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Abstract. Extreme limited-view photoacoustic tomography reconstruc-
tion suffers from severely missing features and dominant strong artifacts,
which often leads to structural discontinuities, blurred boundaries, and
loss of fine details. Moreover, channel availability can vary in real ac-
quisitions, making methods that rely on early multi-channel concate-
nation and fixed input configurations less stable. To this end, we pro-
pose S2-Mamba, which decouples the multi-channel input into multiple
single-channel branches to preserve weak but informative cues within
each channel. This design naturally accommodates missing channels and
changes in acquisition configurations. Furthermore, we introduce a Cross-
Channel Constrained Loss that explicitly aligns multi-channel represen-
tations at the latent distribution level and mitigates representation col-
lapse through a uniform prior constraint. We also propose an Adaptive
Gradient-Gated Loss that uses progressive hard mining to emphasize
structurally relevant difficult regions and enables joint optimization via
uncertainty-adaptive weighting. Under an extreme limited-view setting
on an in vivo mice dataset, we train the model using 4-channel (11.25°)
observations. The results show that our method outperforms a range of
representative networks in terms of SSIM, PSNR, FID, and KID, and
remains superior even when the channel configuration differs between
training and testing, demonstrating its robustness and practical deploy-
ability.

Keywords: Photoacoustic tomography - extreme limited-view recon-
struction - gradient gating - cross-channel alignment.

* Corresponding authors: Hengrong Lan and Fei Gao.



2 S. Xu et al.

— MSE gradient mask

—— Cosine gradient mask

Train Image

Epoch

Fig. 1. Adaptive Gradient-Gated Loss that progressively suppresses gradients from
easy pixels to shift optimization toward structurally hard locations.

1 Introduction

Photoacoustic tomography (PAT) is a hybrid modality that converts optical
absorption into ultrasound via nanosecond pulsed excitation, allowing high-
resolution imaging of tissue absorption [17]. In practical systems, due to con-
straints in probe geometric coverage, spatial accessibility, and clinical operation,
detection angles are often incomplete, leading to missing acoustic information un-
der limited-view acquisition [21]. This in turn produces striated artifacts, struc-
tural discontinuities, and blurred boundaries, substantially degrading geometric
fidelity and quantitative reliability [28]. Conventional reconstruction methods,
such as Delay-and-Sum [25], Filtered Backprojection [3], Time Reversal [19],
and prior-guided iterative regularization frameworks [16], can be effective under
full sampling; however, when views are missing, they struggle to compensate
for the intrinsic loss of information. Moreover, iterative approaches are typically
computationally expensive and sensitive to hyperparameters, and are prone to
over-smoothing or structural misinterpretation [4,2]. In recent years, deep learn-
ing has been widely used for limited-view compensation, spanning image-domain
artifact suppression, end-to-end reconstruction, and strategies for handling miss-
ing angles [7,11]. Despite these advances, existing methods largely focus on rel-
atively mild limited-view settings and commonly rely on stable multi-channel
input configurations and sufficiently reliable supervised references, leaving a gap
to real-world scenarios with more extreme view loss, artifact-dominated mea-
surements, and varying channel availability.

To address the scarcity of informative cues and artifact-dominated repre-
sentations under extreme limited-view conditions, we propose a task-oriented
reconstruction framework. First, we propose a Shared Single-Channel Mamba
(S2-Mamba), which preserves weak but informative features while naturally ac-
commodating missing channels and changes in acquisition configurations at infer-
ence time. Second, we introduce a Cross-Channel Consistency Loss to explicitly
align multi-channel representations at the latent distribution level, together with
a uniform-prior regularization to mitigate representation collapse. Finally, as il-
lustrated in Fig. 1, we propose an Adaptive Gradient-Gated Loss that progres-
sively suppresses gradients from easy-to-fit pixels via hard mining, shifting the
optimization focus toward structurally hard locations, and uses homoscedastic-
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Fig. 2. S>-Mamba uses a shared single-channel encoder and scale-wise feature averaging
for multi-channel fusion. The Cross-Channel Consistency Loss aligns latent feature
distributions with a uniform prior, and the Adaptive Gradient-Gated Loss progressively
suppresses gradients from easy pixels to focus learning on structurally hard locations.

uncertainty-based adaptive weighting to balance amplitude fidelity and struc-
tural consistency.

