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Abstract.  This paper proposes an image matching method that is robust to 

illumination variation and affine distortion.  Our idea is to do image matching 

through establishing an imaging function that describes the functional 

relationship relating intensity values between two images.  Similar 

methodology has been proposed by Viola [11] and Lai & Fang [6].  Viola 

proposed to do image matching through establishment of an imaging function 

based on a consistency principle.  Lai & Fang proposed a parametric form of 

the imaging function.  In cases where the illumination variation is not globally 

uniform and the parametric form of imaging function is not obvious, one needs 

to have a more robust method.  Our method aims to take care of spatially non-

uniform illumination variation and affine distortion.  Central to our method is 

the proposal of a localized consistency principle, implemented through a non-

parametric way of estimating the imaging function.  The estimation is effected 

through optimizing a similarity measure that is robust under spatially non-

uniform illumination variation and affine distortion.  Experimental results are 

presented from both synthetic and real data.  Encouraging results were obtained. 

1.  Introduction 

Image matching is the process by which points of two images of essentially the 

same scene are geometrically transformed so that corresponding feature points of the 

two images have the same coordinates after transformation [8]. 

If two images are taken from different viewpoints, geometrical distortion arises.  

When the scene is far away from the camera, the geometric distortion can be 

approximated by affine distortion, which can account for translation, rotation, scale 

and shear.  A geometric transformation needs to be performed to align the images. 

Illumination variation between images further complicates the image matching 

problem.  It is rarely the case that two images are taken under the same illumination 

condition.  The position of light source such as the sun determines how shadows are 

formed.  For the same scene the light source may also change.  For example, the sun 

may be the main light source in daytime in which the illumination is essentially 

globally uniform and the localized floodlights may be the main light sources in the 

evening and night.  When the illumination variation between the images is non-
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uniform across the scene, the problem becomes more complicated.  For example, the 

sun illuminates the entire scene in daytime.  At night, the floodlights may only 

illuminate part of the scene. 

In this paper, we propose a method to solve the image matching problem for 

images taken under drastically different illumination condition, such as matching a 

day scene and a night scene.  Our method is also robust to affine distortion so that the 

images need not be taken using the same camera pose. 

We propose a localized consistency principle that takes into account spatially non-

uniform illumination variation.  We estimate the imaging function non-parametrically 

based on the localized consistency principle.  We then develop a similarity measure 

based on the intuition that the imaging function is most accurately established when 

the images are matched.  The experimental results show that the similarity measure is 

robust under spatially non-uniform illumination variation and affine transformation.  

The similarity measure also tolerates partial occlusion to a certain extent, as will be 

shown in our experiments. 

Our proposed similarity measure is intensity based.  It extends the consistency 

principle proposed by Viola to take into account spatially non-uniform illumination 

variation between images.  It does not assume any particular parametric form for the 

complicated imaging function and uses non-parametric method for imaging function 

estimation, which makes it more robust to a general environment. 

The paper is organized as follows.  Section 2 describes related work.  The localized 

consistency principle is presented in Section 3.  The non-parametric estimation of the 

imaging function is formulated in Section 4 and the associated similarity measure is 

presented in Section 5.  We present the experimental results in Section 6.  Section 7 

concludes the paper. 

2.  Related Work 

The techniques for image matching under illumination variation can be classified 

into two categories: 

2.1  Techniques Based on Image Representation Invariant to Illumination 

This method is feature based.  Image features free of illumination variation are 

extracted by filtering out the illumination variation.  In this category, the feature 

constancy principle applies, i.e., the extracted feature remains unchanged between 

two images. 

Stockham [9] proposed a homomorphic filtering technique to separate the slow 

varying low frequency illumination component from the high-frequency reflectance 

component that is intrinsic to the objects.  Lange and Kyuma [7] introduced a wavelet 

representation and argued that the distance measure in the wavelet domain is psycho-

visually more appropriate for judging facial similarity than in the spatial domain.  

