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Thresholding for Edge Detection in SAR Images Debashis Sen and Sankar K. Pal Center for Soft Computing Research, Indian Statistical Institute, 203 B. T. Road, Kolkata, India 700108. E-mail: {dsen_t, sankar}@isical.ac.in Abstract- Selecting a threshold from the gradient histogram, a histogram of gradient magnitudes, of an image plays a crucial role in a gradient based edge detection system. In this paper, we propose a methodology to determine this threshold value when the edge detection system is applied to synthetic aperture radar (SAR) images. We consider a SAR image as a random process, perform a transformation, model the gradient histogram of the transformed image using theories of random process and then determine a region of interest in the gradient histogram using certain properties of a probability density function. Standard histogram thresholding techniques are then used within the region of interest to get the threshold value. The proposed methodology provides a systematic solution to the thresholding problem in gradient based edge detection systems for SAR images and hence results in consistently appreciable performance. Extensive experimental results are shown to demonstrate the effectiveness of the proposed methodology.



I.



INTRODUCTION



Synthetic aperture radar (SAR) imaging system, which is used to capture images for purposes such as environmental monitoring, earth-resource mapping and military, has minimum constraints on the time of the day and the atmospheric conditions. The images captured using a SAR imaging system, which is a coherent imaging system, are corrupted by a noise called speckle [1]. In order to reduce the speckle an on-board (built within the capturing system) process called multilook integration is carried out, where incoherent averaging of frames obtained from different segments of the signal frequency spectrum is performed. When L different segments of the signal spectrum are considered, an L-look image is said to be produced [2]. The distribution of the intensity values in a homogenous region of an L-look SAR image can be fairly modeled by a gamma probability density function (PDF) [1]. The lognormal PDF, which is easy to handle statistically, is a very close approximation to the gamma PDF and hence a lognormal PDF can also be considered for the modeling [2, 3]. Edges in an image by intuitive definition are those features which separate various homogenous regions. Therefore, we may model the distributions of two homogenous regions separated by an edge as two lognormal PDFs with different parameters.



A. SAR Images as Random Processes Considering an image as a random process is intuitively appealing as the gray values at various locations in images obtained using different capturing systems is not deterministic. An image being a random process implies that the gray values at different locations in the image are 978-1-4244-1923-4/08/$25.00 ©2008 IEEE



generated by random variables those characterize the random process. Now, it is obvious that any arbitrary image is of non stationary [4] nature due to the presence of edges. However, we may realistically assume that each region in an image can be represented by a stationary random process [4] preserving the non stationary nature of the overall image. Hence, the gray value at each pixel within a region of an image is generated by a particular random variable, which has a shorttailed probability density function (PDF). The random variable may not have a long-tailed PDF, as such a PDF would imply the presence of abrupt values within a region. An abrupt value in an image should be associated with a pixel of an edge between regions and not with a pixel within a region. From the earlier explanation about the distribution of intensity values in a homogenous region of an L-look SAR image, we see that the short-tailed PDF mentioned above should be considered as a lognormal PDF and hence the intensity values in various regions of an L-look SAR image would have been generated by a stationary lognormal random process. Therefore, it stands that we represent an L-look SAR image as a wide sense stationary (WSS) [4] mixed lognormal random process. Mixed lognormal random variables, which characterize a SAR (L-look) image ( X ), has a PDF of the form D



f ( X ij ) = ∑ r =1



Wr 2π sr X ij



exp( −



(ln X ij − mr ) 2



2 sr



)



(1)



where D denotes the number of regions, the weight Wr is the ratio of the area of the r th region to the whole area of the image, mr and sr are the mean and standard deviation of the natural logarithm of the samples in the regions, respectively and X ij denote the gray values at i th row and j th column of the image X .



B. Gradient Based Edge Detection System Among the various edge detection methodologies proposed in literature, the popular are the ones based on finding the gradient magnitudes at each pixel in an image. Such a gradient based edge detection system comprises of a smoothing operation followed by the first-order derivative operation to get the gradient magnitude and direction values at each pixel. Various optimal gradient operators performing the smoothing and first-order derivative operations together have been proposed. The gradient values are then fed to a post processing operation, which usually is an edge thinning operation. One example of such a post processing method is the non-maximum suppression (NMS) proposed in [5], which we consider in this paper.
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Fig. 1. Gradient based edge detection system



