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ABSTRACT 

Problem: The gold standard for prostate cancer diagnosis is B-mode transrectal ultrasound-guided systematic 
core needle biopsy. However, cancer is indistinguishable under ultrasound and thus additional costly imaging 
methods are necessary to perform targeted biopsies. Speed of sound is a potential biomarker for prostate cancer 
and has the potential to be measured using ultrasound tomography. Given the physical constraints of the 
prostate’s anatomy, this work explores a simulation study using deep learning for limited-angle ultrasound 
tomography to reconstruct speed of sound. 

Methods: A deep learning-based image reconstruction framework is used to address the limited-angle 
ultrasound tomography problem. The training data is generated using the k-wave acoustic simulation package. 
The general network structure is composed of a series of dense fully-connected layers followed by an encoder 
and a decoder network. The basic idea behind this neural network is to encode a time of flight map into a lower 
dimension representation that can then be decoded into a speed of sound image. 

Results and Conclusions: We show that limited-angle UST is feasible in simulation using an auto-encoder-like 
DL framework. There was a mean absolute error of 7.5 ± 8.1 m/s with a maximum absolute error of 139.3 m/s. 
Future validation on experimental data will further assess their ability in improving limited-angle ultrasound 
tomography.  

INTRODUCTION 

Prostate cancer (PCa) is the second leading cause of cancer death in American men [1]. The gold standard for 
PCa diagnosis is B-mode transrectal ultrasound-guided systematic core needle biopsy. This procedure is blind 
however because tumors are generally indistinguishable from healthy prostate tissue in ultrasound (US) images. 
As a result, there are many different biopsy schemes that aim to best cover the entire prostate. These schemes 
are random in nature and are susceptible to undersampling the prostate, leading to less effective cancer detection 
[4]. It has also led to the development and use of targeted prostate biopsy methods using multiparametric 
magnetic resonance imaging (mpMRI) [2, 3] or US/mpMRI fusion [4, 5]. In these methods, suspicious tumor 
regions are diagnosed by a radiologist in the pre-operative mpMRI and are used during the procedure as biopsy 
targets.  

Targeted prostate biopsies have the advantage in that the biopsies are now done with prior knowledge of 
suspicious regions of the prostate obtained from pre-operative mpMRI. Siddiqui et al. showed increased 
detection of high-risk prostate cancer and decreased detection of low-risk prostate cancer when using 
mpMRI/US fusion biopsy compared with standard extended-sextant ultrasound-guided biopsy [4]. However, 
given the assortment of high costs associated with using MRI, an alternative cost-effective imaging solution 
may be necessary for cases in which MRI is cost-prohibitive.  
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Figure 1. Limited-angle ultrasound tomography transducer scenarios a) abdominal probe and 
transrectal linear probe b) abdominal probe and transrectal curvilinear probe. c) 2 abdominal probes 

Ultrasound tomography (UST) may be one such imaging solution. Ultrasound tomography is a quantitative 
imaging modality and has been most commonly used in breast imaging for the detection and diagnosis of breast 
cancer [6, 7]. It has been shown that UST can provide biomarkers, such as speed-of-sound (SoS) that can be 
used to characterize tissue types in the breast and differentiate between them [8]. UST systems designed for the 
breast typically resemble a ring or a hemisphere and cannot be used for prostate imaging without modification. 
This type of system represents a full-angle UST scenario where the acoustic waves travel across the region or 
organ of interest from approximately all directions. We previously demonstrated a robotics-based UST system 
that may be generalizable to any organ [9]. In this system shown in figure 1, two US transducers face each other 
in a limited-angle scenario as the acoustic waves travel across the region of interest from a limited number of 
directions. Figure 1a and 1b show a two-transducer setup that may be applicable to prostate imaging, combining 
an abdominal US transducer with an endorectal US transducer. Figure 1c shows the initial experimental setup 
using two abdominal transducers to emulate the prostate scenario. Thus far, many UST image reconstruction 
methods have focused on full-wave inverse scattering [10, 11], which can be difficult to solve efficiently and 
accurately as the limited-angle scenario is an ill-posed condition problem. 

