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ABSTRACT
Full-chip statistical leakage power analysis typically requires
quadratic time complexity in the presence of spatial correla-
tion. When spatial correlation are strong (with large spatial
correlation length), efficient linear time complexity analy-
sis can be attained as the number of variational variables
can be significantly reduced. However this is not the case
for circuits where gate leakage currents are weakly corre-
lated. In this paper, we present a linear time algorithm for
statistical leakage power analysis in the presence of weak
spatial correlation. The new algorithm exploits the fact
that gate leakage current can be efficiently computed locally
when correlation is weak. We adopt a newly proposed spa-
tial correlation model where a new set of location-dependent
uncorrelated variables are defined over virtual grids to rep-
resent the original physical random variables via fitting. To
compute the leakage current of a gate on the new set of
variables, the new method uses the orthogonal polynomi-
als based collocation method, which can be applied to any
gate leakage models. The total leakage currents are then
computed by simply summing up the resulting orthogonal
polynomials (their coefficients) on the new set of variables
for all gates. Experimental results show that the proposed
method is about two orders of magnitude faster than the re-
cently proposed grid-based method [3] with similar accuracy
and many orders of magnitude times over the Monte Carlo
method.
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1. INTRODUCTION
Leakage power has increased dramatically with the tech-

nology scaling and is becoming the dominant part of chip
power dissipation [2]. The dominant factors in the leak-
age currents are the subthreshold leakage current Isub and
gate oxide leakage current Igate. The subthreshold leakage
current has a rapid increasing rate (about 5X-10X increase
per technology generation [5]), and it is highly sensitive to
threshold voltage Vth variations owing to the exponential
relationship between Isub and Vth. On the other hand, as
gate oxide thickness, Tox, scales down, Igate grows rapidly
as Igate has an exponential dependence on Tox.

Both leakage currents are highly sensitive to process vari-
ations due to the exponential relation between the leakage
current and variational parameters like channel lengths. As
process-induced variability becomes large in the deep sub-
micro regime,leakage variations become significant, and tra-
ditional worst case and corner based approaches will lead to
extremely pessimistic and expensive design solutions. Sta-
tistical estimation and analysis of leakage powers considering
process variability are critical in various chip design steps to
improve design yield and robustness.

Many earlier works have been proposed for full-chip sta-
tistical leakage analysis (SLA) considering the process varia-
tions such as [9, 13]. When the process-induced variabilities
are spatially correlated, the computation cost of the dis-
tribution of total leakage of the chip becomes quadratic –
O(n2), where n is number of gates. To mitigate this prob-
lem, several approaches have been proposed recently [3, 8,
7, 14]. The work in [3] partitions the whole chip into many
grids (the gate variables in a grid are identical.) to reduce
the number of variables but at the cost of loosing accuracy.
This method works well when correlation is strong. The ap-
proach in [14, 15] also explores the strong spatial correlation
by reducing the number of variables through principal com-
ponent analysis (PCA) and applying orthogonal polynomials
to represent leakage currents at gate and whole chip levels.
The PCA-based approach in [8] only works when random
variables are uncorrelated. In [7], a linear time complexity
method is proposed, but it assumes symmetric spatial cor-
relation and considers only the channel length variations.

When the spatial correlation is weak, existing approaches
like [3, 14] do not work well as the number of correlated
variables can’t be reduced too much. Recently an efficient
method was proposed [18] to address this problem. The
method is based on simplified gate leakage models and for-
mulates the major computation task into matrix-vector mul-
tiplications via Taylor’s expansion. It then applies fast com-
puting methods like Fast Multipole method or pre-corrected
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FFT to compute the multiplication. However, this method
assumes that the gate leakage currents are purely lognor-
mal, which is not the case as we will show in the paper.
Also it can only compute the mean and variances, but not
the complete distribution of the leakage.

