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Abstract—In this article, we propose a new lifetime task op-
timization techniques for real-time embedded processors consid-
ering the electromigration-induced reliability. The new approach
is based on a recently proposed physics-based electromigration
(EM) model for more accurate EM assessment of a power
grid network at the chip level. We apply the dynamic voltage
and frequency scaling (DVFS) (by selecting the performance
states or p-states of the tasks to manage the power and thus
the lifetime of the processor running different tasks over their
periods. We consider both single-rate and multi-rate embedded
systems with preemption. To model the mean-time-to-failure
(MTTF) of a task for a given p-state, response surface modelingis
applied. We then frame the reliability optimization problem as the
continuous constrained nonlinear optimization problem in which
the system EM-induced reliability is maximized subject to the
timing constraints, which is further solved by simulated annealing
method. Experimental results show that for low utilization
systems, significant reliability improvement can be achieved with
even smaller power consumption than existing reliability-ignore
scheduling method. The proposed can lead to near Pareto’s front
trade-off between the power/energy and the lifetime compared
to the existing task scheduling method.

I. I NTRODUCTION

Long-term reliability is becoming a limiting constraint for
high performance and embedded real-time system designs due
to the high failure rates in deep submicron and nanoscale de-
vices. The increase in failure rates is caused by high integration
levels and higher power densities, which leads to excessive
on-chip temperatures. The introduction of new materials, pro-
cesses and devices, coupled with voltage scaling limitations
and increasing power consumption will impose many new
reliability challenges. The semiconductor industry facesthe
challenges to maintaining reliability such as the continued
increase in die size and number of transistors and the constant
scaling of transistors for performance [1]. Increasing transistor
density and thus power density is causing higher temperatures
on chip, resulting in failure acceleration. Scaling to smaller
transistors increases failure rates by shrinking the thickness of
dielectrics. This has led the International Technology Roadmap
for Semiconductor (ITRS) to predict the onset of significant
reliability problems in the future, and at a pace that has not
been seen in the past [11]. Furthermore, for safety-critical
real-time embedded systems (such as satellite and surveillance
systems) where reliability is as important as energy efficiency,
reliability-aware energy management becomes a necessity.
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Some initial efforts have been carried out for system level
reliability analysis for SoCs (system-on-a-chip). RAMP [19]
is the first architecture level tool for modeling the long-term
processor reliability of microprocessors at the design stage.
The follow-up work by the same authors proposed a dynamic
reliability management (DRM) concept by dynamic voltage
and frequency scaling (DVFS) [18]. It showed that it was
not sufficient to just manage the temperature or power from
the reliability perspective. For real-time embedded systems,
many existing works focus on minimizing energy consumption
while meeting all the deadlines for various real-time task
models. Existing works include power management schemes,
which exploits the available static and/or dynamic slack in
the systems [2], [5], [17]. For many-long term reliability
effects, reducing power will implicitly improve the reliability
of a processor. But the two objectives are still not the same.
Some reliability-aware power management works have been
proposed recently [16], [22] by using low power techniques
such as DVFS. But most of those existing works focus on
the transient errors instead of long-term wearout failures.
Recently a reliability-aware task allocation and scheduling
method multi-core embedded processors were proposed [7].
This work considers long-term failure mechanisms using a
general reliability models. However, such general models will
not be accurate for specific failure mechanisms. Also task
allocation and scheduling is not nest knobs to manage the
long-term wearout failures as they will not significantly change
the temperatures of the chip as our study shows. Low power
techniques like DVFS is more desired.

