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A B S T R A C T

As a novel non-invasive hybrid biomedical imaging technology, photoacoustic tomography combines the ad
vantages of high contrast of optical imaging and high penetration of acoustic imaging. However, the conven
tional standard reconstruction methods under sparse view may lead to low-quality image in photoacoustic 
tomography. To address this problem, an advanced sparse reconstruction method for photoacoustic tomography 
based on the mean-reverting diffusion model is proposed. By modeling the degradation process from a high- 
quality image under full-view scanning (512 projections) to a sparse image with stable Gaussian noise (i.e., 
mean state), a mean-reverting diffusion model is trained to learn prior information of the data distribution. Then 
the learned prior information is employed to generate a high-quality image from the sparse image by iteratively 
sampling the noisy state. Blood vessels simulation data and the animal in vivo experimental data were used to 
evaluate the performance of the proposed method. The results demonstrate that the proposed method achieves 
higher-quality sparse reconstruction compared with conventional reconstruction methods and U-Net method. In 
addition, the proposed method dramatically speeds up the sparse reconstruction and achieves better recon
struction results for extremely sparse images compared with the method based on conventional diffusion model. 
The proposed method achieves an improvement of 0.52 (~289 %) in structural similarity and 10.01 dB (~59 %) 
in peak signal-to-noise ratio for extremely sparse projections (8 projections), compared with the conventional 
delay-and-sum method. This method is expected to shorten the acquisition time and reduce the cost of photo
acoustic tomography, thus further expanding the range of applications.

1. Introduction

Photoacoustic tomography (PAT) is a non-invasive hybrid biomed
ical imaging technique based on the photoacoustic effect, which is 
capable of providing high-resolution structural and functional infor
mation of tissue as well as the depth-penetration capability of optical 
imaging [1–4]. PAT has been widely used in medical imaging for tissue 
imaging [5,6], tumor diagnosis [7], vascular imaging [8], and 
image-guided surgery [9,10], and has gradually become an important 
tool in clinical experiments and clinical research [11–13]. In PAT, a 

nanosecond-level pulsed laser beam is used in biological tissues, and 
absorbers located in the tissue body (e.g., tumors) absorb the pulsed 
light energy, which causes an instantaneous temperature rise and 
expansion, generating photoacoustic waves. At this time, ultrasonic 
transducer located on the surface of the tissue body can receive these 
outgoing photoacoustic waves and reconstruct an image of the light 
energy absorption distribution within the tissue based on the detected 
photoacoustic signals.

Conventional reconstruction methods are based on analytic algo
rithms, such as filtered back-projection, delay-and-sum (DAS) and time- 
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reversal methods [14–16]. However, although the above methods have 
wide applications in medical imaging, they still have some limitations. 
In an actual imaging system, conventional reconstruction methods are 
limited in resolution, resulting in the inability to accurately display fine 
structures. There are also problems such as sensitivity to data noise, 
excessive computational complexity, and severe artifacts. Therefore, 
high-quality and fast reconstruction under sparse sampling is a chal
lenging task to be solved.

In response to the challenges faced by conventional photoacoustic 
tomography reconstruction methods, a series of hardware-based and 
algorithm-based improvements have been proposed to enhance imaging 
quality and efficiency. From the hardware perspective, the usual 
approach is to optimize the detector design, e.g., using ultrasonic 
transducer arrays to capture the photoacoustic signals from more views 
[17,18], thus improving the reconstruction quality. However, those 
hardware methods may increase system complexity and cost, thus 
limiting the feasibility of their widespread application. In contrast, 
improved algorithms may be a more feasible and economical solution to 
achieve high-quality reconstruction. Paltauf et al. designed iterative 
reconstruction algorithms to obtain better reconstruction through a 
model-based method [19]. Arridge et al. proposed compressed sensing 
reconstruction algorithms, which achieves better reconstruction by 
changing the method of signal acquisition and recovery [18,20]. In 
addition to this, variational methods are also common among 
model-based methods, which significantly improves the quality and 
usefulness of reconstructed images by solving an optimization problem 
with a regularization term and utilizing prior information of the image 
to guide the reconstruction [21–24]. However, these methods require 
complex data integration and accurate prior information, as well as 
extensive trial and tuning work, which are difficult to achieve in 
experiments.

In recent years, deep learning has been widely used in biomedical 
image processing, including photoacoustic tomographic image recon
struction, due to its powerful feature extraction and learning capabilities 
[25–28]. Madasamy et al. found that deep learning-based methods can 
compensate for the nonlinear luminous flux distributions more effec
tively and efficiently by comparing various network architecture [29]. 
Currently, most post-processing methods are based on U-Net network to 
eliminate artifacts. Chen et al. proposed a U-Net based method for 
photoacoustic imaging [30], and Davoudi et al. utilized the U-Net 
network to reduce artifacts in photoacoustic images and enhance 
anatomical contrast and image quantization [31]. Shahid et al. com
bined inverse compressed sensing with ResU-Net network to process 
photoacoustic data and restore high-quality images [32]. Guan et al. 
proposed a fully dense U-Net (FD-UNet) network for artifact removal 
[33]. Deng et al. designed the SE-UNet network architecture, which 
demonstrated better performance in artifact removal [34]. However, 
due to the need of learning unknown mappings, deep learning-based 
methods usually require a large amount of data and a large-scale 
network for training and testing, and they remain less practically 
effective than the conventional modified iterative methods.

With the development of generative models, a variety of generative 
models, including generative adversarial networks (GAN) [35], varia
tional autoencoder (VAE) [36], denoising diffusion probabilistic model 
(DDPM) [37], and score-based generative model [38], have shown great 
advantages in the field of image processing and reconstruction. Among 
them, in the field of image restoration, the score-based generative model 
significantly improves the performance of the model by applying an 
efficient and stable sampling method, which can more effectively reduce 
the noise and errors when dealing with a variety of image data, thus 
achieving higher-quality restoration. On this basis, Song et al. further 
proposed a diffusion model based on stochastic differential equations 
(SDE). In this diffusion model, Stochastic differential equations are used 
in imaging to model the dynamics of image degradation and recon
struction by mathematically modeling the evolution of systems con
taining random noise. This SDE-based diffusion model can more 

effectively handle complex image restoration with strong generative 
capabilities [39]. In the forward process, the SDE-based diffusion 
models gradually introduce Gaussian noise into the image until it is 
converted to a purely noisy image, and in the reverse process, it simu
lates a reverse SDE to reduce the purely noisy image to a high-quality 
image; however, modeling the diffusion process using conventional 
SDEs requires converting the original data distribution to a purely noisy 
prior distribution. This often requires more iterations and computational 
resources to obtain high-quality samples. Inspired by this, this paper 
proposes a novel reconstruction strategy based on the mean-reverting 
diffusion model, which significantly accelerates the reconstruction 
time as well as improves the reconstruction quality. The model used is a 
particular diffusion model based on mean-reverting stochastic differ
ential equation (IR-SDE), which converts a high-quality image into a 
degraded counterpart with a fixed Gaussian noise in the forward process 
of reconstruction, and realizes the reconstruction of a high-quality 
image from noisy data without need of specific a prior information by 
simulating the corresponding reverse-time SDE [40]. The proposed 
mean-reverting SDE has a closed-form solution, allowing the computa
tion of the ground truth time-dependent score and learning it with a 
neural network during the training process. In addition, the model uses 
maximum likelihood objective as the loss function and the learned prior 
information as the distributional constraints to guide the reconstruction 
process, and trains the neural network to find the optimal sparse image 
reconstruction trajectory. Compared to other methods, the proposed 
method shows significant improvement in reconstruction speed and 
image quality.

