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Optoacoustic (OA) imaging and tomography has seen sub-
stantial growth across numerous preclinical research dis-
ciplines1–3, while recently gaining maturity as a powerful 

new clinical diagnostic tool4–7. The growing interest in this hybrid 
imaging modality is chiefly driven by its unique label-free contrast, 
the myriad of possibilities for contrast enhancement and its high 
spatial resolution at centimetre-scale penetration into living tis-
sues8–10. Recent OA technology development efforts have focused 
on increasing the temporal resolution to further complement its 
unique capabilities by enabling high-frame-rate imaging in two 
and three dimensions11,12. Given that entire tissue volumes can be 
simultaneously excited with nanosecond pulses of light, the imaging 
speed in OA tomography is ultimately limited by the unidirectional 
propagation of ultrasonic waves in biological tissues. Kilohertz vol-
umetric imaging rates greatly exceeding the performance of other 
bio-imaging modalities have recently been demonstrated13, enabling 
new insights into otherwise invisible biological phenomena10.

In practice, the actual image acquisition speed is further con-
ditioned by the data throughput and storage capacity of the imag-
ing system. As a result, superior temporal resolution is commonly 
achieved by undersampling or by integrating the tomographic 
image data in spatial or spectral domains14–17, but this results in 
limited-view reconstruction artefacts, image blurring or diminished 
spectral sensitivity15,18. Acoustic heterogeneities may further hinder 
the achievable resolution and overall image quality if not prop-
erly accounted for with dedicated reconstruction algorithms19. To 
this end, iterative image reconstruction algorithms based on total 
variation (TV) regularization have been proposed for rendering OA 
images from limited or ill-posed data16. Although such approaches 
were capable of mitigating streak-type artefacts in the reconstructed 

images, the imposed sparsity conditions unavoidably resulted in a 
loss of information or the appearance of new features, thus inhibit-
ing correct image interpretation and quantification.

Machine and deep learning methods have led to a paradigm shift 
in the reconstruction and processing of biomedical images20–23. In 
the field of OA imaging, those methods have been applied for the 
identification of cancer lesions by k-means clustering and feature 
learning of texture patches24, as well as support vector machine clas-
sification of local features extracted with a scale-invariant feature 
transform25. Convolutional neural networks (CNNs) based on the 
U-Net architecture have been proposed for the removal of streak-
type artefacts and noise from OA images26–28, reconstruction of the 
initial OA pressure29 or extraction of oxygen saturation maps and 
chromophore distribution from multi-spectral OA images afflicted 
by wavelength-dependent light fluence attenuation30. Chromophore 
quantification has been attempted via fluence estimation on a per-
voxel basis with a random forest regressor trained with voxel-based 
context images (CIs)31. CNNs based on the AlexNet and VGG-16 
architectures have been used to localize point-like OA targets and 
remove reflection artefacts from the images32,33, and the K-SVD dic-
tionary learning algorithm has been used to correct for image arte-
facts generated by multiple reflections in mouse skull34. Dedicated 
deep neural network-based algorithms have also been suggested for 
the processing of OA signals. For example, a fully connected five-
layer network has been used for signal bandwidth enhancement35. 
Furthermore, an iterative inversion algorithm based on a relatively 
small CNN architecture has recently been developed to learn the 
effect of the regularization term in each reconstruction step28.

