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Abstract

Natural images are known to carry several distinct prop-
erties which are not shared with randomly generated im-
ages. In this article we utilize the scale invariant property of
natural images to construct a filter which extracts features
invariant to illumination conditions. In contrast to most of
the existing methods which assume that such features lie in
high frequency part of spectrum, by analyzing the power
spectra of natural images we show that some of these fea-
tures could lie in low frequency part as well. From this
fact, we derive a Wiener filter approach to best separate the
illumination-invariant features from an image. We also pro-
vide a linear time algorithm for our proposed Wiener filter,
which only involves solving linear equations with narrowly
banded matrix. Our experiments on variable lighting face
recognition show that our proposed method does achieve
the best recognition rate and is generally faster compared
to the state-of-the-art methods.

1. Introduction

1.1. Scale Invariance in Natural Images Statistics

It has been aware in the fields of computer vision and
image processing that the classes of natural images carry
several distinct properties which are not shared with other
classes of general random images (e.g. white noise, wire-
frame rendering, etc.). This fact has underlain many heuris-
tics in feature extraction and led to several classes of natural
images data (e.g. images in the woods [21], range images
[16], illumination maps [8], etc.) and to statistical models of
natural images from these data since the ’90s. These statis-
tical descriptions serve as an alternative for image analysis
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Figure 1. A typical power spectrum of a human face in x-direction
(blue) and the fitted power law spectrum (black).

when exact physical models failed. Such statistical models
stir up many ideas in applications such as image denoising
[18] and intrinsic images [29]. Please refer to Srivastava
et al. [23] for a more general survey about the models and
applications of this topic.

Throughout this paper, we restrict ourselves to the most
basic statistical properties of natural images, namely the
power law spectrum: P (ω) ∝ ω−α where ω is the fre-
quency and the exponent α is typically a number close to
2. This property has been discovered repeatedly in several
different sources of natural images [21][16][8]. It manifests
the most general scale invariance property for many classes
of natural images. A typical power spectrum and the fitted
power law spectrum of a human face is shown in the Figure
1.

In this work, we wish to demonstrate how to use this sim-
ple assumption to construct a filter extracting illumination-
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invariant features. We also suggest a method to estimate
power spectra indirectly from well-designed datasets which
provide a set of objects in certain class under a given set of
lighting conditions. For this purpose, we use human face
databases as an example. However the underlying ratio-
nale could be also applied to other classes of objects. We
will also show that, while applying to variable lighting face
recognition, this filter outperforms the state-of-the-art meth-
ods within one sample per person setting. We shall give a
brief survey of illumination-invariant feature extraction for
face recognition in the next section.

1.2. Illumination-Invariant Feature Extraction

There has been an abundant literature on illumination-
invariant feature extraction in the area of face recognition,
since variable lighting face recognition is an important issue
for many applications in computer vision. It has been shown
that, in face recognition, variations due to different illumi-
nations are more significant than the inherent differences
between face identities [1]. To solve the variable lighting
face recognition problem, some approaches use 3D human-
face models for training [4]. Despite its nice performance,
collecting a series of 3D face scans is usually not feasible in
practice. Analyses of illumination cone [9] or spherical har-
monics [3][19] have shown that variable lighting images of
a convex Lambertian object lie in a low-dimensional sub-
space. This property has been employed by several stud-
ies for variable lighting face recognition such as Lee et al.
[17] and Chen and Chen [5]. To ensure the performance,
this type of approaches requires the collection of multiple
images of each subject under fixed or simply different light-
ing conditions. However, multiple variable-lighting training
images of people are difficult to gather for a practical sys-
tem. For the above reasons, we present an approach that can
perform variable lighting face recognition within the one
sample per person setting. Our approach utilizes the power
law spectra of the illuminance and the reflectance. For the
one sample per person setting, there has already been an
abundance of literature, and variation over pose, expression
and other issues have been treated as well. Of course, here
we restrict ourselves to the case of variation over illumina-
tion only. For recent general methods and applicable envi-
ronments, one may consult the literature survey of Tan et al.
[24] for details.

