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Illumination Invariant Representation of Natural Images for Visual
Place Recognition*
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Abstract— Illumination changes are a typical problem for
many outdoor long-term applications such as visual place
recognition. Keypoints may fail to match between images taken
at the same location but different times of the day. Although
recently some methods are presented for creating shadowfree image representations, all of them have the limitation
in terms of dealing with night images and non-Plackian
source of lighting. In this paper we present a new method
to creating illumination invariant image representation using a
combination of two existing methods based on natural image
statistics that address the issue of illumination invariance.
Unlike previous attempts at solving the problem of illumination
invariant representation, the proposed method does not assume
the ideal narrow-band color camera nor a calibration step for
each environment. We evaluate our method on real datasets
to establish its accuracy and efficiency. Experimental results
show that our method outperforms competing methods for
illumination invariant image representation.

I. INTRODUCTION
Dealing with variable lighting conditions and shadows is
one of the most fundamental issues in image processing,
computer vision, and robotics. Shadows are omnipresent and
illumination changes slowly or quickly but constantly. In
outdoor applications such as place recognition, visual robot
localization and navigation, we are interested in creating
the same representation for the same place. Unfortunately
images are strongly influenced by illumination at different
times of the day, and lighting variation can cause difficulty or
mistakes in scene interpretation. Although visual navigation
systems that build upon robust features such as SIFT [1]
have produced impressive results, as demonstrated in [2],
these features often do not provide sufficient invariance to
illumination.
To deal with illumination changes many methods have
been proposed. The first group of these methods relies on
learning classifiers on color and intensity of an image [3], [4].
However, these methods usually focus on shadow removal
and cannot produce illumination invariant representation at
different times of a day. The other group of methods models
the process of image formation. These methods decompose
an image into two separate component images: one for describing reflectance of the scene and the other for explaining
the variation in the illumination across the scene; however,
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these methods work under restrictive assumptions that we
explain in the next section.
In this paper we present a novel method to illumination invariant representation of an image for outdoor place
recognition. The proposed method decomposes an image into
two components in order to create an illumination invariant
representation of the image under various lighting conditions
due to weather and times of a day. Our method is able to
support long-term vision applications such as visual robot
navigation and place recognition.
The remainder of this paper is organized as follows. In
Section II, we discuss related works in illumination invariant
representation. In Section III, we introduce our novel method
to this problem. Comparative experimental results based on
existing challenging datasets are described in Section IV and
finally Section V summarizes our method and concludes the
paper.
II. RELATED WORKS
The importance of being able to separate illuminance
from reflectance of an image has been well appreciated
for a long time in the computer vision community. Barrow
and Tenenbaum [5] introduced the definition of “intrinsic
images” to characterize the idea of decomposing an image
into its reflectance and illuminance constituents. Following
this definition many methods have been proposed. Some of
these methods attempt to derive intrinsic reflectance images
under certain restrictive scene assumptions. For example,
some assume that the scene is constructed from planar
surfaces with uniform reflectance patches and illumination
changes slowly in the scene.
The illumination invariant method attempts to remove
the effects of illumination on the color and the intensity
of an image. This can be achieved by deriving invariant quantities which remain unchanged under illumination
changes [6], [7], [8]. One can use a transformation from
RGB to an invariant 2D log-chromaticity space, and then
find a special direction in a 2D chromaticity feature space to
produce a grayscale image which is approximately invariant
to intensity and color of scene illumination. To compute
the special direction, [7] uses a camera calibration method,
and [8] derives it from the image itself using entropy
minimization.
Recently, Chen et. al. [9] presented an interesting method
to illumination invariant representation by analyzing the
power spectrum of natural images using a Wiener filter
approach for face recognition. They achieved the best recognition rate among the state-of-the-art methods.
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In the robotics community the problem of handling illumination changes has received recent attention in the context
of shadow removal and illumination invariant images for
visual localization and place recognition. [10] proposed an
illumination invariant method for road segmentation based
on [6], and Corke et. al. [11] used the illumination invariant
method presented in [7] for the purpose of removing shadow
from images taken from a road vehicle. However, both
methods need training data from the test environment to
obtain the spectral properties of the camera. In addition, these
methods cannot provide meaningful illumination invariant
images at night. In general, they all make the restrictive
assumptions that the scene is illuminated by a Plankian
source, that the camera sensor response is a linear function
of scene luminance, and that its spectral response is a Dirac
function.
To remove the need for camera calibration from training
data, Maddern et. al. [12] proposed illumination invariant
imaging by modelling the spectral properties of the camera
from the image sensor specifications. Although this method
works during daylight hours, it cannot provide satisfactory
results at night due to changing source of light from the sun
to an artificial light such as streetlight.
In this paper, we propose a discriminative method which
best separates illuminance and reflectance across the whole
frequency spectrum to provide an illumination invariant
representation of an image. The method is robust against
severe illumination changes, even for dim images at night.
To build our representation, we first use a Wiener filter
derived from the power law spectrum assumption of natural
images which is robust against illumination variations. Since
the obtained representation loses the chromaticity of the
image, we subsequently make use of a shadow removal
method based on entropy minimization in order to keep the
log chromaticity of the original image. Experimental results
show that the proposed method provides excellent results for
all weather conditions and illumination variations.
III. PROPOSED METHOD
In this section we describe our method that provides an
illumination invariant image using Wiener filter. First we explain the motivation of using this optimal filter for separating
the spectra of two sources (illuminance and reflectance) in
an observed image. Wiener filter decomposes the sum of
two signals drawn from two given sources with different
autocorrelation functions, where the Fourier transform of the
autocorrelation function is the power spectral density. [9]
showed that this method retains features at every frequency
while previous frequency domain methods preserve features
only for high frequency. This is a key for illumination invariant representation because much meaningful information is
at low frequency that we would like to retain. Since Wiener
filter is a Bayesian optimal filter for separating two spectra
of a composite signal, it could be applied on an image
to extract the illumination invariant representation of the
image. This method is not widely empolyed before and [9]
presented it merely for face feature extraction. In this paper,

