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Abstract: Objective Photoacoustic tomography (PAT) is an emerging imaging technique that combines optical contrast
with acoustic resolution, and it demonstrates great potential in the field of biomedical applications in recent years. Its non-
invasive nature, high contrast, and high resolution make it an important tool in medical diagnosis and research. However,
due to limitations in the imaging principles and the complexity of biological tissues, photoacoustic images often exhibit blur-
ring, artifacts, and low contrast, which restrict their accuracy and reliability in clinical applications. Improving image
quality is crucial for the further advancement of PAT technology. Current research generally treats image reconstruction and

segmentation as two separate steps. First, the inverse problem is solved to reconstruct a 2D or 3D image from the photo-
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acoustic signals collected by the ultrasonic detectors, which realizes the “signal-to-image” conversion. Then, regions of
interest (e. g. , specific tissues or structures) are segmented or identified from the reconstructed images , which realizes the
“image-to-feature” conversion. This decoupled processing framework shows substantial limitations in practical applica-
tions. In the image reconstruction phase, errors inevitably arise due to inaccuracy of the physical model, unreasonable
assumptions (e. g. , the acoustically homogeneous medium and constant speed of sound) , noise interference, and incom-
plete data acquisition. These errors accumulate in subsequent segmentation and target recognition tasks, which greatly
reduces the accuracy of automated analysis. This inadequacy, in turn, limits the potential of PAT in fields such as preci-
sion medicine and real-time diagnosis. To address this issue, this study proposes an end-to-end deep learning framework
that innovatively integrates image reconstruction and segmentation tasks into a unified network. Through the interaction and
collaborative optimization between the two tasks, the framework fully leverages their potential correlations to considerably
improve the overall quality of PAT images and achieve higher accuracy in image segmentation. Method This study presents
an end-to-end joint reconstruction and segmentation deep learning framework , which aims to enhance the quality of PAT
image reconstruction and segmentation accuracy through iterative optimization. The framework consists of two core mod-
ules: the reconstruction and segmentation modules. The reconstruction module is used to generate an initial image using
deep neural networks while minimizing reconstruction errors caused by factors such as incomplete physical models or
noises. The segmentation module performs further image processing based on the reconstruction module , with its task being
the precise segmentation of the regions of interest. To capture the details of the target regions in the image, the segmenta-
tion module adopts a context-aware mechanism, which combines global and local features of the image. Specifically, the
segmentation module employs a hybrid architecture that combines fully convolutional networks (FCNs) and DenseNet. The
encoder-decoder structure of the FCN enables pixel-level classification and extracts low-level and high-level features from
the image, while DenseNet enhances the utilization of information from previous layers through dense connections, which
improves feature representation capability. The combination of FCN and DenseNet allows the segmentation module to better
process complex image information and achieve higher precision semantic segmentation. The key aspect of the framework is
the establishment of a bidirectional feedback mechanism between the reconstruction and segmentation modules, which cre-
ates a deep collaboration loop. In this mechanism, the output of the segmentation module serves as a constraint that guides
the reconstruction module to refine the restoration of the target region, while the image provided by the reconstruction mod-
ule offers important prior information to the segmentation module. Ultimately, the segmentation of the target regions is fur-
ther optimized. Through this bidirectional feedback, the two modules promote each other during the iterative process,
which continuously improves the accuracy of reconstruction and segmentation. In each iteration, the reconstruction module
corrects reconstruction errors with the feedback from the segmentation module, while the segmentation module extracts
more accurate features from the progressively optimized reconstructed image, which improves segmentation precision.
Unlike traditional methods, this framework avoids the issue of accumulation of errors due to independent tasks through
deep collaboration. In conventional approaches, image reconstruction and segmentation are typically processed separately,
which leads to a lack of information sharing between the two tasks and ultimately affects the overall accuracy of the results.
On the contrary, the proposed framework optimizes both modules jointly. This way ensures that the output of each module
provides higher-quality input for the next, which ensures synchronized improvement of reconstruction and segmentation
tasks. Ultimately, through multiple iterations, this deep integration of information not only greatly enhances image clarity
but also substantially improves segmentation accuracy. Result To validate the effectiveness of the proposed method, several
simulation experiments, phantom studies, and in vivo experiments were conducted. Experimental results demonstrate
remarkable advantages over the two-step scheme in image reconstruction and segmentation tasks. In simulation experi-
ments, the proposed method improved the structural similarity index (SSIM) of the reconstructed images by up to 10. 01%
and the peak signal-to-noise ratio (PSNR) by up to 12. 15%. In segmentation tasks, the DICE coefficient and the Jaccard
index increased by up to 13.27% and 6. 08%, respectively, while the average symmetric surface distance (ASSD) was
reduced by up to 16. 55%. In phantom experiments, the method exhibited robust performance even in complex scenarios
(e. g., heterogeneous media and variable speed of sound). Compared with other joint reconstruction and segmentation