By applying the mean-reverting diffusion model to the sparse 
reconstruction of PAT, this study not only significantly improves the 
quality and speed of image reconstruction, but also verifies its superi
ority in both experimental data and practical applications. The suc
cessful realization of this model predicts that in future PAT applications, 
even in data-constrained situations, high-quality images required for 
clinical purposes can be efficiently reconstructed, thus providing more 
accurate diagnostic information for clinical medicine and promoting the 
further development and application of photoacoustic tomography in 
biomedical fields.

2. Principles and methods

2.1. The principle of photoacoustic tomography

In PAT, when a nanosecond-level pulsed laser beam is used to irra
diate biological tissue, light absorbers (hemoglobin, melanin, etc.) 
within the biological tissue absorb the pulsed light energy and convert it 
to heat, and the thermal expansion and contraction of the absorber 
makes it a source of sound. Since soft tissue is a good medium for 
acoustic wave propagation, the photoacoustic signal at the absorber can 
effectively radiate to the surrounding medium and propagate in the 
tissue with low scattering and low loss. The ultrasonic transducer 
located around the tissue acquires the generated photoacoustic waves, 
and through signal processing and photoacoustic image reconstruction, 
a photoacoustic image reflecting the internal structure and function of 
the tissue can be formed. In the case of satisfying the thermal and 
pressure constraints, the initial acoustic pressure can be expressed by Eq. 
(1): 

P0 = Γηthμa(r)F (1) 

where Γ is the Gruneisen coefficient, ηth represents the thermal con
version efficiency, μa is the absorption coefficient, and F represents the 
optical flux. The expression for the Gruneisen coefficient is expressed as 
Eq. (2): 

Γ =
βv2

s
CP

(2) 
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where, β is the coefficient of thermos-elastic expansion, vs represents the 
speed of sound propagation in the tissue, and CP is the heat capacity of 
the tissue at constant pressure. The initial sound pressure P0 determines 
the value of the sound pressure at a certain moment and at a certain 
point, and the sound pressure at any moment and position is shown in 
Eq. (3): 
(

∇2 −
1
v2

S

∂2

∂t2

)

P
(

r, t
)

= −
β

kv2
S

∂2T
(
r, t

)

∂t2 (3) 

where T is the elevated temperature, P(r, t) is the value of the sound 
pressure at point r and at moment t. The left side of the equal sign de
scribes wave propagation, and the right side is the photoacoustic source 
term. Under the condition of satisfying thermal constraints, the heat 
equation can be expressed as Eq. (4): 

ρCP
∂T(r, t)

∂t
= H(r, t) (4) 

where H(r, t) is a heating function expressing the thermal energy con
version per unit time and per unit volume, and its relationship with the 
optical flux rate Φ can be expressed as H = ηthμaΦ. By bringing Eq. (4)
into Eq. (3), the photoacoustic equation can be transformed as Eq. (5): 
(

∇2 −
1
v2

S

∂2

∂t2

)

P
(

r, t
)

= −
β
CP

∂H
∂t

(5) 

Eq. (5) represents the photoacoustic signal detected by the ultrasonic 
transducer placed on the surface of the biological tissue at any time and 
at any position after laser irradiation of the biological tissue. When an 
ideal laser beam is used to irradiate a light absorber with uniform 
acoustic properties, the amplitude of the photoacoustic signal generated 
by the absorber is proportional to the amplitude of the ideal pulsed laser, 
and the characteristics of the optical signal at this time are determined 
by the distribution of light absorption in the absorber. Therefore, it is 
possible to calculate the light absorption distribution of the absorber 
inside the biological tissue inversely based on the original photoacoustic 
signals detected by the ultrasonic transducer at each position, which is 
the reconstruction of the photoacoustic tomography.

2.2. Mean-reverting diffusion model

In order to solve the problem of low imaging quality under sparse 
projections in photoacoustic tomography, a diffusion model based on 
mean-reverting SDE is used in this study. The model converts a high- 
quality image into a degraded version with a fixed Gaussian noise in 
the forward process. And the high-quality image is then restored by 
simulating the corresponding reverse-time SDE in the reverse process. 
Song et al. pioneered the idea of using SDEs in diffusion modeling to 
simulate diffusion processes [39]. In forward SDE, Gaussian noise is 
added to perturb the data distribution to obtain the prior distribution. 
And in the reverse SDE, the prior distribution is transformed into data by 
slowly removing the noise to sample spare-view image from the data 
distribution. Compared with the conventional diffusion model, 
SDE-based diffusion models can model the entire diffusion process in the 
continuous time domain, which allows the models to simulate nonlinear 
or non-decomposable degradation processes. Meanwhile, since SDE 
simulates a continuous Gaussian process (Brownian motion), it makes 
the process of reconstructing the image smoother and more natural and 
maintains better detail fidelity. Assuming that {x(t) }T

t=0 is a continuous 
diffusion process, such that p0 denotes the initial distribution of the data 
and t ∈ [0,T] denotes the continuous time variable, the forward diffusion 
of this diffusion process can be described by Eq. (6): 

dx = f(x, t) dt+ g(t)dw, x(0) ∼ p0(x) (6) 

where f and g are the drift and dispersion functions, respectively, w is a 
standard Wiener process, and x(0) ∈ Rd is the initial condition. Usu

ally, the end state x(T) obeys a Gaussian distribution with fixed mean 
and variance. The designed SDE can gradually convert the data distri
bution to a fixed Gaussian noise. The process of sampling data from 
noise is then flipped by simulating the SDE backwards, and the reverse 
process of forward diffusion is also a diffusion process, i.e., reverse 
diffusion, described by Eq. (7): 

dx = [f(x, t) − g(t)2
∇x log pt(x)]dt + g(t)dŵ (7) 

where x(T) ∼ pT(x). ŵ is a reverse-time Wiener process, dt denotes an 
infinitesimal negative time step, and pt(x) represents the marginal 
probability density function of x(t) at time t. The score function 
∇xlogpt(x) of the conventional SDE diffusion model is difficult to 
handle, and we usually train the relevant neural network Sθ(x, t) to 
approximate it under the score matching objective.

