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Abstract-Image mosaicing in image processing is a technique in 

which two or more partially overlapping images of the same scene  

taken at different  times and from different positions are combined 

together to get a more clearer view of the scene. Image mosaics are 

obtained by performing geometrical and photometrical corrections to 

the images. This paper deals with colour correction of panoramic 

images. Mean shift algorithm is employed to segment the image into 

several regions. Region fusion algorithm thereafter extracts the 

connected regions. Maximum likelihood estimation procedure 

models the local joint image histograms as truncated Gaussians. 

These sets of Gaussians are then used to compute the local colour 

palette mapping functions. These mapping functions are then 

applied to the image to establish colour correction. 

Key Words-Image Mosaicing, Colour Correction, Gaussian 

distribution, Colour Palette mapping functions. 

1. Introduction 

Image mosaicing is basically the blending of two or 

more arbitrarily shaped images to form one large radio 

metrically balanced image so that the boundaries between the 

original images are not seen. Image mosaicing allows to create 

a larger field of view. The basic process involved in image 

mosaicing is the merging of two or more overlapping images. 

The output of this process is an image mosaic. The quality of 

the mosaic image and the time efficiency of the algorithm used 

are given the most importance in image mosaicing. 

The two basic steps involved in the computation of an image 

mosaic are: 

     1. Geometric Registration. 

     2. Photometric Registration. 

The geometric correspondence is also referred to as image 

registration. The process of overlaying two or more images of 

the same scene taken at different times from different 

viewpoints by different sensors is referred to as geometric 

registration. 

Photometrical registration deals with the photometrical 

alignment of the images. The images of the same scene, under 

the same lighting conditions, captured by the same device may 

exhibit different colour. This poses a problem to the fusion of 

information from several images. Hence, the problem of how to 

balance the colour of one picture so that it matches the colour 

of another must be tackled. This process of photometrical 

alignment or calibration is referred to as colour correction 

between images. Photometrical registration acts on the values 

of pixels. Colour correction is performed by adjusting the 

colour palette of one image with respect to the colour palette of 

another image. 

2. Review of Related Research 

A handful of research reviews are available in the 

literature for performing colour correction to image mosaics. A 

brief review of some of the recent research reviews are 

presented here: 

In 2013, Haoxing Wang, Longquan Dai and Xiaopeng 

Zhang et al. [1] proposed a local colour correction technique for 

coarsely registered images. In this paper, they proposed a local 

colour correction technique for coarsely registered images with 

unknown caption condition, i.e., images can be taken at 

different time, different location or different cameras. 

Compared with state-of-the-art local colour correction methods, 

it obtains better results due to our consistent segmentation 

method which alleviates the negative effect rising from 

inaccurate registration, the bilateral-filter-like colour influence 

map which avoids the colour over-smoothing across regions 

and region confidences used to reject the inconsistent regions. It 

shows the application on coarsely registered images acquired 

from Google Street View and achieves the best result compared 

to related state-of-the-art local colour correction methods. 

Miguel Oliveira, Angel D. Sappa, andVıtor Santos  in 

2012 et al. [2] proposed a probablistc segmentation based 

approach using 3D Gaussian mixture models for colour 

correction. Regions are used to compute local colour correction 

functions, which are then combined to obtain the final corrected 

image. The proposed approach is evaluated using both a 

recently published metric and two large data sets composed of 

seventy images. The evaluation is performed by comparing the 

algorithm with eight well known colour correction algorithms. 

Results show that the proposed approach is the highest scoring 

colour correction method. Also, the proposed single step 3D 

colour space probabilistic segmentation reduces processing 

time over similar approaches. 

Yoav HaCohen, Eli Shechtman, Dan B Goldman, Dani 

Lischinski in 2011 et al. [3] proposed a method that was 

capable of recovering reliable local sets of dense 

correspondences between two images with some shared 

content. This method is applicable to pairs of images of the 

same region captured by different cameras and lenses taken 

under different conditions. The paper utilizes a new coarse-to-

fine scheme in which nearest-neighbour field computations 
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using Generalized Patch Match are interleaved with fitting a 

global non-linear parametric colour model and aggregating 

consistent matching regions using locally adaptive constraints. 

