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A B S T R A C T

Photoacoustic imaging creates light-induced ultrasonic signals to provide valuable information on internal
body structures and tissue morphology non-invasively. A multi-aperture photoacoustic imaging (MP-PAI)
system is an improvement over conventional photoacoustic imaging (PAI) systems in terms of resolution,
contrast, and field of view. Previously, a prototype MP-PAI system was introduced based on multiple capacitive
micromachined ultrasound transducers (CMUTs) with shared channels, such that each element in a CMUT
shares its channel with its counterpart in other CMUTs. The system uses the biasing voltages of the CMUTs
to switch between them and multiplex the received signals in time. Notwithstanding all the enhancements,
the signal-to-noise ratio (SNR) remains limited in PAI. To address this issue, we are proposing a multi-
aperture encoding scheme (MAES) to further increase the SNR in a multi-aperture PAI system. The proposed
method involves receiving signals with multiple CMUTs simultaneously based on an encoding matrix, instead
of switching between individual CMUTs. As a result, shared channels contain a superposition of signals, which
are later recovered by applying a decoding matrix. Here, an analytical model for computing SNR with an
arbitrary encoding sequence is presented, and the method is validated through numerical simulations and
in an experimental study. Bipolar and unipolar encoding sequences were considered for the experiments.
The numerical results show, in comparison to conventional MP-PAI, that MAES will obtain an SNR gain of
5.8 and 8.8 dB for S-sequence and truncated Hadamard encodings, respectively, when using 15 transducers.
In experiments, three transducers are encoded by S-sequences and show 1.5 dB improvement in SNR over
conventional MP-PAI method, which aligns well with the analytical model.
. Introduction

Photoacoustic imaging is a promising biomedical imaging technique
hat can visualize different tissue constitutes [1–3]. However, signal-
o-noise ratio (SNR), resolution, and field of view (FOV) are limited in
hotoacoustic imaging (PAI) [4]. It has been shown previously that ex-
ra apertures can be employed in a PAI system to increase the effective
ensor area and subsequently improve the resolution and FOV [5–7].
n MP-PAI system can greatly benefit from capacitive micromachined
ltrasonic transducers (CMUTs) as they are low-cost, versatile in design,
nd, more importantly, can offer a higher bandwidth compared to
iezoelectric transducers [8–11]. Nonetheless, an imaging system with
ultiple transducers requires an increased number of channels, which

s not practical for a large number of transducer elements. Multiplexing
he received signals in time could be a solution [12,13]. we have
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previously proposed a simple approach [7] for multiplexing multiple
CMUTs in time by sharing the communication channels among all the
CMUTs, i.e., one element in each aperture shares the channel with
an element of all other apertures. Then, the MP-PAI is performed
by alternating the CMUTs using their biasing voltages [7]. However,
time multiplexing will increases the acquisition time and reduce the
imaging frame rate, which can be especially problematic for low-SNR
PAI systems as it usually requires averaging between frames to reach a
satisfactory SNR [14]. Thus, to increase SNR without highly reducing
frame rate, we propose an aperture encoding technique. For both
ultrasound and photoacoustic imaging, encoding methods have been in-
vestigated in the past. For example, encoding has been used in synthetic
transmit aperture ultrasound systems to increase the SNR or frame rate
via Hadamard sequences [15,16]. In this approach, multiple elements
are excited using encoded waveforms; subsequently, a decoding step
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yields the response for each element of the transducer. Ceroici et al.
proposed an encoding of a 2D crossed-electrode relaxor array for PAI
system using Hadamard patterns to receive signals across all elements
while maintaining the channel counts, resulting in an increased SNR
compared to a single-column biasing strategy [17].