In this article, we propose a new lifetime task optimization
techniques for real-time embedded processors considering
the electromigration-induced reliability. The new approach is
based on a recently proposed physics-based electromigration
(EM) model for more accurate EM assessment of a power grid
network at the chip level. We apply the dynamic voltage and
frequency scaling (DVFS) (by selecting the performance states
or p-states of the tasks to manage the power and thus the life-
time of the processor running different tasks over their periods.
We consider both single-rate and multi-rate embedded systems
with preemption. To model the mean-time-to-failure (MTTF)
of a task for a given p-state, response surface modeling is
applied. We then frame the reliability optimization problem as
the continuous constrained nonlinear optimization problem in
which the system EM-induced reliability is maximized subject
to the timing constraints, which is further solved by simulated
annealing method. Experimental results show that for low
utilization systems, significant reliability improvementcan be



achieved with even smaller power consumption than existing
reliability-ignore scheduling method. The proposed can lead
to near Pareto’s front trade-off between the power/energy and
the lifetime compared to the existing task scheduling method.

II. NEW PHYSICS-BASED EM MODELING AND ANALYSIS

EM is a physical phenomenon of the migration of metal
atoms along a direction of applied electrical field. Atoms
(either lattice atoms or defects/impurities) migrate toward the
anode end of metal wire along the trajectory of conducting
electrons. Over time, the lasting unidirectional electrical load
increases these stresses, as well as the stress gradient along
the metal line. In some cases, usually when a line is long, this
stress can reach a critical level, resulting in a void nucleation
at the cathode and/or hillock formation at the anode end of
line.

A. Void dynamics: Nucleation and growth phases

Development of such analytical formulation was proposed
by Korhonen [12] Since the atomic flux divergence results in
the volumetric strain, the derived one dimensional diffusion-
like equation for the hydrostatic stress fieldσ(x, t), takes the
form, [12]:

∂σ

∂t
=

∂

∂x

[

κ

(

∂σ

∂x
+

eZρj

Ω

)]

(1)

Here, κ = DaBΩ/kT , where Da is the atomic diffusivity,
andB is the bulk modulus,Ω is the atomic volume;e is the
electron charge,eZ is the effective charge of the migrating
atoms, ρ is the wire electrical resistivity. Solution of this
initial-boundary value problem is the infinite series [12].
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Fig. 1. (a) EM-stress distribution change over time in a simplemetal wire.
(b) EM-stress evaluation versus time.

Fig. 1(a) shows the EM-induced stress development for a
single metal wire over time from the finite element analysis
for a given current density and temperature setting. Fig. 1(b)
shows the stress evaluation over time. Each time unit here
is 107 seconds. During this process, tensile stress (positive
stress) will be developed at the cathode side (the left node),
while compressive stress (negative stress) will be generated
at the anode side of the wire (right node). When the tensile
stress hits critical stress, void will be generated, which is called
nucleation time. After this, the void will grow, which will
increase the resistance of the wires until the growth stops.In
contrast, existing EM model only consider one of such two
processes modeled by Black’s equation. Also when the wire
hits its MTTF, the wire is treated as open circuit, which will
over-estimate EM-impacts in circuit reliability.

Since finite element method can’t scale very well, a more
physics-based compact EM model has been proposed recently
for full-chip reliability analysis [8], [21], which is the basis
for the proposed work. In this new EM model, the EM
development process consists of two phases - the nucleation
phase and the growth phase. In the first nucleation phase, a
closed-form expression to compute the nucleation time (tnuc)
is given, which is a function of current density, temperature,
the residual stress of the wire due to thermal and other
effects as well as other wire geometry and material parameters.
Approximate value of void nucleation time (tnuc) extracted
from this solution, which is determined as an instant in time
when stress at the cathode end of the line reachesσcrit,
corresponds well to an analytical formulation oftnuc derived
from the approximate solution of continuity equations for
evolution of vacancy and plated atom concentrations (see, for
example [20]) in the confined 1D line

tnuc ≈τ⋆e
EV
kT e−

fΩ
kT (σRes+ eZρl

4Ω j)

ln

{

eZρl
4Ω j

σRes + eZρl
4Ω j − σCR

}

(2)

whereτ⋆ = l2

D0
eED/kT kT

ΩB . Here,j is the current density,T is
temperatures,kB is the Boltzmann’s constant,l is the segment
length, EV and ED are the activation energy of vacancy
formation and diffusion,f is the ratio of volumes occupied
by vacancy and lattice atom,σcrit is the critical stress needed
for the failure precursor nucleation (void/hillock).σRes is the
residual stress of the metal segment from the cooling process
and other factors.

