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Microwave-induced thermoacoustic tomography (TAT) is a rapidly-developing noninvasive imaging technique that
integrates the advantages of microwave imaging and ultrasound imaging. While an image reconstruction algorithm is
critical for the TAT, current reconstruction methods often creates significant artifacts and are computationally costly. In
this work, we propose a deep learning-based end-to-end image reconstruction method to achieve the direct reconstruction
from the sinogram data to the initial pressure density image. We design a new network architecture TAT-Net to transfer
the sinogram domain to the image domain with high accuracy. For the scenarios where realistic training data are scarce
or unavailable, we use the finite element method (FEM) to generate synthetic data where the domain gap between the
synthetic and realistic data is resolved through the signal processing method. The TAT-Net trained with synthetic data is
evaluated through both simulations and phantom experiments and achieves competitive performance in artifact removal and
robustness. Compared with other state-of-the-art reconstruction methods, the TAT-Net method can reduce the root mean
square error to 0.0143, and increase the structure similarity and peak signal-to-noise ratio to 0.988 and 38.64, respectively.
The results obtained indicate that the TAT-Net has great potential applications in improving image reconstruction quality
and fast quantitative reconstruction.

Keywords: thermoacoustic tomography (TAT), TAT reconstruction, deep learning, finite-element
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1. Introduction

Microwave-induced thermoacoustic tomography (TAT) is
an emerging hybrid imaging technique based on tissue elec-
tromagnetic properties, and provides high microwave con-
trast, high spatial resolution, and deep penetration depth
imaging.[1–8] It has so far been widely applied to the detection
of breast,[9–12] kidney,[13] and prostate[14] cancers as well as
angiography[15,16] and brain imaging.[17] In the TAT, the tar-
get absorbs a microwave electromagnetic pulse, producing an
ultrasonic wave due to thermal expansion.[18] The ultrasonic
wave propagates out and is received by an ultrasonic trans-
ducer, and the inverse problem can be solved by an image re-
construction algorithm such as delay-and-sum (DAS),[19–21]

time reversal,[22–24] and model-based iterative methods.[25–31]

The DAS is a most commonly used algorithm in TAT which
can achieve fast reconstruction, but suffers streaking artifacts,
resulting in image distortion, especially in the situation of lim-
ited view or sparse view.[32] The model-based iterative algo-
rithms can obtain better imaging results and achieve quantita-
tive reconstruction in terms of tissue conductivity, but its iter-
ative process is time consuming.

Deep learning has achieved great success in the field of
computer vision and has been widely used and developed in

the field of medical imaging. In recent years, several im-
age reconstruction methods based on deep learning have been
proposed, covering computed tomography (CT),[33–40] mag-
netic resonance imaging (MRI),[41–43] photoacoustic tomogra-
phy (PAT),[44–49] and other fields.[50] Inspired by the success
in these fields, we introduce deep learning method into TAT
image reconstruction. Since this paper is the first study on
deep learning in the field of TAT, and the reconstruction prin-
ciples of PAT and TAT are similar, we take PAT for example to
analyze the existing methods. The deep learning-based recon-
struction method can be divided mainly into post-processing
method and direct method. The post-processing reconstruc-
tion is to use the convolutional neural network (CNN) to post-
process the low quality initial pressure images produced from
a traditional reconstruction method, which has been shown to
well solve these problems such as limited/sparse view, and
denoising. However, the reconstruction error from the tradi-
tional reconstruction methods will give rise to further signif-
icant artifacts and missing of image features. The direct re-
construction method leverages the information from the sen-
sor data to provide end-to-end image reconstruction, and the
work for PAT reconstruction using numerical simulations has
demonstrated the feasibility of this method. Waibel et al. used
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a modified U-Net to estimate the initial pressure distribution
directly from the PA raw sensor data.[51] Anas et al. used a
dense convolutional neural networks to achieve photoacous-
tic beamforming.[52] Lan et al. proposed DU-Net with auxil-
iary loss for multi-frequency ring-shape transducer array.[53]