Irani and Anandan [5] presented a high-pass energy representation to emphasize the 

common information between two multi-sensor images.  Govindu and Shekhar [4] 
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described a framework based on the statistical distribution of geometric properties of 

image contours. 

The advantage of this category of work is that illumination invariant image 

representations greatly facilitate the development of similarity measure.  The 

disadvantage is that the illumination variation may not be easily and cleanly separated 

from the intrinsic features.  Therefore, useful and important intrinsic information may 

be lost together with the removal of illumination variation.  Recent advances in 

deriving intrinsic images [12] may shed some light for future direction in this 

approach. 

2.2  Techniques Based on the Modeling of Illumination Variation 

Most methods in this category are intensity based.  The relationship between 

corresponding points in two images is established by the modeling of illumination 

variation either implicitly or explicitly.  Therefore, the similarity measure takes into 

account illumination variation. 

Implicit illumination modeling includes the eigenspace and parametric space 

methods.  Black and Jepson [1] propose that a set of basis images is constructed from 

multiple images on the same scene under varying illumination.  Then the same scene 

under any illumination can be represented by the combination of the basis images.  

The basis images are computed based on principle component analysis (PCA).  The 

matching is carried out in the eigenspace defined by these basis images.  Tanaka, 

Sano, Ohara and Okudaira [10] presented a parametric template method.  In this 

method, a parametric space is constructed from a given set of template images.  

Geometric transformation and illumination variation are accounted for in this space. 

Explicit illumination modeling is to directly model the imaging function.  Viola 

[11] proposed a method based on the consistency principle.  The consistency principle 

is used to model the imaging function non-parametrically.  Lai and Fang [6] used a 

low-order polynomial imaging function to account for spatially varying illumination.  

The imaging function is modeled by two illumination factors (multiplication and 

bias), which are functions of spatial location.   

The advantage of modeling illumination is that the removal of illumination 

variation is not necessary and useful information is preserved.  The disadvantage is 

that the modeling increases the complexity of the image matching algorithm, in 

particular, the formulation and computation of the similarity measure. 

Our work belongs to the category based on explicit illumination modeling.  

Therefore, it is more closely related to the papers by Viola [11] and Lai & Fang [6].  

The method by Viola assumes that consistency is established globally.  The 

assumption is violated when the illumination variation between images is non-

uniform across the scene.  The method by Lai and Fang does take into account non-

uniform illumination variation between images, but it requires a parametric form of 

imaging function which may not be readily available in a complicated environment. 

In order to address the above-mentioned limitations, we propose the localized 

consistency principle to take into account spatially non-uniform illumination variation 

between images.  Our formulation also takes care of affine distortion. 
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3. The Proposed Localized Consistency Principle 

Before introducing our proposed localized consistency principle, we first review 

the consistency principle proposed by Viola [11]. 

3.1 Review of the Consistency Principle Proposed by Viola 

Viola [11] proposed that the imaging function can be modeled non-parametrically 

using the consistency principle. 

Definition 1.  The consistency principle states that if two points in one image 

have similar intensity values then the corresponding points in the other image 

will also have similar intensity values when the two images are taken on the 

same scene. 

Based on the consistency principle, a consistent functional relationship can be 

established to relate intensity values in one image to intensity values in the other 

image.  Hence, one can define an imaging function to project intensity values in one 

image U(x, y) to intensity values in the other image V(x’, y’), i.e.,  
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are the transformation functions and t is the unknown parameter vector of the 

transformation functions. 

3.2 The Shortcoming of the Consistency Principle 

The consistency principle may not hold for images taken on a relatively large scene 

and at different time because the illumination variation may not be uniform across the 

scene.  We will provide a simple illustration here. 

Figure 1 shows two images of the same hypothetical scene but under different 

illumination conditions.  The hypothetical illumination conditions are shown on top of 

the images.  In image (a), the sun illuminates the entire scene.  In image (b), the 

floodlight only illuminates the right part of the scene.  Hence the illumination 

variation between images (a) and (b) is non-uniform. 