Previous attempts at OA image quality enhancement have pri-
marily been based on methodologies seeking to recover images 
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The rapidly evolving field of optoacoustic (photoacoustic) imaging and tomography is driven by a constant need for better imag-
ing performance in terms of resolution, speed, sensitivity, depth and contrast. In practice, data acquisition strategies commonly 
involve sub-optimal sampling of the tomographic data, resulting in inevitable performance trade-offs and diminished image 
quality. We propose a new framework for efficient recovery of image quality from sparse optoacoustic data based on a deep 
convolutional neural network and demonstrate its performance with whole body mouse imaging in vivo. To generate accurate 
high-resolution reference images for optimal training, a full-view tomographic scanner capable of attaining superior cross-sec-
tional image quality from living mice was devised. When provided with images reconstructed from substantially undersampled 
data or limited-view scans, the trained network was capable of enhancing the visibility of arbitrarily oriented structures and 
restoring the expected image quality. Notably, the network also eliminated some reconstruction artefacts present in reference 
images rendered from densely sampled data. No comparable gains were achieved when the training was performed with syn-
thetic or phantom data, underlining the importance of training with high-quality in vivo images acquired by full-view scanners. 
The new method can benefit numerous optoacoustic imaging applications by mitigating common image artefacts, enhancing 
anatomical contrast and image quantification capacities, accelerating data acquisition and image reconstruction approaches, 
while also facilitating the development of practical and affordable imaging systems. The suggested approach operates solely on 
image-domain data and thus can be seamlessly applied to artefactual images reconstructed with other modalities.
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from sub-optimally acquired data by training networks on numeri-
cal phantoms or images from other modalities. Here, we propose a 
conceptually different approach that underlines the critical impor-
tance of training with high-quality OA images from real in  vivo 
experiments for efficient recovery of image quality from unders-
ampled or limited-view data.

The basic principle of OA tomographic image formation is 
depicted schematically in Fig. 1a. In short, tiny ultrasonic vibra-
tions are induced by the absorption of pulsed laser radiation by 
tissue biochromes. The pressure (ultrasound) profiles are subse-
quently collected at multiple positions around the imaged object. 
The actual locations of the absorbers (OA sources) are encoded 
by the ultrasound time of flight; that is, the signal detected at time  
ti has been generated on an arc-shaped surface of radius cti (where  
c is the speed of sound) centred at the detector position. Combining 
the time-resolved information from multiple detectors enables tri-
laterating the OA sources, thus building an image. This forms the 
basis of the common algorithms used for OA image reconstruc-
tion, including back-projection (radon-transform-based), iterative 
model-based as well as time-reversal approaches36.

Results
Images reconstructed from undersampled data are commonly 
afflicted by so-called streak-type artefacts, which can shadow real 
anatomical structures. As shown in simulated OA reconstructions 
rendered from a single absorber (see Fig. 1b and Methods for details 
of the image reconstruction algorithm), arc-shaped structures sepa-
rated by the angle subtended by adjacent detector positions are 

clearly visible when reconstructing the images using OA waveforms 
recorded from a relatively low number (32) of ultrasound sensors. 
The arc intensity diminishes when increasing the number of OA 
signals (tomographic projections) and eventually disappears (aver-
ages out) when operating with a dense distribution of 512 sensors. 
Streak-type artefacts are also generated in real samples containing 
a more heterogeneous distribution of absorbing structures. Even 
though individual arcs are more difficult to discern in this case, 
the streak artefacts similarly affect the visibility of structures when 
using a small number of sensors, as demonstrated by the simulated 
reconstructions in Fig. 1c.

The U-Net deep learning network37 (Fig. 1d) was trained to rec-
ognize streak-type artefacts in OA images. The training was based 
on minimizing the cost function defined as the average L1-norm 
of the difference between the resulting predicted images of the net-
work, Ip, and the reference artefact-free images, IGT, which provided 
a ground truth (see Methods for details). Because learning of the 
residual is simpler for the network, the proposed model was trained 
on artefactual inputs with the corresponding target being an image 
of the streak artefacts, that is, the difference between the under- and 
fully-sampled reconstructions. The final artefact-free image was 
obtained by subtracting the learned residual from the artefactual 
image, as demonstrated in the numerical example in Fig. 1e, which 
contains two absorbers with different sizes. Note that Fig. 1e rep-
resents an illustrative example of the performance of the method, 
where training and testing were performed with simulated data.

