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A Deep Learning-Based Model That Reduces Speed
of Sound Aberrations for Improved In Vivo

Photoacoustic Imaging
Seungwan Jeon , Wonseok Choi , Byullee Park , and Chulhong Kim , Senior Member, IEEE

Abstract— Photoacoustic imaging (PAI) has attracted great
attention as a medical imaging method. Typically, photoa-
coustic (PA) images are reconstructed via beamforming, but many
factors still hinder the beamforming techniques in reconstructing
optimal images in terms of image resolution, imaging depth,
or processing speed. Here, we demonstrate a novel deep learning
PAI that uses multiple speed of sound (SoS) inputs. With this
novel method, we achieved SoS aberration mitigation, streak
artifact removal, and temporal resolution improvement all at once
in structural and functional in vivo PA images of healthy human
limbs and melanoma patients. The presented method produces
high-contrast PA images in vivo with reduced distortion, even in
adverse conditions where the medium is heterogeneous and/or the
data sampling is sparse. Thus, we believe that this new method
can achieve high image quality with fast data acquisition and
can contribute to the advance of clinical PAI.

Index Terms— Neural networks, image denoising, image
enhancement, photoacoustic imaging.
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I. INTRODUCTION

PHOTOACOUSTIC imaging (PAI) has become a trend-
ing medical imaging technique. This imaging modality

detects ultrasound (US) signals generated through transient
thermal expansion after optical absorbers are illuminated by
pulsed light. Because two types of hemoglobin in living
subjects mainly absorb visible and near-infrared light, high-
resolution structural (e.g., total hemoglobin) and functional
(e.g., hemoglobin oxygen saturation and blood flow) vascu-
lar images can be photoacoustically formed [1]–[3]. These
high-resolution photoacoustic (PA) blood-vessel images pro-
vide significant information about such diseases as cancers,
ischemic diseases, ocular neovascularization, and peripheral
artery diseases [4], [5]. Potentially, PAI’s diagnostic coverage
and sensitivity can be further expanded and enhanced with
various external contrast agents, further increasing its clinical
importance [6]–[8].

In PAI, acoustic beamforming techniques are widely used
to locate the initial PA pressure sources in a medium. In prin-
ciple, the beamforming technique reconstructs PA images
by synthesizing highly correlated PA signals. To achieve
high-contrast, high-resolution, and artifact-reduced PA images,
many beamforming algorithms have been explored, such as
delay-and-sum (DAS), delay-multiply-and-sum (DMAS) [9],
back-projection [10], [11], Fourier beamforming [12], time-
reversal beamforming [13], model-based beamforming [14],
and filter-aided beamforming [15], [16]. However, there are
still limits to optimal PA image reconstruction. One serious
issue concerns the assumed speed of sound (SoS) in biological
tissues (Fig. 1a). To maximize the constructive interference
at the main lobe point in the beamforming process, it is
necessary to accurately estimate the time delay of each
acoustic signal so that the signals are synthesized in phase.
In conventional US imaging, Jaegar et al. introduced SoS
imaging and aberration correction methods with multiple US
transmission angles under some assumptions (e.g., no refrac-
tion/diffraction or hypoechoic region) [17], [18]. However,
its estimated SoS distribution map was still blurred and
its application for PA imaging was not been demonstrated.
Alternatively, a model-based iterative reconstruction method
was adopted to solve the SoS problem of PA computed
tomography (PACT) images [19]–[21]. Recently, Poudel used
a joint reconstruction method to simultaneously estimate initial
pressure and SoS maps in PACT images [22], [23]. However,
these tomographic approaches and the slow reconstruction
times were clinically inappropriate. Because of these prob-
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Fig. 1. (a) Speed of sound (SoS) aberration in photoacoustic imaging (PAI). (b) Streak artifacts with sparse data. (c) Proposed deep neural network (DNN)
PAI. As inputs, eight beamformed photoacoustic (PA) images are used with eight different SoSs, increasing from 1460 to 1600 m/s in 20 m/s increments.
As a ground truth, one PA image is reconstructed with the actual SoS. Based on the training dataset, the DNN is trained to correct the SoS aberration and
streak artifacts in the PA images. MUX, multiplexer; RF, radiofrequency; and BF, beamforming.

lems, it is still common to apply a constant SoS for PA
image reconstruction, which causes a SoS aberration artifact.
If the SoS value could be locally and dynamically applied,
SoS aberration in heterogeneous media could be mitigated,
improving the overall image quality. In terms of data density,
it is ideal to receive all signals in the entire detection area
simultaneously and densely (Fig. 1b), but this requires high
data throughput, which makes the imaging system complex
and expensive. For that reason, as an alternative, many entry-
level US imaging systems and some imaging devices that
detect a large area use a multiplexer (MUX), at the expense of
the temporal resolution. Under-sampling the signal overcomes
the slow data acquisition rate of the imaging systems with

the MUX, but can result in strong streak artifacts due to
grating lobes. Successfully suppressing these artifacts from
the sparse data would yield not only improved image quality,
but also accelerated image acquisition and reduced system
complexity.