The recent literature of variable lighting face recogni-
tion can be actually divided into two broad categories: (1)
the illumination normalization which tries to estimate light
source(s) and reconstructs the person’s normal lighting (or
uniform lighting) face, e.g. LAP [13] or estimates the gen-
erative model [9]; and (2) the illumination-invariant feature
extraction which only extracts discriminative features that
are invariant for the same person under different lighting
conditions and discriminative between different people, e.g.

(a) (b) (c)

Figure 2. (a) Human face under serious lighting condition and its
corresponding results produced by represented methods of (b) il-
lumination normalization obtained from spherical harmonics and
(c) illumination-invariant feature extraction from the proposed
method.

LTV [6].

Illumination normalization is more difficult than
illumination-invariant feature extraction in the sense that
it needs to reconstruct exactly the normal lighting (or uni-
form lighting) images from data and this is hardly resolved
within one sample per person setting. It is hard to estimate
the normal lighting (or uniform lighting) face given a single
image because the problem is highly ill-posed. However,
extracting features by reducing the lighting variance with-
out losing too much the discriminative power is much eas-
ier. Typical results produced by representative methods in
these two categories are shown in Figure 2.

We now turn to describe the idea development of the
illumination-invariant feature extraction briefly. To the best
of our knowledge, nearly every method in variable light-
ing face recognition, following the initiative work of Horn
[15], utilizes the fact that the illuminance of an image (as
a two-dimensional spatial function) is typically smoother
than the reflectance. Thus they assume that most illumina-
tion variation lies in the low frequency part of the spectrum.
Some of these methods formulate illumination variation in
different bases (such as principal components [19], spheri-
cal harmonics [17][5], wavelets [31], and cosine functions
[7]). Others derive some low-pass filter fulfilling certain
constrains directly [11][28]. The most recent methods per-
form cartoon decomposition and extract the large scale part
[6][30] in a variational scheme. They take different ap-
proaches to eliminate the illumination variation, but they
do not examine in details the relationship between the il-
luminance and the reflectance across the whole frequency
spectrum. In short, most methods actually truncate the low
frequency part of the spectrum under certain kind of decom-
position.

Although it has long been known that low frequency part
contains most variations of illumination [3], only until re-
cently, Xie et al. [30] started to investigate seriously the
possibility that part of the relevant features may lie in the
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low frequency part1 and cannot be simply discarded. How-
ever this approach only divides the frequency spectrum into
the low and high frequency parts, extracts features accord-
ingly, and combines the results from the two groups. Two
limitations could be: (1) their method decomposes the im-
age at an arbitrary frequency and does not use all combina-
tions of different frequency grouping schemes; and (2) they
do not utilize the relationship across the whole spectrum and
thus the feature extraction strategies they emploied cannot
be grounded theoretically.

In this work, we wish to provide a discriminative method
which best separates the spectra of illuminance and re-
flectance across the whole frequency spectrum. For this pur-
pose, we suggest a simple Wiener filter derived from power
law spectra assumption of natural images and examine the
statistical behaviour of face images under different lighting
conditions. Wiener filter is a Bayesian optimal filter for sep-
arating two spectra of sources given the observed composite
signal. To amazing, it has not been well employed for com-
puter vision before. It decomposes the sum of two signals
drawn from two given stationary processes with different
autocorrelation functions, where the Fourier transform of
the autocorrelation function is the power spectrum density
in the frequency domain. Thus our method retains features
at every frequency while previous ones preserve features
only at the high frequency part. The underlying difference
between our method and previous direct thresholding meth-
ods across the entire spectrum is shown in the Figure 3. The
rest of the paper is organized as follows: In Section 2 we be-
gin with the reflectance model, followed by the derivation
of our natural delighting filtering and discuss the choice of
their parameters in different image sizes. We then give the
procedure of indirect measurement of the power law spectra
we need in Section 3, and describe the experimental evalu-
ation of our assumption in Section 4. Finally, conclusions
and future directions are given in Section 5.