However, modeling the diffusion process using traditional SDEs re
quires converting the original data distribution to a purely noisy prior 
distribution. This often requires more iterations and computational re
sources to obtain high quality samples. On this basis, Luo et al. proposed 
image restoration with mean-reverting SDE (IR-SDE). Compared to the 
conventional SDE diffusion model, IR-SDE introduces parameters in the 
forward diffusion process and constructs a special case of the SDE, which 
makes the score function ∇xlogpt(x) analytically easy to deal with, and 
the new forward process is shown in Eq. (8): 

dx = θt(μ − x) dt+ σt dw (8) 

where μ denotes the state mean, θt and σt are time-dependent positive 
parameters that denote the mean reversion speed and stochastic vola
tility, respectively. There is a large degree of freedom in the choice of θt 
and σt . The choice can have a significant impact on the final recovery 
performance. μ and x(0) are set to be a pair of high and low quality 
images. In order to make Eq. (8) have a closed-form solution, set σ2

t
θt

=

2λ2, where λ2 is the stationary variance, then for any starting state x(t), 
the solution of the SDE is shown in Eq. (9): 

x(t) = μ+(x(s) − μ)e− θs:t +

∫ t

s
σze− θz:t dw (z) (9) 

where θs:t :=
∫ t

S θtdz is known and the transition kernel P(x(t) |x(s) ) =
N(x(t) |ms:t(x(s)), vs:t ) is a Gaussian part with mean ms:t and variance vs:t. 
Simplification from the above equation yields a distribution conditional 
on the initial state x(0) at any time t, as shown in Eq. (10): 
⎧
⎨

⎩

pt(x) = N(x(t)|mt(x), vt)

mt(x) := μ + (x(0) − μ)e− θt

vt := λ2(1 − e− 2θt )

(10) 

when t→∞, the mean mt converges to the low-quality image μ and the 
variance vt converges to the stationary variance λ2. In essence, the for
ward process of IR-SDE is to diffuse a high-quality image into a low- 
quality image with fixed Gaussian noise. In order to reconstruct the 
high-quality image from the end state x(T), the reverse SDE for image 
restoration can be obtained by inverting Eq. (7) according to Eq. (8), The 
forward and reverse iterative reconstruction process is shown in Fig. 1: 

dx = [θt(μ − x) − σt
2∇x log pt(x)]dt + σtdŵ (11) 

Eventually we can obtain the forward and reverse SDE of the mean- 
reverting diffusion model. The only unknown part of the SDE of the 
above process is the score function ∇xlogpt(x) of the marginal distri
bution at time t. However, during the training period, the high-quality 
image x(0) is known, and therefore the network can be trained to esti
mate the conditional score function ∇xlogpt(x|x(0)). Combined with the 
Eq. (10), the conditional score can be computed as shown in Eq. (12): 

∇x log pt(x|x(0)) = −
x(t) − mt(x)

vt
(12) 
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when confronted with the sparse-view image, the training process usu
ally becomes unstable, resulting in poor reconstruction results, this 
problem mainly stems from trying to learn the instantaneous noise at a 
given time. To solve this problem, the mean-reverting diffusion model 
adopts a maximum likelihood objective to allow the model to estimate 
along the optimal image reconstruction direction（x1:T）, which in turn 
leads to stabilized training and reconstruction of more accurate images. 
Specifically, this objective considers the entire trajectory from xT to x0, 
instead of a particular time step, and the model is guided towards the 
optimal path at each time step, avoiding local optimality and inconsis
tency in training. Estimating the optimal reconstruction path can be 
transformed into an optimization problem based on the maximum 
likelihood objective, i.e., maximizing the likelihood, which can be 
expressed as Eq. (13): 

p(x1:T|x0) = p(xT |x0)
∏T

i=2
p(xi− 1|xi, x0) (13) 

where p(xT|x0 ) = N(xT;mT(x0), vT) is the distribution of the low-quality 
image. It can be derived from Bayes’ theorem and Eq. (13), as described 
in Eq. (14): 

p(xi− 1|xi, x0) =
p(xi|xi− 1, x0)p(xi− 1|x0)

p(xi|x0)
(14) 

Since all distributions are Gaussian distributions that can be 
computed according to the principles of the conventional diffusion 
model, it is natural to directly find the best reverse state that minimizes 
the negative log-likelihood, as shown in Eq. (15): 

x∗
i− 1 = argminxi− 1 [ − log p(xi− 1|xi, x0)] (15) 

where x∗
i− 1 denotes the ideal state reversed from xi, i.e., the optimal 

reduction path. To simplify the notation, let θʹ
t :=

∫ l
ⅈ− 1 θtdt. By solving 

the above task, the optimal inverse solution x∗
i− 1 of the IR-SDE can be 

obtained for any state xi at discrete time i > 0 given the initial state x0: 

x∗
i− 1 =

1 − e− 2θi− 1

1 − e− 2θi
e− θʹ

i (xi − μ)+ 1 − e− 2θʹ
i

1 − e− 2θi
e− θi− 1 (x0 − μ)+ μ (16) 

After that, based on the possibility of maximizing the retrograde 
trajectory, we train the neural network ̃ε∅(x(t), u, t ) using an alternative 
loss function. The specific loss function is described in Eq. (17): 

Lγ(ϕ) :=
∑T

i=1
γiE[||xi − (dxi)ϵ̃ϕ

− x∗
i− 1||] (17) 

where γ1,⋯, γT are the positive weight and {xi}
T
i = 0 denotes the dis

cretization of the diffusion process. This loss function is shown to sta
bilize the training and consistently improve the image restoration 
performance compared to a common score matching objective. After 
training, the final reconstructed image can be obtained by sampling the 

noise state xT using network ε̃∅ and solving the reverse SDE iteratively 
using a numerical scheme. The optimization objective of this loss 
function is to maximize the likelihood probability of the reverse tra
jectory, which reduces fluctuations in training, stabilizes training and 
improves recovery by explicitly modeling the optimal path for state 
transfer. During training, With the goal of convergence, the maximum 
likelihood loss is achieved by forcing the reverse trajectory xT→x0 so 
that the predicted xi− 1 is gradually approximated by x∗

i− 1, and the above 
process is repeated until the loss function converges significantly.

2.3. Sparse-view reconstruction for photoacoustic tomography based on 
diffusion model

In this study, Sparse-view reconstruction for PAT is realized using the 
IR-SDE diffusion model, which converts a high-quality image into a 
degraded version with a fixed Gaussian noise in the forward process, and 
reconstructs a high-quality image by simulating the corresponding 
reverse-time SDE in the reverse process.

In the training phase, a pair of low-quality and high-quality images is 
fed into the network, and the IR-SDE used by the model adjusts the 
forward process so that it models the image degradation itself, and thus 
the simulation of the degradation process can be achieved without the 
need to know any prior information of the degradation or the relevant 
parameters. In the reconstruction phase, the gradual removal of noise 
from the intermediate mean state and thus the reconstruction of a high- 
quality image is achieved by modeling the reverse diffusion process. In 
this reverse process, the reverse-time SDE is solved using numerical 
methods, usually the Euler-Maruyama method or other higher order 
methods such as the Milstein method [41,42]. The core step of the 
Euler-Maruyama method solution is to first divide continuous time in
tervals into discrete small-time steps, and then utilize the current esti
mated state at each time step and the gradient predicted by the model to 
update, and finally repeating the process until the original time point is 
reached. The specific training and reconstruction process are shown in 
Fig. 2(a).

