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More women are diagnosed with breast cancer than any other type of cancer.

More woman are died from breast cancer than any other type of cancer, besides lung cancer.

Source - U.S. Cancer Statistics Working Group. U.S. Cancer Statistics Data Visualizations Tool, based on 2022 submission data (1999-2020): U.S. Department of Health
and Human Services, Centers for Disease Control and Prevention and National Cancer Institute; https:/www.cdc.gov/cancer/dataviz, released in November 2023.



https://www.cdc.gov/cancer/dataviz

The 5-year survival rate for breast cancer stands at 90%,
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50% of women between the
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dense breasts.

2 Mammograms misses
35.6-52.2% of breast cancers
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accessibility, and high false
positive rates.

yet this rate is closely tied to the (1) timing of detection and (2) treatment.

Ultrasound

L low expenses, radiation
free

L candetect tiny, node-
negative breast tumors

L canbe used in treatment


Presenter Notes
Presentation Notes
The 5-year survival rate for breast cancer stands at 90%, yet this rate is closely tied to the timing of detection and treatment. Therefore, the need for an effective and widely accessible breast imaging system is paramount. Currently, the most commonly employed methods for breast imaging include mammograms, MRI, and ultrasound. Ultrasound tomography emerges as a promising breast imaging tool due to its radiation-free nature and cost-effectiveness in comparison to X-ray-based mammograms and MRI.

Many women have dense breasts, which mammograms are inefficient in screening for cancer, because cancer can appear similar to regular dense breast tissue and if there is a lot of dense breast tissue, the cancer can ”hide.”
Reference (https://www.qtimaging.com/breastimaging/)

MRI has shown specific utility in women with extremely dense breast tissue.  However, MRI is not widely used as a screening test because of high expenses, hard accessibility, and high false positive rates.

Ultrasound tomography operates by emitting high-frequency sound waves (ultrasound) into the human body and recording the reflections' timing from acoustic boundaries, which provides depth information about the reflecting surfaces from the transducer. These echoes, upon reaching the transducer, generate electrical signals transmitted to the ultrasound scanner. The scanner, using the speed of sound and the time of each echo's return, calculates the distance from the transducer to the tissue boundary. These distances are then utilized to create two-dimensional images of tissues and organs.

https://www.mayoclinic.org/tests-procedures/breast-mri/about/pac-20384809
https://iopscience.iop.org/article/10.1088/1361-6560/acaeed/pdf
https://en.wikipedia.org/wiki/Breast_imaging
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Unlike conventional B-mode ultrasound, which demands manual operation by physicians and relies solely on reflected signals for image formation. 

This arrangement enables the simultaneous acquisition of both transmitted and reflected signals from wave-tissue interactions by sequentially emitting waves from each transducer and measuring signals using the remaining ones.

Leveraging this approach, USCT holds the potential to retrieve 2D/3D structural information of biological tissues akin to medical X-ray CT.

USCT typically employs partial differential equations (PDEs) to model ultrasonic wave propagation and solves a PDE-constrained nonlinear inverse problem to reconstruct tissue properties, such as attenuation and sound speed. This technology is commonly referred to as full waveform inversion (FWI). FWI, while effective, requires multiple iterations of PDE simulations for a single reconstruction. Due to the computationally intensive nature of numerical PDE solvers, achieving quasi-real-time FWI image reconstruction remains a challenge.
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In steady-state conditions, the propagation of ultrasound waves can be accurately described by a heterogeneous Helmholtz equation, assuming negligible shear motion and nonlinear effects,

In steady-state conditions, namely the source pressure is periodic and never fades out, we can Fourier-transform the pressure in time to

By substituting the Fourier-transformed pressure into the wave equation, we have the Helmholtz equation, which represents a time-independent form of the wave equation, in other word steady state, with reduced complexity of the analysis
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This inverse problemis commonly referred to as frequency domain full waveform inversion
FD-FW1). Akin to many other inverse problems, FD-FW! is typically solved using
pENeRelilnglv4=lgS, but it can be [delgg[elBi = dle] B\ Al Bl t4Igts for large-scale problems like 3D

reconstructions.
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Canwefind a method in the era of deep learning to solve USCT problem?
Namely learning a mapping between complex function spaces.
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The central goal of USCT is to reconstruct the spatial distribution of sound speed within biological tissues, denoted by c(x), using the measurements obtained from the transducers, represented by y. This inverse problem can be formulated as a PDE-constrained optimization problem:
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Kwave can simulate the time-domain propagation of compressional waves through a two-dimensional homogeneous or heterogeneous acoustic medium given four input structures: kgrid, medium, source, and sensor. The computation is based on a first-order k-space model which accounts for power law absorption and a heterogeneous sound speed and density. (ref http://www.k-wave.org/documentation/kspaceFirstOrder2D.php)