However, in photoacoustics, the implementation of bipolar codes
such as Hadamard sequences in practical applications is challeng-
ing, since it may require advanced electronics, e.g., signal inverters,
or necessitate extra imaging sessions. These factors will increase the
complexity and cost of the system, and in some cases, the use of bipo-
lar codes may not be feasible [18–22]. Therefore, a unipolar variant
of Hadamard sequences, so-called S-sequences, has been introduced
as an alternative. Barber et al. used S-sequence encoding in a syn-
thetic aperture photoacoustic computed tomography system which led
to a significant increase in SNR compared to the conventional syn-
thetic aperture method [23]. Hahamovich et al. introduced an physical
acoustic mask using S-sequences to spatially encode a 2D aperture
yielding an improved FOV, resolution, and SNR for 3D photoacoustic
imaging [24]. Beckmann et al. proposed encoding and transmitting
multiple-wavelength pulses in multispectral laser diode systems to
simultaneously improve SNR and retain spectral information [25].

In this work, we investigate encoding strategies for complete aper-
tures in a multi-aperture imaging scheme. Based on our prior work on a
multiplexed multi-aperture PAI system for carotid plaque imaging [7],
in this study, we propose a novel spatial encoding technique for signal
acquisition. This approach aims to increase the SNR without further
sacrificing the imaging frame rate compared to multiplexed MP-PAI.
In conventional MP-PAI, each imaging session utilizes a single aper-
ture to receive signals, generating a single-perspective image; these
images are then acquired for all different apertures, and compounded
to create the final MP-PAI image. Here, each imaging session utilizes
a single aperture to receive signals, generating a single-perspective
image; these images are then acquired for all different apertures, and
compounded to create the final MP-PAI image. Here, we propose to
use multiple apertures simultaneously in an encoded sequence, such
that the superposition of the received signals from different apertures
will be recorded. The signals from individual apertures are thereafter
recovered by a decoding step prior to the image reconstruction.

A theoretical analysis of the expected SNR for a multi-aperture
encoding scheme (MAES) is presented. The method is validated using
both numerical and experimental studies. In simulations, MAES is eval-
uated in terms of SNR for an increasing number of apertures. Finally,
the proposed method was implemented using a multi-aperture array
consisting of three CMUTs, designed to image carotid plaques [7].

2. Methods

2.1. Encoding scheme theory

A theoretical framework is provided to analyze noise levels in
a multi-aperture imaging setup. In the following derivation, we are
assuming an additive, independent noise regime, where the noise 𝒏
consists of identically distributed random values that follow a normal
distribution with a zero mean and standard deviation of 𝜎𝒏. For band-
pass signals, as in PAI, if the signal variance is assumed to be 𝑉 𝑎𝑟(𝒙) =
2
𝒙, we can conventionally define the SNR as:

NRconv =
𝑉 𝑎𝑟(𝒙)
𝑉 𝑎𝑟(𝒏)

=
𝜎2𝒙
𝜎2𝒏

. (1)

A common approach to increase the SNR in PAI is the coherent aver-
aging of received signals across multiple frames [14,26,27], where each
frame is formed by multiple imaging sessions, i.e., reception of multiple
light-induced photoacoustic signals. A similar result is obtained by
reconstructing each imaging session and simply average them before
the envelope detection, forming a coherently compounded image [7].
Assuming two random variables with distribution 𝒈 and 𝒉, the variance
2

1

can be calculated with 𝑉 𝑎𝑟(𝒈 + 𝒉) = 𝑉 𝑎𝑟(𝒈) + 𝑉 𝑎𝑟(𝒉) + 𝐶𝑜𝑣(𝒈,𝒉) in
which 𝐶𝑜𝑣(𝒈,𝒉) = 0 for independent random variables. Therefore, in
summation of 𝑀 frames coherently, the noise will still be Gaussian with
a variance of 𝑀𝜎2𝒏 and zero mean. If the target signals are in complete
correlation, the variance of 𝑀 correlated signals will be 𝑀2𝜎2𝒙, so the
SNR is calculated as:

SNRcoh =
𝑀𝜎2𝒙
𝜎2𝒏

(2)

yielding a linear SNR gain with a factor of 𝑀 when compared to a
ingle frame PAI (Eq. (1)). From now on, We refer to the SNRcoh as
onventional multi-perspective photoacoustic imaging (MP-PAI) SNR.

