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This work was performed using a prototype that led to the development of the Deep Resolve Swift Brain product.

Introduction
MRI is a crucial tool for the diagnosis and treatment  
planning of neurological diseases. Compared to CT and  
ultrasound, however, the underlying physics of the MR  
imaging process necessitates relatively long acquisition 
times. This has limited the use of brain MRI in time- or  
motion-sensitive settings, such as the emergency depart-
ment, where long or repeated scans can delay urgently 
needed treatment [1–4].

The integration of parallel imaging (PI) and simultane-
ous multi-slice (SMS) imaging techniques [5–8] into  
standard turbo-spin-echo (TSE)-based clinical protocols  
has allowed for exam times of approximately 10 minutes. 
Advances in 3D volumetric encoding schemes [9],  
compressed sensing [10], and deep-learning (DL) recon-
struction techniques [11–13] have helped alleviate the  
geometry-factor (g-factor) noise amplification of standard 
PI and SMS techniques to provide additional acceleration 
and further reduce exam times. Current application of 
these techniques to standard TSE-based protocols has lead 
to exam times of approximately 5 minutes [14–16]. 

Recently, single-shot echo-planar imaging (ssEPI) has 
been used to enable ultrafast multi-contrast exams on the 
order of 1–2 minutes [17, 18]. ssEPI acquisitions acquire all 
k-space lines after a single excitation or “shot” and allow for 
very rapid scan times, but require longer readout durations 
and echo times. As such, ssEPI images often suffer from 
susceptibility-induced geometric distortion as well as signal 
dropout and pileup artifacts.

To take advantage of the efficiency of EPI while mitigating 
signal-to-noise (SNR) and susceptibility-induced losses  
to image quality, we have developed a multi-shot EPI 
(msEPI)-based prototype1 that leverages a DL-based image 
reconstruction to provide high-SNR T1w, T2w, T2*, and  
T2-FLAIR, complemented by ssEPI diffusion imaging within 
a 2-minute exam. The prototype’s msEPI acquisition ac-
quires readout lines in an interleaved fashion across several 
shots to achieve shorter echo times and reduce geometric 
distortion. At the same time, the DL-based image recon-
struction produces high-SNR images and limits g-factor 
noise amplification. To provide greater flexibility and  
robustness to variations in the clinical workflow, the  
prototype allows each contrast to be acquired individually, 
in any orientation, and the DL-reconstruction includes a 
tunable parameter which can be automatically selected  
to optimize image quality and data fidelity.

In the following sections, we describe the prototype’s 
data acquisition and image reconstruction methods, and 
provide performance evaluation metrics and preliminary 
results on clinical data not included during training.

Data acquisition
Prototype sequences were developed for acquiring T1w, 
T2w, T2*, FLAIR, and diffusion-weighted imaging data. 
Multi-shot acquisitions with high per-shot undersampling 
factors were used for all but the DWI sequence, which was 

1 Work in progress. The application is currently under development and is not for sale in the U.S. and in other countries. Its future availability cannot be ensured.
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acquired using an SMS ssEPI acquisition. T2w and T2*  
contrasts are obtained before and after the refocusing 
pulse of the same msEPI scan, which further increases the 
sampling efficiency. To provide robustness against intra-
scan motion and allow for the individual acquisition of any 
contrast, each scan was preceded by a fast FLASH refer-
ence scan [19], which was used to compute coil sensitivity 
maps, GRAPPA [5], and/or SMS kernels [20]. Additional  
information on the data acquisition is provided in [21].

Clinical evaluation data were acquired on patients and 
healthy volunteers using a 20-channel head/neck coil and  
a 64-channel head coil on 3T systems (MAGNETOM Prisma 
and Vida, Siemens Healthcare, Erlangen, Germany) with 
informed written consent and in accordance with local  
IRB guidelines. Clinical reference data were acquired for 
comparison immediately before the prototype exam using 

a standard 10-minute clinical exam. Protocol parameters 
from both exams are shown in Figure 1.

A deep-learning network was trained using a dataset 
consisting of more than 26,000 images across T1w, T2w, 
T2*, and T2-FLAIR contrasts in axial, coronal, and sagittal 
orientations (Fig. 2). The 2-average data for network  
training and validation were acquired on a 3T system 
(MAGNETOM Skyra, Siemens Healthcare, Erlangen,  
Germany) using a 20-channel head/neck coil. 