There have been many recent developments in the field of deep imaging. In the context of medical imaging, 
until recently, deep learning (DL) and machine learning (ML) have been used mainly for labeling and 
classification tasks [12-14]. Deep imaging is the use of DL to learn the underlying model of the imaging sensor, 
allowing one to recover the image from the sensor data. There have been some promising results for deep 
imaging in MRI and CT sparse data reconstruction problems [15-17]. Inspired by these promising results and 
the problems with using full-wave inverse scattering in this limited-angle scenario, we aim to explore a DL-
based framework to solve the limited-angle UST problem. 

 

Figure 2. Speed of sound image reconstruction workflow: conventional inverse scattering-based method 
or deep learning neural network-based method 
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Figure 2 shows how we propose the DL-based framework to be integrated into the image reconstruction process. 
The core of image reconstruction is recovering the image from the sensor data. As such, conventional image 
reconstruction uses inversion methods based on physical knowledge of the sensor. We propose to use a DL-
based framework in place of these inversion methods.  

This manuscript will describe a DL-based framework that takes in time-of-flight (ToF) measurements derived 
from the sensor data as the input and returns a SoS image of the medium as the output. The methods section 
will describe the DL network structure and how one can train it. The results section will show simulation results 
and an analysis on the resulting errors. Following that, we will discuss ways that such a DL-based limited-angle 
UST image reconstruction framework may be improved. 

1. METHODS 
1.1 Deep Learning Training  

One important aspect of training deep learning networks is the presence of training data. Conventionally, DL 
networks are trained with labeled data, where one has knowledge of the output corresponding with each set of 
collected input data. These labels are often created manually. For example, in a segmentation task, one might 
ask experts to segment or label many images to train a DL network.  

In the context of image reconstruction, knowledge of the medium or region being imaged must be obtained. For 
UST, this corresponds to the SoS image of the medium. In general, it is very difficult to know the SoS image 
of the medium without dedicated devices for determining the SoS. One option is the use of phantoms with 
known and precise SoS parameters, but it is impractical to create thousands of phantoms for the purposes of 
collecting training data. 

Simulation is one solution to this problem. The requirement for using simulation to generate training data is that 
one must have knowledge of the forward model to the system. In UST, this means that given a SoS image of 
the medium, we can determine the data received by the sensors which corresponds to knowledge of the sensor 
locations as well as the propagation of the acoustic waves. We randomly generate SoS images based on the 
parameters shown in table 1. These include speed of sounds for a background, a prostate, and 2 regions of 
interest (ROI – Fig. 3). The speed of sound values of each region is composed of 2 components. The first 
component is a baseline speed of sound drawn from a uniform distribution. The second component is a value 
drawn from a normal distribution to simulate pixel inhomogeneity. These values are chosen based on our 
assumption on the expected SoS in prostate tissue drawn from literature and a previous study [18, 19]. The 
prostate and ROI shapes are simulated as ellipses based on equation 1 as a representation of what one might see 
in the body without using complicated higher order shapes. Higher order shapes are also possible but were not 
investigated at this time. 𝑟𝑝,𝑐  and 𝑒𝑝,𝑐  represent the radius and ellipsoidal factors of the prostate and ROIs 
respectively. 𝑥𝑝, and 𝑦𝑝 represent the center of the prostate. An equation replacing the prostate parameters with 
the ROI parameters can be easily derived from equation 1. We also note here that the DL network must be 
retrained with the corresponding training data for different sensor or imaging configurations. A few examples 
of the simulated SoS images can be seen in figure 3. 

 

Table 1. Speed of sound simulation parameters and values 
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Parameter Value 
Background speed of sound U[1490,1540] + 5*N(0,1) 
Prostate speed of sound (𝑆𝑜𝑆𝑝) U[1515,1615] + 5*N(0,1) 
Prostate radius (𝑟𝑝)* U[15, 30] 
Prostate ellipsoidal factor (𝑒𝑝)* U[0.9, 1]  
Region of interest speed of sound (2) 𝑆𝑜𝑆𝑝+50*U[-0.5,0.5]+5*N(0,1) 
ROI radius (𝑟𝑐)* U[1, 2] 
ROI ellipsoidal factor (𝑒𝑐)* U[1, 4] 

 

Figure 3. Speed of Sound Simulation Examples for training the network 

This SoS image is then used alongside a simulated acoustic environment representing the experimental platform 
to generate the corresponding ToF image. The acoustic environment consists of two 6-cm 32-element 
transducers facing each other separated by 5 cm. We do this process with the MATLAB k-Wave toolbox [20]. 
A total of 5000 images were used, with half for training and half for validation. 