An encoding scheme can be employed in 𝑀 imaging sessions where
he vector 𝒙 is measured via a linear projection of the signals through
multiplicative weighing matrix 𝐖. Fig. 1 shows the process of MAES

maging in which the superimposed signals are recorded and decoded
o obtain an image with increased SNR. The weight matrix 𝐖, defined
s 𝐖 = [𝑤𝑖𝑗 ], is an 𝑀 ×𝑀 matrix, where each row specifies the coding
equence for the apertures in each imaging session, with entries that
o not exceed one, i.e. ∀𝑤𝑖𝑗 ∈ 𝐖, 0 ≤ 𝑤𝑖𝑗 ≤ 1. The imaging process can

be mathematically described by:

𝒚 = 𝐖𝒙 + 𝒏 (3)

where 𝒚 is the measurements vector at each instance of time 𝑡, with
each row containing the measurements of one imaging session, and 𝒏
is the noise vector at 𝑡 describing the electrical–thermal disturbances
in the circuitry. In other words, 𝑦1 =

∑𝑀
𝑚=1 𝑤1𝑚𝑥𝑚 + 𝑛1 represents a

snapshot of the measured signal at a specific time point from the first
session of imaging and so forth, where 𝑤1𝑚 denotes the first row and
𝑚th column of the matrix 𝐖. Assuming 𝐖 is orthogonal and has an
inverse equal to 𝐙 = 𝐖−1, the acoustic signals are recovered from the
measurement via 𝒙̃ = 𝐙𝒚, resulting in

𝒙̃ = 𝒙 +𝒁𝒏. (4)

The variance for the noise in the resulting measurement is given by
𝑉 𝑎𝑟(𝐙𝒏) which can be expanded to 𝐸{(𝐙𝒏)2}−𝐸{𝐙𝒏}2 where the latter
component is equal to zero as defined. The variance of the noise for a
single aperture 𝑚 in different sessions of 𝑖 and 𝑗 is described by:

𝐸{(𝐙𝒏)2} = 𝐸{
∑

𝑖
(𝑧𝑚𝑖)2𝑛2𝑖 +

∑

𝑖

∑

𝑗≠𝑖
𝑧𝑚𝑖𝑛𝑖𝑧𝑚𝑗𝑛𝑗 [1 − 𝛿𝑖𝑗 ]} (5)

where 𝑧𝑚𝑖 and 𝑧𝑚𝑗 represent the entries of the matrix 𝐙, corresponding
to the 𝑚th row and the 𝑖th and 𝑗th columns, respectively. The last term
in Eq. (5) is zero, given that the covariance of 𝑛𝑖 and 𝑛𝑗 is zero for 𝑖 ≠ 𝑗,
as two instances of noise are uncorrelated. Hence, we get

𝐸{(𝐙𝒏)2} = 𝜎2𝑛
∑

𝑖
(𝑧𝑚𝑖)2 (6)

The general SNR for single transducer 𝑚 using encoded multi-
perspective imaging is as follows:

SNRst =
𝑉 𝑎𝑟(𝒙)
𝑉 𝑎𝑟(𝐙𝒏)

=
𝜎2𝑥

𝜎2𝑛
∑

𝑖(𝑧𝑚𝑖)2

(7)

By coherently compounding 𝑀 single perspective images to form
the final reconstruction, similar to the calculation leading to Eq. (2),
Eq. (7) can be written as:

SNRenc =
𝑀𝜎2𝑥

𝜎2𝑛
∑

𝑖(𝑧𝑚𝑖)2
(8)

ssuming complete coherency between received signals from different
pertures. By Eq. (8) can be reformulated as:

NRenc = 𝑔 SNRcoh (9)

here the SNR gain over conventional MP-PAI is equal to 𝑔 =
∕
∑

(𝑧 )2. It is worth noting, by comparing Eqs. (7) to (1), that the
𝑖 𝑚𝑖
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Fig. 1. The flowchart of the proposed imaging method. In each imaging session, multiple apertures are active simultaneously with respect to an encoded sequence and superimposed
signals are recorded. The signals are then decoded before reconstructing and compounding the final image.
same amount of gain 𝑔 can be seen for single perspective images when
MAES is applied over conventional PAI, i.e.,

SNRst = 𝑔 SNRconv (10)

2.2. Encoding sequences

The choice of encoding sequence significantly impacts the final SNR
of the MP-PAI system. In encoded multi-aperture imaging, the coding
matrix 𝐖 has to be orthogonal and invertible so that the decoding
process can be obtained efficiently by applying 𝐖−1. Regarding Eq. (7),
to maximize the SNRenc gain, we need to employ an encoding matrix
whose inverse has the smallest possible entries. A good example of
these multiplexing matrices are Hadamard matrices, which are of the
order 𝑀 = 2𝑛 for 𝑛 = 1, 2, 3,… with bipolar elements, i.e, ±1 [28].
The inverse version of the Hadamard matrix is just a scaled version
of itself 𝐇−1 = 1

𝑀𝐇, so the SNRenc gain compared to a conventional
imaging scheme would be linearly increasing with a factor of 𝑀 . For
Hadamard encoding, all apertures are active in each imaging session,
and the received signal from each transducer is either directly added
or subtracted from the channel. Hadamard matrices are only available
for 2𝑛 orders, so they cannot be used for encoded imaging using any
arbitrary numbers of transducers. In these cases, there may exist an
encoding matrix with optimum properties [29].

A unipolar encoding technique (in which the elements are either 0
or 1), on the other hand, can be easily implemented. Such encoding se-
quences can be obtained by altering the bipolar matrices. For instance,
by eliminating the first row and column of the Hadamard matrix and
replacing the elements of 1s with 0s and elements of −1s with 1s. The
resulting matrix is called the S-sequence matrix and is of the order
𝑀 = 2𝑛−1 for 𝑛 = 1, 2, 3,… [23]. The entries in the inverse matrices are
2∕(𝑀 + 1) fold the entries in the S-sequence matrix. Hence, the SNRenc
gain is expected to be 𝑔 = (𝑀 + 1)2∕4𝑀 over conventional MP-PAI.

Now that we have established this theoretical framework, we eval-
uate the S-sequence encoding in both simulations and experiments.
General bipolar encoding schemes, consisting of truncated versions of
Hadamard matrices, are evaluated in simulations. To construct these
matrices, we remove the first row and column resulting in a bipolar
matrix of order 2𝑛 − 1 for 𝑛 = 1, 2, 3,… .

2.3. Simulations

In both the simulation study and the experimental study, the im-
pact of aperture encoding is shown for the example of carotid plaque
imaging, which is a major application of our previously proposed MP-
PAI system [7]. For the numerical studies, a Monte–Carlo method is
utilized to simulate the optical fluence in 2D. The Monte Carlo sim-
ulations are carried out using an in-house grid-based implementation
that tracks photon packets according to the microscopic Beer–Lambert
law method. The k-Wave toolbox for MATLAB is employed to simulate
the 2D acoustic wave propagation in the tissue. For further details,
readers are encouraged to refer to the works presented in [7,30]. The
3

Table 1
Medium properties [31–35].

Label SOS (m/s) Density (Kg/m3) Scattering (1/cm−1) Absorption (1/cm−1)

Blood 1578 1050 50 20.02
Plaque 1535 1033 150 9.70
ICG 1530 1050 100 5.40
PVA 1550 1200 15 0.50
Water 1480 1000 1 0.0

simulation workflow employed in this study is consistent with the
methodologies outlined in these references.

The parameters for the apertures used are aligned with the CMUTs
utilized in the experiments (see Section 2.4). The medium is defined
to be 70 mm wide in both directions with a spatial grid spacing of
4.7 × 10−5 m (Fig. 2(a)). It contains a vascular phantom with three
micro-channels containing different constituents. The different medium
properties are provided in Table 1 [31–35].