we incorporate the method to address the problem of visual
localization and place recognition.
A. Illumination Invariant Representation using Wiener Filtering
In this section, we will review the use of Wiener filter
to create an illumination invariant image representation.
According to [5], [9], an image can be represented as
I(x, y) = R(x, y)L(x, y)

(1)

where I(x, y), R(x, y), and L(x, y) are the intensity, the reflectance, and the illuminance of the pixel location (x, y),
respectively. By taking the logarithm of I and transforming
the model into an additive form we have:
f (x, y) = ν(x, y) + µ(x, y)

(2)

where ν = logR and µ = logL. Let f , ν, and µ be drawn
from three wide-sense stationary processes and assume the
latter two are uncorrelated. Although the estimation of µ
and ν is highly ill-posed, [9] showed that we can estimate
µ from a single image by Wiener filter with the optimal
filtering setting and then produce the log reflectance by
ν = f − µ. The stationary condition of natural images is
only satisfied in the one-dimensional case, unfortunately, and
severely violated in the two-dimensional case [9], [13]. To
overcome this difficulty, since x and y directions are two
dominant directions in a two dimensional power spectrum,
we restrict ourselves to the one-dimensional power spectrum
to filter an image in the x and y direction separately.
Let both µ and ν follow power law spectrum as follows.
Pµ (ω) ∝ ω −αµ , Pν (ω) ∝ ω −αν

(3)

where Pµ and Pν are the power spectral densities of µ and
ν, respectively, and αν and αµ are positive real numbers.
Now, consider the Wiener filter in the frequency domain:
F{l}(ω) =

Pµ (ω)
λ
=
Pµ (ω) + Pν (ω) λ + ω γ

(4)

where l is the Wiener filter in the spatial domain, λ is the
ratio of power spectra Pµ and Pν at the frequency ω = 1, and
γ = αµ − αν . To obtain a satisfactory illumination invariant
image we need to estimate γ by estimating the power spectrum of µ and ν. Let fs,t denote the logarithm of the image
from scene s under illumination condition t. Now, let us assume that the scene is fixed and that the illumination changes,
so that the autocorrelation of the sequence fs,1 , ..., fs,T (T is
the number of illumination conditions) can be approximated
by the autocorrelation of the sequence µs,1 , ..., µs,T where
νs,1 = νs,2 = ... = νs,T and the autocorrelation of the sequence
ν should be close to 0. On the other hand, if we consider
S different scenes with the same illumination, ( f1,t , ..., fS,t ),
then we can approximate the autocorrelation of the sequence
ν1,t , ..., νS,t where µ1,t = µ2,t = ... = µS,t . Since the power
spectrum density is the Fourier transform of autocorrelation,
we can obtain an estimation for Pµ and Pν .
Although computing Pµ and Pν enables us to solve (3)
directly to estimate µ, and therefore ν can also be computed,
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such computation needs data from different scenes and
different illuminations. Training data of this kind may be
available in some applications such as classification tasks in
robotics we do not have such a luxury in general (for example
for place recognition), and we would still like to evaluate (4)
with a single image if possible.
(4) can be evaluated if we can estimate γ and λ . In order
to estimate γ, Torralba et. al. [13] showed for a large range
of natural images γ is around 2. Since in place recognition
and in robotics applications all images are natural, we set
γ = 2. Next, in order to estimate µ, we express (4) directly
in the spatial domain as follows.
λ l[ fx ] +

