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Abstract. Currently, multi-organ segmentation (MOS) in abdominal CT can fail to handle clinical patient population with missing organs due to surgical resection. In order to enable the state-of-the-art MOS for these clinically important cases, we propose 1) automatic missing organ detection (MOD) by testing abnormality of post-surgical organ motion and organ-speciﬁc intensity homogeneity, and 2) atlas-based MOS of 10 abdominal organs that handles missing organs automatically. The proposed methods are validated with 44 abdominal CT scans including 9 diseased cases with surgical organ resections, resulting in 93.3% accuracy for MOD and improved overall segmentation accuracy by the proposed MOS method when tested on diﬃcult diseased cases.
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Introduction



Multi-organ segmentation (MOS) has recently become popular toward improving overall segmentation accuracy when segmenting a set of organs located nearby, enabling comprehensive computer-aided diagnosis (CAD) of various multi-focal abdominal diseases [1–10]. In this paper, we investigate how such MOS can be extended to a patient population with missing organs due to surgical resections. Without considering this population, MOS cannot be applied to a number of important clinical applications such as follow-up studies of surgical treatment and cancer recurrence in abdomen. Despite this clinical importance, however, current MOS solutions are not designed to handle such cases with irregular anatomy. A common process in various MOS methods is to ﬁt an atlas of normal organ anatomy to an image to be analyzed. When analyzing a case with missing organs, regardless of atlas formats (i.e., static [3], probabilistic [2, 4, 5, 8, 9], or geometric [4, 6–8, 10]), MOS can fail to segment other intact organs because of 1) mis-match of the atlas’ part corresponding to the missing organs to nearby non-targets and 2) post-surgical organ shifts. Fig.1(a) illustrates such a failure case with a missing right kidney where the liver (red) shifted downward into the cavity caused by the removed kidney and a part of the liver was incorrectly identiﬁed as kidney (cyan). Addressing the above issue, this paper presents two novel contributions to improve the current atlas-guided MOS solutions. First, we propose an automatic N. Ayache et al. (Eds.): MICCAI 2012, Part III, LNCS 7512, pp. 418–425, 2012. c Springer-Verlag Berlin Heidelberg 2012 
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Fig. 1. Illustrative examples of a) segmentation failures (part of the liver is incorrectly labeled as kidney) and b,c) ten modeled organs. Red: liver, blue: spleen, cyan: r-kidney, magenta: l-kidney, yellow: pancreas, orange: aorta, dark green: gall bladder, purple: ladrenal, lavender: r-adrenal, green: stomach.



missing organ detection (MOD) solution based on testing abnormality of datadriven features computed from the 4D spatio-intensity Gaussian mixture model (GMM) ﬁtted to data. Three probabilistic features, capturing post-surgical organ motions, organ-speciﬁc intensity homogeneity, and their linear combinations, are proposed and compared. Such automatic MOD allows us to handle clinical scan data more robustly even when previous medical history information is missing or corrupted in patient record or DICOM tag [11]. Second, we present an atlas-guided MOS solution for 10 abdominal organs that automatically handles missing organs by incorporating the MOD solution to an atlas-guided maximuma-posteriori (MAP) algorithm proposed in [4]. These proposed methods are validated with 44 abdominal CT scans, including 9 diseased cases with two common surgical resection procedures of splenectomy (spleen removal) and nephrectomy (kidney removal). Our experimental results demonstrate advantages of the proposed MOS method such that a correct MOD improves overall segmentation accuracy on average when dealing with the diﬃcult diseased cases. The issue of handling missing organs in abdominal MOS is scarcely addressed in the literature. To the best of our knowledge, there is no previous studies that proposed an abdominal multi-organ segmentation with automatic missing organ handling.