In this process, the NAFNet network architecture plays a crucial role, 
which omits the linear activation layer and is a nonlinear activation 
network [43]. The mean-reverting diffusion model employs NAFNet 
instead of U-Net used in the conventional diffusion models as the 
backbone network for prediction noise, which enables more stable 
training and reconstruction, and ultimately achieves higher image 
reconstruction quality and computational efficiency. In the 
mean-reverting diffusion model, the simplified NAFNet structure is 
shown in Fig. 2(b), where some details are purposely omitted for 
simplicity, including the downsampling and upsampling layers, the 
feature fusion module, the inputs/outputs, etc. NAFNet adopts an 
innovative design concept called “nonlinear free activation”, intro
ducing “SimpleGate” instead of the conventional activation function. 
“SimpleGate” is an element-wise operation that divides the feature 
channel into two parts. This design reduces the computational burden 

Fig. 1. Forward and reverse processes of IR-SDE.
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and enables high-speed computation, especially in hardware 
resource-constrained environments. In addition, without the extra pa
rameters and computational overhead of the activation layer, NAFNet 
can be more easily scaled to deeper network levels without unduly 
increasing the computational burden. This allows the model to capture 
more complex features and perform better in handling highly complex 
image reconstruction [44]. In order to further optimize the quality of 
image reconstruction, the mean-reverting diffusion model used in this 
study employs an optimized NAFNet called ConditionalNAFNet. This 
special network introduces an improved nonlinear activation-free block 
on top of NAFNet thereby increasing the capability of conditional gen
eration. As shown in Fig. 2(b), a multi-layer perceptron (MLP) is added 
to the network before the attention and feedforward layers. The design 
maps the time-step embedding of the diffusion process into channel 
scaling factor (α) and offset factor (β) to dynamically adjust the strength 
of the feature response. This design enables the network to adapt to 
different degradation stages (e.g., early deblurring and late denoising) 
and significantly improves the iterative stability. Specifically, the 
time-conditional dynamic modulation enhances the network’s ability to 
perceive the degradation process by interacting the time-step informa
tion with the feature channel, thus exhibiting stronger robustness in 
sparse-view reconstruction. In addition, this improvement not only 
further enhances the adaptability of the model to temporal dynamics, 

but also enables the model to provide more accurate outputs in image 
restoration, and maintains high performance and flexibility in image 
reconstruction under different conditions.

2.4. Simulation dataset acquisition

In order to obtain a sufficient number of photoacoustic images under 
full-view sampling, a virtual PAT is constructed based on k-Wave [45]. 
The overall flowchart for generating simulation datasets using the vir
tual PAT is shown in Fig. 3. The platform realizes the function of 
reconstructing the image under arbitrary sparse projections based on the 
full-view image. The size of the whole computational area set to 50 mm 
× 50 mm with a grid of 440 × 440 pixels. The ultrasonic transducers 
with a BW of 66 % and a center frequency set to 2.25 MHz are placed 
equidistantly at different viewpoints (views) in a circle with a radius of 
21.6 mm, so that the images with different sparse projections can be 
reconstructed by reducing the number of ultrasonic transducers. The 
speed of sound is set to 1500 m/s and the surrounding medium is water 
with a density of 1000 kg/m³ .

2.5. Source of datasets

The datasets include simulation dataset and experimental dataset. 

Fig. 2. Network Architecture and the Process of Training and Reconstruction. (a)Schematic diagram of the mean-reverting diffusion model during training and 
reconstruction. (b) Architecture of the ConditionalNAFNet. MLP, multi-layer perceptron; Conv, convolution; SCA, simplified channel attention; Layer Norm, layer 
normalization.

Fig. 3. Overall flow chart for the generation of simulation dataset using a virtual PAT.
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The ground truth of the simulation dataset is obtained from the publicly 
available retinal vascularization datasets RAVIR and DRIVE [46], and 
1500 images are finally obtained by cropping and transforming after 
selecting representative images. And then by constructing a virtual PAT 
based on k-Wave, a sufficient number of photoacoustic under full-view 
sampling is obtained (8, 16, 32, 64 and 128 projections). The training 
set consists of 1200 images and the test set consists of 300 images. The 
experimental dataset consists of a phantom dataset and animal in vivo 
data [31]. The phantom dataset contains 496 images under full-view 
scanning (512 projections) and an equal number of images under 
other sparse projections (8, 16, 32, 64, and 128 projections). The in vivo 
experimental data abdomen dataset contains 274 images under full-view 
scanning (512 projections) and an equal number of images under other 
sparse projections (8, 16, 32, 64, and 128 projections).

2.6. Network parameter settings

In the training stage, the proposed method uses the Lion optimizer 
combined with CosineAnnealingLR, the optimizer’s exponential decay 
rate of the first-order moments is set to 0.9, the exponential decay rate of 
the second-order moments is 0.99, and the initial learning rate is 
4 × 10− 5. The noise intensity in the SDE is fixed at 50, with the batch 
size of 4 and the image size of 256 × 256. A total of 400,000 iterations 
are performed, and the learning rate is self-multiplied by 0.5 (not less 
than 1 ×10− 7) after every 100,000 iterations. In the reconstruction 
stage, the image size is 256 × 256, and the number of iterations is 100 
times. The proposed method is implemented based on the PyTorch 
framework, which mainly runs in the Python environment. A total of 
6000 epochs were trained in the training phase, one checkpoint was 
saved for every 100 epochs, and the time spent for a single checkpoint 
was about 60 minutes, and an average model was saved synchronously 

after the final training was completed, from which the best training 
model was selected. In this study, the computational tasks were per
formed in a graphics processing unit (GPU; NVIDIA RTX A5000) with 
24 GB of memory.

3. Results

3.1. Blood vessels simulation data

In the test phase, the simulated dataset was imported into the con
structed virtual PAT and the photoacoustic signals from different sparse 
views are used as the input of the network. The reconstruction results of 
the conventional DAS method, the U-Net method, the VE-SDE method 
and the proposed method were compared. Fig. 4(a) shows the recon
struction of simulated blood vessels using the proposed method of this 
paper under 128, 64, 32, 16 and 8 projections, respectively. Among 
these methods, the VE-SDE method is a sparse-view reconstruction 
method integrating the diffusion model and model-based iterative 
reconstruction, which utilizes the variance exploding stochastic differ
ential equation (VE-SDE) to model the diffusion process as a dynamic 
system affected by stochastic noise [47], whereas the IR-SDE method is a 
fast sparse-view reconstruction method based on the mean-reverting 
diffusion model proposed in this paper. The model accelerates the 
image reconstruction by introducing mean-reverting SDE to simulate the 
diffusion process, which in turn improves the efficiency and stability of 
image recovery.