2. Wiener Filtering for Natural Illumination
According to Barrow and Tenenbaum’s intrinsic image

model [2], an image I (x, y) can be represented as

I (x, y) = R (x, y)L (x, y) ,

where I (x, y) is the intensity, R (x, y) is the reflectance,
and L (x, y) is the illuminance of the pixel location (x, y).
For the face recognition problem, R contains important fea-
tures such as the shapes and locations of eyes and noses.
Hence our main interest is to retrieve the variation pattern
of R from a given image I . Horn [15] suggested to take the
logarithm of I and transforms the model into an additive

1Actually the decomposition they use is the cartoon decomposition, but
we identify the large scale part to the low frequency part for clarity of
argument.
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Figure 3. The effects of Wiener filtering (red) and directly thresh-
olding method with the threshold at frequency 50 (green) in com-
parison with the original spectrum (blue). It can be shown that
both directly thresholding method and Wiener filtering preserve
features at the high frequency part, while Wiener filtering retains
features at the low frequency part as well. The original spectrum
is generated from exp(−x0.35) · sin(x) as an example.

one:

f (x, y) = log I (x, y) = logR (x, y) + logL (x, y)

= ν (x, y) + µ (x, y) .

Since µ is smoother than ν, we can first estimate µ by
some smoothing filter. Denote the estimator by µ̂. Let ν̂ =
f − µ̂, we then estimate R by R̂ = exp (ν̂).

Let f, ν, µ be drawn from three wide-sense stationary
processes and the latter two are uncorrelated, which fol-
lows the natural image statistics of power laws of the sin-
gle scan-line data. Restricted within the one sample per
person setting, the estimation problem of µ is highly ill-
posed. However, we can still apply Wiener filter to get the
Bayesian optimal estimate of µ from a single image since
the filter’s behaviour is completely determined by the auto-
correlations of ν and µ. From this observation, we do not
need to extract the exact µ and ν, but can still separate them
with the optimal filtering setting. Here the filter does not
even depend on the mean of each process, while illumina-
tion normalization methods target at estimating the normal
lighting face thus depend on the exact distribution of ν.

Since the stationary condition of natural images is only
satisfied in the one-dimensional case but severely violated
in the two-dimensional case, and x-, y-directions are two
dominant directions in a two dimensional power spectrum
[20], we restrict ourselves to the one-dimensional power
law spectrum. We shall filter the image in the x-direction
and the y-direction consecutively. So we study only one-
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dimensional signal in the rest of this section. The 1-D set-
ting also makes the derived filter highly efficient to com-
pute. We assume further that both µ and ν follow power
law spectrum:

Pµ(ω) ∝ ω−αµ , (1)
Pν(ω) ∝ ω−αν , (2)

where Pµ, Pν are power spectrum densities of µ and ν,
respectively, and αµ, αν are some positive real numbers.
Since most of the natural images statistics were estimating
on the logarithmic domain, we could still apply the power
law spectrum assumption in our case.

First, let us consider the Wiener filter in the frequency
domain:

F{l} (ω) =
Pµ (ω)

Pµ (ω) + Pν (ω)
(3)

=
λ

λ+ ωδ
, (4)

where l is the Wiener filter in the spatial domain, λ > 0
is the ratio of power spectra Pµ and Pν at the frequency
ω = 1, and δ = αµ − αν .