However, since the method requires the model to learn the
transition between the signal domain and image domain, it re-
quires a great number of data and stronger model representa-
tion. Owing to these limitations, the existing direct reconstruc-
tion method does not perform so well as the post-processing
method. In addition to the above two methods, several inno-
vative ideas were recently proposed. For instance, a hybrid
method uses two encoders to extract features from the sensor
data and beam formed images, respectively, and reconstruct
initial energy density with combined features.[54,55] A model-
based method uses a prior constraints learned by training a
CNN for image reconstruction.[56,57]

To the best of our knowledge, this is the first time that
deep learning has been used for image reconstruction in TAT.
In this work, we explore the reasons for the inaccurate re-
construction with standard U-Net model and propose a new
network called TAT-Net to achieve end-to-end reconstruction
from sinogram to image in TAT with high quantitative accu-
racy. In addition, facing the scarcity of TAT experimental data
and the lack of training set, a new paradigm for data genera-
tion using finite element method (FEM) is implemented, and a
signal processing method is combined to solve the problem of
domain gap between synthetic data and realistic experimental
data. The TAT-Net trained with synthetic data is evaluated in
both simulations and phantom experiments to demonstrate the
superiority of the proposed method over the traditional recon-
struction methods and the potential applications in the situa-
tion of experimental data scarcity.

2. Methods
In the TAT, the acoustic inversion from the measured data

to an estimate of the initial acoustic pressure distribution is
an ill-posed problem due to the incomplete or imperfect mea-
surement data and inaccurate forward model. For the image
reconstruction tasks in TAT, we hope to find a reconstruction
operator A to achieve the mapping form measurement data S
to initial acoustic pressure P. The deep learning can help to
solve this problem by representing the reconstruction operator
A with a CNN which includes a set of learnable parameters θ ,
such as P = Aθ (S) where θ can be determined by a suitable
optimization method with the given training data.

2.1. Deep learning for image reconstruction

The neural network used for image reconstruction is con-
structed based on the encoder–decoder structure. The corre-

sponding neural network architecture of the TAT-Net is illus-
trated in Fig. 1. In the TAT-Net, the encoder part is responsi-
ble for the image downsampling, which continuously extract
the image features to obtain the advanced feature maps. Con-
versely, the decoder part implements continuous up-sampling,
which maps the extracted features to the final reconstructed
image. The input of the TAT-Net is the two-dimensional (2D)
sinogram which is processed by arranging the sensor data col-
lected in all directions (i.e., sinogram in a size of 270× 180
represents that the number of channels is 180 and the data
length of each channel is 270), and the output is the initial
energy density distribution. The input image is fed into a 7×7
convolution layer with 2×3 stride to obtain the square feature
map. The encoder part consists of 12 blocks, including 8 B1
blocks and 4 B2 blocks, and the decoder part also consists of
12 blocks, including 7 B1 blocks and 5 B3 blocks. The pooling
layer and up-sampling operator are replaced by convolution
layer and transposed convolution layer with a stride of 2× 2
for higher representation capacity. To avoid the checkerboard
artifacts,[58] the size of the transposed convolution kernel is set
to be twice the stride.

Unlike previous neural networks for reconstruction task
such as U-Net, the global residual learning and feature fu-
sion between encoder and decoder are not recommended in
TAT-Net. There exists a significant difference between the
input sinogram and output reconstructed image, and learning
the residual between them is more difficult, as using global
residual in this task leads to a high probability of unconver-
gent training. The shallow feature fusion will result in shal-
low features being output directly into the final image with-
out sufficient convolution for feature translation, which intro-
duces some sinogram-like artifacts into the reconstructed im-
age (see Subsection 3.2). In addition, we observe porphyritic
BN artifacts[59] in the experiments. Thus, we remove all batch
normalization layers from residual blocks for stable training
and consistent performance.

Since we remove the batch normalization layers, train-
ing a deep network becomes difficult. We adopt the resid-
ual module[60] to solve the problem of gradient disappearance.
To reduce training time and memory consumption, bottleneck
structure is used in the entire TAT-Net. The B1 block is a
standard bottleneck residual block. In the bottleneck residual
structure CNN, traditional up-sampling and down-sampling
operations take up a large part of the overall time and compu-
tation of the network, so we design the downsampling blocks
B2 and up-sampling blocks B3 with bottleneck residual struc-
ture. The residual shortcut used in the down-sampling block
is a 2× 2 stride convolution and up-sampling is 2× 2 stride
transposed convolution.
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Fig. 1. Detailed network architecture of TAT-Net for image reconstruction, where the plus and multiplication signs in the colored rectangle represent the
connection and repetition times of the block, respectively, the numbers written below the rectangle indicate the channels of feature map, the stride size of
each convolution layer is 1 by default, except for those already indicated, and ConvT indicates the transposed convolution layer.