2 2.1



Method Atlas-Guided MAP Multi-Organ Segmentation



An atlas-guided MOS method proposed by Shimizu et al. [4] is adopted in this study as our base MOS method. This method employs the MAP estimation of organ label l ∈ {1, .., L} over 4D spatio-intensity feature vector v = (x, y, z, I(x, y, z)): ˆl = argmaxl p(v|l)p(l). The prior p(l) is modeled by a standard probabilistic atlas [2, 9]. The atlas Al (x) ∈ [0, 1], x = (x, y, z), is built by registering K training images of normal anatomy to a ﬁxed reference image IR with a size-preserving aﬃne registration then computing a probability map for each of L modeled organs by counting manually segmented organs. The likelihood p(v|l) L N is modeled by an extended GMM p(v) = l=1 n=1 αl (n)N (v; ul , Σl ) where N
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denotes the number of voxels and the mixing weights αl (n) are deﬁned over each voxel n. To segment organs in a new image, the image is ﬁrst registered to IR using aﬃne transformation followed by B-spline non-rigid registration [12]. From the K training images, a normal spatio-intensity model (uvl , Σvl ) for each organ l is also computed where uvl and Σvl are the mean and covariance of feature vectors of the organ l. Initialized by this normal spatio-intensity model, p(v) is ﬁt to the new image using the EM-algorithm [13], yielding the patient-speciﬁc likelihood estimate {ˆ p(v|l)}. Additionally, the ﬁtted GMM yields data-driven ˆ xl ) for each organ l. estimate of organ center and associated covariance (ˆ ux l , Σ 2.2



Automatic Missing Organ Detection (MOD)



When ﬁtting the GMM p(v) to an image I mo with missing organs, normal components in p(v) corresponding to missing organs will be ﬁtted to arbitrary non-target structures located nearby. Exploiting this observation, we propose a data-driven MOD by analyzing this EM model ﬁtting error. Three probabilistic measures of missing organs, Fl , Gl , and Hl , are derived by testing abnormality of organ features estimated from the GMM ﬁtting result with respect to respective normal models, as described below. The ﬁrst measure Fl indicates the probability of organ l to be missing by quantifying how abnormal the estimated organ center x is spatially. Geometry of abdominal organs varies due to a) inter-subject variation, b) post-surgical organ shifts, c) postures and d) pathology. To account for the ﬁrst two factors, the normal spatial models of organ centers are constructed separately for cases with normal anatomy and with diﬀerent patterns of missing organs due to varying surgical resection procedures. Let M O and N A denote sets of training samples with and without missing organs, respectively. And M Ot=1,..,T , denotes training samples for the t-th surgical organ resection procedure where T indicates the total number of resection procedures considered and M O = t M Ot . Then normal anatomy model M na and missing organ model M mo are deﬁned by the following sets of normal distributions, na M na = {Mlna } = {N (x; una l , Σl )|l = 1, .., L} mot mo mo t = {Mtl } = {N (x; ul , Σmo )|t = 1, .., T, l = 1, .., L} M l



(1) (2)



na where (una l ,Σl ) denote the mean and covariance of the center location for organ t t l averaged over N A, while (umo ,Σmo ) denote those averaged over M Ot for the l l t-th resection procedure. We deﬁne Fl given M na and M mo as follows,



Fl = 1 − p(x|θl ) mot na t , Σmo )}t=1,..,T ) = min(1 − N (x; una l , Σl ), {1 − N (x; ul l na mot t = 1 − max(N (x; una , Σmo )}t=1,..,T ) l , Σl ), {N (x; ul l



(3)



mot na t , Σmo )}). This measure yields high value when where θl = ((una l , Σl ), {(ul l the estimated organ center does not follow trends captured in none of the known normal anatomy or surgical procedure-speciﬁc models.
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The second measure Gl examines the abnormality in texture pattern homogeneity. For each organ l, a binary mask Bl (x) representing an average shape of the organ is derived from the probabilistic atlas by setting Bl (x) = 1, ∀x Al (x) = 1 and zero otherwise. Using these binary masks, intensity entropy Elm B = − i=1 plm (i) log plm (i) are computed for each organ l in all training samples of N A, where plm (i) is a B-bin normalized histogram of intensity values sampled under Bl (x) in the m-th sample. For each organ l, the mean and standard deviation of the entropy distribution (Elna , σlna ) are computed over {Elm }, forming a normal model of organ-speciﬁc texture homogeneities. To evaluate an organ l, the entropy El of the organ is computed by overlaying Bl (x) by aligning its gravity center to the estimated organ center in the new image and sampling intensity values within the mask. Then Gl is deﬁned as an abnormality measure of El with respect to the normal model, Gl = 1 − p(El |φl ) = 1 − N (El ; Elna , σlna )