When observing representative images rendered by the different  
layers of the network, one may notice that the superficial layers,  
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Fig. 1 | The deep convolutional neural network approach based on the U-Net architecture for artefact removal in OA imaging with undersampled data. 
a, Illustration of the optoacoustic tomographic image construction principle. b, Numerical simulation of a tomographic reconstruction of a single point 
absorber with different numbers of detection positions (projections) using a 2D filtered back-projection algorithm. c, Corresponding reconstruction of a 
more complex numerical phantom. d, The U-Net network architecture, consisting of contracting (downsampling) and expansive (upsampling) paths.  
e, Example pair of artefactual (network input) and artefact-free (network output) images, rendered after training with similarly simulated datasets.  
f, The corresponding intermediate outputs of the network for the example shown in e.

Nature Machine Intelligence | VOL 1 | OCTOBER 2019 | 453–460 | www.nature.com/natmachintell454

http://www.nature.com/natmachintell


ArticlesNature Machine Intelligence

representing high-resolution information, feature arcs originat-
ing from both absorbers, while deeper layers mainly contain arcs 
stemming from the larger absorber (Fig. 1f). This is generally 
expected, as large structures and their associated artefacts extend 
over several scales in space representations. Similar observations 
were made when using a deep learning method for the removal of 
reflection artefacts from point-like targets32,33. As shown in numeri-
cal examples of images rendered from sparsely distributed absorb-
ers, the multi-scale architecture of the proposed U-Net appears to 
efficiently detect and remove streak-type artefacts from OA images 
reconstructed from sixfold undersampled data (Supplementary 
Figs. 1 and 2).

The suggested approach was subsequently tested experimentally 
by tomographic OA imaging of tissue phantoms and mice in vivo. 
We used a dedicated whole-body small animal imaging scanner 
based on cross-sectional tomographic geometry, with detection 
performed by a ring-shaped transducer consisting of 512 cylindri-
cally focused individual elements (see Methods and Supplementary 
Fig. 3 for details). The full-view geometry and dense distribution 

of the detection elements ensured efficient sampling of the tomo-
graphic data around the entire imaged object, leading to superior 
image quality when employing all 512 detected OA signals in the 
reconstructions (Fig. 2a). The image reconstruction algorithm also 
accounted for the speed of sound difference between the imaged 
object and the surrounding coupling medium (water) in order to 
achieve the best possible spatial resolution throughout the recon-
structed cross-sections. Experimental validation with phantom 
data showed that the proposed deep learning algorithm previously 
trained on synthetic (numerical) data is capable of largely restor-
ing the expected (reference) image quality, even when reducing 
the number of tomographic projections from 512 to as few as 16 
(Supplementary Fig. 4).