During the reconstruction process, the blood vessels keep gradually 
emerging from the noise with the increase of iterations. At the 25th 
iteration, the artifacts in the image under the original sparse projections 
are gradually eliminated. At the 50th iteration, most of the artifacts in 
the simulated vessel image have been removed and the main structure of 

Fig. 4. The reconstruction of simulated blood vessels using the proposed method under 128, 64, and 32 projections, respectively. (a) shows the reconstruction results 
of the proposed method under different number of iterations. (b) and (c) show the changes of PSNR and SSIM within 100 iterations for the IR-SDE method and the VE- 
SDE method for the reconstruction process of 128-projections images, respectively.
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the vessel is clearly visible. At the 75th iteration, the artifacts in the 
simulated blood vessel image are almost completely removed, and the 
noise in the image has begun to be gradually eliminated. At the 100th 
iteration, the simulated vessel image has been reconstructed and a high- 
quality reconstructed image is obtained. Fig. 4(b) and (c) quantitatively 
show the variation of PSNR and SSIM with the iteration in the sparse- 
view reconstruction using the VE-SDE method versus the proposed 
method for images under 128 projections, respectively. For the VE-SDE 
method, PSNR and SSIM slightly outperform the proposed method in the 
initial stage, however, as the number of iterations increases, PSNR and 
SSIM rise extremely slowly, both increasing at low values (at the 100th 
iteration, PSNR tends to be 19.85 dB and SSIM tends to be 0.39). At the 
same time, the VE-SDE method suffers from a large number of small 
fluctuations during the iterations and the reconstruction process is un
stable. In VE-SDE method, the forward operator A and the adjoint 
operator A* need to be computed at each iteration by using the k-Wave 
toolbox. The calculation of two operators takes a lot of time [47]. The 
complete reconstruction using the VE-SDE method requires about 1000 
iterations, and the reconstruction time is about 1 h (each iteration takes 

about 4 s). For the proposed method, PSNR and SSIM are still lower than 
the VE-SDE method in the initial iterations before the position indicated 
by the red arrows in Fig. 4(b) and 4(c), due to the presence of consid
erable noise in the image. However, as the iteration exceeds about 70 
iterations, the noise in the image is gradually removed, resulting in a 
rapid increase in PSNR and SSIM that greatly exceeds the results of the 
VE-SDE reconstruction. At the 100th iteration, the PSNR and SSIM are 
47.51 dB and 0.991, respectively, and the complete iterative image 
reconstruction of the proposed method requires about 100 iterations, 
with a reconstruction time of about 5 s (~0.05 s/iteration), which is a 
great advantage over VE-SDE method in terms of time. Meanwhile, as 
shown in Fig. 4(b) and (c), the iterative curves of the proposed method 
are smoother, which demonstrates that the method proposed in this 
paper has the ability to be more stable in the iterative process. It should 
be noted that both performance curves for the methods presented in 
Fig. 4(b) and (c) rise very slowly at the beginning, and stabilize only in 
the last few iterations. This is due to the different inherent order in 
which model degradation is processed. The mean-reverting diffusion 
model tends to prioritize the main degradation (i.e., deblurring rings) 

Fig. 5. The reconstruction results of different methods for simulated blood vessels under different projections. (a1)-(a5) are the reconstruction results of DAS method 
under 128, 64, 32, 16 and 8 projections, respectively, and (a6) is the ground truth (GT). (b1)-(b5) are the reconstruction results of U-Net method under 128, 64, 32, 
16 and 8 projections, respectively, and (b6) is the ground truth. (c1)-(c5) are the reconstruction results of VE-SDE method under 128, 64, 32, 16 and 8 projections, 
respectively, and (c6) is the ground truth. (d1)-(d5) are the reconstruction results of IR-SDE method under 128, 64, 32, 16 and 8 projections, respectively, and (d6) is 
the ground truth. White and yellow numbers in the lower right of the image indicate PNSR and SSIM, respectively, and (e) and (f) are close-up images of rectangles 1 
and 2, respectively.
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and performs Gaussian denoising only in the last few iterations. As a 
result, the performance curve rises slowly in the early stages (the first 70 
iterations). From Fig. 4(a), it can be seen that during the iterative 
reconstruction of the vessels, most of the blurring is removed in the 
intermediate stage (the first 50 iterations), however, at this point in time 
there is a large amount of noise in the image. Due to the presence of 
Gaussian noise, the improvement of the PSNR and SSIM is slow. In the 
last few iterations, the model starts to focus on denoising, which leads to 
a rapid improvement in image quality. This is reflected in a sharp in
crease in the performance curve and complete convergence at the 100th 
iteration. Taken together, these results show that the proposed method 
achieves significant advantages in sparse-view reconstruction compared 
to traditional generative models. The proposed method not only effec
tively improves the image quality, but also achieves significant image 
reconstruction quality by completing the image reconstruction in a 
faster time.

Fig. 5 shows the reconstruction results of simulated blood vessels by 
different methods with different projections. Fig. 5(a1)-5(a5) show the 
reconstruction results of the DAS method under 128, 64, 32, 16 and 8 
projections, respectively. It can be observed that the reconstruction re
sults of the DAS method under different projections have serious arti
facts and the vessel images are blurred. As the number of projections 
decreases, the artifacts become more and more obvious, leading to a 
significant degradation of the reconstruction results. Fig. 5(a6) shows 
the ground truth (GT) obtained under full-view scanning (512 pro
jections). Fig. 5(b1)-5(b5) shows the reconstruction results using the U- 
Net method, and the image quality of the reconstruction results of the U- 
Net method is greatly improved compared with that of the DAS method. 
As shown in Fig. 5(b1) and (b2), U-Net performs well in sparse-view 
reconstruction under 128 projections versus 64 projections, and the 
reconstructed image is almost free of artifacts, but there is still the 
problem of poor reconstruction of details in some parts of the blood 
vessel.