Compared to previous correspondence approaches, this method 

combines the better of two worlds: It is dense, like optical flow 

and stereo reconstruction methods, and it is also robust to 

geometric and photometric variations, like sparse feature 

matching. Adjusting the tonal characteristics of a source image 

to match a reference, transferring a known mask to a new image 

and kernel estimation for image de-blurring are three 

applications that demonstrates the usefulness of the proposed 

method on the basis of photograph enhancement. It 

demonstrates the usefulness of proposed method using three 

applications for automatic example-based photograph 

enhancement: adjusting the tonal characteristics of a source 

image to match a reference, transferring a known mask to a new 

image, and kernel estimation for image de-blurring. 

In this paper, a new method for computing a reliable 

dense set of correspondences between two images is proposed. 

In addition to the two scenarios mentioned above, this method 

is specifically designed to handle a third scenario,where the 

input images are moreover the same but still they differ 

significantly due to factors such as non rigid changes in the 

scene, changes in lightning, etc.This is common in photo 

albums which contain several photographs taken under similar 

situations. 

Arash Abadpour and Shohreh Kasaei in 2010 et al. [4] 

proposed a novel fuzzy principle component analysis (PCA) 

based on colour transfer method in this paper. They proposed a 

method for transformation on the basis of a blending ratio set 

by the user in a region selected by the user. This method is 

proved to be successful in providing more robustness and speed 

compared to other existing approaches.  

In this paper, first, a new colour transfer method is 

proposed that transforms the colour information from the 

reference image to the source image. The general colour 

transfer method uses the fusion of the set of single region 

recolored results, using an LPRE–based fuzzyfication 

technique. User contribution in the proposed method is limited 

to select a few corresponding regions in the reference and 

source image, along with tuning a one–parameter membership 

function. Some authors call the colour transfer method as 

recoloring, but in this paper, these two terms are used 

interchangeable. We call the image to be recolourized and the 

image from which the colour information is extracted as the 

source and the reference images, respectively. 

Gyemin Lee Scott in 2010 et al. [5] proposed an 

expectation maximization (EM) algorithm that fits multivariate 

Gaussian mixture models to data that is truncated, censored or 

truncated and censored. Their relation to multivariate truncated 

Gaussian distribution makes it possible handle these types of 

incomplete measurements together. The algorithms are 

illustrated on synthetic and flow cytometry data. 

As far as concerned, the previous works have not 

addressed censored multivariate data, or continuous (not 

binned) truncated multivariate data. Furthermore, censoring and 

truncation have been treated separately. As the paper 

demonstrates, the development of the truncated data EM 

algorithm and the censored data EM algorithm are closely 

related to the truncated multivariate Gaussian distribution and 

these two problems are handled together under the same 

framework. Recent methods are used to evaluate the cumulative 

distribution function of a multivariate Gaussian. Although these 

algorithms are slow as the dimensions increase, they are 

successfully employed with lower dimensional settings when 

combined with modern computing resources. 

3. Proposed Method 

This paper proposes a novel colour correction 

technique to absolve photometrical disparities in image 

mosaicing. The method develops a local colour palette mapping 

function to obtain colour correction between images. 

 

               Figure 1: Block Diagram of Proposed System 

In this paper, colour correction is performed to two images. 

One of these images is taken as the source image and the other 

to be the target image. Colour correction is applied to target 

image with respect to the source image. In the proposed paper, 

the first step is the mean-shift based colour segmentation 

process of the overlapping portion of the target and source 

images. Region fusion algorithm extracts colour segmented 

regions. These regions are then mapped to a local joint image 

histogram. Then, a set of Gaussian functions is fit to the local 

joint image histogram using a Maximum Likelihood Estimation 

(MLE) process and truncated Gaussian functions as models. 

