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Target audience: Scientists interested in respiratory motion sensors and models. 
Purpose: Motion detection and correction are always required for successful human abdominal and thoracic MR imaging and are essential for MR guided treatments of 
mobile organs. Since MR is relatively slow imaging modality, a steep tradeoff between the spatial and temporal motion information exists (e.g. the motion models based 
on 1-D or 2D MR navigators). Here we propose an MR-based 2D motion model which uses a simultaneous to the motion, non-MR based surrogate signal to estimate 
the motion. The model exploits the sensitivity of the receiver array’s thermal noise to the motion [1] and uses a noise covariance matrix (NCM) dynamics as a surrogate 
signal. Since the NCM of the array senses the volumetric motion and can be updated very fast (i.e. every k-line), the proposed model does not lead to the 
spatial/temporal tradeoffs in contrary to the models which are updated by MR navigators.  
Methods: The experiments were performed on 3T clinical MR scanners with 16 channel body torso receive arrays 
(subjects 1 and 2) and with 32 channel cardiac array (subject 3). Sagittal 2D cineMR images (0.32s per frame) were 
acquired for ~1-2 min to calculate 2D+t motion fields with the 3D optical flow method [2]. Two sets of cine MR were 
acquired per volunteer, one was used as a training set to build the model and the other one to test the model’s performance. 
For one volunteer, time between the cineMR acquisitions was 25 min and in between the volunteer was shifted in and out 
of the scanner. For volunteers 2&3 the noise only measurements were also performed by switching the RF and gradients 
off. The respiratory belt signal was recorded as an external respiratory motion reference. NCM was calculated per each 
frame of cineMR or noise only data. In case of cineMR the noise samples were taken from the signal free regions. As a 
motion model we used a linear direct correspondence model[3]. The 2D+t model was created per volunteer by correlating 
the NCM (i.e. surrogate signal) and 2D+t motion fields obtained from the first “training” cineMR set. The correlation was 
done on a single voxel basis. A moving average filter (1 s) was applied to the motion model estimates. The motion estimates were compared to the motion derived from 
the cineMR data (for both training and test sets). For this purpose absolute and relative (to the root-mean-squared (RMS) motion amplitude) errors were calculated. To 
demonstrated independence of the model from the MR acquisition the model was also applied to the NCM from the noise only measurements. In this case the 
respiratory belt data served as an external (qualitative only) reference. Finally, the model performance was compared to a similar motion model which used the 
respiratory belt as surrogate data. 
Results:  Figure 1 illustrates that the NCM depends on the respiratory state. Figures 2 demonstrates that the proposed model effectively predicts liver motion. Despite 
the fact that the model was built with the NCM of the cineMR data, it also applicable to the NCM of the noise only measurements: for the noise only the model predicts 
the same mean amplitude and correlates perfectly with the respiratory belt. The spatial mean absolute and relative errors of the model are shown for liver area for the 
three subjects (Figure 3). Overall, the model’s relative and absolute errors with the NCM as surrogate signal were considerably lower (Figure 3A) than with the 

respiratory belt as the surrogate signal (Figure 3B). Only for the 
anterior liver surface of the subject 3, the model based on the 
NCM gave a larger error than the respiratory belt based model. For 
the training set the errors of the proposed model were below 20% 
of the RMS amplitude for all the subjects. The test set errors were 
the following. For the 16 ch array the proposed model resulted in 
about 30% relative error across the liver for both FH and AP 
directions, with the exceptions at the livers’ bottom corners. The 
corresponding mean absolute errors across the liver were 
2.6±0.5(1.9±0.7) mm in HF and 0.9±0.3(0.8±0.4) mm in AP 
directions for Subject 1 (2), respectively. The model’s errors were 
similar for two time points with a 25 min interval (Subject 2). For 
the 32 ch array the model had larger relative error and the error 
distribution was more heterogeneous with a clear gradient (100 to 
30%) from the anterior to the posterior side. The mean absolute 
errors were 2.8±1.2 mm in HF and 1.2±0.7 in AP directions.  
Discussion and conclusions: The proposed model effectively 
estimates the 2D liver motion and is superior to the respiratory belt 
based model. Probably because the belt is one (superficial) point measurement and the NCM is sensitive to the whole volume spatially weighted by the coil’s electric 
fields. The model is stable over duration of an average MR exam (~30 min). In the current implementation the NCM was calculated over 0.32 s. However, this time can 
be easily reduced to a single k-line acquisition (~1 ms) to achieve time resolution of a 1D MR navigator without sacrificing the spatial information. The model relies on 
the non-MR surrogate signals which are acquired simultaneously (not interleaved) and independent from MR acquisitions. This makes the model universal and perhaps 
applicable in the sequential systems such as PET-MR. The main potential applications of the model are the MR guided treatments such as MR-Linac and MR-HIFU or 
hybrid MR-PET. In future, the model will be extended to 3D+t and a predictive filter will be added to the model (to replace the current moving average filter) in order to 
use the model for real-time tracking during the treatments. 
References: [1] Andreychenko A, et al. ISMRM 22: 92 (2014); [2] Roujol S., et al. MRM 63 (2010); [3] Wang Y, et al. MRM 33 (1995).  

Figure 3. Mean absolute and relative motion model errors in head-feet and anterior-posterior 
directions in the liver. A:surrogate signal was the noise covariance matrix; B: surrogate signal 
was the respiratory belt signal. Note twice as large color scale for the respiratory based model’s 
mean error. 

Figure 2. Time dynamics of the liver head-feet motion (averaged over the red square) based on cineMR(blue) and predicted by the model(red). The related 
respiratory belt signal is plotted below. A: 16 ch array, the training and test sets were acquired during free breathing. B: 32 ch array, the training set consisted of 
two breath holds and deep breathing, the test set was acquired during free breathing.   

Figure 1. The 16 channel array noise 
covariance matrix for the expiration and 
inhalation phases of the breathing cycle. 
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