We next acquired whole-body images from living mice with the 
newly developed small animal imaging scanner. Representative 
images from the abdomen region are shown in Fig. 2a, which con-
firm the unrivalled spatial resolution, penetration depth and overall 
OA image quality achieved. Datasets from n = 6 mice, each contain-
ing 100 different cross-sections, were then used for (re)training 
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Fig. 2 | Restoring optoacoustic image quality in whole-body mouse tomography in vivo using a full-view ring-array transducer. a, Representative  
cross-sectional images from the abdomen region reconstructed using all 512 tomographic projections (detection elements), considered as the artefact-
free targets (or ground truth). Enlarged views are shown on the right for the second image. b, Artefactual reconstructed image with undersampled  
(32 projections) data versus its artefact-free counterpart obtained with the trained network. TP, true positive; FP, false positive; TN, true negative; FN, false 
negative. c, The corresponding example for a reconstruction with 128 projections. d, Evolution of the L1-norm error estimate with the number of epochs 
throughout training and validation. Ip, predicted image; IGT, ground truth image. e, Structural similarity index matrix (SSIM) of the ground truth image versus 
artefactual (red) and predicted artefact-free (green) images. f, Comparison among one-dimensional profiles extracted from images reconstructed with 
different numbers of tomographic projections (512, 128 and 32) in an area containing a small blood vessel. The calculated values of the full-width at half-
maximum (FWHM) are indicated.
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(70% of the data), validating (20% of the data) and testing (10% of 
the data) the network. The ground truth images for training were 
taken as the reconstructed images with all 512 transducer elements. 
This high-quality experimental dataset effectively enabled proper 
learning of the effects of sparse acquisition in cross-sectional images 
of mice. Results of the artefact removal from images of the kidney 
region reconstructed with 32 and 128 projections are presented 
in Fig. 2b,c, respectively. Although the quality of the images pre-
dicted by the 128-channel data is comparable to the ground truth 
images, the network output naturally renders an inferior result for 
the 32-channel data. Nevertheless, the mouse outline and other 
internal structures, which can barely be revealed in the originally 
reconstructed 32-projection image due to the strong streak-type 
artefacts, have significantly better visibility after the network correc-
tion. Quantitatively, the algorithm is capable of differentiating the 
features corresponding to small blood vessels from the streak-type 
artefacts manifested as a speckle pattern of bright and dark spots 
(labelled by red arrows in the enlarged views in Fig. 2b,c as true 
positive (TP) and true negative (TN)). Some misclassified areas still 
exist in the recovered images—labelled by red arrows as false posi-
tive (FP) and false negative (FN) in the enlarged views in Fig. 2b,c. 
By manually comparing small vessels in 42 test slices, we estimated 
that 106 TPs, 4 FPs and 83 FNs were rendered. On the other hand, 
larger vessels are not correctly recovered when only using 32 pro-
jections and can only be visualized properly in the network output 
for 128 projections, where streak artefacts are less prominent (pink 
arrows in the enlarged view in Fig. 2b,c). This is consistent with the 

multi-scale nature of the artefacts generated by large-sized vessels, 
which seemingly require many layers of the multi-scale network for 
their accurate representation. Small vessels were also more faithfully 
identified with the network trained with images reconstructed with 
128 projections. Specifically, we estimated 188 TPs, 0 FPs and 4 FNs 
in the test slices. Notably, the network was also capable of elimi-
nating some of the minor artefacts present in the reference images 
obtained with fully sampled data. For reconstructions made from 
densely sampled data, the streak-type artefacts may still be present in 
the vicinity of strong absorbers38. For example, the blue arrow in the 
green-colour enlarged view in Fig. 2a shows the artefacts produced 
by a strongly absorbing superficial vessel, which are subsequently 
removed by the network (green-framed enlarged view in Fig. 2c). 
The results obtained for the L1- versus L2-norm cost functions as 
well as for a different number of array elements (projections) are pre-
sented in Supplementary Fig. 5 and are further compared with those 
obtained by interpolating the signals between adjacent projections. 
Additionally, two videos showing the performance of the method 
during a breathing cycle and for all slices covering the imaged 
region of the mouse are available in Supplementary Videos 1–4.  
Image reconstruction and processing with the trained network 
takes ~100 ms, comparable to the previously reported processing 
times for similar methods30,39.

Note that the model was constantly saved throughout the itera-
tive procedure. We applied an early stopping approach for training 
when the validation error was diverging for a certain consecutive 
number of epochs and we chose the best model mostly at around 
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100 epochs of training before the prediction became unstable, as 
determined by the corresponding L1-norm error behaviour (Fig. 2d 
and Supplementary Fig. 6). Hyper parameters and the loss function 
of the network were optimized during the validation phase of the 
network with regard to different evaluation metrics, including the 
L1- and L2-norm, peak signal-to-noise ratio (PSNR) and the SSIM 
(which combines local image structure, luminance and contrast into 
a single local quality score) (see Methods and Supplementary Fig. 7). 
Figure 2e presents the SSIM for the reference image (reconstructed 
with all 512 elements) and the input and output images of the net-
work reconstructed with different numbers of tomographic projec-
tions. The test data (10% of the total number of images) were used to 
calculate these metrics. This figure confirms the considerable image 
quality enhancement achieved with the deep learning method, with 
SSIM values exceeding 0.9 even for a relatively low number of pro-
jections. The L2-norm performs slightly better (as a loss function) 
with a smaller number of projections, while a higher number of 
projections results in an approximately equivalent performance for 
the two norms (Supplementary Fig. 7). It appears that very shallow 
networks are too simple to achieve the desired performance, while 
very deep networks fail to recover the expected output, arguably due 
to overfitting (Supplementary Fig. 8). Importantly, images predicted 
by the network exhibit similar spatial resolution values as compared 
with the reference (ground truth) images, as evinced by observing 
the one-dimensional image profiles in a region containing a small 
vessel (Fig. 2f).