To simulate and compare conventional MP-PAI to MAES imaging,
the coding matrix 𝐖 is set to the identity matrix and an encoding
matrix, respectively. To mimic the thermal noise present in the exper-
imental results, Gaussian noise is added to the channels. The k-Wave
simulations are run with the standard Courant–Friedrichs–Lewy (CFL)
number of 0.3, resulting in time steps of 9.6 ns. The data are then
resampled to 32.25 MHz and processed using a band-pass with cut-off
frequencies of 2.5 MHZ and 8.5 MHZ.

The transducers are positioned on one side of the medium at a
fixed distance from the center. The simulations are acquired for various
numbers of transducers (𝑀 = 3, 7 and 15) and while using differ-
ent encoding sequences, namely, S-sequence and truncated Hadamard
matrices. All transducers are distributed with equidistant angles within
the range [−𝜃, 𝜃] where 𝜃 is the maximum angle from the center of the
medium (see Fig. 2(a)). For 3 transducers, the maximum angle is 45◦,
and it is 90◦ for both 7 and 15 transducers configurations.

For statistical analysis, each simulation is run 10 times with the
mentioned settings, and each run is performed with a new Monte–Carlo
simulation and a new seed for the channel noise. The regions shown in
Fig. 4(a) are used for SNR evaluations through Eq. (11).

To assess the performance of the MAES method under various
channel SNRs, another set of simulations is conducted with settings
similar to those using three transducers. In these simulations, the noise
level is uniformly adjusted across all channels using a single magnitude
factor for each simulation. This leads to different overall SNR values
for each simulation, ranging from −4 dB in the first to 2.7 dB in the
last. The RF channel SNR for each simulation is computed by manually
segmenting the target and background regions within the simulated
RF signals. The resulting compounded reconstructions for different
imaging methods are evaluated in terms of SNR with regions shown in
Fig. 4(a). Considering Eq. (9), the SNR gain 𝑔 for MAES is multiplied
to conventional MP-PAI results, i.e., evaluated image SNR, to have an
expected gain in SNR for each simulation with a specific channel SNR.

2.4. Experiments

The imaging setup is composed of three CMUT prototypes (CM12;
Philips, Netherlands) on a flexible substrate sharing the communication
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Fig. 2. The simulation medium depicts a three-transducers configuration (labeled Tr1, Tr2, and Tr3) and a phantom with four different components, each having a specific speed
of sound, density, absorption and scattering coefficient described in Table 1 (a). The simulated fluence with the Monte Carlo approach (b), reconstructed images using transducers
1–3 plotted in log-scale with 30 dB dynamic range (c, d, and e).
Fig. 3. The schematic of the setup (a) and the prototype CMUTs array placed on a neck mimicking water-based gel phantom (b); the plaque mimicking phantom which is embedded
in the water-based gel phantom (c).
channels as proposed in [7] for human carotid plaque imaging (see
Figs. 3(a, b)). The switching is performed by controlling the bias voltage
of individual CMUTs. Each CMUT has 96 active elements with a center
frequency of 7 MHz and a pitch of 102 μm. An OPOTEK RADIANT
355 tunable pulse laser is utilized to generate pulses at 545 nm, and a
bifurcated fiber optic cable is employed to divide the light and deliver
it to the phantom. The fluence out of fiber bundle is measured to be
6.8 mJ/cm2 at 545 nm. During the imaging procedure, the raw radio
frequency (RF) data are recorded and sampled at a 32 MHz sampling
frequency. The orientation of each CMUT is obtained during the signal
acquisition using a designated orientation sensor (9-axis MPU-6050
sensor, TDK InvenSense) [7]. A Verasonics Vantage 256 system is used
to communicate with the CMUTs and the orientation sensors, as well
as to control the Q-switch trigger of the laser and the biasing voltages
of the CMUTs.