Recently, deep learning techniques are being studied inten-
sively to improve image quality beyond hardware limita-
tions [24], [25]. Similarly, many studies are being conducted to
explore the usefulness of deep learning techniques in medical
images [26]–[28], including PA images. PA image reconstruc-
tion is hindered by such deleterious factors as the limited-
view effect, streak artifacts [29], reflection artifacts [30], and
erroneous SoS selection [31], and thus many researchers have
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tried to overcome these problems by using deep neural net-
works (DNNs). In general, they trained the DNNs by pairing
the observed data with the intact data and compensated for dis-
tortions inside the raw radiofrequency (RF) data [32], [33] or
the reconstructed image [30], [34]. However, they have demon-
strated image enhancement only on in silico or simple experi-
mental phantoms. To test the DNNs on more realistic samples,
several studies used simulated PA data based on in vivo
human X-ray computed tomography (CT) images [8], [34].
However, no in vivo tests were present. Recently, using the
PACT modality, Davoudi et al. developed a DNN that reduces
streak artifacts from under-sampled data of in vivo PA images
from animals [35], and Shan et al. developed a DNN that
reconstructs both the acoustic initial pressure and speed [36].
Unfortunately, the use of a clinically uncommon transducer
poses an obstacle to the wide-spread clinical use of this deep
learning-based PA tomography approach. Hauptmann et al.
also demonstrated a DNN to reduce noises in in vivo under-
sampled PA images of a human palm by training the DNN
with multiple CT images [37]. However, both studies only
corrected the streak artifacts caused by under-sampled data on
structural images, but did not correct for SoS aberration caused
by acoustic heterogeneity. Despite the strong potential of deep
learning techniques, little research has been reported on both
structural and functional human imaging. A deep learning
technique for clinical multi-parametric PAI, with fewer errors
and affordable system complexity, remains to be developed.

Here, we demonstrate a deep learning technique that miti-
gates the artifacts caused by both SoS aberration and sparse
radiofrequency (RF) data in structural and functional in vivo
PA images of human soft tissue (Fig. 1c). We employed a
clinically viable PA/US imaging system [38], [39] with a
widely available linear US array transducer. As the training
datasets, we prepared PA images from virtual phantoms in
homogeneous media. Then, to train the DNNs, we first used
the input PA images beamformed with eight different SoS
values, and then with the ground truth PA image beamformed
with the actual SoS. Finally, we corrected the in silico
phantom and in vivo human limb PA images. In this way,
we can realize the following benefits: 1) SoS aberration, streak
artifacts and noise can be mitigated simultaneously in PA
images; 2) suppressing streak artifacts due to sparse data can
improve temporal resolution and reduce system complexity;
and 3) high practicality can be expected using a commercial
linear US array transducer. In the in silico phantom study,
we quantitatively assessed the correction performance by
measuring the structural similarity indices (SSIMs) and signal-
to-noise ratios (SNRs). We found that the corrected PA images
had, on average, up to about 0.24 higher SSIM than the
pre-corrected image. Further, the trained DNNs successfully
suppressed both SoS aberration and streak artifacts in both in
vivo structural and functional PA images of healthy human
limb and melanoma patients. It is difficult to objectively
evaluate the correction performance in the in vivo images
because they do not have ground-truth PA images. To deal
with this problem, we tried a qualitative method to evaluate
the correction performance as objectively as possible, taking
advantage of the fact the side lobes become smallest at the

optimal SoS. We also introduced a metric to quantify the
difference between two functional PA images reconstructed
from 128-/64-ch RF data to confirm that the proposed deep
learning processing had little effect on the sO2 values, and to
show that this DNN method is compatible with PA functional
imaging. Our results indicate that the proposed deep learning-
based method improves the overall PA image quality by miti-
gating the problems caused by heterogeneous SoS values and
data sparsity. In addition, this method has been implemented
with the linear US array transducer most commonly used in
medical US imaging, and consequently it is expected to have
great potential in many clinical applications.