It should be emphasized that the high-quality images shown 
in Fig. 2 and Supplementary Videos 1–4 could only be attained 
when training the network with actual in  vivo mouse scans. No 
comparable gains were achieved when the training was per-
formed with synthetic or phantom data of different complexity, 
unless also performing fine tuning with real mouse data—see the 
qualitative and quantitative (SSIM, PSNR and contrast to noise 
ratio (CNR)) comparison of the results of the different strategies 
shown in Supplementary Fig. 9. When attempting different train-
ing strategies (Supplementary Fig. 10), the network performance 
is consistently enhanced whenever training data better resembles 
the complex mouse anatomy. In particular, when the network was 
trained with simulations or phantom experiments it yielded sub-
optimal results and was only able to arrive at reasonable mouse 
image quality after being fine-tuned with sufficient experimental 
data. This further highlights the importance of training with high-
quality experimental data.

Finally, the acquired whole-body images of mice were used to 
evaluate the performance of the same network architecture to 
enhance the visibility of images reconstructed under limited-view 
conditions40. Much like in other tomographic imaging modalities, 
accurate images can only be rendered when signals are collected 
from a surface enclosing the entire sample41. This becomes particu-
larly challenging when imaging large objects like the human body, 
where tomographic access is limited. We thus evaluated the net-
work’s ability to correct for the so-called limited-view effects often 
produced by imaging systems with limited angular coverage (Fig. 3).  
The image reconstruction was performed by considering 85, 192 
and 512 array elements covering 60°, 135° and 360° around a trans-
verse section of the mouse (Fig. 3a). The image reconstructed by 
considering all the array elements (Fig. 3b) was again taken as the 
ground truth for training the network. Note that the amplitude 
spectrum of this image (Fig. 3b) is uniformly distributed across all 
angles in 2D Fourier space, as expected when full angular coverage 
is provided40. However, the Fourier domain information is lacking 
at angles not covered by the measured locations (Fig. 3c,d, top), 
which is manifested as a lack of visibility of boundaries, blood ves-
sels and other elongated structures in the spatial image domain. 
Specifically, in spite of the dense spatial sampling of signals, verti-
cal structures, such as the spinal cord (indicated by a yellow arrow) 

and the spleen (indicated by a blue arrow), are barely visible, even 
with an angular coverage of 135°. Concurrently, major blood vessels 
(indicated by red arrows) are elongated and distorted in the image 
rendered with an arc array covering only 60°, which is typical for 
linear handheld array transducers. These and other distortions are 
effectively corrected by the network (Fig. 3c,d, bottom), with the 
visibility of structures clearly enhanced and most information in the 
Fourier domain recovered, particularly at relatively low frequencies.