Most of the optimal gradient operators reported in literature are based on the three performance criteria, namely, good detection, good localization and only one response to a single edge, given by Canny [5]. The optimizations of these three criteria are contradictory and hence a trade-off is required. Such a trade-off implies that the smoothing operation cannot remove the “false” edges due to the noise and inherent texture completely. Hence, after all the operations mentioned above, we need a decision making system in order to distinguish the actual edges from the “false” edges. This decision making system, in general, is a thresholding operation with the threshold being determined from the histogram of gradient magnitudes (gradient histogram). A block diagram of the gradient based edge detection system is given in Fig. 1. Considering the criticality of the thresholding process in the overall edge detection system, it is surprising that except for a few researchers [6-8], no one else has addressed this problem of gradient histogram thresholding to the best knowledge of the authors. In [6], the gradient histogram was assumed to be a weighted sum of two gamma densities in order to identify a threshold by parameter estimation. However, no justification was given for such an assumption. In [7], a cubic facet model for image and a Gaussian model for noise were considered and various parameters were estimated in order to determine the threshold using the Bayes decision procedure. Such a method is very complex and apart from the error in the decision, the edge detection performance also depends on the modeling error. In [8], the author considers that gradient histograms are unimodal in nature and hence propose a unimodal thresholding algorithm that finds a corner in the histogram. In this paper, we propose a methodology to determine a threshold from the gradient histogram in order to separate the actual (desired) edges in a SAR image from the “false” edges using the “prior” knowledge about the distribution of the intensity values in its homogenous regions. Natural logarithm is first applied on the SAR image to get a transformed image. A region of interest (ROI) in the gradient histogram of the transformed image is then obtained by computing certain skewness and kurtosis values and comparing them to some predefined constants. These constants are determined by approximately modeling a gradient histogram using various theories of random processes. Once the ROI in the gradient histogram has been obtained, any general histogram thresholding algorithm could be applied to the ROI in order



to determine the threshold value. We consider, for example, the histogram thresholding algorithms given in [9] and [10]. The threshold thus obtained is taken as the upper threshold for the hysteresis process [5], which is applied on the output from the NMS operation to get the edges in the transformed image. Note that the application of natural logarithm on images does not affect any desired property of the edges. Hence, the edges found in the transformed image would correspond to the edges in the SAR image. The effectiveness of the proposed methodology is demonstrated using a few SAR images. A very interesting aspect of the proposed method of threshold determination is that it is applicable to gradient histograms obtained after the application of any linear gradient operator. The organization of the paper is as follows. Section II and III describes the gradient histogram modeling and threshold determination, respectively. Experimental results are given in Section IV and the paper concludes with Section V outlining the contributions made.



II. GRADIENT HISTOGRAM MODELING In this section, we shall model the gradient histogram of an image, say X , which can be represented by a WSS mixed Gaussian random process. Note that it is always appropriate to model any arbitrary (no “prior” knowledge) image using a mixed Gaussian random process. Such a model implies that the distribution of the intensity value in homogenous regions of the image is Gaussian, which is suitable as a Gaussian PDF is a short-tailed PDF (See Section I). However, as mentioned earlier, an L-look SAR image ( X ) is represented by a WSS mixed lognormal random process. Hence, we need to apply a natural logarithmic transformation logarithmic transformation on the pixels of X before the gradient based edge detection system is used. Hence, we have X ij = ln( X ij ) (2) Note that X ij and X ij are time samples of random processes and hence they are random variables. A. Linear Gradient Operators Various gradient operators for edge detection proposed by different authors [5, 11-13] after optimizing various criteria are linear in nature or can be very closely approximated by a linear operator. The application of any linear gradient operator ( H ) on a digital image ( X ) can be represented by a window operation such as Yijg = ∑ ∑ H pqg X i + pj + q (3) p



q



where p = −k ,⋯, 0,⋯ , + k and q = −k ,⋯ , 0,⋯ , + k . In the above, (2k + 1) × (2k + 1) gives the size of the window,



otherwise referred to as the width of the operator. The symbol g indicates the direction of operation on an image, that is, the horizontal (R) and vertical (C) directions in which the gradient is determined. It is obvious that the vertical component YijR and the horizontal component YijC of
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the gradient are orthogonal to each other. The magnitude of the gradient at each pixel in the image is obtained by



Gij = (YijR ) 2 + (YijC ) 2



(4)



