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Abstract— In urban areas, the shadows in high-resolution 

satellite images are usually caused by the constraints of 

imaging conditions and the existence of high-rise objects. To 

allay the effects of shadows in high-resolution images for their 

further applications, a novel shadow detection algorithm 

based on the morphological filtering and a novel shadow 

reconstruction algorithm based on the example based 

learning method is proposed in this paper. In the shadow 

detection stage, an initial shadow mask is obtained by the 

thresholding method, and then, the noise and wrong shadow 

regions are removed by morphological filtering method. Since 

it is easy to discern the shadow areas in the NIR band 

compared to other bands, the thresholding algorithm is 

executed in the NIR band. Furthermore, the regions affected 

by the shadows are reconstructed in the shadow 

reconstruction stage. This stage includes the example-based 

learning phase and the inference phase. During the example-

based learning phase a shadow and a non shadow library, 

correlated by a Markov random field (MRF), are formed 

from the manually collected samples of the shadow and the 

corresponding non shadow pixels. Then, during the inference 

phase, the underlying land-cover pixels are reconstructed 

from the corresponding shadow pixels by adopting the 

Bayesian Belief Propagation algorithm that is used to solve 

the MRF. It is also commendable to note from the 

experimental results that the BBP algorithm employed in this 

paper improves the compatibility between the reconstructed 

shadow regions and the surrounding non shadow regions by 

passing messages between them.

Index Terms—Example based learning, Markov random field 

(MRF), morphological filtering, shadow detection, shadow 

reconstruction.  

I. INTRODUCTION 

An increasing number of Earth observation commercial 

satellites with high-resolution sensors have been launched 

with the technological developments in aerospace, such as 

QuickBird (QB), IKONOS, and WorldView-2 (WV-2). The 

images obtained have very high resolution (VHSR), usually 

ranged from 0.5 to 4 m at which details such as buildings and 

other infrastructures are easily visible. Hence, these VHSR 

images have opened a new era for remote sensing 

applications and are useful for studying urban areas, due to 

the existence of relatively small features. Cast long shadows 

are featured in most of the captured VHSR images due to tall 

standing objects. Most of the VHSR satellite sensors are 

designed with orbit type of sun synchronous and equatorial 

crossing time earlier in a day at present because the 

atmosphere is generally clearer in the morning than later in 

the day. Irrespective of latitude and season, the solar elevation 

will never be high and the problem of shadowing is 

particularly significant in high-resolution satellite images, 

cause false image colors and further hinder the application of 

VHSR images, such as the generation of a classification map. 

When objects occlude direct light from a source of 

illumination which is usually the sun, shadow occurs. 

Shadows can be divided into cast shadow and self-shadow, 

according to the principle of formation. Formulation of the cast 

shadow is by the projection of objects in the direction of the 

light source; self- shadow refers to the part of the object that 

is not illuminated. For a cast shadow the part of it where direct 

light is completely blocked by an object is termed as umbra, 

while the part where direct light is partially blocked is termed 

the penumbra. There will not be a definite boundary between 

shadowed and nonshadowed areas because of the existence of 

a penumbra. 

     Fig.A. Different types of shadows 

 Most of the VHSR satellite sensors are designed 

with orbit type of sun synchronous and equatorial crossing 

time earlier in a day at present; this is because the atmosphere 

is generally clearer in the morning than later in the day.  Such 

as, the equatorial crossing times of QB, IKONOS, and WV-2 

are 10:00 A.M., 10:30 A.M., and 10:30 A.M., respectively. 

This indicates that the solar elevation will never be high, 

irrespective of latitude and season. And thus, the problem of 

shadowing is particularly significant in high-resolution 

satellite images which will cause false image colors and

further hinder the application of VHSR images, such as the 

generation of a classification map. We propose a new method 

of detecting and reconstructing shadows in VHSR satellite 

images accordingly as self-shadows usually have higher 

brightness than cast shadows, this paper focuses only on the 

cast shadows. The penumbra cannot be neglected with the 
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variation of acquisition conditions and the height of erected 

objects, particularly when the brightness of the surrounding 

shadowed areas is intense. In the proposed shadow detection 

algorithm, the penumbra effect will be handled by shadow 

edge compensation.