In image (a), the intensity values of points A and C, which are far away from each 

other in the scene, are similar.  According to the consistency principle, the 

relationship should also hold in image (b), i.e., the intensity values of A’ and C’ will 

also be similar.  As the illumination variation is non-uniform between images, this 

relationship does not hold, as shown in image (b). 

The consistency principle however holds in local neighborhood.  In image (a), the 

intensity values of points A and B, which are in close proximity, are similar.  In image 
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(b), the intensity values of points A’ and B’ are also similar.  Hence the consistency 

relationship holds in local neighborhood even when the illumination variation is 

spatially non-uniform between the images.  

  
(a) (b) 

Fig. 1. Hypothetical scenes with spatially non-uniform illumination variation.  (a) Scene under 

the sun.  (b) Scene under a floodlight 

3.3 The Proposed Localized Consistency Principle 

To overcome the above-mentioned shortcoming, we propose to extend the 

consistency principle to include spatial similarity and name it the localized 

consistency principle. 

Definition 2.  The localized consistency principle states that if two points in 

one image have similar intensity values and are in proximate spatial location, 

then the corresponding points in the other image will also have similar 

intensity values when the two images are taken on the same scene. 

The localized consistency principle takes into account spatially non-uniform 

illumination variation, which is expected when the images are taken on a large scene 

and at different time of the day.  By this definition, we extend the definition of the 

consistency functional relationship between the images to be on both the intensity and 

spatial location domains, i.e.,  

)),(,,()),,(),,,(()','( yxUyxFyxTyxTVyxV yx == tt . (3) 

3.4 The Localized Consistency Principle in Relation to Existing Work 

It is interesting to review the parametric form of imaging function proposed by Lai 

& Fang [6]: 

),(),(),()','( yxyxUyxyxV βα += , (4) 

where ),( yxα  is a multiplication factor and ),( yxβ  is a bias factor.  The two factors 

),( yxα  and ),( yxβ  are approximated by low-order polynomials of (x, y) and their 

coefficients are derived by regression.  We can regard Equation (4) as a special 
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parametric form of Equation (3) that express our localized consistency principle.  We 

shall present in the next section a non-parametric way of estimating the imaging 

function that is more robust to a wide range of real images. 

4.  Non-parametric Imaging Function Estimation 

We established in Equation (3) the imaging function based on the localized 

consistency principle.  It is generally very difficult however to assume a particular 

parametric form for Equation (3) because of complicated illumination variation.  

Therefore, parametric function estimation is not generally suitable here.  To solve the 

problem, we adopt an approach similar to the non-parametric probability density 

estimation techniques [2] to estimate the imaging function non-parametrically. 

4.1  General Non-parametric Function Estimation 

The average value of F(x) within a hypercube R is given by 

∫∫=
RR

R ddFF xxxx /)()( . 
(5) 

Assuming F(x) is continuous, region R is centered at x0 and region R is so small 

that F(x) does not vary appreciably within it, we can write 

∫∫==
RR

R ddFFF xxxxx0 /)()()(ˆ . 
(6) 

The equation can be rewritten in its discrete approximation form.  Assuming there 

are k samples in region R, we have 

∑
∈
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where )( ixF  is the i-th sample point in region R. 

Defining a rectangular window function, 
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where h is the length of the edge of the hypercube R and d is the dimension of the 

hypercube.  Equation (7) can be rewritten as 
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where U is the universal domain and 
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Equation (9) is an expression for the convolution of w(x) and F(x).  In other words, 

the function estimate )(ˆ xF  is a result of passing F(x) through a filter with impulse 

response w(x). 

As in the case of digital filters, the window function w(x) is not limited to the 

hypercube function.  A more general class of window functions can be used instead, 

e.g., Gaussian window.  