The image G of gradient magnitudes can be represented by a WSS random process. This is due to the reason that both YR and YC are WSS mixed Gaussian random processes as a WSS mixed Gaussian random process to a linear system produces another mixed Gaussian WSS random process [4]. Modeling the gradient histogram, say h(G ) , now boils down to the determination of the PDF of Gij . However, in order to find the PDF of Gij , we require the joint PDF of YijR and YijC . We know that YijR and YijC are individually mixed Gaussian distributed and as they are obtained by applying the same mixed Gaussian random process X to different linear systems, they are mutually dependent. Let us now consider a random variable A , such that (5) A = aYijR + bYijC where a and b are arbitrary real-valued constants. The random variable A is mixed Gaussian distributed as both YijR and YijC have been obtained by a linear operation on the same set of various random variables which are individually and jointly mixed Gaussian distributed. The random variable A being mixed Gaussian distributed implies that YijR and YijC has a bivariate mixed Gaussian PDF [4]. Note that it can be easily shown that a bivariate mixed Gaussian PDF is in fact a mixed bivariate Gaussian PDF. Therefore, the joint PDF of YijR and YijC is given as ωr (YijR − µ1r )2 1 f (YijR ,YijC ) = ∑ exp(− ( + 2(1 − ρr2 ) ν 12r r 2πν 1r ν 2 r 1 − ρ r2 G



G



G



G



G



(YijC − µ 2 rG ) 2



ν 22r



G



G



− 2 ρ rG



G



G



(YijR − µ1rG )(YijC − µ 2 rG )



ν 1r ν 2 r G



))



(6)



G



where rG represents all the regions corresponding to YijR and YijC , µ1rG and ν 1rG are the means and standard deviations corresponding to YijR , and µ2 rG and ν 2 rG are the means and standard deviations corresponding to YijC . The ωrG are certain constant weights. Now, as mentioned earlier, YijR and YijC are orthogonal to each other. Therefore, the correlation between YijR and YijC is zero, that is RYijR YijC = 0 . Hence, the correlation co-efficient between YijR and YijC is given by



ρ=−



µ1 µ 2 µ1 µ2 =− ν 1ν 2 (M1 − µ12 )(M 2 − µ22 )



(7)



where µ1 and µ2 are the first order moments of YijR and YijC , respectively, M1 and M 2 are the second order moments and ν 1 and ν 2 are the standard deviations. We have



µ1 = ∑ υ1r µ1r , M1 = ∑ υ1r M1r , 1



1



r1



1



1



r1



µ2 = ∑ υ 2 r µ2 r , M 2 = ∑ υ2 r M 2 r 2



r2



2



2



2



where r1 and r2 respectively represent the regions corresponding to YijR and YijC , and υ1r1 and υ 2r2 are the weights corresponding to the random variables YijR and YijC , respectively. The constants ωrG in (6) are formed from the various products of υ1r1 and υ 2r2 . From (8), we see that the first (mean) and second order moments of YijR and YijC are the weighted sums of the first (mean) and second order moments of the constituent Gaussian functions. We shall now consider a few aspects of an image and the modeling of each region in an image using a Gaussian process and then the whole image as a mixed Gaussian process, in order to explore the nature of the joint PDF given in (6). First, let us consider a few realistic aspects of an image. In general, the edges in an image cover much less area in the scene than the homogeneous regions. Hence the weighting constants υ1r1 and υ 2r2 corresponding to those values of r1 and r2 when µ1r1 ≈ 0 and µ2 r2 ≈ 0 would be much larger than the others. It can also be realistically assumed that among µ1r1 and µ2r2 for other values of r1 and r2 , some would have negative values and some would have positive. Hence, the values of µ1 and µ2 would be very near to zero. On the other hand, as M1 and M 2 indicate the “amount” of texture present in various regions, their values would not be small compared to µ1 and µ2 . Hence, we may conclude from the expression in (7) that the value of ρ would be very small and might be considered negligible (zero). As YijR and YijC are mixed Gaussian distributed, a small value of ρ suggests that the random variables YijR and YijC are weakly dependent on each other. Now, as the weighting constants ωrG are products of various υ1r1 and υ 2r2 , they would be large for those values of rG when µ1rG ≈ 0 and µ2 rG ≈ 0 compared to others. Hence, we may consider that the values of ρ rG are small in general. Note that rG denotes all combinations of r1 and r2 . Secondly, we have considered that each region of an image X , which is subjected to the gradient operator, is generated by a Gaussian process and thus the whole image is generated by a mixed Gaussian process. The values of the random variables YijR and YijC are obtained by performing a weighted summation operation (see (3)) on the same set of pixels of the input image and hence they would have the same value of variance [4], that is, ν 1 = ν 2 . Now as each value of YijR and YijC , that is the value at a particular pixel in these two gradient images, is generated uniquely from a single Gaussian function among all the Gaussian function in the expressions of the mixed Gaussian PDF, we deduce that the expression in (6) would not have any term such that ν 1rG ≠ ν 2 rG . Hence, we shall always have ν 1rG = ν 2 rG = ν rG . Let us now consider the following expression 2 2 ωr 1 (YijR − µ1r ) (YijC − µ2r ) f a (YijR ,YijC ) = ∑ + exp(− ( )) (9) 2 ν12r ν 22r r 2πν 1r ν 2 r G