In addition, as shown in Fig. 5(b3)-(b5), using the U-Net method 
performs poorly in the sparse reconstruction under 32 projections and 
below, and there are still more artifacts, as shown in the close-up images 
Fig. 5(e) and (f), the reconstructed blood vessel images have poor details 
and more thin branches of blood vessels that should not be present. The 
white arrows in the close-up images point out the wrongly reconstructed 
vessels, and some of the branches that should be present are not 
reconstructed. Fig. 5(b6) is the ground truth (GT). Fig. 5(c1)-5(c5) 
shows the sparse reconstruction results of the VE-SDE method, and it can 
be observed that the reconstructed images based on the VE-SDE method 
are better in general, and are significantly better than those of the U-Net 
and the DAS methods, but not as good under extremely sparse pro
jections (16 projections and 8 projections), with some artifacts and 
redundant blood vessels, as well as poorly reconstructed details, which 
does not allow the reconstruction of specific details of the vascular 
branches. As shown in the close-up images Fig. 5(e) and (f), where the 
white arrows point to in the corresponding images under 16 projections, 
it is obvious that the reconstruction of the VE-SDE method shows extra 
blood vessels with poor reconstruction details. Fig. 5(c6) is the ground 
truth (GT). Fig. 5(d1)- 5(d5) show the reconstruction results of the 
method based on the mean-reverting diffusion model under 128, 64, 32, 
16 and 8 projections, respectively, and Fig. 5(d6) is the ground truth 
(GT). It can be observed that the proposed method shows significant 
reconstruction ability under different projections. Compared with the U- 
Net method, the IR-SDE-based method obtains less artifacts in the 
reconstructed images, and the vessel branches are clearer and more 
complete. Meanwhile, compared with the VE-SDE method, the recon
structed images obtained by the proposed method have better details, 
and this method is able to completely reconstruct clear and complete 
vessel images with higher quality even under extremely sparse pro
jections. Fig. 5(d6) corresponds to the ground truth (GT). Quantitative 
analysis shows that the PSNR of the proposed method is 47.51 dB and 
SSIM is 0.991 under 128 projections, which improves PSNR by 14.76 dB 

and SSIM by 0.032 compared to the U-Net method, and improves PSNR 
by 1.99 dB and SSIM by 0.001 compared to the VE-SDE method. Under 
64 projections, the

PSNR and SSIM of the proposed method reach 44.11 dB and 0.981, 
which are 12.45 dB and 0.034 higher than that of U-Net, and 1.96 dB 
and 0.09 higher than that of VE-SDE, respectively. When the projections 
are further reduced to 32 projections, the proposed method still reaches 
39.64 dB for PSNR and 0.987 for SSIM, which are higher than that of U- 
Net. Compared with the U-Net method, PSNR and SSIM are improved by 
12.39 dB and 0.071, respectively, and compared with VE-SDE method, 
PSNR and SSIM are improved by 4.25 dB and 0.029, respectively. The 
above analyses show that the proposed method has better reconstruction 
effect under sparser projections, and the advantages of the proposed 
method are more significant under extremely sparse projections (16 and 
8 projections). Under 16 projections, the proposed method improves 
PSNR and SSIM by 11.30 dB and 0.073 compared to U-Net, and 6.01 dB 
and 0.03 compared to VE-SDE, respectively. Under 8 projections, the 
reconstructed image of the proposed method improves PSNR and SSIM 
by 13.49 dB and 0.128 compared to U-Net, and PSNR and SSIM are 
improved by 7.03 dB and 0.016 compared to VE-SDE, respectively. The 
error maps corresponding to the reconstructed images of Fig. 5(a1)-5 
(d5) are shown in Fig. 6(A1)-6(D5), respectively. The reconstructed 
images by the proposed method have fewer error and are closer to the 
ground truth, both under high projections and low projections. Fig. 6(g) 
and (h) show two sets of the signal distribution along the dashed lines, 
obtained under 64 projections and 16 projections, respectively. It can be 
found that the signals presented by the proposed method at all aspects 
are extremely close to the full-view images, and the reconstruction re
sults are better, indicating the superiority of the method in sparse-view 
reconstruction for PAT. In the sparse-view reconstruction for PAT, the 
reconstruction under extremely sparse projections is usually difficult to 
optimize. The above results demonstrate that the proposed method can 
achieve high-quality reconstruction even under extremely sparse pro
jections (e.g., 16, 8 projections), which is significantly better than the 
VE-SDE method and the U-Net method.

3.2. Phantom experiment

In order to verify the effectiveness of the proposed method in the real 
experimental data, the reconstruction performance tests based on DAS 
method, U-Net method, VE-SDE method and the proposed IR-SDE 
method on circular phantom were carried out and the results are 
shown in Fig. 7.

Fig. 7 (a1)-(a5) are the results of reconstructed images using DAS 
method under 128, 64, 32, 16 and 8 projections, respectively, and Fig. 7
(a6) is the ground truth. Circular phantom becomes clearer as the 
number of projections increases. However, the reconstructed images still 
have a lot of serious artifacts and there is a large difference from the 
ground truth image. Fig. 7(b1)-(b5) show the reconstructed images 
using the U-Net method under 128, 64, 32, 16 and 8 projections, 
respectively. The results show that the U-Net method can achieve the 
reconstruction of the main part of the body, but there are still some 
artifacts around the circular phantom, and the artifacts become more 
serious as the projection becomes sparser. Fig. 7(c1)-(c5) show the 
reconstructed images using the VE-SDE method under 128, 64, 32, 16 
and 8 projections, respectively. The VE-SDE method eliminates most of 
the artifacts while achieving a partial reconstruction of the main body, 
but when the projection is extremely sparse (e.g., 16, 8 projections), the 
main part of the image reconstructed by the VE-SDE method appears to 
be partially unclear, and there is a large gap with the ground truth. Fig. 7
(d1)-(d5) shows the reconstructed images using the IR-SDE method 
under 128, 64, 32, 16 and 8 projections, respectively, and the proposed 
method achieves superior performance and produces high-quality image 
reconstructions compared with the DAS, U-Net, and VE-SDE methods, 
and the quality of the reconstructed images gradually improves with the 
increase of the number of projections. At the same time, better 
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reconstruction is also achieved on images under extremely sparse pro
jections (16 and 8 projections), and the results of reconstructed images 
are closest to the ground truth. Quantitative analyses show the superi
ority of the proposed method. Taking Fig. 7 as an example, the PSNR and 
SSIM of the reconstructed image by the IR-SDE method are 39.55 dB and 
0.96 under 128 projections, and the values of PSNR and SSIM are 
increased by 5.37 dB and 0.11, respectively, compared with U-Net 
method, and the values of PSNR is increased by 0.64 dB compared with 
VE-SDE method. The proposed method also achieves similar advantages 
under 64 projections and 32 projections. In addition, in the case of 
extremely sparse projections (16 and 8 projections), the advantage of 
the proposed method is even more significant. Under 16 projections, the 
PSNR and SSIM of the reconstructed image by the proposed method are 
28.27 dB and 0.91, respectively, and the values of PSNR and SSIM are 
increased by 2.40 dB and 0.02 compared with the VE-SDE method, and 

by 5.58 dB and 0.56 compared with the U-Net method. Under 8 pro
jections, the PSNR and SSIM of the images reconstructed by the pro
posed method are 26.64 dB and 0.86, respectively, and the values of 
PSNR and SSIM are improved by 2.72 dB and 0.04, respectively, 
compared with the VE-SDE method, and by 7.44 dB and 0.60, respec
tively, compared with the U-Net method.