∂2
(l[ fx ]) = λ fx
∂ x2

(5)

λ l[ fy ] +

∂2
(l[ fy ]) = λ fy
∂ y2

(6)

where fx and fy are a row and a column of the input image,
respectively. (5) and (6) can be solved after discretization as
follows.
(λ I + DT D)µ = λ f
(7)
where f = ( f1 , ..., fn )T is fx or fy , µ = (µ1 , ..., µn )T is µx
or µy , and D is a (n − 1) × n difference matrix: Di, j = −1
if i = j, Di, j = 1 if i = j − 1, and Di, j = 0 otherwise. Since
we approximate γ by 2, λ could no longer be the ratio of
power spectra and need to be chosen empirically [9]. For all
experiments in this paper we set λ = 0.5.
Fig. 1 shows two sample reflectance images obtained from
a day image and a night image, independently, which illumination invariant methods proposed in [11] and [12] cannot
handle. Fig. 1(b) shows our proposed method and Fig. 1(c)
is obtained from illumination invariant method used in [11].
In the experimental results section we compare the proposed
method with other methods and explain the meaningful and
important information that we can recover. Although the
above method provides an illumination invariant representation of an image, it has two weaknesses. First, it is not
able to remove the borders or edges of strong shadows in an
image (see Fig. 8(a) for an example). Second, it loses useful
information or image details as the result of Wiener filter’s
working with grayscale in the frequency domain when much
of the image texture is contained in chromaticity. Therefore,
to overcome the above two weaknesses, we incorporate into
our proposed method a shadow removal method presented
in [8] that is able to keep the log chromaticity of the original
image.
B. Shadow Free Images
In this section we first summarize the shadow removal
method using entropy minimization that is able to keep the
chromaticity in the original image thus preseving its details.
In addition, it has the advantage of not requiring camera
calibration. We adopt a Lambertian model [8] of image
formation with a power spectral density E(λ , x, y), surface
reflectance function S(λ , x, y), and the spectral sensitivity of

(a)

(b)

(c)

Fig. 1. Illumination invariant images. First column shows the original
images and the second column shows their illumination invariant images
at two different times (day and night). Last column shows the obtained
invariant images from [11].

the kth camera sensor - where k = 1, 2, 3 for red, green and
blue channels of the camera - as follows.
Z

ρk (x, y) = σ (x, y)

E(λ , x, y)S(λ , x, y)Qk (λ )dλ

(8)

where σ (x, y) is a constant factor and denotes the Lambertian
shading term at a given pixel. If the camera sensitivities are
Dirac delta functions, Qk (λ ) = qk δ (λ − λk ) and illumination
can be modeled by Plank’s Law [14], then (8) becomes:
ρk = σ E(λk )S(λk )qk ,

(9)

Restricting illumination to Planckian, an illuminant power
spectral density E can be parameterized by its color temperature T .
c2
(10)
E(λ , T ) = Ic1 λ −5 e− T λ
where I is a variable to control the overall intensity of the
light, and c1 and c2 are constant. Now, for removing the effect of illumination, we compute the two-vector chromaticity
χ = [χ1 , χ2 ] as follows.
ρ2
ρ1
, χ2 =
ρ3
ρ3

χ1 =

(11)

Substituting (9) and (10) into (11) and taking the logarithm
0
χ from χ, we obtain:
0

χ = s+

1
e
T

(12)

where sk = λk−5 S(λk )qk , and s = [s1 , s2 ] is a two-vector which
depends on the scene surface and the camera, but is independent of illumination. e is a two-vector which is independent
of the scene surface, but depends on the camera. T changes
0
when illumination changes and χ obtained from (12) moves
along a straight line roughly. Direction of this line belongs
to e and is independent of the surface and illumination.
So, to remove the effect of illumination and to determine
a 1D illumination invariant representation, we project the
0
log-chromaticity vector χ onto the vector orthogonal to e as
follows.
I 0 = χ 0 e⊥ , I = exp(I 0 ),
(13)
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Fig. 3. Sample images of one place in UACampus from five different times
of a day and different weather conditions.
(a)

