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Abstract:  Segmentation of left ventricle tagged MR images is the basis of ventricular motion reconstruction. In
left ventricle tagged MR images, the boundaries are often obscured or corrupted by the tag lines and region
inhomogeneity as well as the existence of papillary muscles. These factors increase the difficulty of segmenting the
inner and outer contour of left ventricle precisely. This paper introduces texture classification information and shape
statistical knowledge into the Mumford-Shah model and presents an improved texture classification and shape
statistics variational approach for the segmentation of inner and outer contour of left ventricle. It uses the output of
support vector machine (SVM) classifier relying on S filter banks to construct a new region-based image energy
term. This approach can overcome the influence of tag lines because it makes use of the supervised classification
strategy. The introduction of shape statistics can improve the segmentation with broken boundaries. Segmentation
results of an entire cardiac period on an identical image layer and a comparison of mean absolute distance analysis
between contours generated by this approach and that generated by hand demonstrate that this method can achieve a
higher segmentation precision and a better stability than other various approaches.
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Table 1 Classification error in different neighborhood sizes

1
Methods Neighborhood size 33 5x5 77 9><9 11><11
Error rate 0.2329 0.2109 0.1979 0.182 1 0.1373
Gray level+1NN Dimensionality 11 27 51 83 123
Classification time (s) 274.80 969.25 1031.70 1856.50 2795.90
Error rate 0.150 4 0.103 8 0.090 7 0.089 5 0.082 7
Dimensionalit 11 27 51 83 123
Gray level +SVM Training time (Z) 45.89 72.20 102.83 1209.90 | 1498.40
Classification time (s) 269.89 524.97 827.44 134.27 179.70
Error rate 0.0809 0.0698 0.0693 0.0695 0.0670
Dimensionalit 119 327 639 1055 1575
§ banks+SVM Training time (Z) 9.61 23.03 44.66 80.25 123.61
Classification time (s) 23.84(s) 59.58(s) 118.13(s) 217.42(s) | 315.89(s)
Error rate 0.2170 0.270 2 0.2650 0.228 8 0.192 1
Gabor wavelet Dimensionality 164 452 884 146 0 2180
+SVM Training time (s) 26.56 64.34 113.05 166.88 231.42
Classification time (s) 63.75 160.02 289.88 432.16 607.38

(a) Original image (b) Manual segmentation result  (c) Result using gray level and INN

) (© +INN

(d) Result using gray level and SVM (e) Result using S banks and SVM (f) Result using Gabor wavelet and SVM

(d) +SVM S +SVM (f) Gabor  +SVM
Fig.3 Comparison of results by different classification methods
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(e) Result without shape statistics
(@ (e
Fig.4 Comparison of inner contour segmentation by different methods

A R T

(c) Result in Ref.[6]
(a) (b) (5] (© (6]

(d) Our method result (e) Result without shape statistics
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Fig.5 Comparison of outer contour segmentation by different methods
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Fig.6 Inner contour segmentation on the identical layer in a cardiac period

Fig.7 Outer contour segmentation on the identical layer in a cardiac period

7 MR
2 MAD
Table 2 MAD of inner and outer contour  (pixel)
2 MAD ( )
Mean Std. Max
Inner contour 0.75 0.22 1.15
Outer contour 0.76 0.19 1.03
6 7 2 MAD 5
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