2 Method

2.1 S2-Mamba: Shared Single-Channel Mamba Reconstruction
Network

Under extreme limited view sampling, observations are sparse and artifacts of-
ten dominate the measurements. If multi-channel inputs are concatenated and
encoded early, artifacts can be embedded into low level features and overwhelm
the weak but informative cues in each channel, which limits boundary and fine
detail recovery. To mitigate this, we propose S2-Mamba, a shared single channel
reconstruction network that splits the input into per channel branches and ap-
plies a weight shared encoder to extract features independently for each channel,
then maps them into an alignable feature space for stable fusion. Because the
encoder parameters are shared and fusion does not depend on a fixed channel
dimension, the model naturally supports missing channels and changing acquisi-
tion configurations at inference time. We adopt Mamba [1] as the core building
block due to its linear complexity and strong global modeling ability, which has
been shown effective for preserving global structures and boundary continuity
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in medical images [15,24] and for recovering slender vessels [20]. As illustrated
in Fig. 2, we build the network using the VSS block [15].

The network uses an encoder-decoder architecture. Both encoder and de-
coder are composed of VSS blocks, with downsampling and upsampling im-
plemented by patch merging and patch expanding. The i-th encoder stage is
denoted as E;(-) and the j-th decoder stage as D;(-). Given N single channel
inputs X_;, we construct one branch per channel while sharing the same en-
coder parameters across branches. Let f]* be the feature of channel n at scale
i, then f = E;(f*1),n = 1,...,N. At each scale, we fuse features by mean

aggregation to obtain a scale consistent representation f; = % ZnN:1 fI' The
decoder reconstructs the output through a single pathway and uses skip con-
nections for detail recovery. Different from common designs, skip features are
also cross channel fused. At decoding scale j, we update g; = D; (gj,l + ﬁ(j)) ,
where g;_1 is the previous decoding feature and i(j) aligns encoder and decoder
scales. This scale wise fusion and additive skip fusion provide structure consis-
tent priors throughout decoding, improving robustness to noise and enhancing
continuity and boundary stability for slender vascular structures.

2.2 Cross-Channel Consistency Loss

Multi-channel photoacoustic (PA) observations provide complementary angle
dependent information [12], which is crucial under extreme limited view sam-
pling. In S2-Mamba, we fuse channel wise features by scale wise aggregation,
and we further add an explicit latent prior to make this fusion stable under
noise and artifacts. Existing multi-channel approaches [7,11] often rely on deter-
ministic aggregation or early feature concatenation, so cross channel alignment
is learned implicitly and can be unstable. We therefore propose a Cross-Channel
Consistency Loss that explicitly aligns channel wise latent feature distributions.
Following [22], we compute an augmentation-invariant cross entropy between
channels. Let p" = softmax(f™) denote the channel-wise probability, and we
compute the pairwise symmetric cross entropy:

Liny = NNoD > (P logp™ +p"ilogp™) (1)
1<n;<n; <N

Minimizing cross channel discrepancies alone may induce latent-space collapse,
where features from different channels are overly aggregated into near-identical
representations, thereby diminishing their complementarity. To prevent such col-
lapse, we further introduce a prior-matching term that drives the overall feature
distribution toward a uniform prior. This regularization encourages balanced
utilization of the latent space, ensuring that channel-wise features can be drawn
closer for alignment without degenerating into excessive aggregation.

C 1 N
Lprior = - Z Uc log (N Zp?> (2>
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Here, u. corresponds to a prior probability vector, which is chosen to be uniform
in all our experiments, i.e., u, = [%, %,,%] The overall objective of the
Cross-Channel Consistency Loss is given by: Lsc = Liny + Lprior

2.3 Adaptive Gradient-Gated Loss

PA images are locally smooth yet globally sparse [26]. Under extreme limited
view sampling, undersampling artifacts can dominate the error, and optimization
may be driven by large easy regions, which biases learning toward smooth back-
grounds and low frequency components and weakens boundary and fine detail
recovery. Inspired by [9], we introduce an Adaptive Gradient-Gated Loss that
progressively suppresses gradients from easy pixels so that training focuses on
structurally relevant hard locations. We use pixel wise MSE to enforce amplitude
accuracy:

Lmse(X7Y) :” X-Y ||%’ (3)

Here X is the reconstruction and Y is the ground truth. Since amplitude match-
ing is not equivalent to structural matching, MSE alone tends to smooth high
frequency details and blur boundaries [23,27]. We therefore add a global cosine
similarity term to stabilize the overall energy distribution and relative intensity
pattern:

(F(X), F(Y))

Leon(XY) =1 = 2 TEOOT Y

Here, F(-) denotes the flattening operator. This term is more robust to global am-
plitude scaling, helping to stabilize the overall energy distribution and suppress
drifts in structural patterns. Building on this, we perform hard-mining-based
gating on the per-pixel loss map M and block gradient flow from easy-to-learn
locations:

M — p(M)

M' =M + (sg(M) — M)H( ()

—a). (5)
Here, sg(-) denotes the stop-gradient operator, u(-) and o(-) are the mean and
standard deviation, respectively. « is the threshold and H(-) is the Heaviside step
function. We denote the hard-mining-modulated losses as L ., and L’ _. Since
the optimal weighting between these two terms is not constant across training
stages and is difficult to tune manually, we adopt the homoscedastic-uncertainty-
based adaptive weighting method proposed by Kendall et al. [5] to automatically
learn their weights:

1 1
Lica = EL;nse + TE%L,COS +log (e1€2), (6)

Here, 1 and €5 are learnable parameters. Finally, the overall loss is defined as:
Liotar = Lsc + Laca
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Fig. 3. Visual comparison of reconstruction results. Rows 1 and 3: 4-channel input,
512-channel ground truth (GT), and reconstructions by different methods. Rows 2 and
4: corresponding error maps with respect to the 512-channel GT.

3 Experiment

3.1 Datasets and Implementation Details

We evaluate on a private in vivo mice dataset, following the protocol in [6]. The
data was collected from four healthy mice using a 512-channel panoramic system
(SIPPACT-512), with three mice for training and one for testing, resulting in
3,000 training slices and 400 test slices. More acquisition details can be found in
[6]. Although the training and testing animals are independent, the test set comes
from one mouse, and broader multi-subject and human PAT validation will be
pursued in future work. All experiments were conducted on Ubuntu 20.04.5 LTS
with three NVIDIA GeForce RTX 4090 GPUs. All methods were implemented
in Python 3.8.20. Unless otherwise specified, we consider a 4-channel (11.25°)
limited-view setting, which introduces severe structural missingness and strong
undersampling artifacts. During training, the batch size was set to 24 and models
were trained for 200 epochs. For fair comparison, all methods were optimized
with the same objective and trained using an MSE loss. We report SSIM and
PSNR to assess pixel-wise fidelity and structural preservation, and FID and KID
to measure perceptual distribution consistency. We schedule the threshold « to
increase linearly from -3 to 1 over the 200 training epochs.

3.2 Qualitative and Quantitative Analysis

Qualitative Analysis: As illustrated in Fig. 3, we visually compare our method
with six representative reconstruction networks. Under the extreme limited view
setting, limited measurements lead to strong directional streak artifacts in the
inputs. Unet and SwinIR reduce the overall error but still show structural breaks
and missing fine details, while VMUNet tends to introduce pseudo structures.
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Fig. 4. Intensity profile comparisons along the orange dashed line. Profiles are com-
pared with the 512-channel GT to assess boundary fidelity and internal structural
recovery. Broader profiles indicate boundary smoothing or structural spread caused by
severe limited-view artifacts, rather than resolution beyond the GT. The scale bar and
color bar are consistent with those in Fig. 3.

Table 1. Quantitative comparison results of different methods. The best results are
highlighted in bold.