We refer to the filters derived with respect to (4) the nat-
ural delighting filters (NDFs), which are varying with δ.
In particular, we shall show later in the Section 3 that δ is
around 2 for the face images case. Approximating δ by 2 the
result could be easily computed from spatial domain with-
out Fourier transform since solving linear equations with
narrowly banded matrix only requires O(n) time. The re-
sulted filter in the spatial domain is determined by:

λl[f ] +
∂2

∂x2
(l[f ]) = λf,

which can be expressed in the following narrowly banded
matrix equation after discretization:

(λI +DTD)µ = λf , (5)

where f = (f1, · · · , fn)T is a row or a column of the input
image, µ = (µ1, · · · , µn)T , and D is a (n− 1)× n differ-
ence matrix: Di,j = −1 if i = j, Di,j = 1 if i = j− 1, and
Di,j = 0 otherwise. It can be easily verified that the solu-
tion of (5) is equivalent to a linear smoothing spline [27] that
is easy to compute. We can boost the computation speed by
using the analytic solutions introduced in [10] and reduce
the computation complexity to exactly 4n flops. Solving
equation (5) along x- and y-directions consecutively is re-
ferred to as the NDF of δ = 2 in this paper. Note that as
we approximate δ by 2 for computational issues, λ could no
longer be the ratio of power spectra and need to be chosen
empirically.

Before we go into the details of experimental evaluation,
we shall briefly mention the procedure of parameter selec-
tions. Assume that a suitable parameter is found for some

scale (image size), we can apply the following derivation
to find the suitable parameters for any other scales, which
is referred to as the scale-transform property for parameter
selection in this paper:

Pµ̃ (ω) = F{µ̃}F{µ̃}

=
1

σ2
F{µ}

(ω
σ

)
F{µ}

(ω
σ

)
=

1

σ2
Pµ

(ω
σ

)
,

Pµ̃ (ω)

Pµ̃ (ω) + Pν̃ (ω)
=

1
σ2Pµ

(
ω
σ

)
1
σ2Pµ

(
ω
σ

)
+ 1

σ2Pν
(
ω
σ

)
=

λ

λ+ 1
σδωδ

=
σδλ

σδλ+ ωδ
,

where µ̃ and ν̃ are the scaled signals of µ and ν with
µ̃(x) = µ(σx), ν̃(x) = ν(σx), respectively. Hence the
multiplicative rescaling factor of λ is σδ . Based on this
property, we can vary the parameters with respect to dif-
ferent image sizes easily. We shall follow this parameter
selection procedure in the next section which allows us to
transform parameters across different databases. Note that
there are in fact two parameters in the x- and y-directions
respectively.

3. Verification of δ
We estimate the power spectrum density of a stationary

sequence x(1), · · · , x(n) by periodogram

P̂X(ω) =
1

n
|
n∑
t=1

x(t)e−jωn|2 =
1

n
|DFT (x)|2,

while other methods such as Welch’s method can be used
as well. For more details on the estimation of power spec-
trum density, we refer to [14]. Note that from the Wiener-
Khinchin theorem, the power spectrum density of a station-
ary signal x is the fourier transform of its autocorrelation

ρx(τ) =
E[(x(t)− x̄)(x(t+ τ)− x̄)]

σ2
,

where x̄ is the mean and σ2 is the variance of x. Due to
the violation of the constancy of first moment in our case,
we extend the definition of autocorrelation function to cover
this non-stationary case:

ρ̄y(τ) = ρy−ȳ(τ),

which simply normalizes the signal by subtracting the mean
signal before the calculation of second moment. Note here
we assume the constancy of second moment after such nor-
malization. Since ρ̄y = ρ̄y+c for any fixed function c, it is
easy to show that the power spectrum density remains the
same when a fixed signal is added.
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To estimate the value of δ, we need to approximate Pµ
and Pν , the respective power spectra of µ and ν, respec-
tively. Let fs,t denote the logarithm of the image indexed
by subject s and illumination condition t. Remember that
µ and ν are the illumination and reflectance parts in the
log domain, respectively. First, let us consider the case
where the subject is fixed and the illumination varies. By
the assumption that µ and ν are independent, the auto-
correlation of the sequence fs,1, · · · , fs,T , where T is the
number of illumination conditions, can be approximated
by the autocorrelation of the sequence µs,1, · · · , µs,T since
νs,t1 ≈ νs,t2 for all pairs of t1, t2 (the same subject has
the same reflectance), and thus the autocorrelation of the
sequence νi,1, · · · , νi,J should be close to 0. On the other
hand, let us consider the case where the illumination is fixed
and the subject varies. In this case, the autocorrelation of the
sequence f1,t, · · · , fS,t, where S is the number of subjects,
can be approximated by the autocorrelation of the sequence
ν1,t, · · · , νS,t since µs1,t ≈ µs2,t (the same illumination),
and thus the autocorrelation of the sequence µ1,t, · · · , µS,t
should be close to 0. Hence, we approximate Pµ by estimat-
ing the power spectrum density of illumination changes for
each subject, and approximate Pν by estimating the power
spectrum density of different subjects for each illumination
condition.