methods, the SSIM and PSNR of the reconstructed images can be enhanced by approximately 3. 65% and 4. 96%, respec-
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tively; the DICE, Jaccard index, and ASSD for image segmentation can be raised by nearly 2. 73%, 3. 85%, and reduced
by nearly 5. 99%, respectively. Further in vivo experiments validated the applicability of this method in real-world biologi-
cal imaging. In tumor detection and vascular imaging tasks, the images generated by the proposed method exhibited sharp
boundaries, accurate shapes, and significantly improved segmentation integrity of the target regions, which exceed those of
traditional methods. Therefore, the proposed method has strong robustness and generalizability. Conclusion This study
proposes an end-to-end deep learning framework that jointly performs image reconstruction and segmentation tasks, which
effectively solves the critical issue of error accumulation in traditional two-step methods. Compared with existing
approaches, the proposed method better restores the shape and boundaries of the target region, reduces information loss
and blurring, and demonstrates great performance improvements in simulation, phantom, and in vivo experiments. The
study shows that the proposed method has significant theoretical importance and demonstrates great potential in practical
applications. Future research will further explore the application potential of this framework in real-time processing and
large-scale datasets to promote the clinical translation of PAT into medical diagnosis and treatment.
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Fig. 1  Architecture of the joint reconstruction and segmentation network for PAT images
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Fig. 4 The calculation process of the network loss function
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Fig. 5 Example of the numerical mouse phantom and

YIiki 3

its cross-sections
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Table 1 Property parameters of different tissue types in thoracoabdominal slices of numerical mouse phantoms
LR TR OERIR R em™ JCEU R EVem™ K R T P (m/s) W (kg/L)
Lo IE 1.38 0.82 145 0.93 1590 1.050
it 1.36 0.69 120 0.92 1570 1.045
53 1.35 0.79 200 0.88 1575 1.055
i 1.39 0.55 140 0.94 1580 1.045
1% 1.38 0.12 90 0.96 1565 1.048
JFE 1.36 0.77 95 0.90 1 600 1.055
GES 1.35 0.22 4 0.89 1530 1.010
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Fig. 6 Photographs of four experimental phantoms
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Table 2 Materials used for experimental phantoms and their optical absorption coefficients at a 680 nm

Hh A
=t S N
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#2 1% ARG SR +5% BRI +10% FLAL 0.28 2% BrtHE +5% B FRIH +10% FLAL 7+ [ 82K 0.32
#3 2% RGBT +5% BRI+ 10% FLAL A 0.28 1% Bl +5% BE BRI +10% FLAL ]+ B R 88K 0.32
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Fig. 7 PAT experimental setup for living mice
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Table 3 Details of the ablation experiment design
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Fig. 8 Training loss of the network
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Fig. 9 PAT image reconstruction and segmentation results of the numerical mouse phantom
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Fig. 10 Test results of evaluation metrics for all samples in the simulation dataset using different methods
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Table 4 Evaluation metrics for image reconstruction and segmentation of a single sample in the simulation dataset

using the proposed method and baseline methods, respectively

Jrik SSIM PSNR/dB DICE Jaccard ASSD GPUZfTHfRls YLkt [Al/h

A3 0.8584  29.7246 0.8988  0.8501 1.170 0 23.73 29.67
IRI-Net 0.8282 283194 0.8918  0.8483 11518 24.68 31.34
L-PD 08501 285173 0.8749  0.8186 1.244 5 28.13 34.97