Since the prototype is not shielded well against electrical distur-
bance interference, the RF signals can be degraded with several strong,
short pulses that appear simultaneously across the transducer elements.
To remove these unwanted signals, a moving averaging window with
a length of 50 is employed over the elements of the transducer, and
the calculated average is subtracted from the RF data. Moreover, the
previously mentioned band-pass filter (with the lower and higher cut-
off frequencies of (2.5 MHz–8.5 MHz) is applied. The signals from each
4

CMUT are reconstructed with respect to the position and orientation of
the CMUTs on a grid with quarter of a lambda spatial spacing. Finally,
the signals are compounded to form the final MP-PAI images.

A polyvinyl alcohol (PVA) plaque mimicking phantom with a di-
ameter of 1 cm is prepared as described in [7]. The 2 mm inclusions
were filled with porcine blood, indocyanine green in water solution
0.1 mg/ml (ICG), and plaque tissue (see Fig. 3(c)). The blood was
prepared with 1% (weight/volume) EDTA to prevent coagulation. The
plaque tissue was removed from the outer layer of an endarterectomy
plaque that was obtained from the Catharina Hospital in Eindhoven.
The patient has given informed consent to participate in this study. In
experiments, the PVA phantom was placed around 3.5 cm deep from
the surface of the CMUTs using stacks of gel pads (Aquaflex gel, Parker
Laboratories) (Fig. 3(b)).

2.5. Data analysis and comparison

The MAES method is compared to conventional MP-PAI of [7] in
terms of SNR. All images are formed using pixel-wise Delay-And-Sum
(DAS) algorithm without any apodization by coherently compounding
the single perspective reconstructions of CMUTs. No post-processing
is applied on the reconstructed images. These images are assessed
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Fig. 4. Coherent compounding of simulation results for the imaging configuration based on three (a, b, c; top row), seven (d, e, f; middle row), and 15 (g, h, i; bottom row)
transducers for respectively conventional transmission schemes (a, d, g; left column), S-sequence encoding (b, e, h; middle column), and truncated Hadamard encoding (c, f, i;
right column) techniques; all images are plotted in log-scale with a dynamic range of 35 dB.
before log-compression (yet after envelope detection, without any nor-
malization). To assess the SNR, two elliptic regions are chosen: the
target region is chosen so that it covers one of the microchannels in
the phantom, and the background region is selected to contain noise,
i.e., it includes neither actual photoacoustic sources nor their sidelobe
artifacts. The SNR metric is defined in decibels as follows:

SNR = 10 log10
𝜇𝑠
𝜇𝑏

(11)

where 𝜇𝑏 = E{|
|

B𝑖
|

|

2} and 𝜇𝑠 = E{|
|

S𝑖||
2} are the mean values of the

envelop pressures squared in either the background (𝐵) or the target
regions (𝑆).

3. Results

3.1. Simulation results

Fig. 4 shows the coherently compounded results of simulations
using 3, 7, and 15 transducers for the conventional, S-sequence, and
truncated Hadamard encoding techniques. The results of S-sequence,
and especially truncated Hadamard encodings present a darker back-
ground (background noise suppression) with respect to conventional
MP-PAI for the same number of transducers. This indicates an im-
provement of SNR when MAES is employed over conventional MP-PAI.
By comparing the results for different numbers of transducers, it can
be seen that adding more apertures leads to better suppression of
background noise, especially when MEAS is used.

The statistical SNR evaluation results are summarized in Table 2
with reference to their corresponding configurations. The SNR for
5

Table 2
Calculated SNR (in decibel) for the imaging results shown in Fig. 4.