(4)



where φl = (Elna , σlna ). The third measure Hl is deﬁned as a linear combination of Fl and Gl , Hl = βFl + (1 − β)Gl



(5)



where β ∈ [0, 1]. Finally, missing organs are detected by applying a threshold function to these measures derived for each organ in a new image for arbitrary number of missing organs per case. 2.3



Multi-Organ Segmentation (MOS) with Missing Organs



As a ﬁnal step, the base MOS method described in Sec 2.1 can be adopted to missing organ cases by discarding the atlas Al and the spatio-intensity model N (x; uvl , Σvl ) corresponding to missing organs during the model ﬁtting and inference procedures. The entire MOS procedure thus consists of three successive steps: 1) the base MOS, 2) MOD with Fl , Gl , or Hl , and 3) the modiﬁed MOS without Al , uvl , and Σvl for the detected missing organs.



3 3.1



Experiments Data



A total of 44 abdominal CT scans are used in this study. Ten non-contrast thinslice (1mm) abdominal CT scans of healthy volunteers (K = 10) are manually segmented by expert radiologists and used to construct the probability atlas by . The N A set contains 25 contrast-enhanced abdominal CT scans with normal anatomy, while the M O set consists of 9 diseased scans with three types (t = 1, 2, 3) of surgical organ removal: i) 5 splenectomy cases (spleen removed), ii) 3 nephrectomy cases (right kidney removed), and iii) 1 splenectomy and
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Fig. 2. Quantitative validation of the proposed MOD. (a) Maximum accuracy and AUC values with various mixing rate β for computing the Hl measure. Green and magenta dotted-lines denote β values that yield the maximum accuracy and the maximum AUC, respectively. (b) ROC analysis of MOD with four diﬀerent measures: red, Fl , blue, Gl , green, H1 with β = 0.789, and pink, H2 with β = 0.923.



nephrectomy case (spleen and left kidney removed). Each scan consists of 512 × 512 × 50 voxel slices with 5mm slice thickness stored in Mayo analyze format. CT scanners from various manufacturers are used to acquire this dataset with the ISOVUE 300 contrast agent. Ten abdominal organs (L = 10) are considered in this study: aorta (AO), gallbladder (GB), left/right adrenal glands (LA,RA), liver (LV), left/right kidney (LK,RK), pancreas (PN), spleen (SP), and stomach (ST). For validation, segmentation ground-truth is generated for 9 N A and 9 M O cases by expert researchers with ITK-Snap tool. Fig.1(b,c) illustrate some examples. 3.2



Results



Leave-one-out cross validation is performed to validate the performance of the proposed MOD method on the M O set. For each of the three measures, we evaluated 50, 000 diﬀerent detection thresholds with a ﬁxed interval between 0 and 1 and derived the receiver operating characteristic (ROC) curves. Maximum accuracies (TP+TN/TP+ TN+FP+FN) with minimum false positive rate was 0.867 and 0.933 for Fl and Gl , respectively. The number of 80 bins (B=80) was used to derive Gl . For Hl , we evaluated 50, 000 diﬀerent mixing rate β values with a ﬁxed interval between 0 and 1. Fig. 2(a) shows the maximum accuracy and the area under the ROC curve (AUC) computed for various β values. The linear combination did not increase the accuracy measure; the maximum accuracy of 0.933 with highest AUC of 0.911 was found at β = 0.789 (referred as H1). On the other hands, the overall maximum of AUC with 0.922 was found at β = 0.923 with slightly decreased accuracy of 0.922 (referred as H2). Fig. 2(b) shows the ROC curves for Fl , Gl , H1, and H2, clearly demonstrating the advantage of the proposed linear combination measure. AUC values for Fl and Gl were 0.795 and 0.834, respectively.
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Fig. 3. Average Jaccard index computed for 10 abdominal organs, comparing diﬀerent MOS methods and datasets. (a) Performance by the base MOS method (Base) for normal anatomy (N A) and missing organs (M O) cases. (b) Comparison of the base and the proposed methods with automatic (Auto) and manual (M anu) MOD with β = 0.923 (H2) on M O. (c) With β = 0.789 (H1).



