the same temperature. However, the spatial temperature
variances across a CPU core appear and errors are introduced by
models relying on only one hot-spot thermal sensor. Reference
[6, 7, 8] suggest estimating the leakage power of regions of a
CPU based on per-region temperatures. However, an embedded
CPU usually equips only one or a few thermal sensors and the
model based on per-region temperature information cannot be
directly applied. Our work investigated the accuracy of the
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sensor-based leakage power estimation across different numbers
and locations of thermal sensors, and presented TRACE to
estimate leakage power more accurately for embedded CPUs.

III. EVALUATION OF SENSOR LOCATIONS FOR LEAKAGE POWER
ESTIMATION

According to our experiments, the thermal sensors on the
hot spots could not provide sufficient temperature information
for estimating the leakage power of a CPU, i.e. up to 22.9% of
estimation error.

Sensor-based leakage power estimation relies on runtime
temperatures reported by on-chip thermal sensors. According to
the BSIM3 model [11], the simplified leakage power of a
transistor can be denoted as P :

where /; and V,; are the leakage current and supply voltage
of a transistor, respectively. 7 is the temperature of the
transistor; C/, C2, and C3 are coefficients according to a
particular CMOS production. According to [12], we can assume

[ Q
Pi=1,x Vy;=(Cl x TPeT +C3) x V, )

the same temperature of all transistors in a region with a uniform
design such as a functional block. Liu et al. also showed we can
approximate leakage power with second order Taylor expansion
within the temperature range of 25°C and 120°C. The summation
of the leakage power of all functional blocks (i.e., the leakage
power of a CPU), denoted as P%, is:

Pim N (0 + B, < (T=T) +v, < (T;=T)») * V4 (2)

where K is the number of functional blocks of'a CPU, a;, B,
and v, are the regression coefTficients for functional block i; 7 is
the temperature of functional block i and T is the reference
temperature for Taylor expansion.

Embedded CPUs involve concerns about cost and area, and
are usually equipped with a few thermal sensors on a CPU core.
Therefore, we must choose only a few sensors, say S from K
where S < K, and still effectively model the leakage power. We
thus build a regression model (3) by using temperature
information from only S sensors to approximate the leakage
power of the CPU.

Pom Y0 (0 + B, < (T= T +v, < (T;=Tp*) x V4 (3)

This is a feature selection problem which is NP-hard and
hence not feasible for a brute-force solution. The goal is to
establish an approximation function with S variables that can
effectively represent the original function with a total of K
parameters. Out of a number of metaheuristics methods for
feature selection, we leveraged two common solutions. The first
is called sequential forward selection (SFS) [18]. However, an
overfitting problem may occur if an insufficient training dataset
is provided. Therefore, we consider a second method called
correlation-based feature selection (CFS) [17].

Our experimental results showed that a single thermal
sensor placed at the proper location could reduce the estimation
error considerably. However, we are not suggesting that the
sensor be removed from the original location that is used for
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overheating prevention, but demonstrating that accurate
leakage power estimation is feasible through the choice of an
appropriate sensor location. We discuss the results in Section
V.

IV. TEMPERATURE-REFERRED AND COUNTER-TRACKED
ESTIMATION

The idea behind the proposed TRACE estimation approach
is to build a regression model based on relevant parameters such
as ambient temperature, dynamic power, and the leakage power
of'the last timestamp to estimate the leakage power of the current
timestamp of a CPU. The dynamic power is tracked by the
hardware activity counters and the ambient temperature is
calculated with reference to the on-chip thermal sensor. We
learned the relationship between these parameters from an RC
thermal model. The relationship can be represented as:

Pc[t] _ CL d(Tc [t]d; Ta[t]) + TL[I]R_ Ta [t]

“4)

ca

where C, is the thermal capacitance of a CPU, R,
represents the thermal resistance between the CPU and the
ambient air, 7.[f] is the temperature of the CPU at time ¢, T,[7]
is the ambient temperature at time ¢, and P°[£] = PS[¢] + P§[1] is
the total power consumption including the leakage power and
dynamic power of the CPU at time . We can further discretize
(4) with a fixed sample period A#, and assume that the ambient
temperature is the same during a short Az as follows:

T.[t+ At] = A, T,[t] + B, T,[1] + C,P°[1] (%)
A ReaCe ReqCe+ At

! y
here A, =1+ —, B,=1+ an =L,
where As ReqCe” S At d G RegAt

Assuming that there is only one thermal sensor on the CPU, (3)
can be reduced to: Pi[f] = o+ B x (Tc[t] - Tf) +q x (TC[t] - Tf)2
at time . We can derive T.[7] as:

_ Pglt+ At] — P[e] — PAt + 2yTAt

Tl 2yAT ()

We assume a short sampling period Az, i.e. 10 ms in our
setting, and the leakage power does not change excessively

within a sampling period. We can make this approximation:

d}ijt[t] ~ A mHAAt];Pgm. By combining (5) and (6), we

d
can obtain (7):

PS[t+ At] = aPS[f] + bPY[t] + cT,[t] +d 7

where a, b, ¢, and d are coefficients that can be obtained by the
regression process. Equation (7) reveals that to estimate the
leakage power of a CPU at time 7 + A¢, we require information
about the leakage power, dynamic power of the CPU, and the
ambient temperature at time z.