In this paper, we present a new linear-time algorithm for
statistical leakage analysis in the presence of weak spatial
correlation. The new algorithm exploits the fact that the
leakage current of a gate in the presence of weak spatial
correlation is only affected by a few neighboring gates. As
a result, the gate leakage current can be efficiently com-
puted by only considering its neighboring gates in a con-
stant time. We adopt a newly proposed spatial correlation
model where a new set of location-dependent uncorrelated
variables are defined over virtual grids to represent original
correlated random variables via fitting. We then compute
the statistical leakage current of a gate using this new set
of variables. The orthogonal polynomials based collocation
method is thus applied and the variational gate leakages and
total leakage currents are represented in an analytic form
in terms of the random variables, which can give complete
distribution. The new method considers both inter-die and
intra-die variations and it can work with any spatial correla-
tions. Unlike the existing approaches [3, 7], the new method
does not make any assumptions about the distributions of
final total leakage currents for both gates and chips. In case
of medium and strong correlations, the proposed method
can also work in linear time by properly sizing the grid
cells so that both correlation locality and accuracy can still
be preserved. Experimental results on the PDWorkshop91
benchmarks on a 45nm technology show that the proposed
method is about two orders of magnitude faster than the
recently proposed method [3] with similar accuracy.

The rest of this paper is organized as follows: Section 2
presents the process variational models and gate leakage
models used in this work. Section 3 presents the new spatial
correlation models. Section 4 presents our new full-chip sta-
tistical leakage power analysis method. Section 5 presents
the experimental results and Section 6 concludes this paper.

2. VARITIONAL AND LEAKAGE MODELS
In this section, we present the spatial process variational

models and gate leakage models used in this work.

2.1 Spatial variational models
The main process parameter that has big impact on leak-

age current is the transistor threshold voltage Vth. Vth is
observed to be the most sensitive to effective gate length
L and gate oxide thickness Tox. ITRS’08 [2] indicates that
the variation of L is a primary factor for device parameter
variation, and the number of dopants in channel results in
an unacceptably large statistical variation of Vth.

Following the existing approaches, we also assume that the
process variations of L and Tox follow multivariate normal
distributions [16], and both include inter-die and intra-die
components. Since Tox is in vertical layout feature dimen-
sion, and is caused by chemical mechanical polishing pro-
cesses, it only depends on local layout density and has no
spatial correlation [11]. Therefore, we focus on the spatial
correlation of L. In general, the number of process param-
eters that exhibit spatial correlation can be more than one,
and it is understood that this is not a limitation of our ap-
proach.

For a gate/module in a chip, we model the variations of
L and Tox as the following random variables:

ΔL = ΔLinter + ΔLintra

= σL,interξL,inter + ΔLintra, (1)

ΔTox = ΔTox,inter + ΔTox,intra

= σox,interξox,inter + σox,intraξox,intra, (2)

where ξL,inter, ξox,inter, ξox,intra are independent random
variables following N(0, 1), since ΔLinter and ΔTox,inter are
the same for all gates in all grids, and Tox has no spatial
correlation. On the other hand, ΔLintra is different for each
gate, and has spatial correlations. The spatial correlation is
modeled by an empirical formulation such as the exponential
model [17].

ρ(d) = e−d2/η2
, (3)

where d is the distance between two grid centers and η is the
correlation length. The spatial correlation can be captured
by the spatial covariance matrix Ωn,n, where n is the number
of gates. The elements in Ωn,n are modeled as (3), which
are only related to d.

As mentioned in Section 1, traditional SLA has O(n2)
complexity in the presence of spatial correlation. There are
mainly two kinds of methods proposed to mitigate this prob-
lem. The first is the grid-based method [3]. With strong
correlation, the number of grids will be much smaller than
number of gates, which leads to linear time complexity. But
this method will lead to large errors as two gates that are
close to each other may belong to different grids. The sec-
ond approach mitigates this problem using the PCA tech-
nique [14]. The errors can be easily controlled during the
numerical processes. This method also achieves linear time
complexity in case of strong spatial correlation. But the
new set of independent variables has no physical meaning.
In this paper, we try to address full-chip SLA with weak spa-
tial correlation. At the same time, we introduce a new set
of independent variables which has more physical meanings.