(8)



G



r2
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G
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G



G



Note that the above equation has been obtained by substituting ρ r ≈ 0 in (6). Now, as we have found that the correlation co-efficient between YijR and YijC is very small and the values of ρ rG (see (6)) are small in general, we may approximately consider that YijR and YijC are mutually independent. Therefore we may realistically assume that f (YijR , YijC ) ≈ f a (YijR , YijC ) .



f (Gij ) AE ≈



G



Now considering f a (YijR , YijC ) , we shall find the PDF of Gij . According to [4], the PDF of Gij is given by f (Gij ) ≈ ∫



Gij



Gij



−Gij



Gij2 − Yij2C



Gij exp(−



rG



Gij2 + µ12rG + µ22rG 2ν r2G



ν r2



)



× I0 (



Gij µ12rG + µ22rG



ν r2



G



)) (11)



G



where I 0 is the zeroth order modified Bessel function of the first kind. The random variable Gij represents the magnitude of the gradient present at the (i, j ) th position of the image under consideration. As we can see from (11) the PDF of Gij is approximately a weighted sum of Rician PDFs [14]. Now, consider the case when µ1rG ≈ 0 and µ2 rG ≈ 0 , that is, the homogeneous areas ( AH ) in the image. Then we have



2ν r2G



)



(13)



Hence, we see that every Rician PDF in (11) reduces either to a Rayleigh PDF or to a Gaussian PDF in our analysis. Now, the whole image is given by the accumulation of AH and AE . Hence, we have an approximate model for a gradient histogram of an image as h(G ) ≈ f (Gij ) = f (Gij ) AH + f (Gij ) AE . From the analysis in the previous section, we deduce that in order to obtain the edges in an image and remove the “false” edges due to inherent texture and noise, we need a threshold value to distinguish and separate f (Gij ) AH and f (Gij ) AE given the h(G ) of a particular image. In other words, we need to distinguish between the components (bins indicating the number of occurrences) of the gradient histogram ( h(G ) ) given by the expression of the weighted sum of Rayleigh PDFs and the weighted sum of Gaussian PDFs. In order to distinguish the components of h(G ) , we shall consider skewness and kurtosis values as for a Rayleigh and a Gaussian PDF, skewness and kurtosis are constants which do not vary with the parameters of the density function. The expressions of skewness ( S ) and kurtosis ( K ) [4] are



Gij2



f (Gij ) AH ≈



G



(Gij − µ12rG + µ22rG ) 2



III. REGION OF INTEREST AND THRESHOLD DETERMINATION [ fa ( Gij2 − Yij2C ,YijC ) + fa (− Gij2 − Yij2C ,YijC )]dYijC (10)



Substituting the expression of f a in (9), we arrive at



f (Gij ) ≈ ∑ ωrG (



∑



rG ∈ AE



ωr × exp(−



∑



rG ∈ AH



ωr × G



Gij exp(− 2ν 2 ) rG



ν r2



(12)



G



Hence, the PDF of Gij representing the magnitude of gradient at locations in the homogeneous areas of the image is a weighted sum of Rayleigh PDFs. Note that the Rayleigh PDF is a special case of the Rician PDF. The value of ν rG indicates the variation of the random texture in a region. In an image, this variation is considerably less than the difference in the means of any two regions separated by an edge. Therefore, in the areas of the image containing edges ( AE ), we shall have µ12rG + µ 22rG ≫ ν rG . We find that in



Fig. 2. Separation of a weighted sum of Rayleigh and a weighted sum of Gaussian PDFs using instantaneous skewness and kurtosis values of their mixture and the determination of the ROI.



such cases, the PDF of Gij is given by a weighted sum of Gaussian PDFs as shown below.



S=



Θ3 Θ32/ 2



(14)



K=



Θ4 Θ22



(15)



where Θ n stands for n th -order central moment corresponding to the PDF of the random variable under consideration. For a Rayleigh PDF, we have, S ≈ 0.63 and K ≈ 3.25 and for a Gaussian PDF S = 0 and K = 3 .