AS-Net 0.8021  27.5534 - - - 15.69 19.36
gg DPG-Net 0.8499  28.8325 - - - 17.91 22.89

SBDM 0.8709  29.5565 - - - 19.82 25.07

CapsNet - - 0.8669  0.8294 1.305 3 19.12 23.43
f\g nnU-Net - - 0.8809  0.8311 1.439 5 18.52 23.65

U-Mamba - - 0.880 1 0.809 1 1.2255 18.11 22.83
DGD + GCxt-UNet 08169  28.1289 0.885 1 0.858 9 1.207 0 22.80 28.53
DGD + SegNet 0.7803  26.5032 07935 07914 1.402 1 20.07 25.10
DGD + A Sy FE R 0.8037  27.5386 0.824 1 0.801 4 1.3317 20.96 26.24
DensePANet + SegNet 0.8318  29.2403 0.8598  0.8109 13312 23.84 31.05
DensePANet + AL HIfH 0.8502  29.700 6 0.8814  0.8399 1.2273 26.46 31.94
AR CE AR + GCxt-UNet  0.8513  29.557 5 0.9042  0.8478 1.184 5 24.45 30.81
AR SCH AR + SegNet 0.8295 285170 0.8518 0.808 9 1.3222 22.82 28.53
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Fig. 12 Test results of evaluation metrics for all samples in the phantom dataset using different methods
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Table 5 Evaluation metrics for image reconstruction and segmentation of a single sample in the phantom dataset

using both the proposed method and baseline methods

WIRFS SSIM  PSNR/dB DICE Jaccard ASSD  GPUizfrMtfl/s  YIZRtE/h

AL 0.8307 287829  0.8641  0.8315  1.1499 25.04 43.80
IRI-Net 07888 27.4851 08509  0.8235  1.1842 28.76 47.18
L-PD 07997 281958  0.8266  0.7869  1.2002 30.44 50.53

AS-Net 07504 277841 - - 13.88 29.35
gg DPG-Net 07992  28.4899 - - 16.68 33.60

SBDM 08102  28.8212 - - 18.12 37.06

CapsNet - - 07995  0.7688  1.2255 18.48 35.85
i‘g nnU-Net - - 0.8802  0.8324 14444 17.58 34.73

U-Mamba - - 0.8397 07907 12031 17.78 34.48
DGD + GCxt-UNet 08190 28.0440  0.8481 08122  1.2926 23.56 42.11
DGD + SegNet 07787  27.0440 07320 07246  1.6876 19.51 37.05
DGD + A 33 FIRL 0.8008 279041 0.8266 07901  1.1785 20.86 38.73
DensePANet + SegNet 08221 288458  0.8320  0.8025 1.2606 25.13 45.51
DensePANet + A% 37 EI AR 0.8208  29.0560  0.8490  0.8112 12321 27.74 47.18
A SCE AL + GCxt-UNet 0.828 1 284833  0.8624 08242  1.1565 26.39 45.46
A SCE B + SegNet 0.8223 275146  0.8369  0.8047 12539 23.69 42.12
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Table 6 Evaluation metrics for image reconstruction and segmentation of a single sample in the in vivo dataset

Jii: SSIM PSNR/dB DICE  Jaccard ~ ASSD  GPUIBfTMfM]/s  IZEMS(A]/h

A3 07310 253527  0.8044  0.6959  2.5470 27.82 22.29
IRI-Net 0.7782 242096  0.8037  0.6908  2.6020 30.58 25.71
L-PD 07289 252323  0.6965 0.6044  3.0261 3291 28.65