1.2 Network Structure 

 

Figure 4. Deep learning network structure description: Various layers and number of trainable 
parameters in encoder, decoder, and complete network respectively 
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Figure 4 shows the network structure that we used in this study. The structure resembles an auto-encoder [21]. 
The main function of an auto-encoder is to compress or encode the higher dimension input data into a lower 
dimension parameter vector that represents the input data and determine the most significant parameters that 
define the input. To accomplish this, an auto-encoder will have an encoder half and a decoder half. As the names 
suggest, one aims to encode the higher dimension input data into a lower dimension parameter vector while the 
other aims to decode the lower dimension parameter vector into a higher dimension output data.  

The use of an auto-encoder in UST image reconstruction is slightly different than its conventional use for image 
denoising where the input and output data are in the same domain or image space. In this scenario, the input 
and output data to the auto-encoder DL network are no longer the same as the input is the ToF image whereas 
the output is the SoS image. Instead, the aim is to encode the input sensor ToF data into a lower dimension 
parameter vector, that can then be decoded into the output SoS image. The basic idea of this network is like 
AUTOMAP by Zhu et al. [16], which was used for MRI and PET image reconstruction. We implemented this 
network in Keras [22], with underlying support by tensorflow [23].  

2. RESULTS 

 

Figure 5. Sample validation images comparison between ground truth and computed speed of sound and 
the absolute error between them 

Figure 5 shows a set of validation SoS images computed with the DL-based UST framework compared with 
the ground truth simulated SoS map. Quantitatively, there was an absolute error of 7.5 ± 8.1 m/s with a 
maximum absolute error of 139.3 m/s. The errors are particularly evident at the borders of regions with 
differences in speed of sound.  
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Figure 6. Pixel-wise root mean square errors and mean absolute error within imaging region 

Figure 6 shows the pixel-wise root mean square error and mean absolute error at each spatial location relative 
to the imaging apparatus across all 2500 of the validation images.  

 

Figure 7. Comparison of resolution on a sample validation image in axial and lateral dimensions 

Figure 7 shows the line plots across both dimensions of a sample validation SoS image reconstructed with the 
DL-based UST framework compared with the ground truth simulated SoS map. 

3. DISCUSSION 

From the results in figure 5, we can see that a DL-based limited-angle UST reconstruction method is feasible 
with certain limitations. First, from the error difference images, it is observed that while the main SoS regions 
are reconstructed well with mean errors under 10 m/s, most of the errors are present at the transitions between 
different speed of sound bodies. This is partially attributed to a loss in resolution in the computed images as can 
be seen in figure 7. The sharp edges in the original ground truth speed of sound images are smoothed out in the 
computed images. This causes a direct subtraction between the two images to have large discrepancies at these 
edges. An alternate way of comparison to explore in future work may be to first segment the computed images 
for the top discernible speed of sound regions and comparing that directly with the known speed of sound 
regions.  

Figure 6 shows the error as a function of the image pixel’s location relative to the imaging sensor. One would 
expect the central regions of the image to have lower errors because more acoustic paths pass through these 
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regions, leading to more knowledge of these regions. However, we can see that this is not the case in figure 6, 
and errors seem to be slightly higher in the central regions. The reason for this can also be explained by the loss 
in resolution described in the previous paragraph in conjunction with the prostate region being placed central in 
the image. The large errors observed at the region interfaces are concentrated in the central regions because that 
is where the region interfaces are also concentrated. A choice of more random speed of sound validation images 
may be one way of observing if the expectation that the central regions have lower speed of sound is valid. 

The next step to validate this method is to test the trained DL-based image reconstruction framework on 
experimentally collected data. One of the main challenges is that any discrepancies in the imaging environment 
and the simulated environment used for training will result in errors. The DL-based image reconstruction 
framework is only trained to perform on the data used to train it. This challenge may lead to the need for many 
UST image reconstruction neural networks to be trained for each independent imaging scenario. One possible 
solution to decrease the amount of necessary training may be transfer learning, briefly training pre-trained 
networks with data representing the new imaging scenario.  

4. CONCLUSION 

This manuscript explores the use of a deep learning neural network applied to the limited-angle ultrasound 
tomography problem. We demonstrate that this DL-based image reconstruction method is feasible in simulation. 
Future work will extend this framework to experimentally collected data. 
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