II. METHODS

A. Training Dataset Preparation

To prepare training datasets, we randomly generated ini-
tial pressure maps (Supplementary Fig. 1) and obtained
their RF data, r ∈ R

1801×128, using the K-wave simu-
lation toolbox [40]. The simulation was conducted in a
homogeneous medium with an acoustic absorption coefficient
of 0.5 dB/(MHz·cm)−1; a maximum depth of 5.12 cm; a SoS,
cact ∈ {1460m/s, 1480m/s, · · · , 1600m/s}; and a sampling
rate of 40 MHz. Note that the lateral RF data size was deter-
mined by the element number (i.e., 128) while the temporal
size was determined by the depth, SoS, and sampling rate
(i.e., 1801 pixels > 5.12 cm / 1500 m/s × 40 MHz). Gaussian
random noise was added to the input RF data, r + N, using the
K-wave toolbox’s addNoise function to randomly set the SNR
from 1 to 5 dB. B-mode PA images were reconstructed via the
Fourier beamforming method. Note that we laterally interpo-
lated the beamformed image by three times by adding zero-
padding before the inverse Fourier transform, fc (r + N) ∈
R

1801×384. Then we repeated this process to generate a group
input data with eight different SoS values, g(r + N) ∈
{ f1460m/s(r + N), f1480m/s(r + N), · · · , f1600m/s(r + N)} ∈
R

1801×384×8. In the same way, we prepared 64-ch inputs,
g (

...
r + N), by replacing half of the 128-ch RF data with

zeros considering the MUX configuration of our imaging
system. Meanwhile, the ground truth images were beamformed
using the noise-free RF data and the actual SoS as fcact (r).
Thus, during the DNN training, the input dataset was ran-
domly selected between the g (r + N) and g (

...
r + N) whereas

fcact (r) is always used as the ground truth.

B. Deep Neural Networks and Training

U-net is one of the most famous biomedical image segmen-
tation DNNs [41] and is still widely adopted to solve many
medical image segmentation and reconstruction problems.
Like a classical autoencoder [42], this architecture consists of
an encoder and decoder, but they are linked through concatena-
tion layers at each depth. Segnet [43] has an encoder similar to
that of U-net, but its decoder consists of unpooling and trans-
posed convolution layers. As adopted by DeconvNet [44], this
decoder is known to represent detailed patterns. In this study,
we utilized both Segnet and U-net, and compared the output
images. Complementarily to two existing DNNs, we created
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Fig. 2. Structures of U-net, Segnet, and SegU-net. The specification of each model are provided in Supplementary Fig. 2.

a hybrid DNN model, named SegU-net (Fig. 2). SegU-net
has almost the same structure as Segnet but additionally
connects the encoder and decoder through concatenation layers
like U-net (Supplementary Fig. 2). The calculated numbers
of parameters of U-net, Segnet, and SegU-net were about
32M, 29M, and 35M, respectively. In all the DNNs, batch
normalization (BN) and a rectified linear unit (ReLu) were
placed after every convolution and transposed convolution
layer, except for the last 1 × 1 convolution layer. At the final
regression layer, we used a loss function as follows:

L =

⎧⎨⎨
⎨⎩

1

2

�� fcact (r) − P (g (r + N))
��2

2 or

1

2

�� fcact (r) − P (g (
...
r + N))

��2
2

(1)

where P:RNx ×Ny ×Nz → R
Nx ×Ny is the prediction function

of the DNN, and (Nx , Ny , Nz) are the corresponding image
sizes. In this case, we could confirm the effectiveness of the
group input with multiple SoSs. As a comparison, we trained
additional DNNs, P̄ : R

Nx ×Ny → R
Nx ×Ny that corrected the

beamformed images only using a single SoS of 1540m/s as
follows:

L̄ =

⎧⎨⎨
⎨⎩

1

2

�� fcact (r) − P̄
�

f1540m/s (r + N)
���2

2 or

1

2

�� fcact (r) − P̄
�

f1540m/s (
...
r + N)

���2
2

(2)

To augment the training dataset, the DNNs were trained
with randomly cropped patches. We extracted four patches
from each dataset pair, and randomly flipped the cropped
patches in the horizontal direction or scaled their amplitudes
for data augmentation. The batch size was 32. The trainable
weights were initialized with the He initialization method [45]
and were updated with the ADAM optimizer [46]. The initial
learning rate was set to 0.01. As the training strategy, if the
validation loss did not decrease during one epoch, the training
stopped and restarted with the decayed learning rate of 0.1.

This process was repeated three times. In this study, the train-
ings were conducted for 9, 8, and 7 epochs in Segnet, U-net,
and SegU-net, respectively. All processes were performed in
the MATLAB 2019b environment using a desktop computer
with an Intel Core i7-4790 processor, 24 GB RAM, and an
Nvidia GeForce RTX 2070.

