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Abstract: Emergency imaging often relies on fast MRI protocols, which introduce motion artifacts,
low resolution, and reduced contrast, posing substantial challenges for lesion detection. TG-
Mamba-UNet enhances robustness under these conditions by integrating temporal guidance
vectors learned from high-quality MRI with a Mamba-UNet backbone capable of modeling long-
range structural dependencies. The model effectively suppresses artifact-induced distortion and
stabilizes predictions in noisy environments. Experiments conducted on 2,280 MRI scans (1,460
with motion artifacts and 820 high-quality references) show that TG-Mamba-UNet improves Dice
from 0.812 to 0.894 (+10.1%) and reduces artifact-induced segmentation error by 17.8%.
Keywords: Fast MRI segmentation; emergency neuroimaging, Mamba UNet; motion artifact
robustness; real-time lesion detection, fast acquisition MRI
1. Introduction:
Fast magnetic resonance imaging (MRI) is widely used in emergency care because it significantly
shortens acquisition time and accelerates clinical decision-making. However, reduced k-space
sampling and limited imaging sequences often lead to motion blur, lower spatial resolution, and
reduced contrast. These degradations make lesion detection challenging for both radiologists and
automated analysis systems [1]. Motion artifacts are particularly common in emergency patients
and may introduce streaking, ghosting, or partial signal loss, further compromising image quality
[2]. As aresult, segmentation and detection models that perform well on routine, high-quality MRI
frequently exhibit substantial performance drops when applied to fast MRI scans acquired under
real emergency conditions [3]. Deep learning has substantially advanced lesion detection and
segmentation on routine MRI. Numerous studies report improved accuracy using U-Net variants,
multi-scale feature extraction, and attention-based encoders [4]. Capturing long-range spatial
information has become increasingly important because many brain lesions are small, irregularly
shaped, or weakly contrasted against surrounding tissue [5]. Recent state-space and Mamba-based
architectures extend this capability by modeling larger spatial contexts while maintaining efficient
inference, offering advantages over conventional convolutional networks when global structural
cues are informative [6]. Related work further demonstrates that explicitly emphasizing lesion
centers and learning structured temporal representations can stabilize segmentation behavior under
challenging imaging conditions, highlighting the potential of guided feature modeling for robust
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lesion detection [7]. Despite these advances, most existing segmentation models are trained
primarily on clean, high-quality MRI and do not adapt well to noise, motion, or resolution loss in
fast scans [8]. Approaches aimed at mitigating motion-related degradation typically rely on
aggressive data augmentation, simulated artifacts, or adversarial training strategies. While helpful,
these techniques often fail to capture the complexity of real emergency imaging patterns [9]. Other
pipelines attempt to reconstruct artifact-free images prior to segmentation, but such preprocessing
increases computational overhead and introduces latency that is undesirable in time-critical
workflows [10]. Moreover, most current models do not explicitly leverage information from clean
MRI to guide predictions on degraded fast MRI, leaving a valuable source of prior knowledge
underutilized. Another important challenge lies in data availability and domain mismatch. Public
datasets predominantly consist of routine MRI with relatively few motion artifacts or acquisition
irregularities [11]. Models trained on such data may achieve strong performance in controlled
settings but generalize poorly to emergency scans characterized by patient motion, limited
sequences, and heterogeneous protocols [12,13]. This gap substantially limits the clinical
applicability of existing methods for acute stroke, trauma, and other urgent neurological
conditions. This study introduces TG-Mamba-UNet, a segmentation framework designed
specifically for fast MRI in emergency settings. The proposed model combines a Mamba—U-Net
backbone for efficient global context modeling with temporal guidance vectors learned from high-
quality MRI. These guidance vectors provide structured prior information that helps stabilize
predictions and suppress motion-induced errors in fast scans, without introducing a separate
reconstruction stage. We evaluate TG-Mamba-UNet on a large dataset comprising 2,280 MRI
scans, including 1,460 motion-affected fast scans and 820 clean reference scans. Experimental
results demonstrate improved Dice scores and reduced segmentation errors compared with
baseline models, indicating that temporal guidance derived from clean MRI can effectively
enhance lesion detection reliability under fast MRI conditions.

2.Materials and Methods

2.1 Study Cohort and Imaging Conditions

This study used 2,280 brain MRI scans collected from emergency examinations. Among them,
1,460 scans were acquired with fast MRI and showed common issues such as motion blur, low
detail, and weak contrast. The other 820 scans were routine MRI from the same hospitals and
served as clean references. All cases included axial T1-weighted and T2-weighted images. Patients
were 18-85 years old and were scanned for acute neurological symptoms. Scans with missing
slices or severe signal loss were removed. All images were resampled to 1 mm? voxel spacing.
2.2 Experimental Setup and Comparison Models

The aim was to test whether temporal guidance from clean MRI can help detect lesions in fast
MRI. TG-Mamba-UNet was used as the main model. A plain Mamba-UNet without guidance
served as the main comparison model.
Two control models were added: one used random guidance vectors, and one used only fast MRI
without any clean MRI input. All models used the same training—validation split, input size, and
training steps. This setup allowed direct comparison under the same conditions.

