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Introduction
● Random training data sampling can cause inaccurate model in case of small
data sample size and nonuniform data sample distribution.
● This manifold learning-based approach can solve the data sampling problem
and improve the model training.
● The approach can be employed for different machine learning methods.
● The tests of two methods showed a largest Dice improvement with 0.244.
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Table 1: Comparison of multi-organ segmentation using atlas
registration on CT images with random data selection and the proposed
method.

Materials and Methods
Goal:
● To avoid the bias due to the nonuniform data sampling
● To keep the distribution of the selected data sets similar

Steps:
● Data Representation: project the high-dimensional volumetric medical data
into a low-dimensional visualization plane using manifold learning techniques
● Data Clustering: divided the data into different classes using clustering
techniques and choose a reasonable clustering with help of the visualization
● Data Selection: build training data set, validation data set, and test data set by
selecting data randomly from each class

Results and Discussion
Experiment 1: multi-organ segmentation with atlas registration [1]:
● 20 CT volumes in total, 17 for training, 3 for test
● Manifold learning: locally linear embedding (LLE) [2]
● Clustering: k-Mean (k=3)
● Max. improvement of Dice = 0.09
Experiment 2: multi-organ segmentation with cascaded U-Net [3]:
● 42 DECT volumes in total, 30 for training, 6 for validation, 6 for test
● Manifold learning: LLE
● Clustering: k-Mean (k=3)
● Max. improvement of Dice = 0.244

Figure 1:
Data representation
and clustering. Colors
denote classes.

a) CT data distribution for atlas registration

● Data sampling is an important part in machine learning for data with small
sample size and data with nonuniform sample distribution.
● Manifold learning-based sampling method can improve the data sampling and
the model training.
● The bias caused by data selection can be reduced by using the proposed
approach.
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Table 2: Comparison of multi-organ segmentation using cascaded U-Net
on DECT images with random data selection and the proposed method.

b) DECT data distribution for cascaded U-Net

Conclusions

Contact

Figure 2: Comparison of multi-organ segmentation using cascaded UNet on DECT images with random data selection and the proposed
method.

Figure 3: Comparison of multi-organ segmentation using cascaded UNet on DECT images with random data selection and the proposed
method.
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