C. In Vivo PA Imaging Experiments

For this experiment, we used a programmable clinical US
imaging system (ECUBE 12R, Alpinion Medical Systems,
Republic of Korea) with a tunable pulsed laser (Phocus
Mobile, OPOTEK Inc., USA) [38], [39]. The imaging system
was equipped with a linear array transducer with 128 elements
and a center frequency of 8.5 MHz. We attached the laser
output port next to the transducer and adjusted the pulse energy
to 10 mJ/cm2. For the structural PA imaging, we scanned a
healthy human’s forearm or foot immersed in a water tank
using a motorized scanner. When imaging the forearm, we
set the scanner motor speed to 2 mm/s and used an 850 nm
wavelength. For the foot imaging, the motor speed was
set to 0.625 mm/s, and four wavelengths (700, 756, 796,
and 866 nm) were used to calculate the hemoglobin sO2.
We also recruited a patient with a lentiginous melanoma on
his heel to test melanoma PA unmixing. The melanoma region
was imaged through a 3D handheld PA scanner [47], which is
an imaging probe integrated with a linear motorized scanner
and a water chamber, with a scanning speed of 0.5 mm/s
and the same four wavelengths as for the foot imaging.
All imaging procedures followed a protocol approved by the
Institutional Review Boards of the POSTECH and Seoul St.
Mary’s Hospital (KC17DESI0201).

D. Hemoglobin Oxygen Saturation (sO2) Calculation

Depending on the optical wavelength, λ, oxy- and deoxy-
hemoglobin have different absorption coefficient curves. Thus,
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the PA pressure amplitudes, p, generated at each wavelength
are typically assumed to be proportional to the inner product
between the concentrations (CHbO2 and CHb) and the absorp-
tion coefficients (μHbO2 (λ) and μHb (λ)) of the two types of
hemoglobin as follows:

(p1 · · · pn) ∝ �
CHbO2 CHb

� · M,

where

M =
	

μHbO2 (λ1) · · ·μHbO2 (λn)
μHb (λ1) · · · μHb (λn)



. (3)

However, according to the optical wavelength, the optical
fluence is differently attenuated along the depth, varying
the PA pressure amplitudes. Hence, we compensated for the
spectrally varying optical fluence before spectral unmixing as
follow s [48]. First, we located the skin from the corresponding
US B-mode images. Second, we made an optical compensation
map by averaging the pixels under the skin layer by layer,
excluding bright objects (i.e., blood vessels). Third, each
PA B-mode image was normalized with the compensation
map. Then we unmixed each hemoglobin concentration and
calculated their ratio, called sO2, by using the Moore-Penrose
pseudo-inverse matrix [49] of M as follows:

�
CHbO2CHb

� = (p1 · · · pn) MT
�

M MT
�−1

, (4)

when the MAP images were processed, the signals from the
skin layers were removed.

III. RESULTS

A. In Silico Phantom Study in Homogeneous Media

Fig. 3 illustrates the DNN test in both homogeneous and
heterogeneous media. The dataset preparation processes and
symbols are detailed in the Methods section and Supple-
mentary Table I, respectively. Briefly, we prepared 340 vir-
tual phantoms (270 for training, 30 for validation, and 40
for testing) with homogeneous media and generated PA
RF datasets, r , via an acoustic propagation simulation tool
(K-wave toolbox) [40]. We set one SoS (one of the eight SoSs
varying from 1460 to 1600 m/s with an increment of 20 m/s)
for one virtual phantom and produced one beamformed PA
image with the same SoS as the ground truth, fcact (r). Note
that r is 128-ch RF data and cact is the actual SoS of
the corresponding r . As inputs, we added noise to the RF
data, r + N, and generated a group of eight PA images
beamformed with eight different SoSs, g (r + N). We also
generated additional 340 datasets using the sparse RF data
(i.e., 64-ch inputs, g (

...
r + N)) where

...
r represents the under-

sampled RF data. With the 600 datasets (270 training datasets
and 30 validation datasets reconstructed with the 128- and
64-ch RF data each), we trained three DNNs (e.g., Segnet,
U-net, and SegU-net). Particularly, the DNN model, SegU-net,
was newly created by combining Segnet and U-net (detailed
in the Methods section). We compared the DNN-corrected
PA images, P (g (r + N)), with fcact (r). Fig. 3a and Sup-
plementary Fig. 3 show representative results with a cact of
1560 m/s, and so fcact (r + N) was placed in the fifth segment
of g (r + N) (highlighted with the red boundary in Fig. 3a).

Note that this sequence information was not provided in the
DNN prediction process. The results show noticeable noise
and streak artifacts in fcact (r + N), whereas these artifacts
are dramatically suppressed in P (g (r + N)). We also tested
the DNN-based correction with

...
r (bottom of Fig. 3a). The

corrected PA image with 64-ch data by DNN, P (g (
...
r + N)),

is qualitatively identical to the DNN-corrected PA image with
128-ch data, P (g (r + N)), while the beamformed PA image
with sparse data, fcact (

...
r + N), exhibits considerably strong

streak artifacts. Interestingly, the side lobes and streak arti-
facts are even more suppressed in the DNN-corrected images
compared with the ground truth. We quantitatively evaluated
the in silico phantom study results by measuring the SNRs.
In Supplementary Fig. 3a, we observe that the SNRs of both
P (g (r + N)) and P (g (