4.2  Non-parametric Imaging Function 

Given two images ),( yxU  and )','( yxV , the relationship between the intensity 

values of corresponding pixels can be modeled by an imaging function 

)),(,,()','(ˆ yxUyxFyxV =  according to the localized consistency principle.  Here 

)','(ˆ yxV  represents the estimated value of )','( yxV  and the independent variable of 

F() is a 3-tuple vector (x, y, U(x, y)).  Since no parametric form of F() is available, 

the function is estimated using a non-parametric method.  Let A denote the sample 

space of pixels in U used to estimate the imaging function and B denote the 

corresponding sample space in V. Based on Equations (9) and (10), the imaging 

function can be written as 
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where Ayx aa ∈},{  and Byx bb ∈},{  are the corresponding sample points according 

to Equation (2) and 
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where r is a window function centered at zero. A commonly used window function is 

Gaussian density function given by 

211The Localized Consistency Principle for Image Matching



]}
2

)),(),((

2

)(

2

)(
[exp{

)2(

1

)),(),(()()(

)),(),(,,(

2

2

2

2

2

2

2/3
U

aa

y

a

x

a

Uyx

aaaa

aaaa

yxUyxUyyxx

yxUyxUgyygxxg

yxUyxUyyxxr

σσσσσσπ
−+−+−−=

−−−=
−−−

. 

(14) 

The window function r() is controlled by the standard deviation parameters xσ , 

yσ  and Uσ , which represent the width of the window in each coordinate.  It is clear 

from the above formula that the estimated function )),(,,()','(ˆ yxUyxFyxV =  is a 

weighted average of V(xb, yb) with the weight given by Equation (13).  

5.  The Proposed Similarity Measure 

The similarity measure can be formulated mathematically as an objective function 

that will achieve its minimum when two images are correctly aligned.  The 

independent variables of the objective function are transformation parameters.    Let C 

denote the sample space of pixels in U(x, y) used to calculate the objective function 

and D denote the corresponding sample space in V(x’, y’).  We measure the similarity 

based on the following intuition: 

• When the transformation parameters are correct, every pair of corresponding 

pixels U(x, y) and V(x’, y’) represents the same physical point of the scene.  There 

is an intrinsic and consistent functional relationship between the images 

according to the localized consistency principle.  In this case, the imaging 

function in Equation (12) is most accurately established.  Hence for all 

Dyx dd ∈},{ , the estimated value ),(ˆ
dd yxV  given by Equation (12) will be 

close to the actual value ),( dd yxV . 

• When the transformation parameters are not correct, the pair of corresponding 

pixels U(x, y) and V(x’, y’) represents different physical points in the scene.  A 

consistent functional relationship can no longer be established between the 

images.  Hence the estimated value ),(ˆ
dd yxV  will not be a good estimate of the 

actual value ),( dd yxV . 

Based on the above analysis, we can formulate the similarity measure as the sum of 

squares (SSE) of the errors between the actual and estimated values  

∑
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The estimated value ),(ˆ
dd yxV  is given by 
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where Ayx aa ∈},{  and Byx bb ∈},{  are the corresponding sample points used to 

estimate ),(ˆ
dd yxV , Cyx cc ∈},{  and Dyx dd ∈},{  are the corresponding sample 

points used to calculate the SSE.  The correspondences are established in the 

transformation functions in Equation (2).  Substituting Equation (16) into (15) and 

using the property in Equation (11), we have  
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(17) 

The image matching process is carried out using the simulated annealing 

algorithm.  We downloaded the simulated annealing code provided by W. L. Goffe 

[3] from http://wuecon.wustl.edu/~goffe/.  The simulated annealing algorithm refines 

the transformation parameter vector t in Equation (2) in such a way that the SSE, 

which is calculated according to Equation (17), is minimized. The resultant 

transformation parameter vector t is the best solution to align the two images. 

It is important to note that when estimating the value ),(ˆ
dd yxV  in (17), we would 

like to exclude the sample point ),( cc yx  in U and its corresponding point ),( dd yx  

in image V from the sample spaces A and B which are used to estimate the imaging 

function.  In this way, the estimated value ),(ˆ
dd yxV  is calculated independent of the 

actual value ),( dd yxV . 

