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Background
Medical cost continues to increase rapidly, driven to a large extent by new technologies and an aging
population. High impact clinical technologies such as magnetic resonance imaging requires expensive
equipment and specialized operator expertise. Cardiac MRI (CMR) is a prime example where high
cost and scarcity of qualified expertise has limited its adoption despite being the gold standard in
cardiac function, tissue characterization, valvular quantitation, and arrhythmic and congenital heart
diseases [Kim 2000, Westenberg 2005, Jenkins 2009, Salerno 2017]. It is also one of the most
accurate techniques in the evaluation of cardiac ischemia [Dweck 2016] and continues to improve
in coronary artery imaging [Addy 2015]. Expert tuning of the system is needed by highly trained
operators to avoid suboptimal results due to image artifacts, from poor breath-holds or significant
arrhythmia resulting in lengthy examinations that can last more than 90 minutes. Access, affordability
and accuracy of MRI examinations can all be vastly improved with AI-assisted automated rapid and
reliable imaging. We demonstrate the many applications of machine learning techniques to rapid scan
acquisition, image parameter tuning, image quality monitoring and image analysis post acquisition
toward fast and reliable cardiac imaging protocols. Our AI-assisted workflow can significantly reduce
the duration of a standard cardiac stress study.
Methods
We first create a flexible software architecture that can flexibly support a tight image acquisition,
recognition and control loop that emulate the acquisition paradigm of an expert human operator. Fig
1 illustrates this paradigm. We require that the entire raw system loop response time to be less than
200 ms to match or exceed the human operator. Appropriate neural networks are trained to replace
human recognition and intervention within this decision cycle. The tasks that normally require human
cognition could be divided into recognition of the observed anatomy, planning of the needed image
location and orientation, optimization of imaging parameters, assessment of the adequacy of the
imaging quality, and analysis of the acquired data. Separate networks are designed, trained and
integrated into the final product.

Figure 1: Automated Cardiac Localization pipeline. Imaging planes are acquired sequentially and contours are drawn on
the Short Axis view.
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To automate the localization, we trained a single Convolutional Neural Network (CNN) to find the
heart and its imaging planes, without operator intervention. During inference time, the network is
fed with images from the MRI scanner, which are then used to determine the next view geometry
information and run the acquisition automatically. For every step, a temporal stack of frames is
acquired and used as input for the network to predict the next state. The cardiac imaging planes to be
acquired are Centered Axial, Short-Axis, 2-Chamber, 3-Chamber, and 4-Chamber views. After this
localization, a stack of Short-Axis slices covering the left ventricle can be automatically prescribed
and analyzed.
Our network is based on a modified version of the Inception-ResNet-v2 [Szegedy 2016] model,
where the network architecture is used up to the 35x35 grid module, an extra layer for the outputs
of each view is added, and the model is trained as a regression task. The network was trained with
TensorFlow [Abadi 2016] using data from 58 patient studies. The trained network could then be used
sequentially to locate the complete set of standard views, in real time.
The model’s first input is a stack of Axial images at any position within the torso. From this position,
the distance to the center of the heart is estimated by the network and a second image is acquired.
This process is repeated until convergence to get the cardiac Axial view. From the axial view, the
model determines the relative position and orientation of the 2-chamber view and starts the next scan.
In the same manner, 2-Chamber images are used to obtain the Short-Axis view, to finally predict the
geometries for the 3-Chamber and 4-Chamber views (Figure 1). These obtained geometries can then
used to run the rest of the exam.
A separate TensorFlow U-Net [Ronneberger 2015] based model was trained to automatically draw
endocardial and epicardial contours (Figure 1) on the Short-Axis stack, which can then be used to
calculate functional parameters such as ejection fraction and cardiac output. Also, inversion time
parameter is automatically estimated from the endocardial and epicardial regions. Further, to ensure
acquisition of high-quality images, a third CNN model was trained to detect image artifacts and
repeat scans when these are present.
To integrate this model into the scan, TensorFlow capabilities were integrated into a real-time pipelinebased reconstruction engine to allow seamless bidirectional data transfer between MRI reconstruction
nodes and TensorFlow graphs. Outputs of this hybrid MR/ML reconstruction were applied to update
scan parameters.
Results
Testing data was acquired in-vivo on a 1.5 T GE Signa scanner with our software. All of our model
evaluations were compared with evaluations done by expert cardiologists.
• Cardiac Localization: Evaluated on a test set of 50 images from 10 patients. An expert cardiologist
was asked to determine the view and quality of images of both manually and automatically
determined views. 46 out of 50 views were correctly prescribed.
• Short Axis Segmentation: Evaluated on 1154 test images from 62 patients. Segmentation masks
evaluated against label maps obtaining a dice score of 0.89 for LV blood, 0.83 for myocardium,
and 0.85 for RV blood.
• Motion Artifact Detection: Tested on 16 patients, where expert cardiologist was asked to assess the
presence of artifacts in the images. Our model achieved an accuracy of 85.7% on the same images.
• Automatic Inversion Time (TI) determination: Evaluated on 11 patients. The mean difference
between our model’s selection and the expert cardiologist’s selection of TI, in these cases, was 6.8
msec.
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Figure 2: Short axis images are segmented into LV blood
(yellow), myocardium (green), and RV blood (red).

Figure 3: For images with significant motion artifacts,
the user is prompted to reacquire the scanned image.

Figure 4: The inversion time is selected by maximizing contrast between myocardium and LV blood over a range of
calibration images.
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