In order to carry out the desired separation, we calculate the instantaneous skewness ( S (Gv ) ) or kurtosis ( K (Gv ) ) of h(G ) progressing along the increasing values of gradient magnitude Gv (see Fig. 2). That is, S (Gv ) and K (Gv ) for h(G ) respectively give the skewness and kurtosis values for the data represented by all those bins of h(G ) where the gradient magnitude value is less than Gv . We shall then set that Gv value as threshold where the skewness or kurtosis first respectively equals the skewness or kurtosis values of a weighted sum of Rayleigh PDFs. However, determination of skewness or kurtosis values of a weighted sum of Rayleigh PDFs is a non-trivial task. Let us consider the following expressionι 1 ϖ ϖ2 ϖ V (ϖ ) = ∫ 2 exp(− 2 )dϑ = 2π ( − erf ( )) (16) 0 ϑ 2ϑ 2 ι The above expression gives the sum of an infinite number of Rayleigh PDFs. We calculate the skewness ( S ) and kurtosis ( K ) of V (ϖ ) given by (16) and obtain S ≈ 1.25
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and K ≈ 4.7 . Hence, the skewness and kurtosis values of a sum of a large number of Rayleigh PDFs do not vary with the underlying parameters. We empirically determine that when the number of Rayleigh PDFs in the weighted sum is not large S < 1.25 and K < 4.7 .Hence, we may consider S ≈ 1.25 and K ≈ 4.7 respectively as the maximum values of the skewness and kurtosis that a weighted sum of Rayleigh PDFs can have. Note that although we now know the range of values that the skewness and kurtosis measures of a sum of Rayleigh PDFs may take, we remain devoid of knowing the actual values a particular sum of Rayleigh PDFs would take. Consider the expression in (12). We see that if we come across an image for which all vrG are equal or there is only one homogeneous region in the image, then the weighted sum of the Rayleigh PDFs will reduce to a single Rayleigh PDF. Hence, we shall consider that value of Gv as the threshold where we get S (Gv ) = .63 or K (Gv ) = 1.25 . On the other hand, in some other image we might have a large number of objects with texture such that all vrG are different. In such a case, the weighted sum of Rayleigh PDFs will contain a large number of Rayleigh PDFs and hence we shall consider that value of Gv as the threshold, where S (Gv ) = 3.25 or K (Gv ) = 4.7 . Therefore, given a gradient histogram h(G ) , we may define a Region of Interest (ROI) within which the threshold value would lie. This ROI contains all the components of h(G ) starting from the Gv when S (Gv ) = 0.63 or K (Gv ) = 1.25 until the value of Gv when S (Gv ) = 1.25 or K (Gv ) = 4.7 . Note that use of skewness or kurtosis may produce different ROIs as the amount of decision error may not be the same for both the cases. In this paper, we shall use both the skewness and kurtosis based approaches and define the ROI from the smallest Gv to the largest Gv among the four values obtained (see Fig. 2). A. Threshold determination and post-processing From the analysis presented till now, we have approximately obtained a ROI in the gradient histogram h(G ) where the required threshold would lie. In order to find a single threshold value T to eliminate the “false” edges, we now need to consider only the components in the ROI and not the overall gradient histogram h(G ) . After the ROI in the gradient histogram is obtained, we suggest that any conventional histogram thresholding algorithm may be used on the components in the ROI in order to determine the threshold T . In our experiment (see Section IV), we consider the two histogram thresholding algorithms, namely, Otsu’s method [9] and beam theory based method [10], as examples, to be used on the components in the ROI. As mentioned earlier, once the threshold T has been obtained from the gradient histogram h(G ) , we carry out a few post-processing tasks in order to get the edges in the image under consideration. The post-



processing tasks used are the non-maximum suppression (NMS) and the hysteresis thresholding. In the NMS operation, which is applied on the image of gradient magnitudes G , it is considered that an edge at a pixel is legitimate only when the gradient magnitude at that pixel assumes a maximum along the gradient direction in a local neighborhood [5]. The hysteresis thresholding process, which is applied on the image obtained at the output of the NMS operation, employs two different thresholds, namely, the upper and the lower threshold [5]. We consider the threshold found by the proposed methodology as the upper threshold



(a) Input image



(b) by proposed ROI + [9]



(c) by proposed ROI + [10]



(d) by [7]



(e) by [6]



(f) by [8]



(g) Gradient histogram of transformed image Fig. 3. Edges in a SAR image obtained using Canny’s gradient operator, the various gradient histogram thresholding techniques and the mentioned postprocessing operations



and the lower threshold as the upper threshold multiplied by 0.4. Hysteresis thresholding is used as it is highly successful in dealing with the detrimental edge streaking problem.