The corresponding error maps are shown in the upper right corner of 
each reconstructed image in Fig. 7. In the error maps, the proposed 
method reconstructs images with fewer error both under higher and 
lower projections, and is closest to the ground truth. Fig. 7(e) and (f) 
show the close up images indicated by the white dashed rectangles 1 and 
2, respectively. The reconstructed images using the proposed method 
exhibit more accurate details compared to the other three methods. 
Fig. 7(g) and (h) show the signal distribution along the dashed lines in 
Figs. 7(e) and 7(f). Similar to the processing in the simulated vessel 

Fig. 6. Error map and the signal distribution. The top image is the error map corresponding to the reconstruction results for each image in Fig. 5(g) and (h) are the 
signal distribution along the dashed lines in the 64-projections and 16-projections images in the close-up image, respectively; the upper signal distribution in (g),(h) 
corresponds to the signal distribution along the white dashed line in the close-up image 1 in Fig. 5(e), and the lower signal distribution in (g),(h) corresponds to the 
signal distribution along the white dashed line in the close-up image 2 in Fig. 5(f).
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Fig. 7. The reconstruction results of different methods for circular phantom under different projections. (a1)-(a5) are the reconstruction results of DAS method under 
128, 64, 32, 16 and 8 projections, respectively, and (a6) is the ground truth (GT). (b1)-(b5) are the reconstruction results of U-Net method under 128, 64, 32, 16 and 8 
projections, respectively, and (b6) is the ground truth. (c1)-(c5) are the reconstruction results of VE-SDE method under 128, 64, 32, 16 and 8 projections, 
respectively, and (c6) is the ground truth. (d1)-(d5) are the reconstruction results of the proposed method under 128, 64, 32, 16 and 8 projections, respectively, and 
(d6) is the ground truth. The white and yellow numbers in the lower right of the image denote PNSR and SSIM, respectively, and the upper right image of the image is 
the error map corresponding to the reconstruction results, (e),(f) are the close-up images of rectangles 1 and 2, respectively. (g),(h) are the signal distribution along 
the dashed line of the 64-projections and 16-projections images in the close-up image, respectively; the upper signal distribution in (g),(h) corresponds to the signal 
distribution along the dashed line in (e) close-up image 1, and the lower signal distribution in (g),(h) corresponds to the signal distribution along the dashed line in (f) 
close-up image 2.
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dataset, the signal distribution along the dashed line is selected for the 
two sets of images under 64 projections and 16 projections. Fig. 7(g) and 
(h) demonstrate that the signal distribution of the reconstruction results 
of the proposed method is much closer to the ground truth. Especially, 
the advantage of the proposed method is more obvious under extremely 
sparse projections.

To better showcase the superiority of the proposed method, ten im
ages from the circular phantom test set are selected for the reconstruc
tion experiments. The mean values of PSNR and SSIM of the 
reconstruction results are given in Table 1 and Table 2, respectively. 
Under extremely sparse projections (8 projections), The average PSNR of 
the proposed method is 27.10 dB and the average SSIM is 0.87, which 
are 9.56 dB and 0.69 better than the DAS method, respectively. 
Compared with the VE-SDE method, the results of the proposed method 
are on average improved by 3.33 dB and 0.05, respectively. The above 
results demonstrate that the reconstruction effect of the proposed 
method under extremely sparse projections is significantly better than 
that of the VE-SDE method and the U-Net method, and the experimental 
results verify the authenticity and superiority of the proposed method in 
sparse reconstruction of experimental data.

3.3. In vivo experimental data

In order to further demonstrate the effectiveness of the proposed 
method in vivo data, the reconstruction of mice’s abdomens using the 
DAS method, the U-Net method, the VE-SDE method and the proposed 
method were compared, respectively, as shown in Fig. 8.

Fig. 8(a1)-(a5) are the reconstructed images of DAS method under 
128, 64, 32, 16 and 8 projections respectively. Fig. 8(b1)-(b5) are the 
reconstructed images of U-Net method under 128, 64, 32, 16 and 8 
projections respectively. Fig. 8(c1)-(c5) are the reconstructed images of 
VE-SDE method under 128, 64, 32, 16 and 8 projections, and Fig. 8(d1)- 
(d5) are the reconstructed images of the proposed method under 128, 
64, 32, 16 and 8 projections, respectively. It can be clearly observed that 
all the images reconstructed by the DAS method under different pro
jections have extremely severe artifacts. The U-Net method reconstructs 
images under sparser projections (32 projections or the sparser pro
jections) with severe loss of detail and some artifacts, which becomes 
more obvious in the reconstruction of images under sparser projections. 
Although the VE-SDE method is more effective compared to the U-Net 
method, its reconstruction is still poor under extremely sparse pro
jections (16 and 8 projections). In the reconstruction under 16 pro
jections, the subject part is extremely blurred with unclear details, and 
in the reconstruction under 8 projections, the subject is reconstructed 
incorrectly, and even the round abdomen is reconstructed as a polygon, 
which seriously lacks details. In contrast, the proposed method achieves 
better reconstruction under sparse projections, especially in the recon
struction of images under sparse projections, the reconstruction is more 
superior and stable. Compared with DAS, U-Net and VE-SDE method, the 
proposed method has significant advantages in sparse image recon
struction of experimental data.

Fig. 8 (A1)-8(D1) in Fig. 8(g) are the error maps of Fig. 8(a1)-(d1), 
respectively, in which it can be found that the errors of DAS are more 
obvious and the reconstruction effect is poorer, and the reconstruction 
effect is poorer when the projections are sparser. Although the U-Net 
and the VE-SDE method are more effective in the reconstruction of 

images under high-projections image, there are still artifacts when the 
view is sparse, and the reconstruction is not effective. While the pro
posed method reconstructs images with fewer error under low pro
jections, and is closest to the ground truth. Fig. 8(e) and (f) show the 
close up images indicated by the white dashed rectangles 1 and 2, 
respectively. The reconstructed images using the proposed method 
exhibit more accurate details compared to the other three method. Fig. 8
(h) and (i) are the signal distribution along the white dashed lines. The 
reconstructed signal by the proposed method is closer to the signal of the 
ground truth. Quantitative analysis shows the superiority of the method. 
As shown in Fig. 8, the proposed method achieves a PSNR of 32.27 dB 
and an SSIM of 0.94 under 128 projections, and the values of PSNR and 
SSIM are improved by 5.26 dB and 0.2 compared with the U-Net 
method, and 0.44 dB and 0.02 compared with the VE-SDE method, 
respectively. Under 64 and 32 projections, the PSNR and SSIM of the 
reconstructed image by the proposed method are 27.02 dB and 0.70, 
respectively, and the values of PSNR and SSIM are improved by 7.76 dB 
and 0.18 compared with the U-Net method, and by 3.33 dB and 0.09 
compared with the VE-SDE method, respectively. The above experi
mental results fully verify the authenticity and superiority of the pro
posed method in extremely sparse image reconstruction of in vivo 
experimental data.