We next evaluate the proposed MOS method with the missing organ cases. Fig. 3(a) shows organ-wise segmentation accuracy of the base MOS method [4] in Jaccard index (JI) on the nine normal anatomy N A and the nine diseased M O cases as baseline. Liver, left kidney, and spleen have relatively high accuracy. Segmentation of adrenal glands and gall bladder is challenging because they are very small and their shape varies widely. Stomach also yields very low JI because its shape and intensity is extremely variant. For most organs, the accuracy for M O cases is lower than that for N A. The accuracy for spleen and left kidney in M O is largely lowered due to missing them in some cases of M O. Not only missing organ itself but even neighboring organ, liver, is inﬂuenced by right kidney missing such that the bottom of liver is segmented as right kidney that causes the lower accuracy of MO liver. Fig. 3(b) and (c) compare the accuracy in JI for the base and the proposed MOS methods with automatic and manual MOD on M O cases with the two versions of Hl measures with β = 0.789 (H1) and β = 0.923 (H2), respectively. The manual MOD speciﬁes which organs are missing according to the groundtruth labels. In both versions, the MOS with manual MOD (M anu) performed better than the base method (Base), demonstrating the proof-of-concept of our approach in improving segmentation accuracy by explicitly considering missing organs. Our proposed fully-automatic method (Auto) outperformed Base on average for both versions, although accuracy was lowered from that of M anu due to the MOD errors. For spleen, the proposed Auto method largely improved Base in both versions. The accuracy for the left kidney was slightly improved with β = 0.789, and that for liver and right kidney was also slightly improved by the both versions of Auto. Fig. 4 shows four illustrative examples for segmenting splenectomy cases (missing spleen). In these examples, spleen (blue), as well as other organs such as gallbladder (dark green) and pancreas (yellow), are fully or partially resected surgically. The examples show that the missing organs are correctly detected by our method and existing neighboring organs, such as left kidney (magenta), is also correctly segmented despite its post-surgical organ shifts. Fig. 5 compares
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(a) Missing SP



(b) Missing SP & GB



(c) Missing SP & Partial PN



(d) Missing SP & Partial PN



Fig. 4. Four illustrative splenectomy examples of MOS by the proposed Auto method. Spleen (blue) is missing in these examples.



(a) Base



(b) Proposed (Auto)



Fig. 5. Segmentation comparison for neighboring organ; (a) the missing spleen (blue) is incorrectly placed inside the left kidney; (b) the improved segmentation



the segmentation results by the base and proposed methods in the splenectomy example in Fig. 4(b). The base method without MOD falsely segments a large part of left kidney (magenta) as (missing) spleen (blue) as shown in Fig. 5(a). Fig. 5(b) clearly shows that the correct MOD of spleen leads to much better segmentation of the neighboring kidney.
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Conclusions and Discussion



This paper presented novel methods for automatic MOD and atlas-guided MOS that handle missing organs. Our experimental results are promising in that 1) high accuracy of MOD was observed even with the limited number of missing organ cases used in training and 2) the proposed MOS improved the average JI accuracy, demonstrating the advantage of our MOD-MOS approach. As our future work, more missing organ cases and surgical resection procedures must be included to further our study in 1) post-surgical organ shifts in ﬁner details and 2) MOD and MOS of partially resected organs that were not addressed in this paper. Finally, we plan to improve the accuracy of our MOS solution, especially
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for those diﬃcult organs, by improving our atlas and GMM models, as well as by reﬁning the discontinuous segmentation results by using our results to initialize other graph-based/contour-based segmentation solutions.