Deep-learning hybrid image reconstruction
The prototype sequences use a novel image reconstruction 
algorithm that integrates DL priors into an iterative SENSE 
[22] reconstruction (Fig. 3). Undersampled data acquired 
from the scanner are first passed through a standard  

Contrast Sequence Acquisition 
time (min:s) Resolution (mm3) TR / TE (ms) PAT 

Factor
No. 

Shots

T1w
SE 2:12 0.9 × 0.9 × 4.0 400 / 8.4 1 –

msEPI 0:23 1.0 × 1.0 × 4.0 1670 / 12 2 4

T2w
TSE 1:19 0.9 × 0.9 × 5.0 7060 / 85 2 –

msEPI 0:25 1.0 × 1.0 × 4.0 4500 / 86 2 4

T2*
GRE 2:24 0.9 × 0.9 × 5.0 694 / 20 1 –

msEPI 0:002 1.0 × 1.0 × 4.0 4500 / 21.2 2 4

FLAIR
TSE 2:08 0.9 × 0.9 × 5.0 9000 / 85 2 –

msEPI 0:57 1.0 × 1.0 × 4.0 9000 / 86 2 2

DWI3
ssEPI 1:58 1.4 × 1.4 × 5.0 3800 / 72 2 1

SMS-ssEPI 0:21 1.4 × 1.4 × 4.0 2000 / 63 2 × 2 1

2T2* data is aquired in the T2w msEPI sequence
3b-value 1000 s/mm2

Clinical Reference Exam

10 min

2 min

msEPI Exam

Reference

T1w

T2w

T2*

FLAIR

DWI

msEPI

1   Preliminary clinical results and protocol parameters of the msEPI and clinical reference exam. Images were obtained from a patient not included 
in the training or validation datasets, with a recent right corona radiata lacunar infarct (DWI images, arrows) and extensive white matter 
T2-FLAIR hyperintense signal abnormality likely related to cerebral small vessel disease. A graphical representation of the total acquisition times 
in the clinical reference and msEPI exams is included below the parameter table.
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parallel imaging reconstruction, e.g., SENSE, which is used 
as input to an unrolled gradient-descent network (UGDN) 
[11]. The UGDN removes residual aliasing artifacts and 
noise from the initial reconstruction by iteratively passing 
the image through a deep neural network followed by  
a data-fidelity increasing operation which incorporates  
the physics of the acquisition and original measured data. 
The output of the UGDN, which will have good SNR but 
may be overly smooth, is then refined in a second iterative 
SENSE reconstruction, referred to as the DL-SENSE hybrid 
reconstruction [21]. 

The DL-SENSE hybrid reconstruction uses the image 
from the UGDN to regularize an iterative SENSE reconstruc-
tion and so generate a high-SNR image with good data  
fidelity and preservation of fine details. Specifically, the  
DL-SENSE hybrid reconstruction is a generalization of the 
methods in [23, 24] and computes the final image by  
solving the following optimization problem: 

where d and ρ are vectors of the measured data and image 
values, respectively; ρUGDN is the output of the UGDN; F and 
C are the Fourier encoding and coil sensitivity operators; Ω 
is the k-space sampling operator; λ is a tunable denoising 
parameter; W is a diagonal weighting matrix.

A key feature of the DL-SENSE hybrid reconstruction is 
its ability to provide explicit control over the way the UGDN 
influences the final reconstructed image, which allows the 
same network to be applied to data acquired under novel 
noise conditions without the need for costly retraining.  
The user can control the balance between the fidelity of 
the final image with the measured data (left term in the 
above optimization problem) and with the output of the 
UGDN (right term in the above optimization problem) by 
tuning the denoising parameter λ. Similarly, the weighting 
matrix W controls the spectral mixing of information from 
the UGDN image and the measured data. In the current 
prototype, W was chosen as a sampling operator with the 
same undersampling factor as Ω but with complementary 
sample locations. For a given value of λ, this choice of W 
provided a desirable tradeoff between data fidelity and im-
age quality and helped to focus the UGDN’s representation-
al power on unsampled k-space regions during training.