Discussion
Recent progress in OA system design and data-processing 
approaches has enabled imaging with unprecedented frame rates 
that are ultimately limited by the unidirectional propagation of 
ultrasound waves in biological tissues. Sparse data acquisition 
schemes may further boost the achievable frame rates13, while 
reducing the number of simultaneously acquired signals can also 
reduce the complexity and associated costs of OA tomographic 
imaging systems. Yet, inevitable trade-offs exist between spatial res-
olution, imaging speed, penetration depth and detection sensitivity, 
commonly resulting in sub-optimal sampling of tomographic data 
and diminished image quality. The framework we suggest here is a 
fast and efficient approach for the acquisition and reconstruction of 
high-quality OA data. Our approach is conceptually different from 
the previously suggested machine and deep learning methods that 
are based on network training on numerical phantoms or images 
from other modalities. Instead, we have devised a dedicated full-
view tomographic system that can provide the most relevant train-
ing and ground truth data for improving image quality in various 
OA image acquisition scenarios. The excellent image quality of the 
reference images used to train the network was achieved by (1) 
ensuring sufficient angular coverage to avoid limited-view effects42, 
(2) providing a sufficient number of sensing elements to prevent the 
appearance of streak artefacts43 and (3) having sufficiently small ele-
ment size to avoid lateral blurring at points away from the centre44. 
Accounting for the heterogeneous speed of sound distribution in 
the reconstruction procedure further enhanced the resolution and 
contrast of the reference images43,45, while real-time image render-
ing with simultaneously acquired projection data prevented other 
artefacts due to motion-related blurring46. The high quality of the 
images used for training is arguably the main reason behind the out-
standing network performance with heavily undersampled data, as 
clearly demonstrated by the quantitative metrics for the different 
training strategies. The method could significantly enhance struc-
tural visibility, even with strong limited-view imaging scenarios and 
high sparsity of the acquired data. Significant image quality dete-
rioration was only observed with a very low number of detection 
channels (<16) and/or angular coverage below 60°.

The proposed algorithmic and experimental framework can 
potentially be used for the efficient recovery of image data in a vari-
ety of OA imaging applications and system configurations. Given 
the divergence of results obtained with different training datasets, 
it is expected that the network needs to be retrained for optimal 
performance for a given imaging paradigm. The suggested meth-
odology can further facilitate the development of more efficient 
data acquisition approaches, thus making technology more afford-
able without significantly impairing the imaging performance. 
Alternatively, or additionally, the approach can be employed to 
boost imaging frame rates by reducing the effective amount of data 
required for reconstructing each image frame. It was shown that 
accurate images could still be recovered in the presence of motion, 
which anticipates the general applicability of the method for visu-
alizing rapid biological dynamics. This may benefit diverse appli-
cations, such as monitoring neural activity2,12, cardiac function3 or 
the free behaviour of model organisms13,47. Other deep learning net-
works could also be attempted to facilitate the efficient processing of 
multi-scale OA images. Of note is that the incorporation of neural 
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networks within iterative (model-based) reconstruction algorithms 
has been shown previously to outperform U-Net-based image 
post-processing in terms of robustness to perturbations in simu-
lated data28. Combining more sophisticated network architectures 
with such model-based approaches can potentially greatly enhance 
image reconstruction from sparse data if properly trained with high-
quality experimental OA images. Given the high performance of the 
network under limited-view conditions, the herein described image 
correction pipeline can readily be applied to other OA imaging con-
figurations, for example for boosting image quality rendered with 
linear-array-based hand-held clinical imaging probes29,48 or concave 
probe geometries with higher tomographic coverage49. Because the 
learning approach solely operates with image-domain data, it can be 
adapted in a manner similar to other imaging modalities.

Methods
Network training. U-Net37 is a neural network architecture that has performed well 
for medical image segmentation and reconstruction, in particular when trained 
with a limited amount of data. The network consists of two main components 
(Fig. 1d). The encoder part is responsible for analysing and capturing the features 
from the input data. The dimensionally symmetric decoding component enables 
precise localization for generating results relying on the learned and forwarded 
features extracted from the encoder part. Both parts are composed of consecutive 
convolutional layers. In the encoder part, after each of the two convolution layers 
the output is passed through a pooling layer that halves the image size. As the data 
propagate through different stages along the compression path, the resolution 
is curtailed. The image contraction is reversed in a symmetric fashion by the 
upsampling layers in the decoder section, which restore the images to their size in 
the corresponding encoder layers. This procedure is repeated for the output of each 
convolutional layer until the output of the layers in the expanding path (decoder) 
reaches the same dimension as the first layer of the network. As outlined in Fig. 
1d, concatenated copies are established between layers of equal resolution in the 
encoder and decoder to compensate for the loss in spatial resolution that results 
from the multiple downsampling operations. This allows the network to use the 
original image features in addition to the features appearing after upsampling. 
Therefore, data are not only recovered from a compressed latent representation, but 
all the relevant information coming from previous layers in the encoder is further 
generalized to prevent any loss of fine details when pooled in the encoder.