The second phase is the void size growth: voids are formed
at tnuc and grow att > tnuc. The wire resistance starts to
increase over the time in the growth phase. As a result, the
p/g network becomes a time-varying network and its voltage
drops will keep changing over the time [8].

B. EM assessment at power grid level

Because of the concern with the long-term average effects
of the current, in EM related work a DC model of the power
grid is generally assumed [4]. As a result, we consider only
the EM-induced kinetics of the power grid network resistances.
In our problem formulation, each mortal wire, which subjects
to the EM impact, will start to change its resistance value
upon achieving the nucleation time. As a result, we end up
with the power grid systems, which is a linear, time-varying
and driven by the DC effective currents, which is modeled
as G(t)v(t) = Ieff , where, G(t) a n × n time-varying
conductance matrix;Ieff is the effective DC current source
vector;v(t) is the corresponding vector of nodal voltages and
n is the size unknown voltages. In our problem, the time scale
is the EM time scale, which can be months or years.

In the new EM-induced reliability analysis algorithm for p/g
networks, we compute the voltage drops of the grids at fixed
EM time step. The resistance of one or more wires begins to
change (increase) starting with their nucleation times. Ateach
time step, we collect new wires whose nucleation times were
reached, and compute the new resistance for existing wires
in the growth phases and corresponding voltage drops of the
whole grids. This process is repeated until the voltage dropof



one or more nodes exceeds the critical voltage drops allowed
(say 10% of Vdd).

C. System level EM-reliability model

At the system level, the embedded system will run on differ-
ent tasks under different p-states. As a result, its temperature
and current densities will change with time. However existing
EM models including the new physics-based model can only
take constant temperature. Previous study shows that whole
system MTTF or lifetime under different temperature can be
approximated by [15]:

life time =
1

(
∑n

k=1(∆tk
1

MTTFR,k
))/T

(3)

whereMTTFR,k is the actual MTTF under thek-th power
and temperature settings for∆tk period, assuming the chip
works throughn different power and temperature settings and
T =

∑n
k=1 ∆tk. EachMTTFR,k will be computed based on

the EM models discussed in the previous section.

III. N EW LIFETIME OPTIMIZATION METHOD

In this section, we introduce lifetime optimization method
for real-time embedded systems considering EM effects. To
effectively manage the lifetime of the chips due to EM
effect, we still apply the dynamic voltage and frequency
scaling (DVFS), which is implemented by performance-state
(p-state) selections for a processor [6]. We assume that a task
scheduling for an embedded system has been finished before
the optimization. In this section, we first present the real-time
task models considered in this work.

A. Real-time system models

Most of embedded systems are real-time systems, where
tasks are activated periodically, so timing and deadline should
be carefully considered. We mainly consider two kinds of
models for real-time systems: (1) Single-rate model, where
all tasks in the system have the same activation period and
deadline, and (2) Multi-rate model, where each task can have
its own activation period and deadline. A task set is represented
asT = {τ1, τ2, τ3, . . . , τn} where all tasks in the system are
independent of each other. All tasks are scheduled on a single-
core processor. For single-rate system, every task has the same
activation periodT . For multi-rate system, every task has its
period and we useTi to denote the period of taskτi. In this
work, we consider the deadline of each task as its activation
period, where every task must finish the execution before
its next activation, or missing deadline may have detrimental
impacts on the whole system.

