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Abstract: Objective To access a novel method for the delineation of biological target volumes (BTV) of tumors in positron
emission computed tomography (PET) images. Methods In order to effectively discriminate between normal tissues and tumors
with similar standard uptake value (SUV) in PET images, the adaptive regression kernels of every voxel in PET images of tumors
were calculated, and the adaptive regression kernels were integrated into the weight function of edges of undirected graph for
random walk (RW). Then the seeds of RW were automatically selected by three-dimensional adaptive region growing method
to realize the automatic delineation of BTV in PET images. Results The PET images of 7 patients with nasopharyngeal carcinoma
were used to evaluate the performances of the proposed method. The gross target volumes delineated manually by radiation
oncologists were taken as a surrogate of the ground truth. The mean value of DICE similarities of BTV delineated by the proposed
method in 7 cases of nasopharyngeal carcinoma was 0.837 6, which was increased by 4.31% as compared with RW only based
on PET SUV and increased by 3.34% as compared with RW based on PET SUV and contrast. Conclusion The proposed RW
algorithm with adaptive regression-kernel can delineate the BTV of tumors in PET images more accurately.
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Fig.1 Contrast of adaptive regression kernels of different pixels

A: Original positron emission computed tomography (PET) image; B: Cross-sectional slices of three-dimensional adaptive kernels corresponding to point

a and point b in the original PET image
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Fig.2 Comparison of the differences between tumor PET SUV and corresponding kernels

a-c: 3 PET SUV slices overlaid with GTV (red contour), a reference point (green mark) and its 6-neighborhood points 1-6 (white mark); d: (I, - IJ)2 (green

curve) and (K, - KJ)T(K, - KJ) (red curve); SUV: Standard uptake value; GTV: Gross target volume
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Fig.3 Comparison of the effects of covariance estimation gradient analysis window and adaptive kernel analysis window on GTV segmentation results

Red contours were the manual delineation results by radiation oncologists, and blue contours were our results.
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Tab.1 Quantitative comparison of the proposed method and existing

methods

Random walk  Random walk based

Case Index based on on PET SUV Proposed
PET SUV and contrast method

1 Sensitivity 0.944 8 09313 09168
Similarity 0.860 0 0.872 1 0.880 2
Specificity 0.983 2 0.990 0 0.991 8

2 Sensitivity 0.532 4 0.5379 0.642 9
Similarity 0.697 8 0.698 8 0.777 6
Specificity 0.999 8 0.999 8 0.998 4

3 Sensitivity 0.597 2 0.589 2 0.668 6
Similarity 0.742 8 0.736 0 0.784 1
Specificity 0.998 8 0.998 7 0.996 0

4 Sensitivity 09311 0.9370 0.920 5
Similarity 0.880 8 0.874 6 0.910 4
Specificity 0.988 5 0.984 9 0.991 5

5 Sensitivity 09126 0.876 3 0.865 4
Similarity 0.755 1 0.840 2 0.842 8
Specificity 0.938 5 0.974 4 0.9770

6 Sensitivity 0.9570 0.937 1 0.927 7
Similarity 0.774 3 0.791 2 0.804 2
Specificity 0.945 5 0.954 9 0.960 3

7 Sensitivity 0.9019 0.896 7 0.9322
Similarity 0.840 5 0.845 6 0.857 6
Specificity 0.958 3 0.955 8 09523
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Fig.4 Comparison of GTV delineation results with different segmentation methods on 7 patients

The rose-red curves represented the clinician delineation results; the black curves represented the random walk segmentation results based on PET SUV values

and contrast; the blue curves represented the random walk segmentation results based on PET SUV values; the red curves represented the segmentation results

of the proposed method.
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