We fed pairs of training datasets xi; yif g
I

 to the network to render the model 
function f that maps from x to y, that is, y = f(x), where xi and yi represent 
artefactual and artefact-free images, respectively, and y is an estimate of the 
target image by our model. The different types of dataset used for training and 
the different tested training strategies are depicted in Supplementary Figs. 9 
and 10. Specifically, training was performed with simulated data consisting of 
spherical absorbers of different sizes, experimentally acquired data from paper-
printed phantoms consisting of several absorbing dots or vascular networks, as 
well as real cross-sectional images of mice acquired by the full ring scanner. The 
network estimates the parameters in each iteration to minimize the predefined loss 
functions that are selected to be the L1-norm (jjxjj1 ¼

P
i
jxji

I

) and the L2-norm 
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ffiffiffiffiffiffiffiffiffiffiffiP
i
x2i

r !

I

 of the difference between the predicted Ip and ground truth 

IGT images. Weight matrices are trained by back-propagating the derivative of 
the loss with respect to the parameters throughout the network and updating the 
parameters via stochastic gradient descent. During training we used the Adam 
optimization algorithm50 to minimize the loss. The initial value of the learning 
rate was 0.0005 and had a time-based decay with a momentum of 0.8. The mini-
batch size equalled to 1. We considered the reconstruction with 512 projections as 
an artefact-free ground truth and reconstruction with sub-sampled data with 8, 
16, 32, 64, 128 and 256 projections employed as artefactual inputs. Alternatively, 
we also considered sub-sampled data with 85 and 192 (out of 512) projections 
covering angles of 60° and 135°. Time spent for training each epoch was 50 s, 
which was considered an offline process. Testing and recovering each image lasted 
~0.1 s, which sped up image reconstruction extremely with conventional iterative 
methods using signals from all of the 512 available projections. The models were 
implemented in Python using the Theano framework51 and Lasagne library52 
running on a PC with a GTX 1080Ti GPU.

Cross-sectional OA tomography system. To generate accurate high-resolution 
reference images for the optimal network training, we devised a full-view 
tomographic scanner capable of attaining superior cross-sectional image quality 
from living mice (Supplementary Fig. 3). The scanner consisted of a 80 mm 
diameter ring detection array with 512 individual detection elements (5 MHz 
central frequency, >80% detection bandwidth, 0.37 mm width and 15 mm height 
along the elevational direction)53. Each element was cylindrically focused at a 
distance of 38 mm to selectively capture signals from the imaged cross-section. 

Manufacturing of the array was subcontracted to transducer array (Imasonics SaS). 
OA signal excitation was performed with a short-pulsed (<10 ns) Nd:YAG laser 
(Spectra Physics) with a repetition rate of 15 Hz and 1,064 nm optical wavelength. 
The laser beam was guided with a custom-made fibre bundle (CeramOptec) having 
12 output ferrules (arms) fixed to both sides (six on each side) of the full-ring 
transducer with an angular separation of 60° between the arms. The total per-pulse 
laser energy at the output of the bundle was ~100 mJ, distributed over an ~6 cm2 
ring-shaped area around the mouse. Acoustic coupling between the imaged objects 
and the array was guaranteed by immersing the samples in water at a controlled 
temperature of 34 °C. The signals recorded from all of the 512 array elements were 
simultaneously digitized at 40 megasamples per second using a custom-made data 
acquisition system (Falkenstein Mikrosysteme). The acquisition was triggered with 
the Q-switch output of the laser and the data were transmitted to a PC via Ethernet 
for further processing and image reconstruction.