In single rate system, every task has the same period and
deadline, so the worst case for timing is that one task has
to wait for all the other tasks to finish execution. As long
as the sum of all task execution times are no greater than
deadlineT , the system is schedulable. We use∆ti to represent
the execution time of each task, so the timing constraints for
single-rate system is expressed as

∑

i ∆ti ≤ T .
In multi rate system, the task scheduling is repeated at a

hyper period that is the LCM (least common multiple) of
all periods, so we need to consider the p-state selection to
tasks within a hyper period for multi-rate system. Thus, we

assume that for every activation the task uses the same p-state.
We apply a fixed-priority scheduling method, in which higher
priority tasks can preempt lower priority tasks, so the order of
tasks is obtained from the priority. This scheduling methodis
widely used and is supported by standards like OSEK [3].

Task response time is an important metric to analyze timing
in multi rate system. It represents the time duration from
the activation of one task to its termination. In fixed-priority
scheduling, higher priority tasks can preempt lower priority
tasks, so theresponse time of one task contains the time it
is preempted by higher priority tasks besides its execution
time. We useri to represent the response time of taskτi

and it is expressed as (4) wherehp(τi) denotes the task set
containing higher priority tasks than taskτi. The first term of
(4) represents the execution time of taskτi and the second
term denotes the preemption time of higher priority tasks.

ri = ∆ti +
∑

τk∈hp(τi)

⌈
ri

Tk
⌉∆tk (4)

The timing constraints for multi-rate system is that the re-
sponse time of any task should be no greater than its period:
∀i : ri ≤ Ti. Every task must finish its execution before its
next activation. In our real-time system model, we useRate
Monotonic scheduling, which is a common preemptive fixed-
priority scheduling method. In [14], it is proved that Rate
Monotonic is optimal with respect to feasibility among fixed
priority single-processor schedulers. As an illustration, a real-
time system model for single and multi rate is shown in Fig. 2
where task 2 has the highest priority due to its smallest period
and task 3 has been preempted two times by task 2 within
its response time. Further, we usecore utilization to measure
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Fig. 2. Single rate and multi rate task scheduling models

the percentage of total execution time in the processor, which
has significant impacts on the lifetime improvement we can

obtain. The core utilizationu is expressed asu =
∑

i

∆ti
Ti

,

where∆ti is the execution time for taski andTi is the period
of task.

B. The new lifetime optimization algorithm for real-time em-
beded systems

In this section, we explain the new algorithm and its major
steps. The algorithm flow is shown in Algorithm 1. First, we
start with a single or multi rate task set in either single-rate or
multi-rate models. The tasks have non-optimized initial p-state,
which has a pair of highest operating frequency and voltage.
The temperature values from the profiled power and execution



time can be measured by running HotSpot [13] with respect
to every possible p-state selection for each task.

Once we have all the power and temperature information,
we compute the MTTF for each p-state for the task based on
the after-mentioned EM simulator discussed in the previous
section. As a result, for each p-statepj of a taski, the execu-
tion time∆ti

is the the function of itsMTTFi = MTTF (pj)
under the p-statepj . We then build a continuous function of
∆ti

(MTTFi) using the response surface method (RSM). We
may use up to 3rd order polynomials for our RSM method. The
function is important for the lifetime optimization as shown
later. Then we solve a constrained nonlinear optimization
problem to find the best p-state for each task.

Algorithm 1 EM-induced lifetime optimization algorithm
Input: A task set with execution time, power, and available

p-states
Output: Optimized p-state selection for a task set

1: Compute scaling voltage and frequency for each task with
every p-state

2: Compute a period or hyper period for single or multi rate
system

3: Compute scaled power and measured temperature for each
task with every p-state

4: With given power and temperature,MTTFi =
MTTF (pj) can be calculated for each p-statepj .

5: Calculate the task execution time and MTTF for each task
for every p-state. We then build continous function of
∆ti

(MTTFi) for each taski.
6: Perform the MTTF optimization as shown in (5) with

timing constraint to find best p-state for each task.
7: Output each selected p-state for each task.