Since we assume that Pµ and Pν follow the power law
as in 1, by taking logarithm on Pµ and Pν we have

logPµ(ω) = γµ − αµ logω,

logPν(ω) = γν − αν logω,

where γµ and γν are some constants. Hence, we can es-
timate αµ and αν by regressing the logarithm of Pµ and
Pµ on the logarithm of frequency ω, respectively. When
αµ and αν are estimated, δ can be estimated by α̂µ − α̂ν
as well. We carry out the estimation procedure on Yale B
face database since it includes more illumination conditions
than the other datasets. The estimated values of αµ are 3.97
in the x-direction and 4.04 in the y-direction, and the esti-
mated values of αν are 2.03 in the x-direction and 2.09 in
the y-direction. Thus the estimated values of δ are 1.94
and 1.95 in the x-direction and y-direction, respectively,
which are indeed both around 2; thus we can approximate
δ by 2 to reduce the computational complexity. Figure 4
shows the log-log plot of the regressed Pµ and Pν in the x-
direction and y-direction, where αµ and αν are the slopes
of the corresponding regression lines. As we have estimated
the power law parameters from only the Yale B database,
the one-sample-per-person face recognition experiments are
done for other different or broader databases in the follow-
ing.
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Figure 4. The log-log plot of the regressed (a) Pµ, (b) Pν in the
x-direction, (c) Pµ, (d) Pν in the y-direction.

4. Experiments

We compare our proposed NDF method with several
methods that can perform lighting invariant feature extrac-
tion based on only a single image without pre-training. The
methods compared include the SQI [28], LTV [6], RLS
[30], and TT [25], which achieve the highest recognition
rates on the datasets we use as far as we know. We use
the codes provided by the authors of LTV [6] and TT [25]
for the implementation, and use the same parameters as re-
ported in [6] and [25]. The SQI method [28] has no avail-
able codes, and so we implement it on our own. The RLS
method [30] has also no available codes, and we directly
use their recognition rates reported in [30] for comparison.
As mentioned in Section 2, λ can no longer be derived di-
rectly from the ratio of power spectra since we set δ to be
2 to boost the computational speed. Therefore we choose
our parameter λ empirically by the average recognition rate
on Yale B face database, and use the same optimal λ for the
other databases. The empirically optimal λ is 0.5 for the x-
direction and 0.35 in the y-direction for image size 100 ×
100.

We use CMU PIE [22], Extended Yale B [17], and
CMU Multi-PIE [12] face databases for evaluation. Al-
though there are other datasets containing faces under dif-
ferent lighting conditions, their conditions are either few or
lacking of sufficient serious-lighting situations. The above
datasets are systematically designed for lighting (with poses
and expressions fixed), where CMU PIE contains 68 hu-
mans, each with 21 different illuminations. Extended Yale
B includes the original Yale B face database with images of
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SQI [28] LTV [6] RLS [30] TT [25] NDF
Ideal 97.19 100 99.9 100 100

Average 95.19 99.35 – 100 100

Table 1. Recognition rate (%) of CMU PIE face database

10 humans in 64 different lighting conditions (divided into 5
subsets according to [17]), and the extended part with 16128
images of 28 humans captured under the same conditions as
in Yale B. CMU Multi-PIE, which is a recently published
face database, contains images of 337 subjects each with 20
different illumination conditions. To concentrate on the per-
formances due to illumination changes, only frontal faces
are used with all images simply aligned by eyes, and the im-
age size is 100 × 100. Thus our result on CMU Multi-PIE
differs from the one recently reported by [13], which fol-
lows the standard testing procedure described by [12] with
multiple poses and expressions.