At each time-step (defined by kgrid.dt and kgrid.Nt or kgrid.t_array), the acoustic field parameters at the positions defined by sensor.mask are recorded and stored. For a homogeneous medium the formulation is exact and the time-steps are only limited by the effectiveness of the perfectly matched layer. For a heterogeneous medium, the solution represents a leap-frog pseudospectral method with a k-space correction that improves the accuracy of computing the temporal derivatives. This allows larger time-steps to be taken for the same level of accuracy compared to conventional pseudospectral time-domain methods. The computational grids are staggered both spatially and temporally.
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To generate synthetic training and testing samples, Gaussian random fields were used to emulate the variations in soft tissue and binned into binary values (1450, 1550 m/s). The outside of the desired synthetic breast tissue region is replaced with water-like SS values (1500 m/s) and ``skin'' (1580 m/s) is added around the breast tissue. This results in randomly generated fields, which is ideal for synthetically creating a large dataset. The fidelity of both input and output fields is 128 x 128. 

A k-space pseudo-spectral method (k-Wave) MATLAB package was used to run a full-wave numerical forward simulation over the randomly generated heterogeneous SS fields and a homogeneous density field, given an equally distributed set of 128 emitter locations and 128 receivers. We used a Daubechies 8 wavelet as the time-varying excitation pulse for all emitters, emulating a physical transducer. The TOF was determined using cross-correlation between the emitter and receiver signals. The discrepancy is taken between the TOF of the breast inside a water bath and only water, resulting in fields that highly correlate to the variation in SS fields. The TOF discrepancy and SS fields were then min-max normalized before training, and an $80$:$20$ train-test split was used.

We utilize a tensorized Fourier neural operator (T-FNO) to learn the mapping between the 2D emitter by receiver time-of-flight (TOF) field and the spatial 2D sound speed (SS) field. 


Single realization of train/test set examples
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T-FNO el [f= R [SF s le b=y (zE\l]gs in the phantom, compared to U-Net.

The dashed red line indicates the location of the evenly distributed emitters and receivers. The region outside the
transducer ring is masked out for improved training and quantity of interest comparison but is present in the full-wave
simulation to mitigate reflection.
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the respective models were trained to learn the mapping between the TOF discrepancy (first column) and the ground truth SS (second column) with resulting SS predictions (third and fourth column) for one realization in the dataset. 


MSE comparison between T-FNO and U-Net

Model | GRF Correlation | Noise Testing MSE Training MSE
High Clean | 2.01 £0.33 x 1072 | 0.69+0.11 x 10~2
TFNO 10% | 2.06 + 0.34 x 10—2 0.68 +0.11 x 10—3
Low Clean | 3.27+0.16 x 1072 | 1.00+0.06 x 10~
10% | 2.67+0.17 x1072 | 1.534+0.08 x 10~2
High Clean | 2.52+0.44 x 1072 | 0.12+0.03 x 102
U-Net 10% | 2.794+0.42 x 1072 | 0.01 +0.01 x 102
Low Clean | 3.814+0.17x 1072 | 0.42+0.05 x 1072
10% | 4.024+0.21 x 1072 | 0.02+0.01 x 103

T-FNO [ofietgielfnil the U-Net at test time under all conditions,

whereas the U-Net better fits the training set but
well.
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the mean squared error (MSE) over the full dataset is reported for a variety of setups. White noise was added to the receiver time series prior to cross-correlation to assess robustness. We observe that the T-FNO outperforms the U-Net at test time under all conditions, whereas the U-Net better fits the training set but does not generalize well. A single inference with the T-FNO takes 1.44 seconds compared to 1.57 with the U-Net. Higher correlation fields prove easier to infer for both models, although they incur greater variance in the errors.


Training loss plot
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T-FNO better captures the overall trends in the data, while the U-Net is prone to
the training data.

The U-Net suffers from considerable iSildelirelifelaifsdfeli, cven when additional
examples were provided.


Presenter Notes
Presentation Notes
The loss convergence plots are shown for differing dataset sizes of 100 (small dataset) and 200 (big dataset), respectively (fifth column). Empirically, we observe that the T-FNO better captures the overall trends in the data, while the U-Net is prone to overfit the training data. This is also shown in the loss convergence plots, in which the U-Net suffers from considerable generalization error, even when additional examples were provided.


Conclusions

1. We have proposed usingto accurately and efficiently solve
the full-wave inverse problem on synthetic ultrasound tomography.

2. Our novel application of the T-FNO [[yg]JfeiEX S g HENSIE U-Net,

laying the foundation for real-time accurate predictions of soft tissue
distribution for tumor identification on breast imaging.

3. Additionally, the application of both U-Net and T-FNO to this problem
formulationis itself novel since both are real-time predictors and [d[e}a[e]s
require computationally expensive ray-based inversion [e]glesRuZ1{slleh
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So in this work, for the first time the deep neural network is used in estimating a Riemannian metric to characterize human connectome

Our proposed method outperforms any of the previous geodesic tractography method by a large margin

And the long-standing problem of the inability to recover the crossing fiber is also overcome by our method

However, our method need to solve from scratch for each new coming brain, though it only takes half an hour to converge, it is still in our hope that the generalization ability can be strengthened in the future.
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