2.3 Measurement Steps and Quality Control

Each MRI scan was normalized by subtracting the median intensity and dividing by the
interquartile range. Motion levels in the fast MRI group were checked using simple slice-to-slice
similarity. Two radiologists prepared the lesion masks, and disagreements were reviewed together.
Training used small rotations, shifts, and intensity changes to mimic common emergency scan
conditions. Validation was checked after each epoch using Dice score and boundary distance.
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Training stopped early if validation loss did not improve. After prediction, small isolated false
positives were removed by selecting the largest connected region.
2.4 Data Processing and Model Equations
All MRI scans were aligned to a common reference with rigid registration. The aligned scans were
then passed through the Mamba-UNet backbone. Temporal guidance vectors came from clean
MRI and were added to the decoder Ilayers during training and testing.
Segmentation accuracy was measured using the Dice score:
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where P is the predicted mask and G is the ground truth mask.
Boundary distance was measured using the symmetric Hausdorff distance:

Dice=

H(P,G)= max ﬁ‘uppaD infgeG d((.g), SUP, e infpep d (p,g)}.

All computations were done using Python and PyTorch.
2.5 Implementation Details
The models were trained on an NVIDIA A100 GPU with a batch size of 8. The Adam optimizer

was used with a starting learning rate of 1% 10", reduced by half every 40 epochs. Training ran for
up to 180 epochs unless stopped earlier.

Inference was run on full 2D slices. The guidance vectors were applied directly during decoding.
One complete MRI scan required about one second to process. A fixed random seed was used for
all training runs to keep results consistent.

3.Results and Discussion

3.1 Global performance on fast and reference MRI

On the full dataset of 2,280 scans, TG-Mamba-UNet reached a mean Dice score of 0.894 on fast
MRI, compared with 0.812 for the plain Mamba-UNet. The model also reduced artifact-related
segmentation errors by 17.8%. On the 820 high-quality reference scans, the two models showed
similar Dice values, which indicates that the main improvement appears in motion-affected and
low-contrast images. TG-Mamba-UNet also lowered the Hausdorft distance, showing more stable
lesion boundaries.

MRI ResNet-Based U-Net Eﬂ|c|ent|\'.l\:;5ased u- MiT Backbone U-Net Ground Truth

Figure 1. Dice scores and boundary distances for TG-Mamba-UNet and the baseline model on fast and reference MRI scans
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3.2 Motion-stratified analysis and visual findings

Fast MRI scans were further divided into low-, medium-, and high-motion groups. The plain
Mamba-UNet showed a clear loss of accuracy as motion increased: Dice fell below 0.80 in the
high-motion group, and boundary errors increased when ghosting or slice shifts were present. TG-
Mamba-UNet kept Dice above 0.86 across all motion levels and showed only a small rise in
Hausdorff distance. This suggests that temporal guidance helps the model maintain the lesion
outline even when motion is strong [14,15].

Figure 2:Lesion masks predicted by the two models across fast MRI scans with low, medium, and high motion.

3.3 Relation to fast MRI reconstruction and emergency segmentation studies

Most fast MRI studies focus on reconstructing images from undersampled k-space. These methods
improve visual quality but add an extra step before segmentation. Segmentation studies for acute
neurological conditions often rely on standard MRI and do not include strong motion, even when
evaluating stroke or traumatic lesions [16]. Emergency-triage models for CT and MRI have shown
that deep learning can shorten reporting time, but these systems are trained on more stable imaging
conditions than fast brain MRI. TG-Mamba-UNet takes a different approach. It performs
segmentation directly on fast MRI and uses temporal guidance vectors from clean MRI inside the
network. This avoids a separate reconstruction step and keeps the processing time close to one
second per scan. Under this design, TG-Mamba-UNet reaches Dice values close to clean-MRI
segmentation models while operating on images with reduced resolution and motion blur.

3.4 Error patterns, limitations, and clinical meaning

Most remaining errors appear in cases with very small lesions, very low signal-to-noise ratio, or
severe motion that distorts whole slices. In these scans, TG-Mamba-UNet may miss small lesions
near the ventricles or skull base, or may slightly extend the boundary along strong motion streaks.
Similar problems—small targets, weak edges, and mixed tissue signals—have also been described
as ongoing challenges in recent MRI segmentation work [17]. A second limitation is that the
dataset comes from a limited number of scanners and emergency protocols. The temporal guidance
vectors are also learned from a fixed reference pool, which may reduce general use in centers with
different equipment or acquisition settings [18,19]. Even with these limits, the improvement in
Dice and the reduction in artifact-related errors are important for emergency imaging. More stable
lesion maps can support early triage, reduce repeat scans, and help integrate Al tools into real-time
clinical care. Future work may expand the dataset, include more fast MRI sequences, and study
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the impact of TG-Mamba-UNet on clinical outcomes such as diagnosis time and treatment
decisions.

4.Conclusion

This study presented TG-Mamba-UNet for lesion detection on fast MRI used in emergency care.
The model increased the Dice score from 0.812 to 0.894 and reduced errors caused by motion by
17.8%. These gains were most clear in scans with strong motion or weak contrast. The temporal
guidance taken from clean MRI helped the model keep stable lesion boundaries while avoiding
extra reconstruction steps. The findings show that clean MRI can provide useful guidance when
fast MRI has low image quality. The study is limited by the use of data from a small number of
scanners and by a fixed group of reference scans. Future work can test the model in more hospitals,
include other fast MRI sequences, and examine whether the predicted masks improve tasks such
as early triage or treatment planning.
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