These shadows may be utilized as a valuable cue for 

inferring 3-D scene information based on their position and 

shape, for example, for building detection and building 

height estimation. Also, the shadows cause partial or total 

loss of radiometric information in the affected areas, and 

consequently, they make tasks like image interpretation, 

object detection and recognition, and change detection more 

difficult or even impossible. In this paper, we focus on to 

attenuate the problems caused by the loss of radiometric 

information in shadowed areas by compensating or 

reconstructing them. Shadow detection and shadow 

reconstruction (compensation) are the two steps are involved 

in this procedure.

                

II. EXISTING METHODOLOGY 

       Shadow detection approaches in VHSR images that were 

previously reported are model-based and property-based 

approaches. The model-based approach obtains good 

performance in detecting a particular type of objects like 

buildings and vehicles. The aforementioned approach does 

not deal with the great diversity of geometric structures 

existing in VHSR satellite images of urban areas. Certain 

shadow properties in images, such as brightness, spectral 

characteristics, and geometry are used in property based 

approach. This approach has been widely used because of 

their simplicity both in principle and implementation; they are 

categorized as: (1) thresholding-based; (2) colour 

transformation-based; (3) region-growing-based; and (4) 

classification-based. 

Existing methods for shadow reconstruction include 

the gamma correction method, the linear-correlation method, 

and the histogram matching method. The parameters were 

first calibrated before shadow removal by extracting training 

data sets from the image in these algorithms. The parameters 

estimated can only be applied in a local region and that the 

shadows in the training phase and in the estimation phase 

should be captured under the same condition are the 

limitations to these approaches. Therefore, all the 

aforementioned methods are based on classification and 

require determination of the class of the shadowed areas 

before reconstruction. In the shadow reconstruction method 

proposed in this paper, a procedure without the classification 

step is adopted. 
  

III. PROPOSED METHOD 

There are 2 stages in this method: shadow detection and 

shadow reconstruction stage.The shadow detection stage 

comprises of three main steps. These are thresholding, 

morphological filtering, and edge compensation. Initially, a 

preliminary shadow mask is derived by the thresholding 

method. Then, by using morphological operations, noise and 

the wrong shadow areas are filtered. Opening and closing are 

the two morphological operations used here. Finally, the 

shadow edges are compensated by using dilation operation. 

Example-based training and shadow reconstruction via 

Bayesian belief propagation (BBP) are the two stages 

included in the shadow reconstruction stage. The non shadow 

and shadow samples are first collected from the same image 

scene manually before the training step. Then, in the example 

based training stage, the training samples are used to form a 

non shadow and a shadow library that are correlated by an 

MRF. Finally in the reconstruction (via BBP) stage, the 

underlying non shadow pixels are reconstructed from the 

corresponding shadow pixels according to the derived 

shadow mask. 

Fig.B. Block diagram of the proposed method 

A. Thresholding for Shadow Detection

�Since it is easy to distinguish shadow areas in the Near 

Infrared (NIR) band, this band is used for detecting shadows. 

The bimodal histogram splitting method is adopted to find the   

threshold level. The threshold level T is set to the mean of the 

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

derived by the following formula: 

MT = 1, DNNIR > T 

                                         0, else                                      (1) 

where DN refers to the digital number. However, if the 

detected shadow pixel in the NIR band tends to be a non 

shadow pixel in the panchromatic band, then this pixel is 

considered to be a non shadow pixel in the final shadow mask. 

B. Morphological Filtering  

In order to remove the noise and wrong shadow regions we 

employ morphological filtering operations to enhance the 

detected shadow mask MT. The morphological operations used 

here include opening (erosion followed by dilation) and closing 

(dilation followed by erosion) with a structuring element of 3x3 

ones, which keep the general shape of objects but possess 

different smoothing effects. Specifically, the opening removes 

small protrusions and thin connections, whereas the closing 

fills in small holes. Based on the following steps, the noise in 
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non shadow areas are removed by one opening operation with 

an eight-connected neighbourhood constraint .The steps are: 1) 

determination of the connected components; 2) calculating the 

area of each component; and 3) removing small regions whose 

areas are smaller than a predefined threshold. The noise in 

shadow areas are removed by closing operation with the same 

procedures mentioned above. 