...
r + N)) are at least about 20 dB

higher than those of fcact (r + N) and fcact (
...
r + N), and

they are also higher than that of fcact (r). We also quanti-
fied the SSIMs of the PA images before and after applying
the DNNs compared to the ground-truth PA image, fcact (r)
(Supplementary Figs. 1b and 1c). In this particular case with
an actual SoS of 1560 m/s, the input PA image with an
SoS of 1560 m/s, f1560m/s (r + N) has the highest SSIM
(i.e., 0.822) compared with the ground truth, f1560m/s (r).
However, all DNN-improved PA images had more than 0.95
of SSIMs regardless of the number of RF channels and DNN
models. Fig. 3b shows the statistical SSIMs using the 40 test
datasets. On average, the SSIM between fcact (r + N) and
fcact (r) is 0.797 ± 0.086, and that with the sparse data is
0.723 ± 0.122. However, the SSIMs between P (g (r + N))
and fcact (r) for all three DNN models are higher than 0.94,
and U-net and SegU-net provide better SSIMs than Segnet.
The maximum SSIM improvement is about 21.3 %. These
improved SSIMs are still valid with sparse data, but even
more significantly, they show a maximum SSIM improvement
of 32.9 %.

B. In Silico Phantom Study in a Heterogeneous Medium and
Comparison With Existing Methods

We also tested our DNN-correction method in a heteroge-
neous in silico phantom consisting of three layers with SoSs
of 1480 m/s, 1450 m/s, and 1575 m/s. The DNN-corrected PA
images are compared with PA images processed with the con-
ventional beamformer and two SoS aberration correction meth-
ods, multi-stencil fast marching (MSFM) and automatic SoS
selection (Figs. 2c and 2d). The conventional beamformer is
the Fourier beamformer with a single SoS (i.e., 1540 m/s) [50]
but the medium is acoustically heterogeneous. The MSFM
method can accurately synthesize the PA signals in a hetero-
geneous medium because this method estimates the acoustic
time of flight (ToF) using the eikonal equation and utilizes
the ToF as the exact time delay in the beamforming process
(Supplementary Method 1) [51]. However, the MSFM is not
practical because of its prior requirement of the actual SoS
map to solve the Eikonal equation. In our case, we used the
PA image processed with the MSFM as the reference because
the actual SoS map was priorly incorporated for beamforming.
The automatic SoS selection method processes the PA image
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Fig. 3. (a) Deep neural network (DNN) training and testing in a In silico homogeneous medium. g (r + N) is a group of photoacoustic (PA) images with
multiple assigned speeds of sound (SoSs varying from 1460 to 1600 m/s, in increments of 20 m/s) and used as an input. fcact (r + N) is a PA image
with the actual SoS and noise values (i.e., 1500 m/s in this case). P (g (r + N)) is a PA image corrected by DNN. fcact (r) is the ground truth PA image.
r stands for the data from 128 channels;

...
r represents 64 channels. Full-size images and the SNR measurement results are provided in Supplementary Fig. 3.

(b) Statistical comparison of SSIMs of the input vs. ground truth PA images (left) and the corrected PA images by DNN vs. ground truth (right). n = 40. The
asterisks represent the statistical significance by two-sample t-test. (c) DNN test in a heterogeneous medium consisting of three layers with three different
SoSs of 1480 m/s, 1450 m/s, and 1575 m/s. (i) A beamformed PA image corrected for aberration with the multi-stencil fast marching (MSFM) method.
(ii) A conventionally beamformed PA image with an SoS of 1540 m/s. (iii) A beamformed PA image corrected with the automatic SoS selection method.
The SoS was estimated to be 1480 m/s from the Brenner focus function. (iv) A PA image corrected by SegU-net. (d), Comparison of normalized PA lateral
profiles acquired from regions #1 – #4 in (c).

with an optimal SoS by maximizing the PA image sharpness
(Supplementary Method 2) [52]. In this study, the image
sharpness was calculated through the Brenner gradient focus
function and the optimal SoS was estimated to be 1480 m/s.
Note that all beamformed PA images were enveloped by
the quadrature demodulation. We selected four regions at
different depths (highlighted in Fig. 3c(i)) and compared their

line profiles laterally and axially (Fig. 3d and Supplementary
Fig. 4, respectively). These results show the significant sup-
pression of side lobes with our DNN based on the multiple-
SOS inputs. We extracted the line profiles by projecting the
maximum PA amplitude in each direction within the regions
to represent the 2D information of the targets. As shown in
Figs. 2c(i, iv) and 2d, the MSFM- and DNN-PA images and
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Fig. 4. (a) In vivo human forearm photoacoustic (PA) images reconstructed via conventional beamforming (left) and deep neural network (DNN; SegU-net,
right) using 128-ch (top) and 64-ch (bottom) RF data. (b and c) Zoomed conventional (b) and DNN-corrected (c) PA images of the highlighted regions in
(a). We conventionally beamformed the PA images with eight different SoSs in (b). The regions marked with colored arrows are qualitatively compared. The
signal-to-noise ratios (upper right corner) were measured by dividing the maximum amplitude in each region-of-interest by the standard deviation of the area
highlighted with the white dashed box in (a). SoS, speed of sound.

