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ABSTRACT 

The paper presents the shadow detection and enhancement of satellite images. Combining the shadow mask, morphological 

operation, edge compensation and Bayesian belief propagation to detect shadows in high resolution satellite images. To 

reconstruct or enhancement the pixels of shadows, we implement the learning method and an MRF method in images.  For high 

resolution scenes, the proposed method has take elapsed time. It is advantage of high-brightness image areas on the adjoining 

shadow neighbors and combines them into the shadow mask using morphological operations in the shadow detection algorithm. 

The experimental results indicate that the proposed method is finding the pixels of shadows regions and better enhanced. It has 

less consume time and better performance. 
 

Index term: - Example learning, Markov random field (MRF), morphological filtering, shadow detection, shadow reconstruction. 

 

1. INTRODUCTION 

Satellite images play a key role in the remote sensing field and 

using these images it is easy to identify each and every object 

such as shadows, buildings, roads etc. Shadow occurs when 

objects occlude light from light source. Shadows are 

represented as undesired information that will strongly affect 

the images. Due to shadows it is not possible to recognize the 

original image of a particular object. Shadow in an image 

reduces the reliability of many computer vision algorithms. 

However it often degrades the visual quality of images. So 

Shadow detection and removal is an important task in image 

processing. 

There are various methods for shadow detection based on 

invariant colour features, physical properties of black body 

radiator etc [1]. Amani Massalabi proposed detecting 

information under and from shadow in panchromatic Ikonos 

images of the city of Sherbrooke [2]. Many techniques for 

shadow detection are developed for video images based on 

color properties and temporal frame difference. Elena 

Salvador proposed shadow identification and classification 

using invariant color models [3]. This method requires 

luminance and color information for shadow identification. 

Pooya Saraland proposed a method for shadow detection and 

Radiometric Restoration in Satellite high resolution images 

[4]. This method detects the boundaries of cast shadow in high 

resolution satellite images. Also, the shadow detection is 

performed on the basis of radiometric techniques such as 

gamma correction, linear-correlation and histogram matching. 

Kuo-Liang Chung proposed efficient shadow detection of 

color aerial images based on successive thresholding scheme 

[5]. There are many methods for shadow detection of an image 

in which histogram matching method is used [6]. In this 

method adjust the Hue intensity and saturation (HIS) values of 

shadow pixel with local surrounding of each shadow images. 

Section II describes the proposed method in short. Section III 

explains the markov random model (MRF). The Bayesian 

belief propagation is described in Section IV. Section V draws 

the experimental results. Finally Section VI describes the 

conclusion. 

 

2. PROPOSED METHOD 

The proposed methodology contains image of I dimensions, 

shadow mask by threshold, morphological operation, edge 

compensation and Bayesian belief prorogation. The proposed 
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method will perform first shadow mask by threshold to 

distinguish between shadow and non shadow areas. To 

eliminate the noise generally two mathematical morphological 

operators are used i.e. opening and closing are discussed in 

morphological filtering another need is the boundary edges. so 

boundary between shadow and non shadow areas will be 

created. And after this to provide enhanced the shadows in 

satellite images using MRF method. Following some detail 

steps of shadow detection. 

 

2.1 Shadow Detection Based on Threshold 

The classification of shadow and non-shadow areas are done 

by using threshold. Firstly, calculate the histogram of satellite 

images and then take the threshold level T is set to the mean of 

the two peaks in the histogram. The shadow mask is then 

derived by the following formula: 

 

Where DN is the histogram values of satellite images. 

As the study scene may contain objects that have very low 

values and scene may contain non-objects that have higher 

values. If the detected shadow pixel in the images is judged to 

be a non shadow pixel in the images, then this pixel is set to be 

a non shadow pixel in the final shadow mask. 

 

2.2 Morphological Filter 

After performing the threshold, some filtering operations were 

to be done in order to remove the unwanted pixels or noise in 

the classified image. So morphological filters were used for 

removing noise. They are two types of morphological 

operators. There are a number of morphological operators, but 

two most fundamental operations are dilation and erosion; all 

other morphological operations are built from a combination 

of these two. 

In binary images dilation is an operation that increases the size 

of foreground objects, generally taken as white pixels although 

in some implementations this convention is reversed. It can be 

defined in terms of set theory, although we will use a more 

intuitive algorithm. The connectivity needs to be established 

prior to operation, or a structuring element 

Erosion is one of two fundamental operations (the other 

being dilation) in morphological image processing from which 

all other morphological operations are based. It was originally 

defined for binary images, later being extended to grayscale 

images, and subsequently to complete lattices. The value of 

the output pixel is the minimum value of all the pixels in the 

input pixel's neighborhood. In a binary image, if any of the 

pixels is set to 0, the output pixel is set to 0. 

 

2.3 Edge Compensation 

The Canny edge detector is an edge compensator operator 

that uses a multi-stage algorithm to detect a wide range of 

edges in images. It was developed by John F. Canny in 1986. 

Canny also produced a computational theory of edge 

detection explaining why the technique works. 

The purpose of edge detection in general is to significantly 

reduce the amount of data in an image, while preserving the 

structural properties to be used for further image processing. 

