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Impact
This study explores how integrating features from multiple preceding cascade blocks in unrolled networks can improve cine MRI reconstruction, potentially
enabling more accurate and temporally consistent cardiac imaging.

Synopsis

Motivation: Cascaded deep learning methods have attracted attention for their ability to further push the undersampling in cine MRI by better
representations of the spatio-temporal correlations in the data.

Goals: To investigate the benefits of integrating features from multiple previous cascades, as earlier stages may contain complementary information
that enhances the spatio-temporal representation of the current block.

Approach: A feature bank is introduced to store features from all preceding blocks, enabling their aggregation to strengthen the representation of the
current block.

Results: Incorporating the proposed module further enhances the model’s ability to exploit spatio-temporal information, leading to improved
performance.
Introduction

Cardiac cine MRI plays a pivotal role in capturing the heart’s dynamic motion, offering valuable insights into cardiac function and aiding the diagnosis of
diverse cardiovascular diseases 1 . However, the prolonged acquisition time remains a major limitation, and undersampling is commonly applied to accelerate

scans and improve patient comfort.

Deep learning—based reconstruction methods have increasingly been used to obtain high quality images from undersampled data by using neural networks as
learned regularizers. Prior studies 23 have shown that effectively extracting spatio-temporal features in cine sequences can highly enhance the
reconstruction. However, information in unrolled networks typically propagate only between adjacent blocks. Aggregating features from multiple preceding
cascade blocks could leverage spatio-temporal information more effectively, as earlier stages may retain valuable cues to improve the current block’s
representations.

In this work, we introduce a feature bank that stores intermediate features and reuses them via a channel attention module. This approach builds on the
CRUNet-MR model, which enhances spatio-temporal feature utilization for cine MRI reconstruction beyond conventional UNet4 models. Overall,

aggregating features from the feature bank improves reconstruction performance without substantially changing the model structure and increasing
reconstruction time, demonstrating the benefits of leveraging features from previous blocks to better capture spatio-temporal information.

Method

CRUNet-MR is an unrolled network designed for cardiac cine MRI reconstruction. Within each CRUNet cascade block, convolutional recurrent operations
are integrated into the UNet architecture. A bidirectional convolutional recurrent unit is decomposed into two unidirectional units with opposite information
propagation directions, placed in the encoder and decoder, respectively. This design enables continuous extraction of temporal features across the sequence
while effectively combining low- and high-level spatial representations, resulting in outputs with more powerful spatio-temporal representations.

Given g -th cascade block of CRUNet-MR, the overall process can be described as follows:
Liv1 = CR‘UNetﬁ,i(Hh 'Fia TirY, Sa M)a

where x; denotes the coil-combined image input to the 4 -th cascade block, g is the original multi-coil under-sampled k-space data, M the sampling
mask, and S the coil sensitivity map. H; denotes hidden states, while F} refers to the intermediate feature maps from previous cascades. Then instead of

using only the preceding feature maps, a feature bank stores all prior outputs. These are concatenated and refined via a channel attention module to form a
comprehensive feature map integrating information from all cascades. The process is formulated as:

F,j = CAy; (concat(Foyj, R Fi,lﬂ-)).



We used the public CMRxRecon2023 5 dataset, which was acquired on a 3T MRI scanner (MAGNETOM Vida, Siemens Healthineers, Germany) from 300
healthy volunteers (120 training, 60 validation, 120 testing). Cardiac cine data were collected using a TrueFISP ¢ readout with retrospective ECG-gated
segmented acquisition. The dataset includes short-axis (SAX, 5~14 slices) and long-axis (LAX, 1 slice) views. Typical parameters: spatial resolution 1.5x1.5
mm?, slice thickness 8 mm, TR/TE = 3.6/1.6 ms, and FOV= 340x300 mm? (LAX) or 340%340 mm? (SAX). Data were acquired during breath-holds (2 for

LAX, 11 for SAX), using uniform Cartesian sampling beyond the 24-line ACS region, with consistent undersampling masks (R=4, 8) and a simulated R=24
mask following the same strategy.

The loss function combines k-space MSE with image-domain L1/MSE and SSIM terms. All deep learning models employ a consistent cascade number of 5.
Training was performed for 144 epochs with a batch size of 1, using AdamW optimizer (Ir=0.0003) and a cosine-annealing scheduler with 10 warm-up
epochs (minimum Ir=0.0001). We tested two feature bank fusion modules: a convolution layer and a channel attention module. Except traditional PSNR and
SSIM metrics, DISTS 7 and HaarPSI8 are employed to provide a more comprehensive evaluation from different perceptual perspectives. Image
reconstruction was performed with the proposed method as well as the following methods: low rank plus sparse (L+S) 9 , CRNN-MRI 2, PromptMR 3 and

CRUNet-MR.
Results

Fig.1 shows the quantitative comparison with other benchmarks, while Fig.2 presents the qualitative results. Fig.3 provides a dynamic analysis of spatio-
temporal feature exploitation, and Fig.4 illustrates the effect of varying the number of preceding cascade blocks for feature aggregation.

Discussion and conclusion

From the quantitative and qualitative evaluations, the proposed feature aggregation module further enhances performance without highly increasing the
reconstruction time, especially at higher acceleration factors. It also facilitates the recovery of some cardiac details that are missed by the base model
(CRUNet-MR). The ablation study further confirms the contribution of information aggregated from all preceding blocks. Moreover, this framework is
general and can be extended to other unrolled networks in future work.
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Figure 1: Quantitative comparison with benchmark models in terms of evaluation metrics and per-slice inference time, using the
same hardware (NVIDIA RTX A6000, 48 GB). Best results are in bold. Two feature aggregation modules are tested: a convolutional
layer (Conv) and a channel attention module (CA). The Wilcoxon signed-rank test with Bonferroni correction is applied; 1 (p <

0.0125) indicates statistical significance in pairwise comparisons against the proposed CRUNet-MR with the CA module.
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Figure 2: Architecture of the CRUNet-MR model integrating a feature bank and a feature aggregation module. Each CRUNet block
adopts a three-level UNet structure with two convolutional recurrent units at each level, operating in forward (CRNNTI-F) and
backward (CRNNTI-B) directions. Green, blue, and red dashed lines indicate the feature map flow at each level. Treating each level
as a unit, three CA modules are employed to aggregate feature maps.
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Figure 3: Qualitative evaluation on LAX and SAX views at R=8. Frames are cropped to highlight cardiac details, with SSIM (top-
right) reflecting performance on the cropped cine sequence. GT and UND denote ground truth and undersampled images,
respectively. The x—t view of the central line is shown at the bottom of each image. For models that aggregate features from preceding
blocks, this design enhances detail recovery and sharpens features (blue arrows), further improving CRUNet-MR s performance.
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Figure 4: Dynamic analysis of test data across two views. By thresholding the temporal standard deviation, cine sequences are split
into dynamic (mainly the heart) and static regions. Overall, CRUNet-MR already outperforms baselines on dynamic regions,
demonstrating effective extraction of spatio-temporal information. Then feature aggregation from previous blocks further enhances

performance in both regions, indicating improved spatio-temporal feature utilization.
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Figure 5: Qualitative evaluation of the ablation study on varying the number of preceding cascade blocks for feature aggregation on
LAX view at R=8. The third and fourth columns correspond to aggregating up to 2 or 3 preceding features. Based on the SSIM values
and visual quality in the cardiac region (indicated by blue arrows), aggregating features from all cascade blocks, including distant
ones, further enhances reconstruction quality and recovery of fine cardiac details.