2.2 Static leakage modeling
Full-chip leakage current has two major components, Isub

and Igate. Isub is exponentially dependent on Vth, which is
observed to be most sensitive to Tox and L due to short-
channel effects. When the change in L or Tox is small, the
precise relationship shows exponential dependency on Isub,
with the effect of Tox being relatively weak. For Igate, both L
and Tox have strong impacts on the leakage currents, which
are exponential functions of the two variables.

In our work, we also follow the analytical expressions given
in [3], which estimate the subthreshold and gate oxide leak-
age currents as follows:

Isub = ea1+a2L+a3L2+a4T−1
ox +a5Tox , (4)

Igate = ea1+a2L+a3L2+a4Tox+a5T2
ox , (5)

where a1 through a5 are the fitting parameters for each
unique input combination of a gate. Then we use a look-
up table to store the fitting parameters. Notice that the
exponents of Isub and Igate are not linear functions of L and
Tox, which is required by the existing approach [18]. The
actually gate leakage currents are taken as the average of
the leakage currents from all the states in this work.
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3. LOCATION-DEPENDING SPATIAL COR-
RELATION MODELING

Existing approaches to handle spatial correlation for fast
statistical analysis by grids or by PCA-based reduction only
work well for strong spatial correlation. In this paper, we in-
troduce a new location-dependent spatial correlation model,
which was proposed recently for fast statistical timing anal-
ysis [4] to improve the computational efficiency for modeling
for weak spatial correlation.

The new modeling is based on the observation that the
leakage current of a gate in the presence of weak spatial
correlation only correlates to a few neighboring gates. If
we can introduce a new set of uncorrelated variables which
can catch the localized correlation, computing the leakage
current of one gate can be done in a constant time by only
considering its neighboring gates. Hence total full-chip sta-
tistical leakage currents can then be computed by simply
adding all the gate leakage currents together in terms of the
new set of variables in linear time. The idea is similar to
the PCA-based approach [14] but with different set of new
independent variables.

Specifically, the chip area is still divided into a set of grid
cells. But in our case, the grid can be very small and every
grid can even contain one gate. Then, we introduce a “vir-
tual” random variable for each grid. These virtual random
variables are independent and will be the basis for statistical
leakage current calculation that concern spatial correlation.
Then we can express the original physical random variable of
a gate in a cell as a linear combination of the virtual random
variables of its own cell as well as its nearby neighbors. Since
each virtual random variable is defined for each cell, which
has specific location in a chip, such location-dependent cor-
relation model still retains the important spatial physical
meaning (compared to PCA-based models). We notice that
there are many ways to generate the grids such as rectan-
gular grids [3] or hexagonal grids [4]. Hexagonal grids are
preferred typically as they have minimum anisotropy for 2-
D space. But since we will compare our approach with the
approach in [3], we still use rectangular grids in this paper.

Here we define “spatial correlation distance” dmax as the
minimum distance beyond which the spatial correlation be-
tween any two grid cells is sufficiently small (or smaller than
a given threshold value) so that we can ignore it. For a
fixed chip area, if the spatial correlation distance is relatively
small, the correlation matrix will be sparse. The grid model
are shown in Fig. 1. In this location-dependent model, grid i
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Figure 1: Location-dependent modeling of the spa-
tial correlations with the correlation index defined
for each cell as its nine neighboring cells.

is associated with one virtual random variable ξi ∼ N(0, 1),
which is independent of all other spatial random variables.
ΔLintra,i can then be expressed as its k closest neighbor-
ing grid cells. We introduce the concept of correlation index
neighbor set T (i) for grid i, which defines a set of the indices
of ξi to model the spatial correlation of ΔLintra,i as