4. Discussion and conclusion

In conclusion, to address the problem that conventional standard 
reconstruction methods for PAT in sparse views may lead to low image 
quality in photoacoustic tomography, this study proposes a novel sparse 
view reconstruction method based on a mean-reverting diffusion model. 
This score-based diffusion model is used to learn prior information about 
the data distribution, and in the iterative reconstruction, the learned 
prior information is utilized as a distribution constraint to guide the 
reconstruction process, which is combined with the maximum likeli
hood objective to find the optimal sparse image reconstruction trajec
tory, aiming to stabilize the training and improves the restoration 
results. In the forward process, the proposed method converts the 
degradation of high-quality images into low-quality images with fixed 
Gaussian noise, and in the reverse process, since the mean-reverting SDE 
in the proposed method has a closed-form solution, the solution of the 
reverse SDE can be performed iteratively by numerical methods to 
realize the recovery of high-quality images from the mean state. Blood 
vessels simulation data and the animal in vivo experimental data were 
used to evaluate the performance of the proposed method. Quantitative 
analysis was carried out to verifies the superiority of the proposed 
method. For the in vivo experimental data, under 128 projections, the 
PSNR and SSIM of the reconstructed images of the proposed method are 
improved to 32.27 dB and 0.94, and the values of PSNR and SSIM are 
increased by 5.26 dB and 0.27, respectively, compared with U-Net 
method. In addition, the proposed method remains superior under 
extremely sparse conditions and significantly outperforms other con
ventional generative models. Under 8 projections, the PSNR and SSIM of 
the reconstructed image of the proposed method are improved to 
27.02 dB and 0.70, respectively, and the values of PSNR and SSIM are 
increased by 7.76 dB and 0.18, respectively, compared with U-Net 
method, and by 3.33 dB and 0.09 respectively, compared with VE-SDE 
method. Compared with the conventional delay-and-sum (DAS), the 

Table 1 
The mean for the PSNR of circular phantom data.

Methods 128 
projections

64 
projections

32 
projections

16 
projections

8 
projections

DAS 22.43 dB 21.74 dB 20.98 dB 19.87 dB 17.54 dB
U-Net 34.12 dB 30.02 dB 27.29 dB 23.74 dB 19.70 dB
VE-SDE 38.52 dB 35.21 dB 31.64 dB 26.05 dB 23.77 dB
IR-SDE 39.14 dB 36.59 dB 32.12 dB 29.27 dB 27.10 dB

Table 2 
The mean for the SSIM of circular phantom data.

Methods 128 
projections

64 
projections

32 
projections

16 
projections

8 
projections

DAS 0.45 0.28 0.22 0.19 0.18
U-Net 0.87 0.83 0.62 0.46 0.29
VE-SDE 0.95 0.93 0.88 0.87 0.82
IR-SDE 0.97 0.95 0.94 0.91 0.87
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Fig. 8. The reconstruction results of different for in vivo mouse abdomen under different projections. (a1)-(a5) are the reconstruction results of DAS method under 
128, 64, 32, 16 and 8 projections, respectively, and (a6) is the ground truth (GT). (b1)-(b5) are the reconstruction results of U-Net method under 128, 64, 32, 16 and 8 
projections, respectively, and (b6) is the ground truth. (c1)-(c5) are the reconstruction results of VE-SDE method under 128, 64, 32, 16 and 8 projections, 
respectively, and (c6) is the ground truth. (c1)-(c5) are the reconstruction results of IR-SDE method under 128, 64, 32, 16 and 8 projections, respectively, and (a6) is 
the ground truth (GT). The white and yellow numbers in the lower right of the image denote PNSR and SSIM. (e) and (f) are the close-up images of rectangles 1 and 2, 
respectively. (g) is the corresponding error map of each reconstructed image. (h) is the signal distribution along the dashed line for the image under 64 projections in 
the close-up image 1. (i) is the signal distribution along the dashed line for the image under 64 projections in the close-up image 2.
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proposed method achieves an improvement of 0.68 (~358 %) in SSIM 
and 10.52 dB (~54 %) in PSNR under sparser projection (32 pro
jections), and achieves an improvement of 0.52 (~289 %) in SSIM and 
10.01 dB (~59 %) in PSNR under extremely sparse projections (8 pro
jections). These results demonstrate that the proposed method has a 
more stable and excellent reconstruction capability in sparse recon
struction for PAT, and it gives an effective solution to the problem of 
poor reconstruction for PAT under extremely sparse conditions by 
conventional generative models. At the same time, the faster imaging 
speed and lower cost of the proposed method will enable wider appli
cation of PAT in scenarios such as clinical diagnostics, in vivo vascular 
detection, and other scenarios that require real-time imaging feedback. 
This breakthrough may significantly reduce the mechanical complexity 
of scanning devices, enabling high-speed dynamic imaging (e.g., real- 
time cardiovascular imaging) while reducing the risk of motion arti
facts. The proposed method is expected to reduce the time required for 
biological tissue reconstruction while improving the accuracy of tissue 
reconstruction due to incomplete data acquisition, which may further 
extend the practical application of PAT.

However, this study also has some limitations, on the one hand, pairs 
of scanned images are required (i.e., sparse-view images and full-view 
images), and due to physical limitations for PAT, it is still challenging 
for real imaging systems to acquire pairs of images [48]. PAT systems 
usually use circular scanning, but the equipment and data complexity 
are high, which leads to limited data acquisition efficiency and makes it 
difficult to quickly generate large-scale training datasets. On the other 
hand, real-time performance is an important consideration in practical 
clinical performance. Unlike traditional diffusion models that takes 
about 1 h for a single reconstruction, the proposed method only takes 
about 5 s. However, considering the clinical demand for real-time dy
namic imaging [49], how to further reduce the model iteration time 
without affecting the reconstruction quality, so as to meet the needs of 
clinical dynamic imaging, is still a direction to be explored.

During the training of the mean-reverting diffusion model, the un
known score function needs to be estimated by training the score 
network, and the training process takes a lot of time due to the need to 
continuously transforms a high-quality image into a degraded counter
part as a mean state with fixed Gaussian noise, and to learn the data 
distribution simultaneously in the process. The exact time is related to 
the graphics processing unit configuration (GPU; NVIDIA RTX A5000 for 
this experiment), dataset size and parameter settings. A total of 6000 
epochs were trained in the training phase, one checkpoint was saved for 
every 100 epochs, and a single checkpoint took about 60 minutes, and 
an average model was saved synchronously after finalizing the training, 
from which the best training model was selected. As shown in Fig. 4(b), 
at the 100th iteration, PSNR and SSIM reach a steady state. The time 
taken for single image reconstruction is about 5 s (~20 iterations/s). To 
summarize, the DAS method has the lowest computational complexity 
and the shortest single reconstruction time, but its image quality is poor. 
The U-Net method has a simple structure and its convolutional layers 
have limited receptive domains, which hinders its ability to learn global 
features when dealing with sparse-view images, and makes it not as 
effective as the diffusion model, but its reconstruction time is shorter. 
The VE-SDE method requires higher computational resources and takes 
longer to reconstruct, but the reconstructed images are of higher quality. 
The method proposed in this paper has a higher demand for computa
tional resources, but it can achieve high-quality reconstruction in a 
shorter time, which is expected to shorten the acquisition time of PAT in 
the practical application and reduce the cost, thus further expanding the 
application scope of PAT.
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