Real Time Needle Tracking with NeedleGAN:

A CGAN and Mask-RCNN based Architecture for Automatic Generation, Segmentation,
and Localization of Physical Needles for MR-guided Percutaneous Hepatic
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Figure 3: Representation of different levels of liver

Figure 2: Ultrasound Guided Percutaneous Liver Biopsy  cancer, the rapid progression, and aggressive behavior.
Source: (Kumar 2019) Source: (Armaghany 2012)

MR-Guided Percutaneous Liver Biopsy

Needle Localization Results
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‘ | AN Figure 6: The architecture of our Table 1: Table for needle tip localization results. dxy represents the Euclidean distance between the
ho N Generative Adversarial Network, predicted needle tip and the true needle tip. Mean, Standard Deviation, and maximum difference for dxy
generator, discriminator, inputs and are listed for each angle.
outputs. do 0 10 20 30 40 50 60 70 80 90

Mean  -0.2967234  -1.04109891 -0.122675  0.946445713 0.031685109 -0.870016328 0.577980691 -0.5093571 -0.730241232 -0.53733076
SD 0.0752166 0.22748744 0.066409 0.35375871  0.055306544 0.295996467 0.128773519 0.3224709 -0.225831052 -0.23198311
Max 1.0433562 1.84205615 0.430556 1.50437455  0.304280834 1.538600844 1.125609037 1.1925506 1.084509442 0.98022739

The amount of available data has to be

(b) Table 2: Table for needle axis localization results. d© represents the angle between the predicted needle
augmented synthetically to be sufficient. mask and the true needle axis. Mean, Standard Deviation, and maximum difference for dO© are listed for
This is done through the developed each angle.
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networks - one generator, and one
discriminator. Input images are passed into

Table 3: Table for needle localization success rate. Success rate is defined as the Euclidean distance
between the predicted needle tip and true needle tip being less than 1.37mm (1 pixel), or the difference

€\ the generator which generates translated between the predicted needle axis and true needle axis being less than 1°.
version of the image. The discriminator is
trained to distinguish between real paired C I .
images, and fake paired images. Onc USIons

Throughout the training process the
generator and discriminator compete as
the generator learns to generate fake
images to trick the discriminator. By the
end of the training loop the generator
should be able to generate synthetic
images that are indistinguishable from real
images. the needle hit the lesion or not.

- Tuning the GAN to focus on generating needle artifacts in anatomically correct positions, instead
of randomly, in order to avoid scans where needles are going through other organs for example,
kidneys or the spine

- |l would also look to train my model to determine the slice that contains the needle tip init, in
order make my single slice model more accurate

- I would also look to generate volumetric data in order to create a model that can determine true
needle position without assuming the needle is perfectly aligned with the MRI scan plane

- Lastly, | hope to implement this tracking algorithm as an extension in 3D Slicer so that it can be
tested during real patient interventions
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Figure 4: (a) The patient is placed in the supine position in the MRI gantry, and his legs are elevated to allow for
transperineal access. The skin of the perineum is prepared and draped in a sterile manner, and the needle guidance
template is positioned. (b) and (c) Axial and coronal views of intraprocedural T2-W MRI with needle tip marked by
white arrow. (d) 3D rendering of the needle (blue), segmented by my method, and visualized relative to the liver, and
an MRI cross-section that is orthogonal to the plane containing the needle tip.
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MRI has actually demonstrated value in improving guided liver biopsies as MRI can identify

suspicious masses, thus requiring less cores of tissue, and revealing a significantly higher ratio AC kn OWI ed gem ents

of cancer involvement to tissue core. Advances in real-time MRI also allow physicians to check

the placement and trajectory of the needle compared to the location of the suspicious mass, Synth eti C Data Gen erati O n ReSU |tS

and make adjustments accordingly. Acknowledgments:
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