ΔLintra,i =
X

q∈T (i)

γq · ξq. (6)

For example, if T (i) for each grid cell is defined as its closest
k = 9 neighboring grid cells, then ΔL located at grid (xi, yi)
can be represented as a linear combination of nine spatial
random variables. The location in T (i) will be

T (i) = {x ∈ xi − 1, xi, xi + 1; y ∈ yi − 1, yi, yi + 1}. (7)

Take ΔLintra,5 in Fig. 1 for instance, we have ΔLintra,5 =
γ1ξ1 + γ2ξ2 + . . . + γ9ξ9.

This concept of correlation index helps to model the spa-
tial correlation. Two grids close to each other will share
more common spatial random variables, which means the
correlation is strong. On the other hand, two grids physi-
cally far away from each other will share less or no common
spatial random variables. In this way, the spatial correlation
is modeled as a homogeneous and isotropic random field so
that the spatial correlation is only related to distance. That
is to say, spatial correlation can be fully described by ρ(d)
in (3). dmax is the distance beyond which ρ(d) becomes
small enough to be approximated as zero.

Since ρ(d) is only a function of distance, the number of
unique distance values between two correlated grids equals
the number of unique element values in Ωn,n. Take the T (i)
set in (7) for example. For simplicity of presentation, the
length of one grid in Fig 1 is set to be dc = 1. In this case,
the spatial correlation distance dmax = 3dc = 3 as shown in
Fig. 1, and there are only five unique correlation distances
d1 to d5. Correspondingly, there are only five unique corre-
lation coefficients in Ωn,n, without including 0 for d ≥ dmax

or 1 for distance within one grid.
Furthermore, the same correlation index can be used for

all grids and the coefficient γk should be the same for the
same distance because of the homogeneousness and isotropy
of spatial correlation. For the grid marked 5 in Fig. 1, we
only have three unique values among the nine coefficients,
i.e., we set p0 = γ5, p1 = γ2 = γ4 = γ6 = γ8 and p2 =
γ1 = γ3 = γ7 = γ9. In other words, we have ΔLintra,5 =
p0ξ5 +p1(ξ2 + ξ4 + ξ6 + ξ8)+p2(ξ1 + ξ3 + ξ7 + ξ9). According
to (3), a nonlinear over-determined system can be built to
determine the three unique values of p0, p1 and p2 as follows,

p2
0 + 4p2

1 + 4p2
2 = ρ(0) = 1

2p0p1 + 4p1p2 = ρ(d1) = e−1/η2

2p2
1 + 2p0p2 = ρ(d2) = e−2/η2

p2
1 + 2p2

2 = ρ(d3) = e−4/η2

2p1p2 = ρ(d4) = e−5/η2

p2
2 = ρ(d5) = e−8/η2

(8)

This system can be solved by formulating it as a non-linear
least square problem. In matrix form, we can rewrite (6) for
whole chip as

ΔLintra = PN,N · �ξ, (9)
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where N is the number of grid cells, and �ξ = [ξ1, ξ2, . . . , ξN ].
According to (6), the correlation index set contains only k
neighboring spatial random variables, which is a very small
fraction of the total spatial random variables. As a result,
PN,N is a sparse matrix. Every gate only relates to k virtual
random variables, which has specific location information.

Fundamentally, PCA-based method performs a similar
process and has a similar new transformation matrix be-
tween the original and new set of variables:

ΔLintra = Vn,n · �ξ, (10)

where Vn,n is the transformation matrix obtained from eigen-
value decomposition of the correlation matrix in PCA. The
major difference is that Vn,n is a dense matrix even though
the original correlation matrix is sparse. This makes a huge
difference specially when the spatial correlation is weak as
eigen-decomposition will take almost O(n3) to compute.