These Gaussians are then used to compute local colour palette 

mapping functions. The next step is to expand the application of 

these functions from the overlapping area of target image to the 

entire target image. Finally, the entire colour corrected image is 

produced by applying the colour palette mapping functions to 

the entire target image. 

 

3.1Mean-Shift Colour Segmentation and Region 

Fusion  
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Mean shift algorithm segments the overlapping portion of 

the target image into several regions. In this paper, only the 

portion of the target image, Tp that contains joint information 

with the source image, Sp is considered. The splitted regions 

will be treated independently by the colour correction 

algorithm. This methodology is usually referred to as local 

colour correction. The relevance of mean-shift to perform 

colour segmentation as a pre-processing step for colour 

correction has been established. Compared to other 

segmentation algorithms, where an expectation maximization 

(EM) probabilistic based colour segmentation is proposed, 

mean-shift is better in two major aspects:  

 The EM segmentation stage is computationally 

demanding. It takes four minutes to converge while 

segmenting a 512 × 512 image. Since the local EM 

based colour correction must segment both the source 

and the target image, the segmentation can take about 

eight minutes.  

 And, the expectation maximization stage requires a 

parameter to define the desired number of regions 

which is not useful if unsupervised colour correction 

is required. 

Mean-shift addresses both drawbacks allowing 

unsupervised applications and lower computation times.  The 

input to the system is a set of connected regions, rather than a 

disconnected list of pixels in the same colour cluster. This was 

done using a region fusion algorithm that guides image 

segmentation with edge information. Although the algorithm 

surely benefits from the usage of colour segmented regions, it 

may still work with the complete overlapped image, i.e., with a 

single region. 

3.2 Local Joint Image Histogram 

This paper addresses the problem colour correction by 

modelling the joint image histograms. For each of the 

segmented regions a joint image histogram is computed. Thus, 

to highlight the fact that they correspond to a region in the 

image,   these histograms are referred to as local joint image 

histograms.  

Let 𝑇𝑝
𝑖  and 𝑆𝑝

𝑖  be region ‘i’ in the target image and source 

image respectively and let X and Y be the respective colour 

values of 𝑇𝑝and 𝑆𝑝.The random variants of these random 

variables are denoted as x and y, respectively. Similarly to the 

standard 1D histogram, the joint image histogram is a 2D 

histogram or matrix, where each cell index (x, y) accounts for 

the number of times that the value x of colour X in the Ti 

region is mapped to the value y of colour Y in the Si region. In 

this context, X and Y represent all the possible values of colour 

in the target and source images, respectively. Bit depth of the 

images. The normalized joint image histogram is built using the 

following eq.: 

                I i(x,y)  ={∑ ∑ δ(Ti (u,v),x).δ(Si(u,v),y)}/{W.H}        

(1) 

where u, v are the pixel coordinates, W and H the width and 

height of the images (note that only pixels belonging to region i 

are considered), δ(·) is the Kronecker delta function 

A colour palette mapping function cannot map a single element 

of its domain to multiple elements of its co domain. However, it 

is assumed that the joint image histogram represents a set of 

considerably noisy observations of the ideal mapping function. 

The noise is mainly due to lack of accuracy in the registration 

of the images, but other factors might be involved, such as: 

vignetting changes in the local illumination of the scene, or 

different characteristics of the image acquisition device. 

3.3 Modelling the Joint Image Histogram 

  The objective of a colour correction algorithm is to 

estimate a colour palette mapping function.  For any given 

region i, the colour palette mapping function must be inferred 

from the information present on the corresponding local joint 

image histogram Ii. It is assumed that the observations in the 

joint image histogram follow a Gaussian distribution. However, 

one of the possible shortcomings of modelling colour with a 

Gaussian distribution is that it does not take into account the 

fact that the range of values for the colour is bounded due to the 

image bit depth. Thus, it makes more sense to use a truncated 

Gaussian distribution model to fit the data from the joint image 

histogram, rather than a standard Gaussian. As a result, it is 

convenient to estimate the colour palette mapping functions by 

fitting truncated Gaussian models to the data from the local 

joint image histogram. Since these histograms are 2D signals, 

the first option would be to model it using a 2D distribution (a 

process similar to surface fitting). However, that would have the 

disadvantage of turning the model into a multivariate truncated 

Gaussian, which would increase the overall complexity of the 

algorithm. In this paper, univariate truncated Gaussian models 

are used. Fitting univariate Gaussians also assumes unimodal 

distributions, but this assumption is more feasible because it 

affects a single dimension. Hence, using univariate truncated 

Gaussians, colour palette mapping functions can be estimated. 