AS-Net 0.6602  24.6473 - - - 21.03 13.29
FZEH  DPG-Net 0.6829 253236 - - - 23.94 17.43

SBDM 07114  25.4574 - - - 24.52 18.53

CapsNet - - 0.6898  0.6007  3.1059 24.86 18.57
E%5r%]  nnU-Net - - 0.8057 0.6896  3.0590 24.40 18.00

U-Mamba - - 07098  0.6368  2.8419 24.18 17.86
DGD + GCxt-UNet 0.6834 245828  0.7799  0.6818 29193 27.15 21.42
DGD + SegNet 0.6287 235215  0.6628 05695 33037 25.09 18.86
DGD + A3 HI 0.6596 242965 07333  0.6491  2.6253 25.77 19.65
DensePANet + SegNet 07146  24.8093 07538  0.6547  2.8280 27.84 26.79
DensePANet + X S0/ E bk 0.7289 249875  0.7745  0.6713 25960 29.20 24.03
AR SCHE B + GCxt-UNet 07381 250979 07415 0.6802  2.560 1 28.51 23.15
AR SCH AR + SegNet 0.6859 247641 07512  0.6627  2.8998 27.15 21.44

TE ML PR 7R 25 B e 2 R (i PSRRI T ik IR A2 2R ) =" s D S0

F1 18%, DICE F1 Jaccard 43 5l 45 /5 29 14% F1 12%,
ASSD FEAR Y 17% , A5 2 Y2 ALY A B[] 2402 3 1K
AR 0. 555 . HEM 3 WML, B4R ZFE
A PRI A o st AN IH (2, SSIM T PSNR 43 1) 42 7=
25 2.5% F1 1.8%, DICE Fl Jaccard 43 5l & & 24
0.75% F10. 85%, ASSD [F£AIL 25 1. 02%, {H 4 K % AR
(1) A BRI B] 249 2 3 YREARIY 1. 77 fi5 o N T FERIG
S FIAD BRI R 2 () AR S, AR SO 8 78 IO 245 1)
2 S S AR (IR et
2.4.2  WILEH AR

AT VHEFEIEAR 3 R B AR EMECR FH DAS 2B %,
IGO0, W26 1 i A D7 i PERE I RE MR o X6 XL
53 SIS BERE BN 43 SO ST R GRS L 43 Ak B
7 AR5 AR BT A RS, 33X PR A 43 S AR ST X 45
I A G GRS I , 7 4% B4 [ 2 AT Rl G, O
T AR AR AL A S v T A AR R
PR HAE T, BEUE AT R A FH >k F A [R) B0 s i) B
MR DA R e 2 e TR . AR, 2 I 284
T — 2 B B (RS A5 5 B U 5 i 1A
GO, W28 25 AR O B8 1) B — 43 SOH A 37 7 G A AT
F5 , T RS F A B 5 — s A B0 10 4 SO O 2

F7 ERXE RMEBAMMBEGER T ENARLFE
Il 25 B < 70 4b 22 B 18] 9 54 Ml

Table 7 The impact of iteration count, network input,

and initial image generation method on the training and

processing time of the proposed method

e Crpietr I

21 15.30 12.26
BRI 3k 27.82 22.29
4R 49.24 39.46
PR S+ B 27.82 22.29
T2 TUN RS 27.09 22.11
AR 5 27.35 22.07

DAS 25.04 43.6
It % FBP 26.06 44.51
PR I TR 2548 44.13
AL 26.89 4521

T L P SRR 5 8 R A2 2R

YERT e AERXAIEOCT , B2 AT LRI AL £ S0 U-Net
45k, BVER B —A> 03 SOF 2450 55— 93 32, T 19
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Fig. 15 Image reconstruction and segmentation results using the proposed method with two, three,

and four iterations for the simulation test set
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