We remark that the new independent spatial correlation
model also works for medium and strong correlation cases.
In case of medium or strong correlation, one can increase
the grid cell sizes (reducing number of grids) with high ac-
curacy due to larger correlation length, as demonstrated in
the existing grid based method [3]. In this way, a gate will
still see a few larger neighboring virtual grid cells and linear
time complexity can still be attained.

4. THE PROPOSED LEAKAGE POWER
ANALYSIS METHOD

In this section, we present the new full-chip statistical
leakage analysis method. We first present the overall flow
of the proposed method in Fig. 2 and highlight the major
computing steps.

Algorithm: New full-chip SLA algorithm.

Input: standard cell lib, netlist, placement information
of design, standard deviation of L and Tox.
Output: analytical expression of the full-chip leakage
currents in terms of Hermite polynomials.

1. Generate asub and agate of Isub and Igate in (4) and
(5) for each type of gates (Section 2.2).

2. Solve (8) to determine coefficients in (6).

3. Calculate the coefficients of Hermite polynomials of
Isub and Igate for the leakage analytical expression
for each gate using (16) and (17).

4. Calculate the analytical expression of the full-chip
leakage current by simple polynomial additions and
calculate mean value, standard deviation, PDF and
CDF of the leakage current if required.

Figure 2: The flow of proposed algorithm.

The new algorithm consists of three major parts. The first
part (Step1 and 2) is pre-characterization. Step 1 builds
the analytical leakage expressions (4) and (5) for each type
of gates, which only needs to be done once for a standard
cell library. Step 2 deals with a tiny-size non-linear over-
determined system, which can be solved with any least-
square algorithm. The second part (Step 3) generates a
small set of independent virtual grid random variables and

builds the analytical leakage current expressions and covari-
ances for each gate in terms of the new random variables.
The third part (Step 4) computes the final full-chip leakage
expressions by simple polynomial additions. From the ex-
pression, we can calculate other statistical information (like
mean, variance, and even the whole distributions). In the
following, we briefly explain some important steps.

4.1 Computing gate leakage by the orthogo-
nal polynomial method

A random variable x(�ξ) with limited variance can be ap-
proximated by truncated Hermite Polynomial Chaos expan-
sion as follows [6]:

x(�ξ) =
XP

q=0
aqH

z
q (�ξ), (11)

where �ξ = [ξ1, ξ2, ..., ξz] is a vector of independent orthonor-

mal Gaussian random variables with zero mean values, Hz
q (�ξ)

is the zth order Hermite polynomial and aq is the determin-
istic coefficient. aq can be determined by (the superscript z
is dropped for simple notation)

aq =
< x(�ξ), Hq(�ξ) >

< H2
q (�ξ) >

≈
XP

i=0
x(ξi)Hi(ξi)wi, (12)

where ξi and wi are Gaussian Hermite quadrature abscissas
(quadrature points) and weights, respectively. The kernel of
this technique is calculating the coefficients of Hermite poly-
nomials efficiently. For multiple random variables, which
require multi-dimensional quadrature, Smolyak quadrature
[10] is used as an efficient method to reduce the number of
quadrature points. For z-dimensional integration, the size
of Level-P Smolyak quadrature point set is O(zP /(P )!).

In our problem, x(�ξ) will be the leakage current for each
gate, and eventually for the full chip. For the jth gate,
from (6), ΔLintra,j only relates to k independent virtual
random variables in T (j), and from (1) and (2), the corre-

sponding variable vector, �ξg,j , is defined as

�ξg,j = [ξq, q ∈ T (j), ξox,j, ξL,inter, ξox,inter], (13)

which only includes z = k + 3 independent variables. Since
k+3 is a small number, Step 3 in Fig. 2 can be very efficient.