their associated line profiles are highly correlated in all four
regions. However, significant SoS aberrations are visible in the
#1 and #2 areas of the conventionally beamformed PA image
(Fig. 3c(ii)), and they are also obvious in the #3 and #4 areas
of the PA image processed with the automatic SoS selection
method (Fig. 3c(iii)). These results are strongly related to the
SoS distribution in the medium from each target to the sensors.
The PA waves generated from the targets #1 and #2 mainly
travel through the 1st and 2nd layers (e.g.,1480 and 1450 m/s,
respectively), and thus the targets are well reconstructed
with the automatic SoS selection method (e.g., estimated to
be 1480 m/s). Yet, the conventional beamformer does not work

properly for targets #1 and #2. In contrast, targets #3 and
#4 are better reconstructed with the conventional beamformer
because the targets are in the 3rd layer where the medium
(1575 m/s) and preset (1540 m/s) SoSs are close. We also
compared the processing time of each beamformer. It takes
0.10s, 3.31s, 9.21s, and 1.32s for the conventional Fourier,
automatic SoS selection, MSFM, and proposed deep learning
beamformers, respectively, to make a single B-mode image.

C. In Vivo DNN Photoacoustic Imaging of Human Forearms

Fig. 4a compares structural PA images of a human fore-
arm obtained before and after DNN correction with both



8780 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 30, 2021

Fig. 5. (a) In vivo photoacoustic (PA) hemoglobin oxygen saturation (sO2) images of human feet. (i) Maximum amplitude projection (MAP) and
(ii) B-mode images reconstructed by conventional beamforming and deep neural network (DNN; SegU-net). The B-mode images were obtained along
the white dashed line. (b) Lateral line profiles acquired by projecting the maximum hemoglobin concentration of the B-mode PA images in (a). (c) MAP (top)
and B-mode (bottom) PA images of the spectrally unmixed melanoma with conventional beamforming (left) and SegU-net (middle). The B-mode PA images
were extracted along the white dashed line. The photograph shows the melanoma on the patient’s heel. (d) Lateral (left) and axial (right) line profiles acquired
from highlighted regions #1 and #2, enclosed by the yellow dashed lines in (c).

128- and 64-ch RF data. Note that all beamformed PA images
are before demodulation. In the conventional PA images,
we observe noticeable SoS aberration and streak artifacts near
main signal lobes, and the streak artifacts become even worse
with the 64-ch RF data. In contrast, the SoS aberration and
streak artifacts are remarkably reduced in the DNN-corrected
PA images regardless of the data channel numbers. To analyze
the network performance in detail, five regions were selected,
indicated by the dashed boxes in Fig. 4a and shown in zoomed
views in Figs. 3b and 3c. The enlarged DNN-PA images
of the five regions (Fig. 4c) are compared with the zoomed
conventional PA images with eight different SoSs (Fig. 4b).
Owing to the absence of the ground-truth PA images in vivo,
we assumed that one of the PA signals among the eight
conventional PA images was close to the optimal PA signal,

and was locally used as a reference for the PA signal in the
corresponding DNN-PA image. We qualitatively selected the
optimal main signal lobes in each region where the streak
artifacts are minimal, indicted with colored arrows in Fig. 4b,
and paired those with the main signal lobes (the same colored
arrows) in Fig. 4c. Additionally, we measured the SNRs of
each enlarged area by dividing their maximum amplitudes by
the standard deviations in the background regions highlighted
with the white dashed box in Fig. 4a. The measured SNRs of
the 128- and 64-ch DNN-PA images were at least about 16 dB
and 26 dB, respectively, higher than those of the conventional
PA images. It is clear that the DNNs can exclusively extract the
main signal lobes by purposely suppressing the surrounding
SoS aberration and streak artifacts in both the 128- and
64-ch RF data. Moreover, all DNNs’ noise cancellation and
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main lobe corrections are quite notable in the lateral line
profiles (Supplementary Fig. 5). All these improvements by
the DNNs are also readily visible in the maximum amplitude
projection (MAP) images (Supplementary Fig. 6). One thing to
emphasize is that we used the multiple PA images with various
SoSs as inputs for the DNNs. It is confirmed that DNNs with
a single-SoS input do not properly alleviate the SoS aberration
and streak artifacts (Supplementary Fig. 7). Among the three
DNNs, the Segnet-corrected PA image contains somewhat
more noise than the others. Still, U-net and SegU-net might
not effectively suppress reverberation artifacts (red arrows
in Supplementary Fig. 7a). Choosing the best DNN model
remains controversial here due to the absence of the ground-
truth image.