The TAT-Net uses leaky rectified linear units (a = 0.01)
as activation function to obtain a steady training. We initialize
the weights in convolution layers and transpose the convolu-
tion layer into a Kaiming normal distribution (a = 0.01).[61]

The parameters of the network are optimized by minimizing
the mean square error (MSE) loss function:

L = ‖GT − f (X)‖2
2 , (1)

where GT is the ground truth, X is the sinogram image, and f
is TAT-Net operator.

We continuously reduce the MSE loss between the model
output and GT by Adam algorithm[62] to optimize the param-
eters of the model. The learning rate and batch size set to be
10−4 and 8, respectively. In the prediction process, we input
the sinograms into the trained model to obtain the initial en-
ergy loss density images.

In the experiments, the network is implemented in Py-
Torch framework.[63] and deployed in a computer platform
with Intel(R) Xeon(R) CPU E5-2630 v4 2.2 GHz and NVIDIA
TITAN Xp with 12G memory.

2.2. Synthetic data generation

The deep learning-based method depends on a large quan-
tity of data; however, the current experimental conditions of
TAT do not have the capacity for data mass production. In ad-
dition, the data and images acquired through the experiments
can be affected by various factors, such as system instabilities,
difference among the reconstruction methods, and inhomoge-
neous distribution of the microwave field, etc. These issues
will impede us from obtaining realistic target parameters, and
thus, we seek for a reliable simulation method to construct the

synthetic dataset that satisfies the mapping of the real initial
energy density distribution into the sensor data.

Our data generation method includes two steps. The first
step is to solve the forward solution of the thermoacoustic
wave equation through the finite element method (FEM),[64]

and the thermoacoustic wave equation is defined as

∇
2 p(𝑟,t)− 1

c2
∂ 2

∂ t2 p(𝑟,t) =−βϕ (𝑟)

Cp

∂J (t)
∂ t

, (2)

where c is the acoustic speed, β is the volume expansion co-
efficient, Cp is the specific heat, ϕ(𝑟) denotes the energy de-
position in the tissue, and J(t) represents the microwave pulse.
Equation (2) is based on the assumption that microwave power
dissipation in a region is so rapid that thermal diffusion can be
neglected. J (t) = δ (t− t0) is also assumed in our study.

In the FEM simulation, a total of 180 acoustic receivers
are equally distributed along the surface of the 80-mm diame-
ter circular background region. The finite-element mesh used
for the forward calculations has 5371 nodes and 10560 ele-
ments. One to three circles of different sizes and energy den-
sities are deployed as initial energy densities, and these targets
are randomly placed at different positions in the region of in-
terest (ROI) with 40 mm×40 mm in size. We assume that the
distribution of ultrasonic velocity and microwave energy are
uniform in simulation. We can obtain sensor data Sc(N) from
each acoustic receiver’s channel, where N is the data length.

The second step is to preprocess the data. In order to
reduce the computational cost of the neural network, we re-
duce the input size of the network by deleting redundant data.
According to the size of ROI and the location number of the
acoustic receivers, we can calculate a data range that con-
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tributes significantly to the reconstructed image:

Sc
new = Sc (i) , i∈

(
fs (R0−a)

ν
,

fs (R0+a)
ν

)
, (3)

where fs is the sampling frequency, R0 is the radius of the cir-
cular acoustic receiver array, a is the size of square ROI, and
ν is the ultrasonic velocity. We use the following parameter
configuration, fs = 10 MHz, and ν = 1495 m/s. In addition,
Gaussian noise and random bias are added into the sinogram
to improve the ability to generalize the model and to reduce
the domain gap between synthetic and realistic data. The pro-
cessed sinogram has a signal-to-noise ratio (SNR) of 20 dB.