(b) Preemption

Task 2

Task 1

Task Execution

Task Preempted
Task 2

Task 1

(a) Non−preemption

Fig. 3. Multi rate preemption

1) Multi rate preemption impacts on EM reliability: For a
multi rate system, one important problem is that preemption
can lead to interruption of a task execution. Fig. 3 shows
an example of the mechanism of preemption in which task
1 has been preempted with task 2. Since each task has its
power (thus temperature profile), does such re-ordered task
execution will affects the EM-induced reliability? It turns out
that such task re-ordering or task preemption has marginal
impacts on the EM-induced reliability. Table I show the results
for the MTTF of two executions: one for non-preemption and
one for preemption. As we can see that the MTTFs for both
cases are almost same. The reason is that the temperature of
the each task execution is mainly determined by its power,
its transient thermal effects between task transition are not
significant. Thus, the lifetime formulation in (3) remains the
same for multi-rate system.

2) MTTF optimization formulation: Now, we can formulate
the MTTF optimization based on all the previous discussions.

TABLE I
A PRELIMINARY MEASUREMENT FOR PREEMPTIVE EFFECT ON LIFETIME

Non-preemption Task1 Task2 Lifetime

MTTFi 0.47 83 0.71

Preemption Task1 (Divided) Task2 Lifetime

MTTFi 0.47,0.47 84.3 0.71

The whole optimization can be formulated in (5).

Max Lifetime(m) =
1

(
P

i=1
n (∆ti

1
MT T Fi

Thyper
Ti

))/Thyper

Subject to:

ri = ∆ti +
X

k∈hp(i)

‰

ri

Tk

ı

∆tk ≤ Ti

MTTFi,l ≤ MTTFi ≤ MTTFi,u

(5)

wherem = [MTTF1,MTTF2, . . . ,MTTFn]T , which is the
variable vector,i is the task id,∆ti is the execution time for
task i , n is the total number of task,MTTFi is the segment
MTTF for taski ri is the response time of taski, hp(i) is the
task set containing the higher priority tasks than the current
taski. Ti is the period of taski, which is a deadline.Thyper is
the hyper period for all tasks. At the single rateThyper is equal
to Ti. Ttotal is the total execution time of all tasks.MTTFi,l

is the minimum bound of MTTF for taski andMTTFi,u is
the maximum bound of MTTF for taski.

3) Optimization solution: To solve the constrained non-
linear optimization problem, the simulated annealing method
is applied. We use the Matlab’s global optimization toolbox,
which provides the simulated annealing function code based
on adaptive simulated annealing (ASA) [9]. The simulated
annealing begins with an initialMTTFi obtained by a median
of MTTFi,l and MTTFi,u for each taski. The algorithm
allows a large number of moves to gradually improve MTTF.
The step length equals the current temperature, and the moving
direction is uniformly random. The problem type is set as
bound constrained with a set of bounds, which areMTTFi,l

and MTTFi,u for each taski. The regression coefficients
in our RSM model can be parameterized by the variables
(MTTFi) of our objective function and act as constants
during the optimization. The temperature will be lowered by
0.95k at each iteration, wherek is annealing parameter, which
is the same as the iteration number before the reannealing.
The stopping criterion is set to10−6, where the iteration
stops when the average lifetime variation in the objective
function is smaller than this tolerance. The maximum number
of evaluation is set to 3000. Once a solutionm is found, the
corresponding p-statepj for eachMTTFi for each task is cal-
culated by finding the shortest-distance betweenMTTFi(pj)
and computedMTTFi.

IV. EXPERIMENTAL RESULT AND DISCUSSIONS

A. Experimental setup

The proposed new lifetime task optimization method has
been implemented in Matlab and C++. We applied the recently
proposed physics-based EM model and analysis method for



TABLE II
OPTIMIZATION METHOD EVALUATION FOR LOW/HIGH CORE UTILIZATION SINGLE RATE TASK

Non optimized 6 Tasks at 40% core utilization at single rate

i (task id) 1 2 3 4 5 6
Pk (p-state) 1 1 1 1 1 1
∆ti(ms) 3.70 5.82 2.43 5.10 0.92 1.99
Periodi (ms) 50 50 50 50 50 50
MTTF (year) 0.47 0.47 0.46 0.47 0.47 0.47
Energy (Wh) 0.11 0.17 0.07 0.15 0.02 0.05