D. In Vivo Multi-Spectral Functional DNN Photoacoustic
Imaging of Human Feet

Multi-spectral functional imaging using the unique optical
absorbance of different intrinsic chromophores (e.g., oxy- and
deoxy hemoglobins and melanin) is an important feature that
differentiates PAI technology from other medical imaging
technologies. This feature allows us to detect oxygen satu-
ration abnormalities around diseased areas (e.g., cancers and
brain disorders) and to capture specific molecular activities in
PA images without exogenous contrast agents. To demonstrate
that our proposed method can also be used for this function,
we applied our method to multi-wavelength in vivo PA images
obtained from the feet of healthy human and melanoma
patients. For the healthy volunteers, the DNNs were used to
correct the 3D PA hemoglobin oxygen saturation (sO2) images
(Figs. 4a and 4b). For the melanoma patients, we corrected the
spectrally unmixed PA melanoma images (Figs. 4c and 4d).
In both studies, we demodulated the DNN-corrected PA
images for each wavelength and then applied a spectral
unmixing technique (Figs. 4 and Supplementary Fig. 8). For
sO2 imaging, a human instep near the big toe was imaged at
700, 756, 796, and 866 nm. The conventional PA MAP sO2
image exhibits blurry vessels and a noisy background, whereas
the DNN (SegU-net) PA sO2 shows much improved contrast.
This improvement is also observed in the B-mode images
(Fig. 5a). In the conventional PA B-mode sO2 image, some
vessels are distorted due to SoS aberration (yellow arrows
in Fig. 5a), and strong speckle patterns are visible. In the
SegU-net PA image, however, the SoS aberration and speckle
patterns are significantly suppressed. Background suppression
and signal enhancement are notable in the total hemoglobin
concentration line profiles as well (Fig. 5b). We also com-
pared the PA sO2 images with the channel numbers and
DNN models (Supplementary Fig. 8). The conventional PA
images with the 64-ch RF input have a blurry background
and strong speckle patterns compared to the images with the
128-ch RF input. In contrast, the DNN PA images do not
show a notable difference between the 128- and 64-ch RF
datasets. To quantitatively compare the difference between the
128- and 64-ch PA images, the overall and pixel-wise sO2
image differences, D and d , were calculated (Supplementary
Method 3 and Supplementary Fig. 9). All Ds of the DNN PA
sO2 images are shorter than that of the conventional PA image.

Further, both U-net and SegU-net perform similarly, and are
better than Segnet. In addition, we calculated the hemoglobin
sO2 difference of the main blood vessels before and after
DNN correction to quantify the effect of DNN on sO2 change
(Supplementary Method 4 and Supplementary Table II). In the
result, we observe little difference between the 128- and 64-ch
DNN PA images. Among the DNN, SegU-net changed the
hemoglobin sO2 the least with the 128-ch RF data. With 64-ch
RF data, U-net and SegU-net showed similar hemoglobin sO2
changes (6.24 % vs. 6.29 %, respectively). For melanoma
imaging, the heel region of a melanoma patient was imaged
with the same four wavelengths [53] (Figs. 4c and 4d). Like
the sO2 images, the DNNs improve the PA image qualities
in all the MAP, B-mode, and line profiles. This result is
evidence that the DNN-PA imaging method could be a vital
tool for delineating melanoma depth, a critical factor in staging
melanoma patients.