Image reconstruction. Reconstruction of 2D (cross-sectional) OA images was 
performed with a universal back-projection algorithm54. Before reconstruction, the 
signals were bandpass-filtered between 0.5 and 8 MHz to reduce noise and cancel 
out low-frequency offsets. The reconstruction algorithm was further adapted to 
account for a heterogeneous distribution of the speed of sound in the mouse versus 
the surrounding coupling medium45. For this, an initial image was rendered by 
considering a uniform speed of sound corresponding to the speed of sound in 
water for the measured temperature. The outline of the animal was then manually 
segmented and the reconstruction was redone by assigning a different speed of 
sound within the segmented area to optimize image quality.

Animal imaging experiments. A total of six athymic nude-Fox1nu mice (Harlan 
Laboratories) were imaged in vivo. The mice were placed in a specifically designed 
holder attached to the water tank (Supplementary Fig. 3). The fore and hind 
paws were attached to the holder to fix the mice in a stationary position during 
the experiment. Anaesthesia was induced in a chamber containing 3% vol/
vol isoflurane (in air) before quickly transferring and fixing the animals in the 
specifically designed holder. Once in place, anaesthesia was maintained using 
isoflurane (2% in air) via a coupling mask attached to the holder. A mouth clamp 
ensured coupling of the mask to the mouse. The water tank was kept at a constant 
temperature of 34 °C during data acquisition. For each mouse, the ring array was 
vertically scanned over 50 mm in 0.5 mm steps, thus acquiring 100 cross-sectional 
images covering the full torso from the shoulders down to the lower abdomen. 
All experiments involving animals were conducted in full compliance with the 
institutional guidelines of the Helmholtz Center Munich and with approval from 
the Government of Upper Bavaria.

Phantom imaging experiments. Phantom training data were generated by 
imaging paper-printed absorbing targets embedded in a 16 mm diameter agar 
cylinder. The agar matrix was prepared by diluting 1.3% (wt/wt) agar powder 
in water. A total of 28 phantoms were measured, from which we collected 450 
images through data augmentation with random rotation and translation. For 
each phantom, the printed paper contained three randomly distributed 2.5 mm 
diameter black circles. Thirty-three phantoms consisting of printed vascular 
structures adapted from images acquired with an OA microscopy set-up55 were 
also measured, from which we collected 100 images through data augmentation 
with random rotation. The speed of sound was assumed to be uniform for the 
reconstruction in all cases.

Numerical simulations. Two numerical simulations were performed to illustrate 
the effects of streak-type artefacts in the images (Fig. 1b). In both cases, OA signals 
arriving at a set of locations distributed along a 360° arc of 40 mm were calculated, 
thus simulating the experimental ring array transducer geometry. In the first 
simulation, a numerical phantom consisting of a planar parabolic absorber with a 
diameter of 300 mm was considered, for which the OA signals could be calculated 
analytically56. In the second case, a cross-sectional image of a mouse taken with a 
cryoslicer ex vivo was taken as the basis for simulating the absorbing target. The 
OA signals emanating from the numerical phantom were estimated with a discrete 
2D forward model, as described elsewhere57. Reconstructions were performed with 
the back-projection formula assuming a uniform speed of sound. An additional 
simulation was performed to train the network and test its performance (Fig. 1c).  
For this, a sequence of OA signals from two randomly distributed parabolic 
absorbers were calculated. Images reconstructed by using 512 projections were 
taken as a reference (gold standard), whereas images reconstructed with a fraction 
of sensors were considered as artefactual inputs of the network. The network 
performance was further tested with a sequence of randomly distributed uniform 
volumetric absorbers having different sizes (Supplementary Figs. 1 and 2), for 
which the OA signals could also be calculated analytically58. In this case, the 
theoretical images were considered as a reference while the reconstructed images 
with a fraction of sensors were taken as the artefactual inputs.

Data availability
The datasets used for the current study were generated and analysed in our 
laboratory and are downloadable at https://doi.org/10.6084/m9.figshare.9250784. 
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The code to reproduce the results of the paper is available at https://github.com/
ndavoudi/sparse_artefact_unet.
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