Finally, we use 270×180 pixel sinogram as the network
input and 192×192 pixel energy density image as the ground
truth. The dataset consists of 8192 training sets and 1024 val-
idation sets. In order to verify the robustness of the model
in terms of the number of imaging targets, an additional data
containing 4 or 5 circular targets are generated.

2.3. TAT phantom data acquisition

To further demonstrate the feasibility of our proposed
method, we conduct several phantom experiments with a TAT
system shown in Fig. 2(a) to obtain the phantom experi-
ment data. Plastic tubes containing physiological saline so-
lution are used as the reconstruction target, and the photo-
graph of the three tubes is shown in Fig. 2(b). In the TAT sys-
tem, a microwave pulse is generated by a custom-designed 3-
GHz microwave generator (bandwidth: 50 MHz, peak power:
70 kW, pulse duration: 750 ns), couples into a rectangular
waveguide and is irradiated to a phantom by a horn antenna
(114 mm×144 mm). The averaged microwave power den-
sity at the phantom surface is less than 0.32 mW/mm2, which
is far below the safety standard (20 mW/cm2 at 3 GHz). A
single-element unfocused transducer (V323, Olympus, cen-
tral frequency: 2.25 MHz, nominal bandwidth: 1.35 MHz)
is used to acquire the TA signal over 360◦ at 180 positions
around the sample rotated by the step motor. The digital sig-
nals are amplified by an amplifier and then recorded by a
data acquisition card (PCI4732, Vidts Dynamic, sampling fre-
quency: 50 MHz). The data are down sampled from 50 MHz
to 10 MHz and the ROI is the same as that in the simulation
setup. In the experiment, the scanning radius of the probe is
164 mm. In order to make the experimental data and simula-
tion data have the same scanning radius property, a method of
processing the signal is used to ensure the same detector posi-
tions as the simulation setup by setting the virtual detectors.[65]

As with the processing of synthetic data, we perform data re-
finement on the phantom data according to Eq. (3). Since the
reflected signals created by non-target components in a TAT
system factor are often present in these deleted data, the data
refinement has the additional benefit of avoiding misinterpre-
tation of the network due to the reflected signals. So far, we

have obtained 270× 180 pixel thermoacoustic experimental
sinogram as the test dataset.

Obective
tabel

Step monitor

Sample

Microwave 
generator

Data 
acquisition

card

Amplifier

Transducer

Oil

Horn antenna

Trigger

Computer

(b)(a)

Fig. 2. (a) Schematic diagram of experimental setup, and (b) photograph of
three saline-containing tubes.

3. Experiments and results
3.1. Synthetic data

We evaluate the performance of the proposed method by
comparing the reconstruction results of DAS, U-Net, and TAT-
Net. Figure 3 shows the results from the synthetic data with 1
to 3 circular targets. We can find that the TAT-Net can accu-
rately reconstruct the position and shape of each target. Com-
paring with DAS, the image from TAT-Net has more well-
defined boundaries and purer background. The U-Net pro-
vides more satisfactory results than DAS but produces addi-
tional artifacts in the 3-circle case. To visually show the recon-
struction of TAT-Net, in Fig. 4 are plotted the one-dimensional
(1D) line intensity profiles passing through the red dashed
lines shown in Fig. 3 for the images reconstructed by differ-
ent methods. It is obvious that the line intensity profile from
our proposed method is closer to the ground truth, demonstrat-
ing that the proposed method allows the better reconstructing
of initial energy density and target boundary.

We use three image quality indexes: root mean square er-
ror (RMSE), structural similarity index (SSIM),[66] and peak
signal-to-noise ratio (PSNR) for quantitative analysis and the
results are shown in Table 1. The proposed TAT-Net obtains
lower RMSE and higher SSIM and PSNR than the DAS, which
indicates that the TAT-Net has obvious advantages over the
traditional method in reconstruction accuracy. Compared with
the U-Net, the TAT-Net has a slight improvement in RMSE
and PSNR, and a substantial improvement in SSIM, suggest-
ing that the TAT-Net has better structural preservation. We also
record the reconstruction times of different methods, and the
average computing time of TAT-NET is about 8 times faster
than that of DAS.
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Sinogram                Ground truth               DAS                U-Net TAT-Net

10 mm

10 mm

10 mm

Fig. 3. Reconstructed images using synthetic data with 1 to 3 circular targets, where the first column denotes the the sinogram obtained from FEM
simulation, the second column refers to the ground truth of energy density distribution, and the third to fifth column represent the images reconstructed
using DAS, U-Net, and TAT-Net, respectively.
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Fig. 4. Image profiles along the dashed red lines shown in the second column of Fig. 3.