(b)

(c)

Fig. 2. Illumination invariant images. (a) original image, (b) reflectance
image ν, and (c) Our proposed illumination invariant representation

where I is a grayscale illumination invariant image. For finding the invariant projection direction without calibration, [8]
showed by quantization and minimizing Shannon’s entropy,
we can estimate the best direction of vector e. Since the
direction is independent of the illuminant and the surface, in
the ideal case the direction should not change. In this work,
for each input image we use entropy minimization but only
around the detected angle from the previous image instead
of searching along all possible directions.
As we mentioned in Section II, although projecting logchromaticity onto the ortogonal direction of illumination
variation provides 1D invariant image against shadow, it
removes much meaningful information about the image
especially around edges. Since the proposed invariant representation recovers edges as well as the frequency components
of an image, and since we only need to use the chromaticity
which is not dependent on edges, removing edges or other
details is not a critical issue.
Now let us combine illumination invariant image obtained
in the previous subsection with the computed shadow free
image in this subsection. Since for dim regions of an image,
I 0 in (13) cannot generate information from the image we
build a smooth mask M from original image with a large
Gaussian filter with the following simple equation.
I 00 (x, y) = ν(x, y) × (1 − M(x, y)) + I 0 (x, y) × M(x, y)

(14)

Following this procedure, the computational cost of generating the illumination invariant representation of an image
is extremely low. In real time terms, we test our method in
Matlab 2015a on a 3.40GHz i7 processor with 16GB RAM.
The illumination invariant representation for an image can
be computed in 45 ms.
IV. EXPERIMENTAL RESULTS
In this section, we perform a set of experiments to demonstrate and validate the capability of the proposed method
for place recognition against severe illumination changes.
In particular, we evaluate the accuracy of the proposed
method and compare it with [11]. We use two datasets: St.
Lucia dataset [15] and UACampus dataset with the following
details.
In UACampus, we captured images by a Clearpath Husky
robot on University of Alberta campus. UACampus dataset
has five sequences of images of the same route taken from
morning to night with different illumination and weather
conditions: Sunny, Cloudy, Rainy, and Night. Fig. 3 shows
one set of sample images from one location in the dataset.
The St. Lucia dataset consists of 10 video files captured
in different times of a day via a webcam. As will be seen,
most of the existing methods like [7], [11] cannot provide
satisfactory results on this dataset. Sample images of this
dataset are shown in Fig. 9.
A. Qualitative Results
In the first set of experiments, we test our method on
different image sequences captured at different times of a
day and compare them with illumination invariant method

where for dim regions of an image, the effect of ν is
enhanced as a result in order to build an accurate invariant
image. Using I 0 enables us to use the chromaticity of the
image in the final invariant image that has been removed
from ν to some extent. For example the chromaticity of the
tree in the second column of Fig. 1 is removed by Wiener
filter in III-A although it has useful details. So, combining
reflectance ν with I 0 using (14) provides Fig. 2(c) which can
recover details of an image through chromaticity information
at the same time.
C. Implementation Details
To summarize, to build an illumination invariant representation of an image, first we compute µx and µy using (5) and (6), respectively by solving (7) twice for the
two directions. Then we obtain ν = νx + νy where νx =
fx − µx and νy = fy − µy . Next, we compute the shadowfree image using (13). Finally, we use (14) to compute the
final illumination invariant representation of an image.

(a)

(b)

(c)

Fig. 4. Illumination invariant representation of sample images under three
different illumination conditions. (a) cloudy weather (b) sunny weather with
heavy shadow and (c) dark image at night with different source of light.
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(a)

(b)

(a)

(b)

(c)

(d)

(c)

Fig. 5. Illumination invariant representation of sample images under three
different illumination conditions. (a) cloudy weather (b) sunny weather with
heavy shadow and (c) dark image at night with different source of light.