IV. EXPERIMENTAL RESULTS In this Section, we provide experimental results using two SAR images in order to demonstrate the superiority of the
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proposed methodology over the others. The existing techniques to perform gradient histogram thresholding considered for comparison are the ones proposed in [6], [7] and [8]. Note that, to the best knowledge of the authors, there exists no other thresholding technique intended for gradient histograms. Qualitative evaluation of performance is considered in this paper. Quantitative evaluation is avoided as there is no globally accepted objective measure present for evaluating the thresholding process for edge detection. A SAR image of the famous pentagon building in U. S. A is shown in Fig. 3. The gradient histogram shown in Fig. 3(g), which is considered for threshold determination, is that of the transformed image. We see that the technique proposed by [6] fails to remove the “false” edges due to texture and noise. Although the other existing techniques give satisfactory results, the proposed ones outperform all the others in reducing “false” edges and also in extracting the appropriate edges. Fig. 4 demonstrates the usage of the proposed thresholding technique with different linear gradient operators, namely, Canny’s step edge detecting operator [5], Petrou’s ramp edge detecting operator [13] and Sobel’s operator [15] on a SAR image of an agricultural region. Note that Sobel’s operator is not an optimal operator unlike the other two. It is evident from the figure that although the usage of an appropriate linear gradient operator is crucial for edge detection, the proposed thresholding technique gives acceptable results with any linear gradient operator. It is extremely difficult to claim or prove that a thresholding technique would always give better results than any other. However, the consistency of a thresholding technique in providing acceptable results is extremely important. We have considered many images of widely different types and applied gradient based edge detection systems using our methodology of threshold determination. The edge detection results obtained in all have been found highly satisfactory. We are unable to report more results in this paper due to lack of space.



V. CONCLUSION A methodology of thresholding for edge detection in a SAR image has been proposed in this paper. The proposed methodology has been systematically obtained based on certain realistic assumptions and “prior” knowledge about a SAR image. Theories of random process have been considered here to perform a transformation on the SAR image and deduce a general model for a gradient histogram of the transformed image. Certain properties of a probability density function have been used to determine a region of interest (ROI) in the gradient histogram, from which the threshold value has been obtained using standard histogram thresholding techniques. Experiments have been carried out using a few SAR images and different gradient operators. It has been observed that the use of the concept of ROI on edge detection systems helps in consistently obtaining appreciable performance. Moreover, the proposed methodology is seen to score over the few existing techniques of the same paradigm in extracting both the appropriate edges from SAR images and removing the unwanted due to inherent texture and noise.



REFERENCES [1] [2]



[3] [4] [5] [6] [7] [8] [9] [10]



(a) Input Image



[11]



(b) Gradient by Canny’s



[12] [13]



(c) Gradient by Petrou’s



[14]



(d) Gradient by Sobel’s



Fig. 4. Edges obtained using different linear gradient operators, the proposed thresholding technique of determining an ROI and then using [9], and the mentioned post-processing operations



[15]



316



J. W. Goodman, Speckle Phenomenon in Optics: Theory and Applications, Roberts and Company, Denver, CO, USA, Sept, 2006. D. Sen, M. N. S. Swamy and M. O. Ahmad, “Unbiased homomorphic system and its application in reducing multiplicative noise,” IEE Proceedings: Vision, Image and Signal Processing, vol. 153, no. 5, pp. 521-537, 2006. L. Gagnon and A. Jouan, “Speckle filtering of SAR images- a comparative study between complex wavelet-based and standard filters,” SPIE Proc. #3169, pp. 80-91, 1997. A. Papoulis and S. U. Pillai, Probability, Random Variable and Stochastic Processes, 4th ed. McGraw-Hill, 2001. J. Canny, “A computational approach to edge detection,” IEEE Trans. Pattern Anal. Machine Intell, vol. 8, no. 6, pp. 679–698, 1986. P. V. Henstock and D. M. Chelberg, “Automatic gradient threshold determination for edge detection,” IEEE Trans. Image Processing, vol. 5, no. 5, pp. 784–787, 1996. O. A. Zuniga and R. M. Haralick, “Gradient threshold selection using the facet model,” Pattern Recognition, vol. 21, no. 5, pp. 493–503, 1988. P. L. Rosin, “Unimodal thresholding,” Pattern Recognition, vol. 34, no. 11, pp. 2083–2096, 2001. N. Otsu, “A threshold selection method from gray-level histogram,” IEEE Trans. Syst., Man, Cybern., vol. 9, no. 1, pp. 62– 66, 1979. D. Sen and S. K. Pal, “Histogram thresholding using beam theory and ambiguity measures,” Fundamenta Informaticae, vol. 75, no. 1-4, pp. 483–504, 2007. J. Shen and S. Castan, “An optimal linear operator for step edge detection,” Graphical Models and Image Processing, vol. 54, no. 2, pp. 112–133, 1992. S. Sarkar and K. L. Boyer, “On optimal infinite impulse response edge detection filters,” IEEE Trans. Pattern Anal. Machine Intell., vol. 13, no. 11, pp. 1154–1171, 1991. M. Petrou and J. Kittler, “Optimal edge detectors for ramp edges,” IEEE Trans. Pattern Anal. Machine Intell., vol. 13, no. 5, pp. 483– 491, 1991. S. O. Rice, “Mathematical analysis of random noise,” Bell System Technical Journal, vol. 24, pp. 46–156, 1945. I. E. Sobel, “Camera model and machine perception,” Ph.D. dissertation, Standford University, 1970.



