Table 1. Comparison among different methods using simulation
dataset.

Algorithms RMSE SSIM PSNR Time (s)

DAS 0.0242 0.723 33.93 0.244
U-Net 0.0142 0.960 38.61 0.025

TAT-NET 0.0143 0.988 38.64 0.031

3.2. Experimental data

In the experiments, one to three saline-containing tubes
are used as reconstruction target(s), and the TAT phantom
dataset is obtained by using the TAT system shown in Fig. 2.
The network is trained on the synthetic dataset and tested on
the TAT phantom dataset. Although both datasets contain sim-
ilar circular reconstruction targets, significant domain gap can
be observed in the sinogram due to the TAT system factors.
These experiments are used to confirm whether the TAT-Net
has the ability to generalize the experimental dataset.

Figure 5 shows the reconstruction results of 1 to 3 circu-
lar targets from different methods. The reconstructed images
by the DAS suffer severe artifacts and blur target edges. There
also exists an annular reflection signal interference around the
target. In the case of 3 targets, the larger target is slightly ellip-
tical and splits into two parts in the DAS image, and the shapes

of two lager targets also become elliptical in the TAT-Net im-
age. This is, we believe, due to inhomogeneous microwave
absorption caused by microwave line polarization, resulting in
a split elliptical shape of the reconstructed target.[67] Corre-
spondingly, the sinogram of the larger target also splits into
two lines. This type of data does not exist in our simulation
training set, so the TAT-Net will experience distortion when
reconstructing the data of such a type. A potential solution to
this problem is to consider the signal change caused by mi-
crowave polarization in the training set simulation.

The U-Net can reconstruct the position and shape of each
target, but severe artifacts appear, especially in the 3-target
case. By observation, it can be obviously seen that these
artifacts and sinogram have very similar characteristics, and
we suspect that the appearance of sinogram-like artifacts are
due to the shortcut connection structure in the U-Net, and the
shallow connections in U-Net can give rise to the decrease of
the generalization ability and robustness of the model. We
note that the TAT-Net removes the shortcut link structure com-
pared with U-Net and provides the artifact-free images, which
demonstrates our hypothesis.
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U-Net TAT-NetSinogram                Ground truth DAS                

10 mm
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Fig. 5. Reconstructed image using experimental data with 1 to 3 circular targets, Where the first column denotes the photograph ofe phantoms, the
second column represents sinograms obtained from experimental data, and the third to fifth column refer to the images reconstructed using DAS, U-Net,
and TAT-Net, respectively.
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Fig. 6. Image profiles along dashed red lines shown in the second column of Fig. 5.

The 1D line intensity profiles shown in Fig. 6 clearly
demonstrate the stability of TAT-Net against disturbances from
TAT system. In addition, the TAT-Net obtains a correct target
shape based on real characteristics, which shows great robust-
ness against domain gap.

3.3. Robustness against number of targets

Since the training set only contains the data of 3 targets at
most, we study the robustness of TAT-Net against more imag-
ing targets. Figures 7 and 8 show the results on 4 and 5 circular
targets in simulations and experiments, respectively.

U-Net TAT-NetSinogram                Ground truth               DAS                

10 mm

10 mm

Fig. 7. Reconstructed images using simulation data with 4 and 5 circular targets.
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Photograph            Sinogram                             DAS                           U-Net

10 mm

10 mm

TAT-Net

Fig. 8. Reconstructed images by using experimental data with 4 and 5 circular targets.

In simulation, the TAT-Net can completely reconstruct 4
and 5 circular targets, however, some circles have slight el-
liptical distortion and shift in the 5 circular case. Unlike the
distortion in Fig. 5, this problem caused mainly by the general-
ization error of the model. In the TAT phantom experiments, it
can be seen that the DAS is susceptible to artifacts that produce
a blurred image and U-Net is almost impossible to reconstruct
correctly. By contrast, the TAT-Net can still give a satisfac-
tory quality of image reconstruction, demonstrating its great
potential in the more complex situations.