To compute the gate leakage current, we need to present
both Isub and Igate of each gate in second order Hermite
polynomials, respectively:

Isub(�ξg,j) =
XP

i=0
Isub,i,jH

2
i (�ξg,j), (14)

Igate(�ξg,j) =
XP

i=0
Igate,i,jH

2
i (�ξg,j), (15)

where H2
i (�ξg,j) is second order Hermite polynomials. Isub,i,j

and Igate,i,j are then computed by the numerical Smolyak
quadrature method. Let S be the size of the z-dimensional
second order (level-2) quadrature point set Θ2

z. We have
S ∼ O(k2). Isub,i,j and Igate,i,j can be computed as the
following:

Isub,i,j =
XS

l=1
Isub(�γl)H

2
i (�γl)wl/ < H2

i (�ξg,j) >, (16)

Igate,i,j =
XS

l=1
Igate(�γl)H

2
i (�γl)wl/ < H2

i (�ξg,j) >, (17)

where �γl is Smolyak quadrature sample, Isub(�γl) and Igate(�γl)
are computed using (4) and (5).
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As a result, their coefficients for the ith Hermite polyno-
mial at the jth gate can be added directly as

Ileakage,i,j =
X

Isub,i,j +
X

Igate,i,j. (18)

Notice that the time complexity of leakage for a gate is
O(k2). And the number of involved independent random
variables k is very small (compared to the total number of
gates), which is the case here.

4.2 Computation of full-chip leakage currents
After the leakage currents are calculated for each gate, we

can proceed to compute the leakage current for the whole
chip as follows:

Ileakage(�ξ) =
Xn

j=1
(Isub(�ξg,j) + Igate(�ξg,j)). (19)

The summation is done for each coefficient of Hermite poly-
nomials. Then we obtain the analytic expression of the final

leakage currents in terms of �ξ.
We can then obtain the mean value, variance, PDF and

CDF of the leakage current easily. For instance, the mean
value and variance for the full-chip leakage current are

μleakage = Ileakage,0th, (20)

σ2
leakage =

X
I2

leakage,1st + 2
X

I2
leakage,2nd,type1

+
X

I2
leakage,2nd,type2, (21)

where Ileakage,ith is the leakage coefficient for ith Hermite
polynomial of second order defined as follows,

H0th = 1, H1st = ξi,

H2nd,type1 = ξ2
i − 1, H2nd,type2 = ξiξj , (i �= j). (22)

5. EXPERIMENTAL RESULTS
The proposed method has been implemented in Matlab

7.8.0. Since the leakage model for the method in [18] has to
be purely log-normal (linear terms in exponent parts), we
did not choose it for comparison purpose. All the experi-
mental results are carried out in a Linux system with quad
Intel Xeon CPUs with 2.99Ghz and 16GB memory.

The methods for full-chip SLA were tested on circuits in
the PDWorkshop91 benchmark set. The circuits were syn-
thesized with Nangate Open Cell Library and the place-
ment is from MCNC [1]. The technology parameters come
from the 45nm FreePDK Base Kit and PTM models [12].
According to [2], L and Tox for high performance logic in

Table 1: Summary of Test cases used in this paper.
Circuit Gate # Area Testcase dmax dc Grid #

SC0 125 1459×1350 Case 1 2190 730 2×2
Case 2 1095 365 4×4

SC1 1888 4892×4874 Case 3 1896 612 8×8
Case 4 918 328 16×16

SC2 6417 10092×10466 Case 5 984 328 32×31
Case 6 482 164 64×64

45nm technology will be 18nm and 1.8nm, respectively. And
the physical variation should be controlled within +/-12%.
So the 3σ values of variations for L and Tox were set to 12%
of the nominal values, of which inter-die variations consti-
tute 20% and intra-die variations, 80%. L is modeled as
spatially correlated sources of variations, and Tox is modeled

as an independent source of variation. The same framework
can be easily extended to include other parameters of varia-
tions. Both L and Tox are modeled as Gaussian parameters.
For the correlated L, the spatial correlation was modeled
based on (3). The test cases are given in Table 1 (all length
units in μm).