But, these mapping functions are not smooth. 

3.3.1 Estimating colour palette mapping functions 

For a given region i, the local conditional expectation E i that 

colour Y occurs, given that colour X takes the value x (denoted 

as X = x), is defined as follows:  

Ei(Y | X = x) = ∑Pi(Y = y | X = x),                   (2) 

Where P(Y = y | X = x) is the conditional probability of Y 

given X = x. Thus, to propose a colour palette mapping 

function, we must find an estimate for the probability P(Y = y | 

X = x):  

  Y = f i(X = x) = ∑y. Pi (Y = y | X = x)                     (3) 

Where P denotes the estimated probability. Then, using Bayes 

rule, the conditional probability in equation (3) is expanded to:  
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 Pi(Y = y | X = x) = 
 𝑃𝑖(𝑋 = 𝑥 | 𝑌 = 𝑦)· 𝑃𝑖(𝑌 = 𝑦)  

𝑃(𝑋=𝑥)
                

(4)  

where Pi(X = x) and  Pi(Y = y) are the prior probabilities, 

estimated from the normalized joint image histogram. 

and  Pi(X = x | Y = y) is the conditional probability that a 

colour X = x was mapped to a colour Y = y. This probability is 

computed from the truncated Gaussian distribution, which is 

fitted from the joint image histogram. In order to have an 

univariate Gaussian distribution, we take only the observations 

that mapped any value of colour X to a particular colour Y = y: 

         Ii(X, Y = y)∼ Pi(X | Y = y)∼Ni y(μi
y ,σi

y),                  

(5)  

where μi
y and σi

y are the mean and standard deviation of the 

fitted Normal Ny
i(·), which is valid for a particular region i and 

for any particular value of Y=y. 

Since the fitted Gaussian is valid for all admissible values of X, 

it is possible to compute Pi(X = x | Y = y) with the following 

expression:  

Pi(X = x | Y = y) = Φ(x +∆, μi
y, σi

y) − Φ(x −∆, μ y
i, 

σi
y),           (6)  

where ∆ is a small value, typically of half the colour depth 

resolution (0.5, in our case), and Φ (·) is the cumulative 

distribution function for a truncated Gaussian distribution. For 

each admissible value of Y, a truncated Gaussian function is 

fitted. 

By applying eq. (3) to all values of X, a value of Y is obtained 

for each X = x and thus the colour palette mapping function is 

computed for the given region i. Since the fitting of some 

Gaussians may fail due to insufficient number of observations, 

it appears to be a better strategy to use several Gaussians to 

compute the mapping of a colour X = x. By mixing the 

contributions of all estimated Gaussians, a colour mapping 

function can be computed that is defined for all admissible 

values of X. 

3.4 Fitting Univariate Truncated Gaussian 

Distributions 

In this step, a Maximum Likelihood Estimation (MLE) 

procedure is used to fit the truncated Gaussian to the vector of 

observed values, finding the values of the model parameters 

that define a distribution that gives the observed data the 

greatest probability, that is, that maximizes the likelihood 

function. The foremost objective is to fit a truncated Gaussian 

distribution 𝑁𝑦
𝑖  to the vector of observations Ii (X,Y=y). The 

probability density function of a truncated Gaussian p(·) is 

defined as:  

         p (z,μ,σ,a,b) ={ 
𝛷(𝑧,µ,𝜎)

𝛷(𝑏,µ,𝜎)−𝛷(𝑎,µ,𝜎)
     ,if z €[a, b]                 

(7) 

                                { 0       ,otherwise 

where z corresponds to the variable that we want to model (in 

this case, the colour distribution of X), a and b are the 

truncation boundaries, i.e., the limits of the interval in which 

the function is defined as a Gaussian , φ(·) represents the 

probability density function of a standard Gaussian distribution. 