3.4. Analysis of quantitative reconstruction

Most of the existing TAT reconstruction methods are
qualitative, which means that the reconstructed image can only
provide the structural characteristics and relative amplitude of
the reconstruction target. The TAT-Net has the ability to be
quantitatively reconstructed by taking the advantage of syn-
thetic data, where the real initial energy density can be used
as ground truth. In this subsection, we verify the ability to
quantitatively reconstruct the energy loss density by using the
TAT-Net. We study 64 sets of simulation samples and calcu-
late the maximum value inside a reconstruction target as the
initial energy loss density. Figure 9(a) shows the distributions
of all the samples and the fitting line based on the least square
method. It can be clearly seen that there is a very high correla-
tion (R = 0.9858) between the TAT-Net and the ground truth;
this demonstrates that the proposed method provides a stable
and accurate quantitative energy density prediction.

In the experiment, one saline-containing tube is placed at
different positions and we can obtain a series of phantom data
with different energy density distributions due to the inhomo-
geneous microwave energy field. The real energy density can-
not be measured, and thus, we take the reconstructed images
by DAS as reference and calculate the correlation (R= 0.9295)
between TAT-Net and DAS. Figure 9(b) gives the results of 90
sets of experimental samples, which indirectly demonstrate the
ability of the proposed method to implement the quantitative
reconstruction.
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Fig. 9. (a) Plots of TAT-Net versus ground truth quantification, showing
very high correlation between maximum values of reconstructed images and
ground truth in one target (R = 0.9858); (b) plots of TAT-Net versus DAS
quantifications, indicating also a high correlation between maximum values
of reconstructed images with TAT-Net and DAS (R = 0.9295).

4. Discussion

In this work, we propose a novel direct-learning recon-
struction method for thermoacoustic tomography, and design
a CNN architecture called TAT-Net to reconstruct the initial
energy density distribution from sinogram data. A more effi-
cient up-sampling structure is used in the TAT-Net. This not
only reduces the number of model parameters, but also im-
proves expressive ability of the neural network. The finite el-
ement simulation method is used to generate a large quantity
of simulation data to train the network, and the feasibility and
stability of the network are validated by using the experimental
data. Compared with traditional methods, the TAT-Net costs
less time to obtain clearer images with fewer artifacts. Finally,
we study the quantitative imaging capability of the proposed
method, and the results show that the method can provide a
reliable initial energy density distribution.

The network maps the sinogram domain to the image do-
main, and the network’s capability set relies heavily on the
training data. We need to consider two issues in future. (i)
A new network will be trained if the parameters of the imag-
ing system are changed, such as the type and position of the
sensor, the parameters of microwave pulse source, the type of
the imaging target, etc. One solution is to use image sam-
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pling to match the resolution to the model input. The other ap-
proach is to add a large quantity of data to cover the range of
variation of these parameters while requiring a more expres-
sive and generalizable network. Our study suggests that our
proposed method is suitable for an imaging system with sta-
ble parameters. Although this problem limits the applications
in some experimental systems that require the parameters to
be adjusted frequently, the proposed method has greater ad-
vantages for the systems or products with stable parameters.
(ii) Networks trained with synthetic data may not be suitable
for experimental data, therefore we propose a preprocessing
scheme based on the signal processing and physical model for
reducing the domain gap between synthetic data and experi-
mental data. The experimental results demonstrate the relia-
bility of the method. Our future research will focus on how to
construct more applicable synthetic data in the case of in-vivo
data.

5. Conclusions
We provide a new paradigm to reconstruct the TAT im-

ages with deep learning. In principle, the method is also appli-
cable to other imaging methods such as the PAT. The TAT-Net
takes the advantages of bottleneck residual structure and the
efficient deconvolution up-sampling block. It also shows the
ability to accurately reconstruct the quantitative initial energy
density distribution in simulations and experiments. The finite
element method demonstrates great potential for virtual data
generation, which can be used in other imaging techniques
such as the PAT. In the future we will investigate the perfor-
mance of our method applied to in-vivo data.
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