Since approaches of this type serve as preprocessing
methods for lighting normalization, unlike a general face
recognition system, the recognition method used is simply
cross correlation (CC) as also done in many previous
related approaches [28][5][6][30], so that lighting will be
the only factor affecting the recognition results and the
influences of other factors are removed. Since a general
face recognition system is presented in [25] which uses
methods such as distance transformation and kernel LDA
for recognition, we employ the preprocessing and feature
extraction steps of the TT method [25], and only change
the recognition step to CC in our implementation for fair
comparison.

[CMU PIE Database]: This is a simple dataset that can
demonstrate the basic performance of our method. We first
use the ideal images (i.e., frontal lighting images) as the
reference images (called the ideal case). The recognition
rates of SQI and RLS are 97.19% and 99.9% respectively
and all of LTV, TT, and our NDF methods reach the 100%
rate. Then we use images under all 21 lighting conditions
as the reference images in turn and average the results
(called the average case). In this case, the recognition rates
of SQI and LTV are 95.19% and 99.65%, respectively,
while both TT and our NDF model reach the 99.94%
rate. The results for the RLS method in the average case
have not been reported in [30]. Note that the recognition
rates obtained for LTV and SQI of our implementation are
consistent to those reported in [6] and [28] for this dataset.

[Extended Yale B Dataset]: Extended Yale B is the most
challenging dataset for illumination-robust recognition as
the lighting directions vary from left 130◦ degrees to right
130◦. We report the results for all the 5 subsets. Table
2 shows the recognition rates of the ideal case when the

Subset SQI [28] LTV [6] RLS [30] TT [25] NDF
1 89.87 88.72 – 93.98 100
2 100 100 100 100 100
3 80.55 80.14 87.1 93.61 100
4 80.78 78.11 87.6 98.25 100
5 77.11 80.3 84.8 99.03 100

Average 84.23 84.48 – 97.33 100

Table 2. Recognition rate (%) of Extended Yale B face database
when the ideal images are used as reference images.

Subset SQI [28] LTV [6] TT [25] NDF
1 79.70 74.97 91.92 97.15
2 77.59 77.01 89.02 94.96
3 67.20 71.59 86.25 94.42
4 72.68 78.96 90.89 96.47
5 72.96 86.93 93.80 98.54

Average 73.25 78.91 90.41 96.43

Table 3. Average recognition rates (%) of Extended Yale B face
database.

ideal images (frontal lighting images) are used as the ref-
erence images, and table 3 shows the average recognition
rates when images under all 64 lighting conditions are used
as the reference images. Note that for the RLS method,
only the recognition rates of subsets 2–5 were reported for
the ideal case in [30]. Our proposed model achieves much
higher recognition rates than all the other methods under all
lighting conditions for this more challenging dataset.

Note that we employed the pre-processing and feature
extraction of the TT method [25] but changed the recog-
nition step to CC. Compared to our implementation, the
recognition rate reported in [25] on this dataset of their
original method, which uses distance transformation in the
recognition step, is 99.0% for the ideal case (they have not
shown the result of the average case). This indicates that
the TT method [25] does not necessarily perform better
than our method even when more complicated similarity
metrics are used.

