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Aim:

A Improve speed of NCC based Elastography.

A Implement AM + DP based Elastography for better quaktiyl = Analytic Minimization
+ DP = Dynamic Programming)

A Integrate with Da Vinci for minimally invasive Prostatectomy.
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Figure 1:
Figure 1 shows overall system block diagram of our systene&btime GPUElastography algorithmfn
RF Data Generator reads RF signals from Ultrasound probe angddhkses this data to a data
distributor which in turn distributes it across to NCC Elastography Module and DP/AM Elastography
module. This data then is passed to a GUI which visualizes data and gives feedback to each module. The
feedback mechanism is kemirfparameter passing and in case DP/AM is slower than NCC then we want
to pass area of interest to this DP/AM Elastography module, so that only specific area of the RF data is
covered by this DP/AM Method. This area will be much smaller compared to witatibis.



AdvantagesSignificanceof using AM/DP:

A

To o

To To Do To Do Ix

NCC sensitive and accurate for small displacement.
A NCC is expensive for larger displacement.
A NCC is highly sensitive to motion and even a shiver of hand can make and break the
images.
AM/DP gies sub pixel displacement.
A Earlier the DP algorithm gave only integer level displacement.
A Finer sub pixel displacement using techniques like geneyatirain images from a pair
of strain images is quiet expensive.
Variable regularization applied.

A Regularization value changes per RF line depending on the input parameters.
Tackles motion of sub resolution scatters, out of plane motion, high compression and complex
fluid motions.

Works at depth where SNR decreases.

Low correlation due to complex motion near aiits and inside of vessels due to blood motion
can be handled.

Handles low correlation in lesions with liquid inside it.

Out-of-plane motion of movable structures within the image is handled.

Freehand palpation is more robust.

Minimizes displacement urdlestimation caused by smoothness constraints.

Uncorrelated ultrasound data can be treated as outlemsl corrected

AM/DP combination is more parallgdible than simple DP algorithm.

A BecauseAM introduces sub pixel disgtement which compensates fladk of feedback

from cost functionfrom adjacentRF linén DP.



DP/AM Elastography:
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The incoming RF Data is passed onto the Dynamic programming Elastography, which is calculated using

following formula.
!, and /1, are corresponding RF lines of before and

after deformation m is length of RF lines
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Cost function
/
is a weight for the regularization
Cost function is minimized at i = m and ty&alues that minimized the cost function are tracked back to
i =1, givingl; for all samples in axial direction.

This displacement is then feed to Analytical Minimization methdaich is calculated using formula.

Subscript p refers to previous RF lines
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Is the vector of total displacement of previous RF line

d'" =d” + Ad”
We solve the above equation fakd ,so that we can get d +Ad .
D is matrix with-1 2-1 shifting right with each row.

Now,



a,(d +Ad, —d_,—Ad,_, )2 Regularization term penalizes difference between (4, +Ad,)
and (d_,+Ad, )
Corrected by adding & to regularization term ¢, (di + Adi — a’i_1 — Adi_l — 3)2
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is the average displacement difference between samples i and (i-1)

AM equation will look like
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Figure 4
Figure 4 showthe effect of applyindgiasedregularization to the outputThe dottedline represents
underestimation of the curve and sdlline is the correction. The comparison should be done between
the same colors.

Now sometimes few out of range or uncorrelated RF data can act as noise. To caraati¢hdo
Iterated reweighted estimation.
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Iml Small value of T may discard many good sampling points.

= 1,3)— 1,3 +d)— 1", (i +d)Ad

The above equation gives us the least square estimation which we also dedlimsnsages.



Results
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Figure 5

Figure 5 shows the comparison of output from the strain image we generated. The arrow in 5.a shows a
CT scan of cavity of the tumor that has beemoved 5.b shows B mode image with no visible image

and 5.c shows output using AM/Direthod clearly showing cavity despite of low correlation inside the
cavity.
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Figure 6: Finite element strain Figure7: Finite element Mesh

The author has simulated the phantom data by using Finite Element haeghghomogenous and
isotropic material. The compression is applied ushBAQU @inite elementpackage. This is done with
the help of 10 scatterers in the simulated phantom image.