 

6. Experimental Results 

We conducted experiments to test our algorithm using synthetic and real data. 

6.1 Synthetic Data 

In this section, experiments using one-dimensional synthetic data are carried out to 

demonstrate the robustness of the proposed similarity measure based on the localized 

consistency principle. 

As discussed in the previous sections, the consistency principle proposed by Viola 

only takes into account similarity in intensity values while the localized consistency 

principle takes into account similarity in both intensity values and spatial location.  

Let us assume that the spatial coordinate is denoted by x in 1-D.  From Equations 

(13), (14) and (17), we can see that the similarity in spatial location is taken into 

account by the Gaussian window function in Equation (14).  The width of the window 

in the spatial coordinate is controlled by the parameter xσ .  We will gradually 
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decrease the value of xσ  (hence smaller spatial window) to study the effect on the 

SSE by the introduction of similarity in spatial location. 

The signal, s0, is a scan line from an image.  A new signal, s1, is constructed from 

s0 by multiplying s0 with a spatially varying factor, followed by adding with a 

spatially varying bias: 

 )32(][))2sin(2341(][ 2
0

32
1 xpxpxsxpxpxpxpxs +−++++−= π  (18) 

where  

N1,2,...,x = and 1/2 −= Nxxp , (19) 

and both s0 and s1 are of size 1280=N . 

We know that if we try to match s1 with s0, the correct value for the translation 

parameter is 0.  We applied our similarity measure to this 1-D case.  The SSE defined 

in Equation (17) is modified for 1-D and computed for various xσ  for the spatial 

window. 

 

  
(a) (b) 

Fig. 2. One-dimensional signals.  (a) A scan line 0s  from an image.  (b) Constructed signal 1s  

       
(a) (b) (c) 

Fig. 3. SSE.  (a) ∞=xσ .  (b) 185=xσ .  (c) 46=xσ  

When ∞=xσ , no spatial similarity is measured and this is the case when the 

consistency principle applies.  The true minimum at position 0 is overshadowed by 

other false minima. 

When 185=xσ , the two minima are more or less equal. 
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When 46=xσ , the true minimum at zero is the only dominant one, as shown in 

Figure 3(c). 

From the above results, we can see that as the value of xσ  decreases, the true 

minimum gradually becomes dominant.  By introduction of spatial similarity in the 

similarity measure, the localized consistency principle is able to take into account the 

spatially non-uniform variation between two signals while the consistency principle 

fails in this aspect.  Furthermore, the proposed similarity measure is able to handle 

high-order spatial variation (the sine component in the multiplication factor in 

Equation (18)). 

6.2 Real Data 

In this section, we will study the performance of the similarity measure on real 

images.  Apart from the spatially varying illumination, the viewpoints from which the 

two images are taken will also be different in these experiments.  Under the 

assumption that the scene is far away from the camera, the geometric distortion can be 

accounted for by affine transformation.  The affine transformation can include 

translation, rotation, scaling and shear.  The general form is  

⎩
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where ),,,,,( 543210 tttttt=t  is the parameter vector for the affine transformation. 

6.2.1  University Buildings 

 

 

(a)  (b)  

Fig. 4. Image pair of university buildings. (a) Image taken in the evening (373x5491). (b) Image 

taken in daytime (reference image) (390x640). 

The two images, as shown in Figure 4(a) and (b), are taken on buildings in a 

university campus in the evening and in daytime respectively.  The ambient lighting 

                                                           
1 Size (height x width) of the image is shown in the parenthesis. 
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in Figure 4(b) is bright.  The ambient light in Figure 4(a) is very dark and the lighting 

is from floodlights inside and outside the buildings. 

The subimage in Figure 5(a) is selected from Figure 4(a), as indicated by the white 

box.  We will match this subimage against the reference image in Figure 4(b). 

 

  
(a) (b)  

Fig. 5. Subimages.  (a) Subimage of 4(a) (107x209).  (b) Corresponding subimage of the 

reference image extracted using the transformation parameters given by the image matching 

algorithm (107x209). 