C. Shadow Edge Compensation

 For shadow areas whose surroundings are high-

brightness areas, the edges are sturdily affected. So the 

shadow edges are compensated by performing the following 

steps: (1) developing both high-brightness areas and shadow 

areas along back-light and to-light directions, respectively, 

using a dilation operation, and (2) taking their intersecting 

regions as the compensated shadow edge regions.  

D. Learning Model of Shadow and Non shadow Pixels 

Based on MRF

The basic idea is to build a relationship between shadow 

and non shadow pixels by the use of example-based learning 

method.  Firstly shadow and non shadow pixel samples in the 

scene under study are extracted for training purposes. During 

this procedure, we need to take care that the non shadow and 

corresponding shadow samples are as close enough for a 

particular land-cover type and that the sampled shadow and 

non shadow pixel pairs comprise all land-cover types that 

suffer shadows in the study scene. Due to the difficulty in 

building the relationship between shadow and non shadow 

pixels because of the complexity of imaging conditions and 

illumination variations in satellite sensors with linear 

estimation methods, an MRF is employed to relate shadow 

and non shadow pixels due to its good performance. The 

Markov assumptions made are: 

Each shadow and the underlying non shadow pixels 

are assigned to a single node of a Markov network where 

each node, except for its direct neighbors, is statistically 

independent from others. For a VHSR image, Vs � R
B

represents a shadow pixel vector (PV) and Vn � R
B
 denotes 

the underlying non shadow PV. Each non shadow PV Vn(i, 

j) is related to  its  corresponding  shadow  PV Vs(i, j) and  

its  neighbors Vn(i + 1, j), Vn(i, j + 1), Vn(i − 1, j), and 

Vn(i, j − 1). Θ(·), the compatibility function of Vn  and 

its corresponding Vs, and Ψ(·), the  compatibility

function of Vn and its direct neighbors are used to 

represent relationship between the nodes. Finally the 

shadow and non shadow PVs are created to develop a 

shadow library LS and a non- shadow library LN, 

respectively. 

E. Shadow Reconstruction via BBP

For the shadow region represented by Rs = [Vs(1, 

1), Vs(1, 2) , . . .  , Vs(I, J )], the underlying non shadow 

region represented by Rn = [Vn(1, 1), Vn(1, 2) , . . .  , Vn(I, 

J )], is estimated where I and J are the maximum indices of 

rows and columns, respectively. Therefore joint 

probability P (Rs, Rn) is rewritten as  

P (Rs, Rn)= P [Vs(1, 1), Vs(1, 2) , . . .  , Vs(I, J ),Vn(1, 1), 

Vn(1, 2) , . . .  , Vn(I, J )]                                                  (2) 

where Vn(i, j) is unknown. From the Bayesian theory the 

joint probability in (2) can be further rewritten, in view of 

the fact that each non shadow PV is only related to its 

underlying shadow PV and its direct neighbors, as

  (3) 

where Ω(i, j) denotes the direct neighbors of Vn(i, j). 

Let V
ˆ
n(i, j) indicate the predicted non shadow PV in 

an MRF model and V
ˆ
s(i, j) its ideal underlying shadow PV in 

library LS. We make the assumption that the given shadow 

PV Vs(i, j) is different from the selected shadow PV V
ˆ
s(i, j) 

from LS by the Gaussian noise of covariance σv. Hence the 

compatibility function Θ( ) is given as: 

(4) 

Likewise, based on the assumption that the predicted V
ˆ
n(i, j) 

differs from its neighbours V
ˆ
n(u, v) by the Gaussian noise of 

covariance σh, the compatibility function Ψ( ) can be 

defined as follows: 

(5) 

  Since Θ( ) and Ψ( ) describe the agreement between   

two relevant PVs, they can be used to denote the conditional 

probabilities . Thus, the joint probability in (3) is converted to 

an MRF representation as follows: 

(6) 

where C is a normalization factor during the conversion. 