[CMU Multi-PIE Dataset]: CMU Multi-PIE is a recently
reported larger dataset which contains images from much
more subjects than CMU PIE and Extended Yale B datasets.
Since the illumination conditions are relatively simple for
this dataset, we only report the average recognition rates.
The average recognition rates for SQI and LTV are 98.85%
and 99.56%, and both of TT and our NDF achieve 100%,
respectively. Note that to concentrate on the influences of
illumination changes, only the frontal images with the same
expressions are used for each subject in our experiments.
Thus our recognition rates on this dataset are higher than
those recently reported by [13], which includes all the
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SQI [28] LTV [6] TT [25] NDF
98.85 99.56 100 100

Table 4. Average recognition rate (%) of CMU Multi-PIE face
database

images under different viewpoints and expressions.

[Computational Speed]: In comparison of the computa-
tional speeds, since the RLS method uses LTV as a sub-step,
it cannot be faster than LTV. The SQI method requires sev-
eral iterations for multiple smoothing, making its computa-
tion time unstable. On the other hand, the TT method only
needs a single run which shall be faster than SQI. Hence, we
only report the computation time of LTV, TT, and our NDF
for comparisons. We run all these implementations on a 2.8
GHz Core 2 Duo. The computation time of LTV is 11470
milliseconds (ms) per image for image size 100 × 100, and
47060 ms for 192 × 168. TT requires 10.5 ms and 32.4 ms
for image sizes 100 × 100 and 192 × 168, respectively. As
to our method, we need only 0.9 ms and 3.2 ms for image
sizes 100 × 100 and 192 × 168, respectively.

5. Conclusion and Future Works

This paper explores a new direction to extract lighting
invariant features. Although natural image statistics such
as the power laws have been studied for many years, their
application to anti-lighting feature discovery has not been
explored. In this paper, we show how to extract these salient
features in an optimal way by using Wiener filtering. Our
derived method is very simple but effective.

We summarize our findings as following:
1. As to extract lighting invariant features, previous stud-

ies typically focus on modeling the lighting (spectrum) only,
but overlooking to model the reflectance. We show that, as
the low frequency bands also contain part of the reflectance
information in terms of the power law in the Fourier do-
main, we shall consider both spectra instead of only the
spectrum of lighting.

2. Our results show that, to separate the spectra from two
different power laws, it is not enough to simply cut out the
low frequencies (for delighting) or projecting the signal to
the low-frequency space (for retrieving lighting), as several
of the previous studies did (e.g. logDCT [7] and Intrinsic
Subspace [5]). Instead, we shall consider the whole spec-
tra. The optimal filter (obtained by Wiener filtering) appears
generally as a curve (but not a straight line) in the spectral
domain.

In short, this paper investigates to what extent the scale-
invariance property can be used to separate the illumina-
tion from an image. We illustrate that, within the face cate-
gory, this kind of separation can outperform state-of-the-art

illumination-invariant feature extraction methods accord-
ing to the recognition rates. The only assumptions of our
work are power law spectrum and stationary signal from
the natural image statistics. Based on these properties, We
derive our simple and computationally highly efficient NDF
as a special case of the Wiener filtering. Thus the proposed
models can be directly applied to a single image without
any prior information about the 3D geometry or the posi-
tion of light sources. Although we restricted ourselves to
the category of faces due to the data availability and evalu-
ation consideration, our method can be extended to extract
illumination-invariant features from any object category.

Two other directions for further study can be drawn from
our conclusions. First, the constants of power-law spectra
may vary among different datasets, especially among differ-
ent settings of object classes (such as artificial versus natural
scenes shown in Torralba and Oliva [26]), and result in dif-
ferent Wiener filters with different values of δ. In the future,
we wish to evaluate on other datasets to explore the power
of current method under different conditions. Second, other
kind of natural image statistics may be derived for intrin-
sic images. In this paper, we employ the power laws which
can be derived indirectly from the well-designed existing
face datasets. In the future, we can also consider the natu-
ral statistics of intrinsic images in other transform domains
(such as wavelets). New dataset may be needed for directly
estimating natural image statistics from a large set of intrin-
sic images like illumination or reflectance.
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