Configuration Conventional S-sequence Hadamard

3; Fig. 4 (a–c) 9.9 ± 0.4 11.1 ± 0.3 12.4 ± 0.4
7; Fig. 4 (d–f) 17.7 ± 0.2 21.2 ± 0.2 23.6 ± 0.2
15; Fig. 4 (g–i) 19.6 ± 0.2 25.4 ± 0.1 28.4 ± 0.1

S-sequence and truncated Hadamard encodings with respect to con-
ventional imaging increased by 1.2 and 2.5 dB for three transducers,
3.5 and 5.9 dB for seven transducers, and 5.8 and 8.8 dB for 15
transducers, respectively. The theoretical SNR gain for S-sequence and
truncated Hadamard encodings over conventional imaging is expected
to be respectively 1.2 and 3 dB for three apertures, 3.6 and 6 dB for
seven apertures, and 6.3 and 9 dB for 15 apertures (see Eq. (9)). The
deviation decreases for a higher number of transducers, as can be seen
from Table 2 where the standard deviation for the triple-aperture setup
is the highest and decreases subsequently for a higher number of CMUT
transducers and transmit-receive events.

Fig. 5 depicts the effect of different channel SNR on the final com-
pounded results using the three-transducer setup. Three examples of
compounded conventional MP-PAI images are provided in Figs. 5(a–c)
where the channel SNR is −4, −0.1, and 2.7 dB, respectively. The SNR of
the images is calculated using the same target and background regions
defined in Fig. 4(a). The results are given in Fig. 5(d) along with the
expected (theoretical, Eq. (9)) SNR gain for encoding methods. Regard-
less of SNR magnitude, the improvement over conventional MP-PAI is
around 1.2 dB for the S-sequence, and 3 dB for the truncated Hadamard
encoding methods, respectively. These findings are consistent with the
theoretical expectations delineated earlier (see Eq. (9)).
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Fig. 5. Coherently compounded MP-PAI images using three transducers for channel SNR of −4, −0.1, and 2.7 dB (a–c), respectively; all images are plotted in log-scale with a
dynamic range of 35 dB. SNR evaluations of the results for different methods (d), namely, conventional imaging (solid line), S-sequence (dashed line), and truncated Hadamard
(dotted dashed line) encodings, with different channels SNR ranging from −4 to 2.7 dB; the analytical expectations are indicated with a dashed red line for S-sequence encoding
and a dotted dashed red line for truncated Hadamard encoding.
3.2. Experimental results

The reconstructed single perspective images obtained with all three
CMUTs and their coherently compounded results using conventional
MP-PAI and S-sequence encoding are shown in Fig. 6. All the results are
evaluated and the SNR values are provided at the bottom right of each
image. The regions where the SNR is evaluated are indicated by two
dashed elliptic regions for target and background noise (see Fig. 6(a)).

For the background region, the encoding method resulted in better
noise suppression leading to improved contrast over the conventional
MP-PAI results. By comparing results presented in Fig. 6, the gain in
SNR of S-sequence encoding over conventional PAI are 2.3, 0.6, and
1.6 dB for the first, second, and third CMUT, respectively. The com-
pounded S-sequence encoding result achieved a 1.5 dB improvement
in SNR over the conventional method.

4. Discussion

In this work, a novel multi-aperture encoding scheme (MAES) is
proposed to increase the SNR of a multi-perspective photoacoustic
imaging (MP-PAI) system with multiple CMUTs and multiplexed shared
RF channels. MAES was validated thoroughly in terms of SNR values
for both simulations and experiments for both the unipolar and bipolar
encoding sequences. Since all applied processes for MAES imaging
exhibit linearity, we opt to evaluate the results using SNR rather
than a more complex metric. All the results confirm the theory and
demonstrate the potential of the multi-aperture encoding scheme to
improve the SNR, especially for a large number of transducers. Please
note that the purpose of this study is not focused on providing the
optimal encoding sequences and one may find an encoding matrix with
a specific order that outperforms S-sequence or truncated Hadamard
encoding methods.