Network training and validation
The UGDNs used by the prototype were trained using imag-
es from a dataset consisting of more than 26,000 images 
across all contrasts and orientations (Fig. 2). During  

training, simulated training examples were generated by 
retrospectively undersampling high-SNR images, and noise 
was added to the simulated data to match clinical SNR lev-
els. Separate UGDNs were trained for undersampling (PAT)  
factors of 2, 3, and 4. Networks were trained to minimize  
a loss function consisting of a weighted combination of  
the structural similarity index measure (SSIM) – known to 
correlate with radiologist quality rating [25, 26] – and the 
mean absolute error between the reconstructed images 
and their corresponding ground-truths.

Approximately 6,500 images in the dataset were  
excluded from training and reserved for validation of the 
trained networks. Following the same procedure used 
during training, noisy, undersampled data were generated 
from these images and reconstructed using the DL-SENSE 
hybrid scheme. The mean ± SD of the SSIM values between 
the reconstructed images and their corresponding ground-
truth images are shown in Figure 2, sorted by contrast and 
PAT factor. These results indicate that the proposed method 
can reliably generate high-quality images, even at higher 
(≥ 3) acceleration factors.

Automatic selection of the denoising 
parameter
It can be challenging to select an appropriate denoising  
parameter given the variability seen in clinical settings. For 
a given protocol, the denoising parameter can be manually 
tuned according to radiologist preference; however, the 
ideal choice can vary with changes to protocol parameters, 
coil loading, coil selection, etc., which are common in the 
clinic. The parameter that yields the best results in one  
scenario may lead to overly smooth or noisy images in  
another scenario.

This problem was addressed by training a model to  
automatically select the denoising parameter based on  
estimated data SNR. The prototype computes the noise  
level using acquisition-specific noise calibration data and 
combines this with an estimate of the signal intensity to 
compute the SNR. A trained model then uses the estimated 
SNR to predict the denoising parameter preferred by radiol-
ogists [27]. This automatic, data-driven adaptation of the 
denoising parameter makes the prototype robust to chang-
es in protocol parameters and automatically reduces the 
impact of the DL prior on the reconstruction in higher SNR 
(or lower PAT factor) scenarios, to maximize data fidelity 
while preserving image quality.

Figure 4A shows both the GRAPPA and DL-SENSE  
hybrid reconstructions of T2-FLAIR data (the contrast with 
lowest SNR) acquired from a healthy volunteer at PAT 2, 3, 
and 4. The GRAPPA reconstructions show the expected 
noise amplification with increasing PAT factor, but in the 
DL-SENSE hybrid reconstruction, the noise levels remain 

min || d – ΩFCρ || 22 + λ || WFC(ρUGDN – ρ) || 22ρ
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2   Dataset composition and validation results. The dataset consisted of more than 26,000 images and included T1w, T2w, T2*, and T2-FLAIR 
contrasts as well as coronal, sagittal, and transverse orientations, as shown in the pie chart. The bar chart shows the mean ± SD structural 
similarity index measure (SSIM) between DL reconstructions and the corresponding ground-truth validation images. 

Undersampled 
k-space data

Initial  
Reconstruction

DL-SENSE Hybrid  
Reconstruction

Tunable Denoising 
Parameter

Reinforce IQ with 
measured data

Network 
Output

Final  
Image

Deep neural 
network

3   Illustration of the proposed reconstruction scheme. An initial SENSE reconstruction is generated from the undersampled k-space data and  
used as input to an unrolled gradient descent network (UGDN). The UGDN repeatedly alternates between deep neural-network denoising and 
data-fidelity updates to remove noise and residual aliasing while preserving the information in the acquired data. The UGDN output image  
and the measured data are then used in a regularized DL-SENSE hybrid reconstruction to produce the final image. By incorporating a tunable 
denoising parameter, the DL-SENSE hybrid reconstruction can be tailored to radiologist preference and also allows the same network to be 
applied to data acquired under noise conditions not previously seen without retraining.
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relatively constant. Examination of representative denois-
ing parameter values (orange markers in Figure 4B) shows 
that the trained model (orange line in Fig. 4B) automatical-
ly adjusts the denoising parameter as the PAT factor in-
creases, using higher values for higher PAT factors. Figure 
4B also shows example denoising parameter values from 
different contrasts and demonstrates how the model uses 
lower values for higher SNR contrasts (e.g., T2*) as well.