Method Single-image metrics Dataset-level metrics

SSIMt PSNR#t FIDJ KID
Unet [14] 0.8222 31.79 120.9 0.1111
U2net [13] 0.8626 32.51 182.9 0.1564
SwinIR [10] 0.8215 31.82 99.00 0.0788
VMUNET [15] 0.9493 38.61 56.25 0.0275
UKan [8] 0.9430 36.58 120.7 0.0995
MobileUViT [18]  0.9385 36.90 221.8 0.2238
Ours 0.9590 38.83 50.31 0.0239

UKan and MobileUVIiT yield visually appealing reconstructions, but the error
maps reveal remaining deviations. In contrast, our method more reliably restores
continuous contours and key details across both examples while suppressing
streak artifacts. The error maps further show lower and more dispersed residuals,
indicating improved artifact mitigation and structure preservation under severe
information loss.

As shown in Fig. 4, we plot intensity profiles along the orange dashed line
to compare structural recovery and spatial resolution. In both examples, our
profile follows the ground truth more closely, with better matched peak and
valley positions and amplitudes, indicating more accurate recovery of boundary
and internal structure variations.

Quantitative Analysis: As shown in Table 1, we compare our method
with six representative reconstruction networks under the extreme limited view
setting. Our method achieves the best structural fidelity, reaching 0.959 SSIM
and 38.83 dB PSNR, and also delivers superior perceptual and distributional
quality with 50.31 FID and 0.0239 KID. These results indicate that the proposed
approach not only improves pixel level accuracy but also better suppresses streak
artifacts and preserves realistic structural details, whereas competing methods
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Table 2. Ablation study of different components.

Components Metrics
Method co Nramba  Lse  Lace  SSIMF  PSNRf
Al v 0.8798  34.10
A2 v v 0.9016  35.43
A3 v v v 0.9590  38.83

Table 3. Quantitative comparison for channel-robust reconstruction under mismatched
channel configurations. All models are trained with 4-channel measurements and eval-
uated using 2-channel or 3-channel measurements as input.

Method Channel 2 Channel 3
SSIMT PSNR1 SSIMT PSNR1
UKan 0.8972 34.34 0.9227 35.61
VMUNET 0.8965 35.24 0.9260 36.99
MobileUViT 0.8885 34.33 0.9163 35.75
Ours 0.9219 37.75 0.9295 38.20

may still present discontinuities, missing fine structures, or pseudo structures
under severe information loss.

3.3 Ablation Studies

Component Ablation: Table 2 summarizes the ablation study. The backbone
alone provides basic reconstruction through a shared encoder and scale wise
mean aggregation, but performance is limited, reaching 0.8798 SSIM and 34.10
dB PSNR. Adding the L3¢ improves cross view feature alignment by reducing
distribution gaps and preventing representation collapse, raising the metrical
scores 0.9016 and 35.43 dB. With the Lagg further applied, progressive hard
mining emphasizes artifact related difficult regions and uncertainty adaptive
weighting balances the reconstruction and consistency objectives. This yields
the best results with 0.9590 SSIM and 38.83 dB PSNR.

Channel Robustness: To assess robustness to channel mismatch, we train
the model with 4-channel inputs and evaluate reconstruction using only Channel
2 or Channel 3. This setting is challenging for most baselines that require consis-
tent channel numbers across training and inference. Our method remains stable
under reduced channels and achieves the best results on both test channels. As
shown in Table 3, on Channel 2 we obtain an SSIM of 0.9219 and a PSNR of
37.75 dB, indicating improved structural fidelity and lower reconstruction error.

4 Conclusion

We study extreme limited-view PAT reconstruction, where severe measurement
loss causes strong artifacts, and real deployments face varying channel avail-
ability. We propose S2-Mamba, which extracts features from each channel using
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a weight-shared Mamba encoder and performs reconstruction via multi-scale
mean aggregation and level-wise additive skip fusion, thereby preserving weak
but informative cues and enabling stable inference under missing channels or
changing acquisition configurations. We further introduce a cross-channel dis-
tribution alignment loss with a uniform prior, and an Adaptive Gradient-Gated
Loss for progressive hard mining of structurally challenging regions. Experi-
ments on in vivo mice data showed consistent and significant gains over repre-
sentative baselines under extreme limited-view settings, including cross-channel
train—test mismatches, demonstrating improved reconstruction quality and ro-
bustness. This study focuses on extreme limited-view PAT with severe angular
information loss and channel mismatch. Extending the proposed framework to
other reconstruction tasks and backbone architectures will be explored in future
work.
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