The results depicted in Fig. 4 and their statistical analysis, given
in Table 2, in general match well with our theoretical expectation
SNR gain over the conventional MP-PAI. However, in some cases,
the SNR values deviated from the expected analytical approach. This
can be caused by the fact that we assumed the noise to be perfectly
6

independent for two separate sessions in theory, which is not always the
case, even for simulations. With a finite set of samples, there is always
some degree of correlation. In the results presented in Fig. 4, a circular
artifact can be seen around the micro-channel especially for the cases
where the noise is suppressed effectively, namely Figs. 4(h) and (g).
The pressure waves originated from the boundary of a micro channel
travel outward and inward relative to the vessel boundary. Inward
waves, traveling inside the micro-channel, are reflected, and captured
by transducers, creating circular shapes around the channel Hence,
the artifact appears with twice the diameter of the micro-channels.
This artifact is similar to reverberation artifacts in ultrasound imaging.
Equally important, the compounding of the structures’ sidelobes into
the final image plays a critical role in the formation of artifacts around
the micro-channels.

the S-sequence encoding outperformed the conventional MP-PAI
in all individual perspectives as well as the coherent compounding
result. However, the deviation of the experimental results from the
analytically expected SNR gain (Eqs. (9) and (10)) is much higher than
observed in the simulations. This could be explained by the presence
of actual photoacoustic signals or their sidelobes in the region that is
assumed to be only the noise. Besides, application of MAES method de-
mands different electrical connections of CMUTs which can also affect
the evaluated SNR. Still, by compounding the results, S-sequence en-
coding obtained a 1.5 dB improvement over the conventional method,
which aligned well with theoretical expectation (see Eq. (9)).

The results consistently aligned with our theoretical expectations,
demonstrating an improvement in contrast when MAES was employed,
especially when using a large(r) number of transducers and truncated
Hadamard encoding. It is worth noting that the proposed method was
evaluated using stationary targets. Additionally, the multiplexing in
time technique was still applied for imaging, which can decrease the
overall imaging frame rate. A potential concern is that a spatial shift be-
tween two separate imaging sessions with shared transducers may lead
to decorrelation of the signals which will in turn lead to sub-optimal
decoding, decorrelation of structures, and appearance of ghosting arti-
facts. Nevertheless, these challenges can be mitigated using high frame
rate imaging systems or motion correction algorithms, making the

method viable for in vivo applications. Enhancing the system’s speed
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Fig. 6. Reconstructed single perspective photoacoustic images for each CMUT using conventional MP-PAI (a–c; top row) and S-sequence encoding scheme (d–f; middle row) as
well as their coherently compounded result for conventional MP-PAI (h) and S-sequence encoding scheme (i), obtained in the carotid plaque phantom. The compounded ultrasound
image is given in (g). The SNR value is provided at the bottom right side of each image. All photoacoustic images are plotted in log-scale with a dynamic range of 30 dB.
is feasible with faster light sources and advanced electronics (e.g. fast
analog switches). Furthermore, exploring bipolar encoding techniques,
such as Hadamard encodings, may offer additional opportunities to
boost the SNR for the proposed MAES in both PAI and US imaging with
multiple transducers.

5. Conclusion

In this paper, we developed a Multi-Aperture Encoding Scheme
(MAES) to improve the SNR in Multi-Perspective Photoacoustic Imag-
ing (MP-PAI) through the use of multiple spatially separated CMUTs.
We proposed a model to calculate the expected gain for MAES using
an arbitrary encoding sequence over conventional MP-PAI. Both simu-
lations and experimental evaluations affirmed the theory, showcasing
the potential of the MAES method.

Employing only three transducers in experiments, MAES achieved
already an SNR gain of 1.5 dB for S-sequence encodings compared to
conventional MP-PAI. Simulations demonstrated that the SNR gain over
MP-PAI can be enhanced to about 9 dB when MAES was applied using a
bipolar encoding sequence in a 15-transducer configuration. Moreover,
it was shown that MAES SNR gain over MP-PAI remains independent
of channel SNR.
7

MAES was evaluated in stationary phantoms. There is a need to
explore the impact of the moving targets on the method and possibly
increase the system’s imaging frame rate. Future research will focus on
utilizing analog inverters and switches, as well as deploying additional
transducers, to facilitate the usage of binary sequences and extend the
applicability of MAES to multi-perspective ultrasound imaging.
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