[image: DETECTION OF ROADS IN SAR IMAGES USING ...]
DETECTION OF ROADS IN SAR IMAGES USING ...












[image: Adaptive Local Thresholding for Detection of Nuclei in ...]
Adaptive Local Thresholding for Detection of Nuclei in ...












[image: Adaptive Local Thresholding for Detection of Nuclei in ... - MathWorks]
Adaptive Local Thresholding for Detection of Nuclei in ... - MathWorks












[image: AUTOMATIC REGISTRATION OF SAR AND OPTICAL IMAGES ...]
AUTOMATIC REGISTRATION OF SAR AND OPTICAL IMAGES ...












[image: A Double Thresholding Method For Cancer Stem Cell Detection ...]
A Double Thresholding Method For Cancer Stem Cell Detection ...












[image: Edge Detection of the Optic Disc in Retinal Images ...]
Edge Detection of the Optic Disc in Retinal Images ...












[image: super-resolution of polarimetric sar images for ship ...]
super-resolution of polarimetric sar images for ship ...












[image: Robust Estimation of Edge Density in Blurred Images]
Robust Estimation of Edge Density in Blurred Images












[image: Shadow Detection and Removal in Real Images: A ... - Semantic Scholar]
Shadow Detection and Removal in Real Images: A ... - Semantic Scholar












[image: detection of urban zones in satellite images using ...]
detection of urban zones in satellite images using ...












[image: Variational Restoration and Edge Detection for Color ... - CS Technion]
Variational Restoration and Edge Detection for Color ... - CS Technion












[image: Variational Restoration and Edge Detection for Color ...]
Variational Restoration and Edge Detection for Color ...












[image: Variational Restoration and Edge Detection for Color ... - CS Technion]
Variational Restoration and Edge Detection for Color ... - CS Technion












[image: Detection of Data Hiding in Binary Text Images]
Detection of Data Hiding in Binary Text Images












[image: Texture Detection for Segmentation of Iris Images - CiteSeerX]
Texture Detection for Segmentation of Iris Images - CiteSeerX












[image: Nonparametric edge detection in speckled imagery]
Nonparametric edge detection in speckled imagery












[image: Range Resolution Improvement of Airborne SAR Images - IEEE Xplore]
Range Resolution Improvement of Airborne SAR Images - IEEE Xplore












[image: Canny Edge Detection Tutorial]
Canny Edge Detection Tutorial















Thresholding for Edge Detection in SAR Images






system is applied to synthetic aperture radar (SAR) images. We consider a SAR ... homogenous regions separated by an edge as two lognormal. PDFs with ... 






 Download PDF 



















 892KB Sizes
 1 Downloads
 254 Views








 Report























Recommend Documents







[image: alt]





DETECTION OF ROADS IN SAR IMAGES USING ... 

the coordinates system of the current segment are defined by the endpoint of .... the searching region to reduce the false-alarm from other road-like segments; for ...














[image: alt]





Adaptive Local Thresholding for Detection of Nuclei in ... 

Abstractâ€”Accurate cell nucleus segmentation is necessary ... As many of the characteristics of a cell are .... of the pixel intensities in a w Ã— w window centered.














[image: alt]





Adaptive Local Thresholding for Detection of Nuclei in ... - MathWorks 

background is done through either global or local thresholding. In the analysis of cytology images, determination of threshold is a particularly difficult problem to ...