For comparison purposes, we perform Monte Carlo (MC)
simulations with 50,000 runs, and compare results from the
method in [3] and our proposed approach. Fig. 3 shows
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Figure 3: Distribution of full-chip Ileak from MC,
our approach and method [3] for Case 2.

the full-chip leakage current distribution (PDF and CDF)
of Case 2. It shows that our method fits very well with
the MC results, and has almost the same accuracy with [3].
The results of the comparison of mean value and standard
deviations of full-chip leakage current are shown in Table 2,
where New is the proposed method. The average errors for
mean and standard variance (σ) values of the new technique
are 4.52% and 3.92%, respectively. While for the method
in [3], the average errors for mean value and σ are 4.12%
and 3.83%, respectively. From Table 2, it is shown that
these two algorithms have almost the same accuracy. The
results also show that our method can handle both strong
and weak spatial correlations by adjusting grid size.

Table 3 compares the CPU times of the three methods,
which shows that the new method, New, is much faster than
the method in [3] and MC simulation. On average, the pro-
posed technique has about 63X speedup over [3] and many
order of magnitudes over the MC method. And the speed
of our approach is not affected by the total number of grid
cells. If the spatial correlation is strong, which means dmax

is large, dc can be increased at the same time without loss
of accuracy. So the number of neighboring grids in T (i) will
still be much smaller than the number of gates. The new
method will be efficient and linear under both cases.

6. CONCLUSION
In this paper, we have presented a linear time method for

analyzing the full-chip leakage current distribution of digi-
tal circuits in the presence of weak spatial correlation. The
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Table 2: SLA accuracy comparison based on Monte Carlo.
Test Grid Mean Value (μA) Errors (%) Standard Deviation (μA) Errors (%)
Case # MC Method [3] New Method [3] New MC Method [3] New Method [3] New

Case1 2 × 2 1.838 1.751 1.749 -4.76 -4.86 0.4779 0.4628 0.4513 -3.18 -5.56
Case2 4 × 4 1.839 1.751 1.749 -4.79 -4.88 0.3993 0.3679 0.3869 -7.84 -3.10
Case3 8 × 8 29.95 28.88 28.65 -3.57 -4.35 5.674 5.451 5.424 -3.93 -4.44
Case4 16 × 16 29.97 28.88 28.65 -3.63 -4.41 5.390 5.574 5.152 3.41 -4.42
Case5 32 × 32 107.9 103.6 103.2 -3.99 -4.35 20.32 19.86 19.70 -2.26 -3.02
Case6 64 × 64 107.8 103.6 103.2 -3.90 -4.26 20.26 20.74 19.65 2.37 -2.98

Table 3: CPU time comparison.

Test Computation time(s) Speedup (%)
Case MC Method [3] New Method [3] New

Case1 83.14 10.39 0.10 8.00 831.4
Case2 87.09 13.16 0.14 6.62 622.1
Case3 828.42 26.24 0.86 31.57 963.3
Case4 869.12 74.50 0.87 11.67 999.0
Case5 7532.77 117.77 8.65 63.96 870.8
Case6 7873.54 490.84 10.67 16.04 737.9

new algorithm exploits the fact that the statistical leakage
current of a gate in the presence of weak spatial correlation
is affected by a few neighboring gates. As a result, the gate
leakage current can be efficiently computed locally in con-
stant time. We adopted a newly proposed spatial correlation
model where a new set of location-dependent uncorrelated
variables are defined to represent original random variables
via fitting. We applied the more general and flexible orthog-
onal polynomials based collocation method to compute the
leakage current of a gate and total leakage power on the new
set of variables. The new method can be easily extended for
medium and strong correlation while it still maintains the
same linear complexity. Experimental results show that the
proposed method is about two orders of magnitude faster
than the recently proposed grid-based method [3] with sim-
ilar accuracy and many orders of magnitude over the Monte
Carlo method.
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