In the initial state (i.e., = 0), we can assume P{[0] =0. To
derive the dynamic power of a CPU, P¢[¢], we rely on hardware
activity counters. As mentioned in [13], a linear regression
model that accounts for hardware activity counters can
accurately estimate the total dynamic power of a CPU. To
estimate the ambient temperature, we count on RC thermal
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model to model the ambient and the functional block where the
sensor is located. Hence, we can understand the relationship
among the power generated by the hot spot, the temperature of
the hot spot, and the ambient temperature.

V. EXPERIMENTAL SETUP AND EVALUATIONS

For the simulation environment, we used the Gem5 cycle-
accurate simulator [14] to generate hardware activity traces for
each functional block of a CPU, and then forwarded the results
to McPAT [15] to produce the dynamic power traces. The
dynamic power traces were further fed into HotSpot [4] to
simulate the temperatures and leakage power. We shrank the
process technology of the referred CPU, Alpha EV6 [16], to
70nm CMOS production. We used 8 benchmarks collected from
CPU2006 [10] and MiBench.

For the environment of the real platform, we evaluated the
Samsung Exynos 5422 on ODROID-XU3. To monitor the
detailed thermal distribution of the CPU in real-time, we
leveraged an infrared camera from FLIR. We also relied on a
chamber from FIRSTEK to control the ambient temperature.
The overall experimental environment is shown in Fig. 2. On the
real platform, since there is no way to gather the leakage power
of the CPU, we used an approximated and indirect model. We
constructed a theoretical model comparable to (3) by running
negligible tasks and changing the ambient temperature of the
chamber. In this way, the spatial temperature variance is less
than +2°C, which is negligible. Because the ODROID-XU3 has
a current sensor, we consider that the reading of the current
sensor is all leakage power under this experimental setting.

A. Placement of Thermal Sensors

In the simulations, we had 30 functional blocks (K = 30) on
an Alpha EV6 CPU. After running the eight benchmarks under
four different ambient temperatures, we obtained 8,810,352 data
points in total. Because the sensor-based power model is time
independent, the datasets can be regarded as independent data
samples. Therefore, for our experiments of sensor selection, we
divided the whole dataset into the training set and testing set in
an arbitrary ratio of 7:3.

Fig. 3 illustrates the relationship between the accuracy of the
leakage power estimation and the number of thermal sensors that
SFS and CFS considered. The results show that the estimates
based on a single thermal sensor could achieve 99.5% accuracy
if we placed the sensor in an appropriate location. If we added
more thermal sensors to the CPU, both models could increase
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Fig. 2. Experimental environment of the real platform.
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Fig. 3. The number of sensors and the accuracy of models under two
different feature selection algorithms.

the accuracy of the leakage power estimation. Notice that the
accuracy here is averaged across testing samples rather than
benchmark based. The simulation results indicate that a single
sensor in an appropriate location is sufficient for accurate
leakage power modeling.

We further analyzed the estimation errors of the leakage
power model based on a single thermal sensor on H-location,
hot spot location, and R-location, representative location
selected by both SFS and CFS as the first candidate. According
to the results of the H-location model, we categorized the eight
benchmarks into the three types and only showed one example
per type. In Fig. 4, bitcount H/lbm H/bzip2 H are the results of
the H-location model and the results of the R-location model are
bitcount R/Ibm R/bzip2 R. The first type of benchmark includes
only bitcount, and the estimation error of the H-location model
is extremely high. This is because it stresses the functional block
at H-location, which results in overestimating. The second type
of benchmark includes 1bm and patricia. This type of benchmark
stresses positions other than H-location; therefore, the
estimation error based on H-location is reduced. The third type
of benchmark (bzip2, fft and dijkstra) stresses both the
functional block on H-location and other locations, such that the
error is between the first and second type.

B. TRACE

Since TRACE is a time-dependent model, we must use the
entire set of benchmark traces to train the model. The training
set benchmarks we used were bitcount, hmmer, gsort, and Ibm.
According to our experiments, TRACE can reduce the average

Error Rate (%)
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bitcount bitcount IbmH IbmR  bzip2 H bzip2 R

H R
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Fig. 4. The mean error rates of the leakage power estimates based on the
R-location and H-location.
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estimation error of the eight benchmarks from 14.6% to 2.2%
compared to the conventional leakage power estimates based on
the H-location model. The results are shown in Fig. 5. We found
that TRACE’s inaccuracies come from ambient temperature
estimation, not dynamic power model, because the latter one has
an average error rate of merely 0.2%. We leave the improvement
of ambient temperature estimation to future research.

C. Verification on Real Platform

To verify the effectiveness of the sensor selection method,
we used microbenchmarks to identify the location of the CPU
core and placed 12 virtual thermal sensors evenly on the core.
The benchmarks we used for the real platform include bwaves,
bzip2, calculix, dealll, hmmer, and lbm. The leakage power
estimation based on the H-location sensor introduces an average
error of 8.4% under the six benchmarks, whereas the estimation
based on the R-location sensor introduces only 0.4%. A
complete verification of TRACE on real platforms is planned for
a future article.

VI. CONCLUSIONS

In this study, we demonstrated that the conventional leakage
power estimation may be erroneous for embedded CPUs
suffering spatial temperature variances. We discussed the
numbers and locations of the thermal sensors on a CPU and their
impacts on the sensor-based leakage power model. Two feature
selection algorithms were evaluated and the results reveal that a
power model with the thermal sensor in an optimal location (the
instruction cache, in our simulations) can substantially improve
the accuracy of the estimation compared with the model relying
on hot-spot sensors. Moreover, we proposed TRACE without
additional hardware resources. Simulation results show that the
TRACE can reduce the average estimation errors of all
conducted benchmarks to less than 2.2%.
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