After the affine transformation parameters are obtained by minimizing SSE in 

Equation (17), we observe the goodness of the match by extracting the corresponding 

subimage from the reference image in Figure 4(b) according to the affine 

transformation parameters.  The corresponding subimage is shown in Figure 5(b).  

Comparing the two subimages in Figure 5(a) and (b), the spatial structures are the 

same although the illumination conditions are drastically different.  

 

 

Fig. 6. Composed image by superimposing the subimage in Figure 5(a) onto the reference 

image in Figure 4(b) using the transformation parameters given by the image matching 

algorithm (390x640). 

We can appreciate the accurate registration by superimposing the subimage in 

Figure 5(a) onto the reference image in Figure 4(b) at the location given by the affine 

transformation parameters.  The superimposed image is shown in Figure 6.  We can 

see that the spatial continuity is preserved in the superimposed image.  

6.2.2 School Buildings 

The two images, as shown in Figure 7(a) and (b), are taken on buildings in a school 

in the evening and in daytime respectively.  The ambient lighting in Figure 7(b) is 

gray because of the cloudy weather.  The ambient light in Figure 7(a) is extremely 

dark and the floodlights are extremely strong.  The subimage in Figure 8(a) is selected 

216 B. Wang, K.K. Sung, and T.K. Ng



from Figure 7(a), as indicated by the white box.  The occlusion caused by different 

camera pose is indicated by ellipses in Figure 7(b) and 8(a). 

The corresponding subimages in Figure 8(a) and (b) as well as the superimposed 

image, as shown in Figure 9, demonstrate good matches. 

 

(a)  (b) 

Fig. 7. Image pair of school buildings.  (a) Image taken in the evening (319x640).  (b) Image 

taken in daytime (reference image) (322x640).  

  
(a) (b) 

Fig. 8. Subimages.  (a) Subimage of Figure 7(a) (149x213).  (b) Subimage of the reference 

image in Figure 7(b) extracted using the transformation parameters given by the image 

matching algorithm (149x213). 

 

Fig. 9. Composed image by superimposing the subimage in Figure 8(a) onto the reference 

image in Figure 7(b) using the transformation parameters given by the image matching 

algorithm (322x640). 

6.2.3 Stadium 

The two images, as shown in Figure 10(a) and (b), are taken on a stadium in the 

evening and in daytime respectively.  The ambient light in Figure 10(b) is bright.  The 

ambient light in Figure 10(a) is dark and the floodlights are strong.  The subimage in 

Figure 11(a) is selected from Figure 10(a), as indicated by the white box. 
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The corresponding subimages in Figure 11(a) and (b) as well as the superimposed 

image, as shown in Figure 12, demonstrate good matches. 

 

(a)  (b) 

Fig. 10. Image pair of stadium.  (a) Image taken in the evening (429x720).  (b) Image taken in 

daytime (reference image) (307x720).  

  
(a) (b) 

Fig. 11. Subimages.  (a) Subimage of Figure 10(a) (100x400).  (b) Subimage of the reference 

image in Figure 10(b) extracted using the transformation parameters given by the image 

matching algorithm (100x400). 

 

Fig. 12. Composed image by superimposing the subimage in Figure 11(a) onto the reference 

image in Figure 10(b) using the transformation parameters given by the image matching 

algorithm (307x720). 

7.  Conclusion 

In this paper, we proposed the localized consistency principle which states that if 

two points in one image have similar intensity values and are in proximate spatial 

location then the corresponding points in the other image will also have similar 

218 B. Wang, K.K. Sung, and T.K. Ng



intensity values when the two images are taken on the same scene.  The imaging 

function is estimated non-parametrically based on the localized consistency principle.  

The similarity measure is derived based on the intuition that the consistent functional 

relationship is most accurately established when the images are matched. 

The similarity measure has been successfully tested in real and complicated 

environment as shown in Section 6.  It is robust under spatially non-uniform 

illumination variation and affine distortion.  It also tolerates partial occlusion.  
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