Equation (6) is maximized in the inferring process to 

determine the unknown Vn(i, j). For this we choose a number 

of candidates from LN for the unknown Vn(i, j). In particular, 

the most similar C PVs of Vs(i, j) are obtained from LS. Then, 

the corresponding C non shadow PVs from LN are taken as 

the candidates for the unknown Vn(i, j). We use the following 

equation to calculate the similarity between two shadow PVs: 
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          (7) 

The BBP algorithm, which is a message-passing algorithm 

for performing inference on the MRF, is adopted to find the 

local maximum of the posterior probability for the non 

shadow PVs, given the shadow PVs. For each unknown node

Vn(i, j), BBP finds the optimal solution by using the 

following formula: 

     (8) 

where Ω(i, j) represents the neighbours of (i, j) and 

m(u,v)→(i,j)  [ V
ˆ
n(i, j)] represents the message that node 

V
ˆ
n(u, v) sends to its neighbouring node V

ˆ
n(i, j). Amongst all 

samples of Vn(i, j), the V
ˆ
n(i, j) that has maximum value for 

the above equation  is chosen as the resultant PV. The 

messages are then updated automatically via following rules: 

 (9) 

where Ω(u, v) indicates the neighbours of (u, v) except (i, j) 

and m
p

(a,b)→(u,v) [V
ˆ
n(u,v)] indicates the message that node 

V
ˆ
n(a, b) sends to its neighbouring node V

ˆ
n(u, v) in the 

previous iteration. To guarantee that the reconstructed 

shadow region is consistent with its surrounding non shadow 

regions, the surrounding non shadow PVs are also included 

into the optimization. This is achieved by implementing the 

BBP optimization procedure on the whole image scene. 

IV. EXPERIMENTAL RESULTS  

To evaluate the performance of the proposed method, we 

used different high resolution satellite images, one among it is 

shown in fig 1. Firstly, linear thresholding of the collected 

image was performed. Shadow mask of the image after

thresholding is illustrated in fig 2. 

Morphological operations including opening and closing 

were performed over the shadow mask and dilation was used 

for edge compensation. Shadow mask after morphological 

filtering  is shown in fig 3(a) and 3(b) and shadow mask after  

edge compensation is shown  in fig(4) . MRF has been 

performed to create shadow and non shadow library. BBP is 

performed on MRF to correlate pixels in the shadow and non 

shadow library. Finally the image is reconstructed and it is 

shown  in fig 5. 

Fig 1:Original image   Fig 2:Image after thresholding, 

Fig 3(a):Image after morphological opening, 

Fig 3(b):Image after morphological closing, Fig 4:Image after 

edge compensation, Fig 5:Reconstructed image 

V. CONCLUSION 

To deal with the shadows in high-resolution satellite images, 

this paper has presented a new shadow detection and 

reconstruction algorithm. To detect shadows, thresholding 

and morphological filtering have been utilized. A shadow 

reconstruction algorithm based on the example learning 

method and the MRF have been utilized to reconstruct the 

underlying scene pixels of shadows. The execution time of 

the reconstruction procedure for the aforementioned image is 

about 1–3 min on a computer with 2.2-GHz CPU and 4.00-

GB RAM. 

From the experimental results of high resolution satellite 

image we can conclude that the proposed shadow detection 

algorithm can derive continuous and correct shadow masks 

and the reconstructed shadow regions from the proposed 

shadow reconstruction algorithm are consistent with their 

surroundings. The advantages of the proposed algorithm 

when compared to previous shadow detection algorithm are 

that the derived shadow region is continuous and the 

transitions between shadow and non shadow regions are 

carefully considered. Compared to previous shadow 

reconstruction algorithms, the superiorities of the proposed

one is that it keeps good compatibility between the 

reconstructed shadow regions and their surrounding non 

shadow regions.

REFERENCES 

[1] Huihui Song, Bo Huang, Associate Member, IEEE, and 

Kaihua Zhang, “Shadow Detection and Reconstruction in 

High-Resolution Satellite Images via Morphological 

Filtering and Example-Based Learning”, vol.52, no.5, 

pp.2545-2554,May 2014. 

[2] K. Johansen, N. C. Coops, S. E. Gergel, and Y. Stange, 

“Application of high spatial resolution satellite imagery 



IJIEE-2016-110-5567  P a g e  | 33

IJIIE-International Journal of Innovations & Implementations in Engineering 

 (ISSN 2454- 3489) 2016 January  Edition Volume 1 

for riparian and forest ecosystem classification,” Remote 

Sens. Environ, vol. 110, no. 1, pp. 29–44, Sep. 2007. 