Total Energy 0.59 Lifetime 1.19

Optimized

i (task id) 1 2 3 4 5 6
Pk (p-state) 5 5 5 5 5 5
∆ti (ms) 6.32 9.93 4.15 8.69 1.57 3.40
Periodi (ms) 50 50 50 50 50 50
MTTFi (year) 44.8 44.7 48 44.7 50 48
Energyi (Wh) 0.07 0.11 0.04 0.10 0.01 0.04

Total Energy 0.40 Lifetime 66.97

Non optimized 6 Tasks at 80% core utilization at single rate

i (task id) 1 2 3 4 5 6
Pk (p-state) 1 1 1 1 1 1
∆ti(ms) 6.81 5.49 8.37 5.25 7.45 6.51
Periodi (ms) 50 50 50 50 50 50
MTTFi (year) 0.47 0.47 0.46 0.47 0.47 0.47
Energyi (Wh) 0.20 0.16 0.25 0.15 0.22 0.19

Total Energy 1.19 Lifetime 0.59

Optimized

i (task id) 1 2 3 4 5 6
Pk (p-state) 2 3 3 3 2 3
∆ti (ms) 7.79 7.18 10.93 6.86 8.52 8.50
Periodi (ms) 50 50 50 50 50 50
MTTFi (year) 0.95 3.06 3.06 3.06 0.95 3.06
Energyi (Wh) 0.18 0.13 0.20 0.13 0.20 0.16

Total Energy 1.02 Lifetime 1.78

TABLE III
OPTIMIZATION METHOD EVALUATION FOR LOW/HIGH CORE UTILIZATION MULTI RATE TASK

Non optimized 6 Tasks at 40% core utilization at multi rate

task id i 1 2 3 4 5 6
Pk (p-state) 1 1 1 1 1 1
∆ti (ms) 6.93 4.02 4.19 1.91 1.64 3.03
Periodi (ms) 100 100 50 20 20 100
MTTFi (year) 0.47 0.47 0.46 0.47 0.47 0.47
Energyi (Wh) 0.20 0.12 0.25 0.28 0.24 0.09

Total Energy 1.20 Lifetime 1.18

Optimized 6 Tasks at 40% core utilization at multi rate

task id i 1 2 3 4 5 6
Pk (p-state) 5 5 5 5 5 5
∆ti (ms) 11.8 6.58 7.15 3.27 2.79 5.18
MTTFi (year) 44.7 44.8 44.8 48.2 49 48
Energyi (Wh) 0.14 0.08 0.17 0.19 0.16 0.06

Total Energy 0.82 Lifetime 68.02

Non optimized 6 Tasks at 80% core utilization at multi rate

i (task id) 1 2 3 4 5 6
Pk (p-state) 1 1 1 1 1 1
∆ti (ms) 9.33 7.25 16.38 13.94 10.05 3.30
Periodi (ms) 100 50 100 100 100 20
MTTF (year) 0.47 0.47 0.46 0.47 0.47 0.47
Energy (Wh) 0.27 0.43 0.49 0.41 0.30 0.49

Total Energy 2.42 Lifetime 0.58

Optimized 6 Tasks at 80% core utilization at multi rat

i (task id) 1 2 3 4 5 6
Pk (p-state) 3 4 3 1 2 2
∆ti (ms) 12.18 10.82 21.39 13.94 11.49 3.77
MTTF (year) 3.06 15.2 3.06 0.47 0.95 0.95
Energy (Wh) 0.23 0.32 0.40 0.41 0.27 0.45