[image: alt]





AUTOMATIC REGISTRATION OF SAR AND OPTICAL IMAGES ... 

... for scientific analysis. GIS application development, nonetheless, inevitably depends on a ... solutions, traditional approaches may broadly be characterized as.














[image: alt]





A Double Thresholding Method For Cancer Stem Cell Detection ... 

A Double Thresholding Method For Cancer Stem Cell Detection ieee.pdf. A Double Thresholding Method For Cancer Stem Cell Detection ieee.pdf. Open.














[image: alt]





Edge Detection of the Optic Disc in Retinal Images ... 

pixel values between T1 and T2 are considered pixels value ... thresholds T1 and T2 is 0.01 which would generate a .... DRIVE database available on internet.














[image: alt]





super-resolution of polarimetric sar images for ship ... 

POCS method is applied to extract the information from LR images in ... Super-resolution is a technique to combine information in ... However, as a spectral domain ..... [1] R. Tsai and T. Huang, â€�Multi-frame image restoration and registration,â€�.














[image: alt]





Robust Estimation of Edge Density in Blurred Images 

Electronics and Telecommunications Research Institute (ETRI). Daejeon 305-700, Korea. {jylee, ywp}@etri.re.kr. Abstractâ€”Edge is an ... of Knowledge and Economy (MKE) and the Korea Evaluation Institute of. Industrial Technology (KEIT). (The Developm














[image: alt]





Shadow Detection and Removal in Real Images: A ... - Semantic Scholar 

Jun 1, 2006 - This may lead to problems in scene understanding, object ..... Technical report, Center for Automation Research, University of Maryland, 1999.














[image: alt]





detection of urban zones in satellite images using ... 

Keywords - Classification, object detection, remote sensing, ..... ural scene categories,â€� IEEE Computer Society Conference on Computer. Vision and Pattern ...














[image: alt]





Variational Restoration and Edge Detection for Color ... - CS Technion 

computer vision literature. Keywords: color ... [0, 1]3) and add to it Gaussian noise with zero mean and standard .... years, both theoretically and practically; in particular, ...... and the D.Sc. degree in 1995 from the Technionâ€”Israel Institute.














[image: alt]





Variational Restoration and Edge Detection for Color ... 

subdivided into three classes: low-, intermediate- and high-level ... and of course the edge detector performance is very poor (d). ..... (See Fig. 4 for an illustration.














[image: alt]





Variational Restoration and Edge Detection for Color ... - CS Technion 

Mumford-Shah functional (that will be the main theme of this work) can be ... [0, 1]3) and add to it Gaussian noise with zero mean and standard deviation 0.8 (Fig.














[image: alt]





Detection of Data Hiding in Binary Text Images 

image are identical. This property eases the detection of the existence of secret message hidden by pixel flipping technique as the flipping of many pixels will destroy the property [11] or increase the compressed data rate [2]. The other type of ima














[image: alt]





Texture Detection for Segmentation of Iris Images - CiteSeerX 

Asheer Kasar Bachoo, School of Computer Science, University of Kwa-Zulu Natal, ..... than 1 (called the fuzzification factor). uij is the degree of membership of xi.














[image: alt]





Nonparametric edge detection in speckled imagery 

roughness parameter is of interest in many applications, since it can be used as an indicator of land type. The scale ..... running Windows XP operating system.














[image: alt]





Range Resolution Improvement of Airborne SAR Images - IEEE Xplore 

1, JANUARY 2006. 135. Range Resolution Improvement of. Airborne SAR Images. StÃ©phane Guillaso, Member, IEEE, Andreas Reigber, Member, IEEE, Laurent ...














[image: alt]





Canny Edge Detection Tutorial 

Jul 22, 2009 - (1) Knows how to develop source code to read raster data ... and are therefore a problem of fundamental importance in image processing.


























×
Report Thresholding for Edge Detection in SAR Images





Your name




Email




Reason
-Select Reason-
Pornographic
Defamatory
Illegal/Unlawful
Spam
Other Terms Of Service Violation
File a copyright complaint





Description















Close
Save changes















×
Sign In






Email




Password







 Remember Password 
Forgot Password?




Sign In



















Information

	About Us
	Privacy Policy
	Terms and Service
	Copyright
	Contact Us





Follow us

	

 Facebook


	

 Twitter


	

 Google Plus







Newsletter























Copyright © 2024 P.PDFKUL.COM. All rights reserved.
