[3] R. Mathieu, C. Freeman, and J. Aryal, “Mapping private 

gardens in urban areas using object-oriented techniques 

and very high-resolution satellite imagery,” Landscape 

Urban Plann., vol. 81, no. 3, pp. 179–192, Jun. 2007. 

[4] T. Kim, T. Javzandulam, and T.-Y. Lee, “Semiautomatic 

reconstruction of building height and footprints from 

single satellite images,” in Proc. IEEE IGARSS, Jul. 

2007, vol. 2, pp. 4737–4741. 

[5]  P.M. Dare, “Shadow analysis in high-resolution satellite 

imagery of urban areas,” Photogramm. Eng. Remote 

Sens., vol. 71, no. 2, pp. 169–177, Feb. 2005. 

[6]   S. Hinz and A. Baumgartner, “Vehicle detection in aerial 

images using generic features, grouping, and context,” 

in Proc. Pattern Recognit., Lect. Notes Comput. Sci., 

2001, vol. 2191, pp. 45–52. 

[7]  A. K. Shackelford, C. H. Davis, and X. Wang, 

“Automated 2-D building footprint extraction from 

high-resolution satellite multispectral imagery,” 

   in Proc. IEEE IGARSS, Sep. 2004, vol. 3, pp. 1996–

1999. 

[8]    J. Liu, J. Yang, and T. Fang, “Color property analysis of 

remote sensing imagery,” Acta Photon. Sinica, vol. 38, 

no. 2, pp. 441–447, Feb. 2009. 

[9]    H. Ma, Q. Qin, and X. Shen, “Shadow segmentation and 

compensation in high resolution satellite images,” in 

Proc. IEEE IGARSS, Jul. 2008, vol. 2, pp. 1036–1039. 

[10] V. Tsai, “A comparative study on shadow compensation 

of color aerial images in invariant color models,” IEEE 

Trans. Geosci. Remote Sens., vol. 44, no. 6, pp. 1661–

1671, Jun. 2006. 

[11] V. Aaévalo, J. González, and G. Ambrosio, “Shadow 

detection in colour high-resolution satellite images,” Int. 

J. Remote Sens., vol. 29, no. 7, pp. 1945–1963, Apr. 

2008. 

[12] L. Lorenzi, F. Melgani, and G. Mercier, “A complete 

processing chain for shadow detection and 

reconstruction in VHR images,” IEEE Trans. Geosci. 

Remote Sens., vol. 50, no. 9, pp. 3440–3452, Sep. 2012. 

[13] P. Sarabandi, F. Yamazaki, M. Matsuoka, and A. 

Kiremidjian, “Shadow detection and radiometric 

restoration in satellite high resolution images,” in Proc. 

IEEE IGARSS, Sep. 2004, vol. 6, pp. 3744–3747. 

[14] F. Yamazaki, W. Liu, and M. Takasaki, “Characteristics 

of shadow and removal of its effects for remote sensing 

imagery,” in Proc. IEEE IGARSS, Jul. 2009, vol. 4, pp. 

426–429. 

[15] M. Nagao, T. Matsutyama, and Y. Ikeda, “Region 

extraction and shape analysis in aerial photos,” Comput. 

Graph. Image Process., vol. 10, no. 3, pp. 195–223, Jul. 

1979. 

[16] P. Maragos, The Image and Video Processing 

Handbook, 2nd ed. New York, NY, USA: Elsevier, 

2005, pp. 135–156. 

[17] R. Trias-Sanz and N. Loménìe, “Automatic bridge 

detection in highresolution satellite images,” in Proc. 

Comput. Vis. Syst. Lect. Notes Comput. Sci., 2003, vol. 

2626, pp. 172–181. 

[18] W. T. Freeman, E. C. Pasztor, and O. T. Carmichael, 

“Learning low-level vision,” Int. J. Comput. Vis., vol. 

40, no. 1, pp. 25–47, Oct. 2000. 

[19] W. T. Freeman, T. R. Jones, and E. C. Pasztor, 

“Example-based superresolution,” IEEE Comput. 

Graph. Appl., vol. 22, no. 2, pp. 56–65, Mar./Apr.2002 