References 1. Kobatake, H.: Future CAD in multi-dimensional medical images - project on multiorgan, multi-disease CAD system. Computerized Medical Imaging and Graphics 31, 258–266 (2007) 2. Park, H., Bland, P.H., Meyer, C.R.: Construction of an abdominal probabilistic atlas and its application in segmentation. IEEE Trans. Medical Imaging 22, 483–492 (2003) 3. Zhou, Y., Bai, J.: Multiple abdominal organ segmentation: An atlas-based fuzzy connectedness approach. IEEE Trans. Info. Tech. in Biomed. 11, 348–352 (2007) 4. Shimizu, A., Ohno, R., Ikegami, T., Kobatake, H., Nawano, S., Smutek, D.: Segmentation of multiple organs in non-contrast 3D abdominal CT images. Int. J. CARS 2, 135–143 (2007) 5. Okada, T., Yokota, K., Hori, M., Nakamoto, M., Nakamura, H., Sato, Y.: Construction of Hierarchical Multi-Organ Statistical Atlases and Their Application to Multi-Organ Segmentation from CT Images. In: Metaxas, D., Axel, L., Fichtinger, G., Sz´ekely, G. (eds.) MICCAI 2008, Part I. LNCS, vol. 5241, pp. 502–509. Springer, Heidelberg (2008) 6. Seifert, S., Barbu, A., Zhou, S.K., Liu, D., Feulner, J., Huber, M., Suehling, M., Cavallaro, A., Comaniciu, D.: Hierarchical parsing and semantic navigation of full body CT data. In: Proc. SPIE Conf. Medical Imaging (2008) 7. Yao, J., Summers, R.M.: Statistical Location Model for Abdominal Organ Localization. In: Yang, G.-Z., Hawkes, D., Rueckert, D., Noble, A., Taylor, C. (eds.) MICCAI 2009, Part II. LNCS, vol. 5762, pp. 9–17. Springer, Heidelberg (2009) 8. Linguraru, M.G., Pura, J.A., Chowdhury, A.S., Summers, R.M.: Multi-organ Segmentation from Multi-phase Abdominal CT via 4D Graphs Using Enhancement, Shape and Location Optimization. In: Jiang, T., Navab, N., Pluim, J.P.W., Viergever, M.A. (eds.) MICCAI 2010, Part III. LNCS, vol. 6363, pp. 89–96. Springer, Heidelberg (2010) 9. Linguraru, M.G., Sandberg, J.K., Li, Z., Pura, J.A., Summers, R.M.: Atlas-based automated segmentation of spleen and liver using adaptive enhancement estimation. Medical Physics 37, 771–783 (2010) 10. Liu, X., Linguraru, M.G., Yao, J., Summers, R.M.: Organ Pose Distribution Model and an MAP Framework for Automated Abdominal Multi-organ Localization. In: Liao, H., Edwards, P.J., Pan, X., Fan, Y., Yang, G.-Z. (eds.) MIAR 2010. LNCS, vol. 6326, pp. 393–402. Springer, Heidelberg (2010) 11. Guld, M.O., Kohnen, M., Keysers, D., Schubert, H., Wein, B.B., Bredno, J., Lehmann, T.M.: Quality of DICOM header information for image categorization. In: Proc. SPIE Conf. Medical Imaging, vol. 4685, pp. 280–287 (2002) 12. Rueckert, D., Sonoda, L.I., Hayes, C., Hill, D.L.G., Leach, M.O., Hawkes, D.J.: Non-rigid registration using free-form deformations: Application to breast MR images. IEEE Trans. Medical Imaging 18, 712–721 (1999) 13. Dempster, A.P., Laird, N.M., Rubin, D.B.: Maximum likelihood from incomplete data via the EM algorithm. J. Roy Stats. Soc. Series B 39, 1–38 (1977)



