Total Energy 2.10 Lifetime 1.36

our EM analysis [8]. Hotspot [13] is used for the temperature
modeling.To generate task sets, we implement a random real-
time task generator based on the core utilization factor. We
use 6 tasks per one task set and 36 task set. For single rate
task sets, 50ms, 20ms, and 10ms are chosen for a single
rate period. For multi rate task sets, we use 50ms, 20ms,
and 10ms periods, but set to the same hyper period as
100ms. All benchmarks and Matlab environment are running
on 4 core 3.0Ghz Xeon server with 16GB RAM running
Linux. 5 p-statespj = {(1.6Ghz, 1.484V),(1.4Ghz, 1.409V),
(1.22Ghz, 1.339V), (1.07Ghz, 1.272V), (930Mhz, 1.208V)}
are chosen from ACPI standard and Enhanced Intel Speedstep
Technology [6], [10].

B. Evaluation of proposed lifetime optimization

First, we evaluate our lifetime optimization method (see
Section III) by comparing its lifetime and energy with non-
optimized p-state tasks to the optimized p-state tasks. In
the evaluation of our lifetime optimization, we consider four
different task sets (low and high core utilization, and single and
multi rates) for comparison. Table II summarize the resultsfor
40% and 80% core utilization of single rate real-time tasks.As
we can see, for the low core utilization tasks, the optimization

method finds the lowest-energy p-state solution for each task
and total energy consumption decreases about 67% as each
task p-state is selected as 5, which is the lowest-engery DVFS
for each task execution. With this optimization method, the
lifetime is improved to 66.97 year from 1.19 year. But for
high utilization case, lifetime improvement will be limited as
shown in the 80% utilization case. In this case, the most of the
p-states are moved to middle range (3 in this case). But still
there is still 85% energy saving and 3X lifetime improvement
achieved by the proposed lifetime optimization method. This
indicates the significant improvement can be made for both
energy and reliability from the simple task scheduling.

In addition to single rate task, we also show results in multi
rate tasks summarized in Table III. Again, depending on the
core utilization, the energy and lifetime can be both improved
and the improvement can be noticeable or significant.

C. Core utilization effects and trade-off on energy and lifetime

As we can see, core utilization factor can have significant
impacts on the final results. Figure 4 shows the core utilization
versus energy and lifetime. The experiments are simulated
with single rate tasks at 50ms, 20ms, and 10ms periods, and
3 random multi rate tasks at 100ms hyper period. In the low



core utilization, the system can run the task under higher p-
state as the core utilization is the ratio of the task execution
time and its period. In the higher utilization, energy saving
and lifetime improvements decrease as the higher utilization
leads less number of p-state selection.
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Fig. 4. Core utilization effects on (a) energy saving and (b)lifetime
improvement

We also observe the Pareto-like trade-off between the energy
and lifetime obtained from the proposed lifetime optimization
as shown in Figure 5. This curve is obtained for different
core utilizations, which determine the potential for lifetime
improvement and energy reduction. So in general, low energy
will lead to better lifetime and the proposed method can lead
to the best (Pareto-like) trade-off.
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Fig. 5. Trade-off between lifetime and energy

V. CONCLUSION

We have proposed a new lifetime task optimization tech-
niques for real-time embedded processors considering the
electromigration-induced reliability. The new approach was
based on a recently proposed physics-based electromigration
(EM) model for more accurate EM assessment of a power grid
network at the chip level. We applied the dynamic voltage
and frequency scaling (DVFS) (by selecting the performance
states or p-states of the tasks to manage the power and thus
the lifetime of the processor running different tasks over
their periods. We considered both single-rate and multi-rate
embedded systems with preemption. We framed the reliability
optimization problem as the continuous constrained nonlinear
optimization problem in which the system EM-induced relia-
bility is maximized subject to the timing constraints, which is
further solved by simulated annealing method. Experimental
results have shown that for low utilization systems, significant
reliability improvement can be achieved with even smaller

power consumption than existing reliability-ignore scheduling
method. The proposed can lead to near Pareto’s front trade-
off between the power/energy and the lifetime compared to
the existing task scheduling method.
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