Canny's aim was to discover the optimal edge detection 

algorithm. In this situation, an "optimal" edge detector means: 

 good detection – the algorithm should mark as many real 

edges in the image as possible. 

 good localization – edges marked should be as close as 

possible to the edge in the real image. 

 minimal response – a given edge in the image should only 

be marked once, and where possible, image noise should 

not create false edges. 

To satisfy these requirements Canny used the calculus of 

variations – a technique which finds the function which 

optimizes a given functional. The optimal function in Canny's 

detector is described by the sum of four exponential terms, but 

it can be approximated by the first derivative of a Gaussian. 

The algorithm runs in 5 separate steps: 

 Smoothing: Blurring of the image to remove noise. 

 Finding gradients: The edges should be marked where 

the gradients of the image has large magnitudes. 

 Non-maximum suppression: Only local maxima should 

be marked as edges. 

 Double thresholding: Potential edges are determined by 

thresholding. 

 Edge tracking by hysteresis: Final edges are determined 

by suppressing all edges that are not connected to a 

very certain (strong) edge. 

 

 

http://en.wikipedia.org/wiki/Calculus_of_variations
http://en.wikipedia.org/wiki/Calculus_of_variations
http://en.wikipedia.org/wiki/Function_(mathematics)
http://en.wikipedia.org/wiki/Functional_(mathematics)
http://en.wikipedia.org/wiki/Exponential_function
http://en.wikipedia.org/wiki/Derivative
http://en.wikipedia.org/wiki/Gaussian_function
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3. MARKOV RANDOM FIELD (MRF) 

During this procedure, two conditions need to be satisfied:  

1) The nonshadow and corresponding shadow samples for one 

land-cover type are as close as possible in spatial location to 

alleviate the effects of surrounding condition and illumination 

variation, and  

(2) The sampled shadow and nonshadow pixel pairs should 

include all land-cover types that may incur shadows in the 

study scene. With proper discrimination capability, this 

collection procedure is fast, and the time taken varies with the 

size of a study scene (a larger study scene costs longer time 

and vice versa).  

Because of the complexity of imaging conditions and 

illumination variations in satellite sensors, it is difficult to 

build the relationship between shadow and nonshadow pixels 

with linear estimation methods. We thus relate shadow and 

nonshadow pixels by employing an MRF due to its good 

performance at modeling spatial relationships, such as in 

remote sensing applications of object identification and image 

segmentation. Then, we make the following Markov 

assumptions For each shadow and the underlying nonshadow 

pixels, they are assigned to one node of a Markov network; 

each node is statistically independent from other nodes except 

its direct neighbors. 

In the domain of physics and probability, a Markov random 

field (often abbreviated as MRF), Markov network or 

undirected graphical model is a set of random variables having 

a Markov property described by an undirected graph. A 

Markov random field is similar to a Bayesian network in its 

representation of dependencies; the differences being that 

Bayesian networks are directed and acyclic, whereas Markov 

networks are undirected and may be cyclic. Thus, a Markov 

network can represent certain dependencies that a Bayesian 

network cannot (such as cyclic dependencies); on the other 

hand, it can't represent certain dependencies that a Bayesian 

network can (such as induced dependencies). The underlying 

graph of a Markov random field may be finite or infinite. 

 

4. BAYESIAN BELEF PROPOGATION 

It is important in the mathematical manipulation of conditional 

probabilities. Bayes' theorem can be derived from more 

basicaxioms of probability, specifically conditional 

probability. 

When applied, the probabilities involved in Bayes theorem 

may have any of a number of probability interpretations. In 

one of these interpretations, the theorem is used directly as 

part of a particular approach to statistical inference. ln 

particular, with the Bayesian interpretation of probability, the 

theorem expresses how a subjective degree of belief should 

rationally change to account for evidence: this is Bayesian 

inference, which is fundamental to Bayesian statistics. 

However, Bayes's theorem has applications in a wide range of 

calculations involving probabilities, not just in Bayesian 

inference. 

For a given shadow region Rs on a VHSR image, we seek to 

estimate the corresponding nonshadow region Rn. This 

problem can be formulated as a maximum a posteriori 

problem, i.e., finding Rn that maximizes posterior probability 

P(Rn|Rs), which can be expressed as 

 

According to the Bayesian theorem, P(Rn|Rs) can be 

expressed As 

 

where P(Rs,Rn) is the joint probability of Rs and Rn, and 

P(Rs) is a prior probability of Rs. Since P(Rs) is a constant 

over nonshadow pixels, (1) can be equivalently written as 

 

 

5. EXPERIMENTAL RESULTS 

We have implemented the proposed method by using the 

MATLAB environment. We obtained satellite images from 

google search. The experimental results of satellite images as 

shown below. The proposed algorithm has successfully 

detected the shadows and enhanced. 
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Fig.2. Satellite Image 

 

Fig.3. Shadow Detection Using Proposed Method 

 

Fig.4. Final Result of Shadow Enhanced 

 

6. CONCLUSION 

This project has dealt with the important and challenging 

problem of reconstruction or enhanced of satellite images 

obscured by the presence of shadows. The proposed 

methodology is supervised. The shadow areas are not only 

detected but also enhanced. The proposed results finding the 

pixels of shadows regions and better enhanced. It has less 

consume time and better performance. 
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