The maximum likelihood estimation procedure make use of the 

above equation to fit the truncate Gaussian to the vector of 

observed values. 

The major aim of this step is to smoothen the colour 

mapping function. Sometimes the given image may be saturated 

because the image acquisition device has reached its sensing 

limits. Since each image channel is modelled independently in 

the RGB colour space, highly saturated colours will also 

display saturated histograms in the corresponding channel. 

Truncated Gaussian distributions can more accurately model 

the colour signal, taking into account the saturation phenomena. 

Hence, it is expected that the usage of a truncated Gaussian 

MLE will increase the capability of the algorithm to accurately 

model the joint image histograms and, as a consequence, 

improve the performance of the colour correction. 

3.5   Expanding the Colour Palette Mapping Function 

From the above procedures, several colour palette 

mapping functions corresponding to different colour segmented 

regions in the overlapping portion of the target image is 

developed. To obtain a fully corrected image, the process of 

colour correction must be applied to the entire target image T. 

In the overlapping portion of the target image Tp, colour 

correction is straight forward, that is, each pixel is corrected 

using the colour palette mapping function which corresponds to 

the region of the pixel .In the case of correcting the entire target 

image T, the process is more complex since not all pixels in the 

target image have a corresponding colour segmented region. 

Hence, a second colour segmentation and region 

fusion is done by taking the entire target image as input. Let Tj 

denote the jth colour segmented region in the target image, as a 

result of the second segmentation/fusion execution and 𝑻𝒑
𝒊  the 

ith region of the overlapping portion of the target image, 

obtained as a result of the first segmentation. The mapping of a 

region index j to an index i is denoted as i =map(j) and is given 

by:  

map(j)= 𝑎𝑟𝑔𝑚𝑖𝑛𝑖(E(�̅�j,�̅�j)) (8)                                    

 where E (·) is the Euclidean distance. 

Thus, the problem is reduced by finding a matching 

region for the non-overlapping region with respect to the 

overlapping region of the target image. The criterion to match 

regions is the distance between the average colours of the 

regions. The result of the expansion of the colour palette 

mapping functions is the image mosaic, or the complete 

corrected image. 

4. Experimental Analysis 
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 Two different images of the same scene taken under 

different conditions are taken to be the inputs here.As RGB 

colour space is used here the images are identified in red, blue 

and green channels. Then the images are pre-processed in RGB 

colour space and histogram is computed for all the three colour 

channels. 

 

Figure 2: Input Images 

 

 

Figure 3: Histogram for Red channel 

As soon as the histogram is computed initial merging is done to 

the pre-processed images. The next step is to resize the target 

image, T with respect to the source image S. In the next step, 

the images are blended with each other with respect to all the 

colour channels. 

 

 

Figure 4: Images after blending the channels 

 

Figure 5: Output image 

Finally, image mosaic is obtained by stitching the images of 

which the colour channels are already blended. 

5. Conclusion 

This paper proposes a probabilistic colour correction 

approach. Images are colour segmented using Mean shift 

algorithm. Each colour segmented region is then used to 

compute a local colour palette mapping function, by fitting a set 

of truncated Gaussians to the observable mutual information. 

Finally, using an extension of the colour palette mapping 

functions to the whole image, it is possible to produce mosaics 

where no colour transitions are noticeable. In this proposed 

system the system proposes a new colour correction approach 

that presents several technical novelties. This paper proposes a 

parametric method for colour correction using local joint 
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histograms and truncated Gaussian distribution. Single 

Gaussians are used to model the colour distributions of the 

target and the source image. This method has proved to be 

successful in developing an effective colour correction function 

for the overlapping portion as well as the entire part of the 

target image. And also by using a Gaussian Blur based 

histogram technique a pixel to pixel mapping is made available 

and loss of pixels during blending can be demolished. 
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