Reconstructions of T2-FLAIR data acquired on the 
same healthy volunteer using 20- and 64-channel coils  
are shown in Figure 5. Overall, the SNR of the two images 
is similar, but in the cortical region, the SNR of the 

64-channel image is noticeably higher. These results sug-
gest that the prototype can also adapt to changes in coil  
selection, allowing users to make the most out of higher 
density array coils.

Preliminary clinical results
We compared the proposed 2-minute prototype protocol 
to a standard TSE-based, 10-minute clinical reference 
protocol on a patient suffering from a recent right corona 
radiata lacunar infarct (DWI with restricted diffusion,  
Fig. 1 arrowheads) and extensive patchy and confluent 
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4   Generalization of the DL-SENSE hybrid reconstruction to higher undersampling (PAT) factors and varying SNR levels. (4A) Reconstructions of 
T2-FLAIR data acquired from a healthy volunteer at different PAT factors using the DL-SENSE hybrid reconstruction and GRAPPA. Magnified ROIs 
displayed on the right show how the proposed DL-SENSE reconstruction automatically adapts the denoising parameter to maintain image 
quality despite variations in the undersampling factor. (4B) The learned mapping between data SNR and optimal denoising parameter (orange 
line). The mapping was trained to predict parameters chosen by board-certified radiologists. The parameter values for the T2-FLAIR reconstruc-
tions in (4A) as well as for representative T1w, T2w, and T2* acquisitions are depicted by orange markers. The trained model tries to provide an 
optimal balance between image quality and data fidelity; in high-SNR scenarios, the model chooses lower values to maintain image quality 
while increasing data fidelity.
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T2-FLAIR hyperintense white matter signal abnormality 
likely related to cerebral small vessel disease (T2-FLAIR, 
Fig. 1). Evaluation of the Figure 1 images by board-certi-
fied neuroradiologists indicated that, despite the nearly 
5-fold reduction in exam time, the diagnostic quality of 
the images produced by the prototype was similar to that 
of the standard 10-minute exam. The white matter signal 
abnormality as well as the DWI/FLAIR mismatch (indicat-
ing a recent infarct) in the infarcted region can be clearly 
observed in the T2w, T2*, FLAIR, and DWI images from 
each protocol. Moreover, the gray/white differentiation 
of the msEPI T1w acquisition is similar to that of the 
reference SE T1w scan, despite the differences in the 
respective contrast mechanisms.

Although msEPI T1w images do not optimally depict 
facial soft tissues, which can be useful in certain diagnostic 
situations, it is interesting to note that the msEPI T1w im-
ages appear to depict the white matter lesions with greater 
conspicuity than the reference SE acquisition (possibly due 
to the increased T2* weighting). Regardless, future devel-
opment will include the evaluation of a GRE-based T1w 
prototype sequence for the purposes of providing a nearly 
distortion-free reference, suitable for observing facial soft 
tissues.

In addition to the results presented here, clinical  
evaluations of earlier versions of this prototype have also 
been performed, with similar results [21, 28]. In particular, 
the report by Tabari et al. [28] provides initial results from  
a clinical evaluation on a large cohort of inpatients and 
emergency department patients, which indicate a high  

degree of interobserver agreement for major diagnostic 
findings, similar to that of the 5-fold slower clinical refer-
ence exam.

Conclusions
We have developed an ultrafast MRI prototype that 
integrates a highly efficient msEPI acquisition with 
DL-based image reconstruction techniques to provide 
comprehensive brain MR imaging in a 2-minute exam. 
Although clinical evaluation on large patient cohorts  
is still ongoing, preliminary results indicate that the 
prototype can automatically adapt its DL reconstruction 
to variations in protocol parameters and coil selection  
to produce T1w, T2w, T2*, T2-FLAIR, and diffusion- 
weighted imaging with diagnostic quality similar to  
that of a standard 10-minute TSE-based acquisition.
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