[image: Multi-Organ Segmentation in Abdominal CT Images]
Multi-Organ Segmentation in Abdominal CT Images












[image: Abdominal Multi-Organ Segmentation of CT Images ... - Springer Link]
Abdominal Multi-Organ Segmentation of CT Images ... - Springer Link












[image: Multi-Organ Segmentation with Missing Organs in ... - Springer Link]
Multi-Organ Segmentation with Missing Organs in ... - Springer Link












[image: Globally Optimal Tumor Segmentation in PET-CT Images: A Graph ...]
Globally Optimal Tumor Segmentation in PET-CT Images: A Graph ...












[image: LNCS 8151 - Abdominal Multi-organ CT Segmentation ...]
LNCS 8151 - Abdominal Multi-organ CT Segmentation ...












[image: Multi atlas-based muscle segmentation in abdominal ...]
Multi atlas-based muscle segmentation in abdominal ...












[image: Automatic segmentation of the thoracic organs for ...]
Automatic segmentation of the thoracic organs for ...












[image: Segmentation-based CT image compression]
Segmentation-based CT image compression












[image: Intervertebral disc segmentation in MR images using ...]
Intervertebral disc segmentation in MR images using ...












[image: Geometry Motivated Variational Segmentation for Color Images]
Geometry Motivated Variational Segmentation for Color Images












[image: Multi-organ Segmentation from Multi-phase Abdominal ...]
Multi-organ Segmentation from Multi-phase Abdominal ...












[image: Robust variational segmentation of 3D bone CT data ...]
Robust variational segmentation of 3D bone CT data ...












[image: Necrotizing Fasciitis of the Abdominal Wall in a Patient with ...]
Necrotizing Fasciitis of the Abdominal Wall in a Patient with ...












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












[image: Segmentation of Mosaic Images based on Deformable ...]
Segmentation of Mosaic Images based on Deformable ...












[image: segmentation techniques of microarray images â€“ a ...]
segmentation techniques of microarray images â€“ a ...












[image: Segmentation of Mosaic Images based on Deformable ...]
Segmentation of Mosaic Images based on Deformable ...












[image: Extrahepatic Abdominal Imaging in Patients with ...]
Extrahepatic Abdominal Imaging in Patients with ...












[image: Watermarking of Chest CT Scan Medical Images for ...]
Watermarking of Chest CT Scan Medical Images for ...















Multi-Organ Segmentation with Missing Organs in Abdominal CT Images






Children's National Medical Center, Washington DC. {miyukis ... current MOS solutions are not designed to handle such cases with irregular anatomy. 






 Download PDF 



















 576KB Sizes
 0 Downloads
 228 Views








 Report























Recommend Documents







[image: alt]





Multi-Organ Segmentation in Abdominal CT Images 

(E-05): A center of excellence for an in silico medicine-oriented world wide open platform ... statistical shape model (SSM), which we call prediction- based PA ...














[image: alt]





Abdominal Multi-Organ Segmentation of CT Images ... - Springer Link 

Graduate School of Information Science and Engineering, Ritsumeikan University,. 1-1-1, Nojihigashi, .... the segmented region boundaries Bs of the â€œstableâ€� organs, we estimate b. âˆ— by b. âˆ—. = argmin .... International Journal of Computer As-














[image: alt]





Multi-Organ Segmentation with Missing Organs in ... - Springer Link 

tering K training images of normal anatomy to a fixed reference image IR with .... and the proposed methods with automatic (Auto) and manual (Manu) MOD with.