presented in [7] and used for localization in [11]. Figs. 4
and 5 show the results of illumination invariant images
from [11] and our proposed method in the second and
the third rows, respectively. Columns (a) and (b) show
the results of invariant representation from [11] and our
method in cloudy and sunny weather under heavy shadow in
the UACampus dataset. Although the two methods produce
qualitatively different outputs that are difficult to compare
visually, in these two situations, the proposed method is
able to remove the shadow while preserving more details
of the images such as edges that could be very important for
feature detectors. The ability of our method in preserving
the details is particularly obvious in Column (c) of Figs. 4
and 5 for the two images at night. This experiment is a
challenging example where the source of illumination is
changed from the sun to indoor lights. None of the previous
methods can recover illumination invariant representation of
images captured at night, but still the proposed method is
feasible in this case and the results are roughly similar to the
invariant representation at day hours. Although the proposed
method provides satisfactory results at night, the recovered
invariant image has not the same quality as images in (a)
and (b) in Figs. 4 and 5. The reason is that the intensity of
the original image for some regions of the night images is
almost [0;0;0] and obviously no method can produce results
in such a situation.
B. Place Recognition
In the next experiment, we use the UACampus dataset
at five places. Recall that for each place, five images from
different times of a day are available. One set of such images
is shown in Fig. 3 where the last image was captured at night.
We compute the zero-mean normalized cross correlation
(ZNCC) between images as the measure of their similarity,
and the results are shown in Fig. 6 for different methods of
constructing illumination invariant images. Fig. 6(a) shows
the result of using original images where due to change in
illumination at each place, similarity between the five images

Fig. 6. Similarity matrix for five places, each place has five images with
different illumination from 6:00 am to 10:00 pm. This figure shows image
similarity of (a) original images (b) invariant images presented in [11] (c)
obtained ν, and (d) proposed illumination invariant representation for all 25
images.

of the same place (in a 5×5 diagonal block) can be quite low.
Figs. 6(b), (c), and (d) show the similarity matrices for the
method in [11], the invariant images ν which we described
in Section III-A, and the proposed invariant image I 00 in
Section III-B, respectively. By observing the diagonal blocks
of these similarity matrices, it is clear that images from
the same location in both the invariant space ν and I 00 are
more similar to each other and more dissimilar to images of
other places compared to original images column(a) and the
invariant method of [11]. Using only ν can already produce
better results than [11], and the combinatorial result I 00 builds
more discriminative representation for images from different
places which can further reduce perceptual aliasing.
Another important application of our illumination invariant
image representation is in local keypoint matching. Keypoint
detector and descriptors such as SIFT have limited invariance with respect to illumination change, and this can be
improved with our proposed illumination invariant image
representation. Specifically, we detect keypoints in ν due to
its smoothness, and compute the descriptors with pixels in
µ which preserves discriminative textural information better
than ν before matching is performed. Figs. 7, 8, and 9 show
the results of feature matching between two original images,
between images generated by the invariant method in [11],
and between images generated by the proposed method,
in the three rows respectively. Figs. 7 and 8 are from the
UACampus dataset, and Fig. 9 shows the results of feature
matching on an image pair in the St. Lucia dataset. On
average, we are able to match roughly four times as many
features in the illumination invariant images proposed in this
paper as in the original images.
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(a)

(b)

Fig. 7. Feature matching between two images of the same place. (a) The
original image is captured at 10:00 am, and (b) is captured at 10:00 pm.
First row shows the original images. Second row shows invariant images
presented in [11]. This method could not match any feature between these
two images. Third row shows our proposed method for feature matching
using both ν and µ.

(a)

(b)

Fig. 8. Feature matching between two images of the same place. (a) The
original image is captured at 10:00 am, and (b) is captured at 10:00 pm.
First row shows the original images. Second row shows invariant images
presented in [11]. This method could not match any feature between these
two images. Third row shows our proposed method for feature matching
using both ν and µ.

V. CONCLUSION
In this paper, we have presented a novel method to
construct illumination invariant representation of an image in
all weather conditions at different hours of a day. We provide
a new direction for such a representation, and its particular
strength is to address the variance caused by both shadow
and ambient lighting condition simultaneously. Although
natural image statistics such as power laws have been studied
for many years, their application to illumination invariant
representation has only been explored recently [9]. The proposed method uses a combination of image decomposition by
Wiener filter and log-chromaticity of invariant shadow-free
image. Our experiments on different challenging images validate our proposed method, for measuring similarity between
images and for keypoint matching, with a performance that
is superior to the existing competing methods in the place
recognition application [11].

(a)

(b)

Fig. 9. Feature matching between two images of the same place from St.
Lucia dataset. (a) The original RGB image. First row shows the original
images. Second row shows invariant images presented in [11]. This method
could not match any feature between these two images. Third row shows
our proposed method for feature matching using both ν and µ.
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