IV. DISCUSSION

SoS aberration and streak artifacts are major causes of
image degradation in PA images. The autofocusing technique
of searching for an optimal SoS value can mitigate the SoS
aberration, but it is still not ideal [52]. The MSFM method can
correct the SoS aberration in a heterogeneous medium, but it
is impractical because the prior SoS map is inaccessible [51].
To suppress streak artifacts, a sufficient density of data is
required in the beamforming process, but using an imaging
system with a high number of channels increases the system
complexity and cost. To solve these key problems, we propose
a DNN-based PAI method that can correct SoS aberration and
streak artifacts without the prior SoS map or excessive hard-
ware cost. In this study, using in silico phantoms and in vivo
healthy volunteers and melanoma patients, we demonstrate
the effectiveness and utility of our DNN PA imaging method.
Crucially, we train the DNNs with multiple-SoS inputs, which
significantly improves the resulting image quality. Our exper-
imental input datasets are beamformed with various SoSs.
Consequently, the main signal lobes in the images are fixed,
while the side and grating signal lobes are varied. As a basis
for comparison, a ground truth image is beamformed with
the actual SoS. Thus, this input and ground truth pairing can
train the DNNs to retain the main signal lobes exclusively
and properly reconstruct them with optimal shapes in the
heterogeneous medium. These exclusive enhancements in the
main lobes and the suppression in the side and grating lobes
further reduce the streak artifacts from sparse data. Further-
more, random background noises are also minimized because
they are variable. We could confirm that the DNN-corrected
image shows weaker streak artifacts and a clearer background
than the ground truth image in both in vivo and in silico
studies. We also observe that the DNN outputs with multiple-
SoS inputs provide better correction performance than those
with a single-SoS input (Supplementary Fig. 7). The calculated
difference in sO2 values within the main blood vessels before
and after the DNN correction is less than 9 % (Supplementary
Table II). This result implies that the amplitude linearity of
each main lobe can be relatively well maintained for spectral
unmixing during the DNN process.
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As mentioned above, our proposed DNNs work well with
sparse data, which helps us to further improve the temporal
resolution and reduce the system complexity. Our US trans-
ducer array has 128 elements, but the US imaging system has
only 64 data acquisition channels. To acquire full 128-channel
RF PA data, two laser shots are required, and because the laser
repetition rate is 10 Hz, it takes 0.2 seconds to acquire one full-
channel PA image. Using the DNNs method, however, only
one laser shot is needed to reconstruct one full-channel PA
image, potentially improving the temporal resolution by a fac-
tor of 2. Moreover, 64 data acquisition channels now sufficient
to recover the full signal width, potentially reducing the system
complexity and cost. These two potential improvements can
be critical for wide clinical and commercial translation.

Identifying the optimal DNN model remains to be done.
Initially, we explored two encoder-decoder segmentation
DNNs: Segnet and U-net. We anticipated that Segnet could
better reconstruct high-frequency information than U-net,
because Segnet’s decoder consists of unpooling and trans-
posed convolution layers [44]. As expected, we could see
the more detailed structures in the Segnet-PA images than
in the U-net images. However, background noises were also
relatively more distinct in the Segnet images. The high-
frequency information was rather suppressed in the U-net
images, relatively dominating the low-frequency information.
Next, we implemented a new DNN model, called SegU-net,
by adding U-net’s skip layer to Segnet’s basic structure. The
SegU-net images were relatively similar to the U-net images
rather than the Segnet images, which could indicate that the
skip layer in U-net and SegU-net enhances the low-frequency
information. When we compared the 128- and 64-ch DNN PA
sO2 images (Supplementary Fig. 8), the differences between
the 128- and 64-ch images were minimal with U-net. However,
with SegU-net, the hemoglobin sO2 in the main vessels were
maintained slightly better than with U-net (6.21 vs. 5.03 %,
Supplementary Table II). We believe at this time that it is
difficult to choose the optimal DNN model without ground-
truth images for in vivo situations. Both the DNN model
and the SoS range of the input data need to be optimized
to further improve our method. Based on the SoS in living
soft tissues, we set the SoS range of the input data at 20 m/s
intervals (Supplementary Table III). Thus, an input consisting
of the eight SoS values within the range could be sufficient.
Iincreasing the size of the multi-SoS input data by setting the
SoS range wider and finer might provide better output image
quality, but it would negatively affect the processing speed and
the amount of memory required.

In summary, we introduced a new training strategy using the
multiple SoS inputs, an alternative method to evaluate the cor-
rection performance on non-reference in vivo PA images, and a
metric to confirm the usability of the proposed method in func-
tional imaging. Our proposed method has the following advan-
tages: it can improve the PA image qualities by simultaneously
reducing SoS aberration and streaking artifacts; its use of
multiple SoS inputs effectively maximizes the image enhance-
ment performance; and it allows low-channel systems to
obtain high-quality, high-speed PA images without additional
hardware costs. However, spatially-varying impulse responses

and optical fluence changes were not considered in this study,
but certainly these factors will be considered in the future.

V. CONCLUSION

Our developed DNN-PA imaging methods could correct
SoS aberrations and suppress streak artifacts from sparse data
in in vivo images from healthy volunteers and melanoma
patients. After training, the DNNs could exclusively encode
the main signal lobes from multiple beamformed images with
various SoSs and could encode the main signal lobes with opti-
mal shapes. Using an in silico phantom study, we demonstrated
the superior practical performance of the DNNs over existing
SoS correction methods. Next, using in vivo structural and
functional PA imaging studies, we confirmed that the trained
DNNs with multiple-SoS inputs could also successfully mit-
igate SoS aberrations and streak artifacts caused by medium
heterogeneity and sparse data, respectively. We believe that
this DNN-based method can potentially contribute to the
fast clinical translation and practical commercial deployment
of PAI.
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