[image: alt]





Globally Optimal Tumor Segmentation in PET-CT Images: A Graph ... 

hence diseased areas (such as tumor, inflammation) in FDG-PET appear as high-uptake hot spots. ... or CT alone. We propose an efficient graph-based method to utilize the strength of each ..... in non-small-cell lung cancer correlates with pathology a














[image: alt]





LNCS 8151 - Abdominal Multi-organ CT Segmentation ... 

method using intensity priors constructed from manually traced data. Keywords: ... We analyze eight organs, that is, the liver, spleen, left and right kidneys, gall- ... As priors of the target organs, we utilize a statistical shape model (SSM) and a














[image: alt]





Multi atlas-based muscle segmentation in abdominal ... 

A prerequisite for these automatic techniques is auto- matic organ .... Training and patient CT datasets enter the common phase. The training datasets are further ...














[image: alt]





Automatic segmentation of the thoracic organs for ... 

and another with the lungs, the heart and the rest soft tissues is achieved by ..... These scans can detect smaller lung tumors than a conventional CT scan and the ex- amination takes only a few minutes. â€¢ With bronchoscopy, a careful examination o














[image: alt]





Segmentation-based CT image compression 

The existing image compression standards like JPEG and JPEG 2000, compress the whole image as a single frame. This makes the system simple but ...














[image: alt]





Intervertebral disc segmentation in MR images using ... 

a GE Healthcare Canada, 268 Grosvenor Street, London, Ontario, Canada N6A 4V2 b University of Western Ontario, 1151 Richmond Street, London, Ontario, Canada N6A 3K7 c London Health Sciences Centre, 800 Commissioners Road East, London, Ontario, Canada














[image: alt]





Geometry Motivated Variational Segmentation for Color Images 

In Section 2 we give a review of variational segmentation and color edge detection. .... It turns out (see [4]) that this functional has an integral representation.














[image: alt]





Multi-organ Segmentation from Multi-phase Abdominal ... 

multi-phase CT data, as soft tissue enhancement can be an indicator of abnormality. ..... Trans. Pattern Analysis and Machine Intelligence 12, 629â€“639 (1990).














[image: alt]





Robust variational segmentation of 3D bone CT data ... 

Oct 3, 2017 - where c1 and c2 are defined as the average of the image intensity I in Î©1(C) and Î©2(C), respectively ..... where we leave the definition of the Dirichlet boundary âˆ‚ËœÎ©D in (33) unspecified for the moment. .... 1FEniCS, an open-sour














[image: alt]





Necrotizing Fasciitis of the Abdominal Wall in a Patient with ... 

Page 1 of 2. Stand 02/ 2000 MULTITESTER I Seite 1. RANGE MAX/MIN VoltSensor HOLD. MM 1-3. V. V. OFF. Hz A. A. Â°C. Â°F. Hz. A. MAX. 10A. FUSED.














[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]





Segmentation of Mosaic Images based on Deformable ... 

in this important application domain, from a number of points of view including ... To the best of our knowledge, there is only one mosaic-oriented segmentation.














[image: alt]





segmentation techniques of microarray images â€“ a ... 

Cochin University of Science and Technology. By. JISHNU L. REUBEN ... analysis of gene expression. A DNA microarray is a multiplex technology used in.














[image: alt]





Segmentation of Mosaic Images based on Deformable ... 

Count error: Count(S(I),TI ) = abs(|TI |âˆ’|S(I)|). |TI |. (previously proposed1 for the specific problem). 1Fenu et al. 2015. Bartoli et al. (UniTs). Mosaic Segmentation ...














[image: alt]





Extrahepatic Abdominal Imaging in Patients with ... 

sence of extrahepatic disease at 17 ana- tomic sites was recorded. These 17 .... ware and software have shortened acqui- sition times and improved the quality ...














[image: alt]





Watermarking of Chest CT Scan Medical Images for ... 

Oct 27, 2009 - To facilitate sharing and remote handling of medical images in a secure ... 92-938-271858; fax: 92-938- 271865; e-mail: [email protected]).


























×
Report Multi-Organ Segmentation with Missing Organs in Abdominal CT 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.
















