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Introduction: While dynamic imaging reveals vital functional information, such 
acquisitions often suffer from low SNR and low temporal resolution. The sliding window 
algorithm is a basic acceleration method. It is used almost exlusively in clinical practice due 
to its simplicity and ubiquity, despite the crude rectangular window. Previous works such as 
UNFOLD[1], TSENSE[2] and k-t BLAST[3] report improved results. However they are 
computationally much more demanding and/or they work better on a Cartesian grid, thereby 
not taking advantage of the more desirable flow and motion characteristics of various non-
Cartesian trajectories. In this work, we present a fast and causal reconstruction algorithm for 
dynamic MRI with arbitrary readout trajectories, together with its window interpretation. 

The algorithm employs pixel-dependent windows using the image statistics and it is based 
on a diagonal approximation of the Kalman filter[4]. SENSE-like[5] and GRAPPA-like[6] 
reconstructions are available and parallel processing is possible in both cases. 
Theory:  The algorithm is based on the observation that many pixels change slowly in time 
while a few pixels exhibit rapid variations(Fig. 1). Consequently it makes sense to use 
longer temporal windows for stagnant pixels to achieve higher SNR and better suppression 
of aliasing artifacts. In contrast, shorter windows must be prefered for active pixels to 
achieve better tracking of rapid motions. The corresponding dynamical system model is 
given as   St = St-1 + Ut,  Xt = Ht St + Wt. Here, Ht denotes the encoding function, which may 
include gridding, Fourier transformation, apodization and coil sensitivity encoding 
operations, at time t. St represents the true and noise-free image, and Xt denotes the raw data, 
at time t. The algorithm works by estimating the covariances of the system noise(Ut) and the 
acquisition noise(Wt). When diagonality is imposed on the covariance matrices by ignoring 
the aliasing terms, the crucial step of the algorithm is given by 

st = st-1 + P [Ht
H (Xt - Ht st-1)], 

where st denotes the estimate of St at time t. The diagonal matrix P can be read into an 
image, resulting in an efficient implementation and a causal exponential-decay window 
tailored for each pixel depending on the dynamic behavior. 
  Sensitivity information can be explicitly used in the algorithm resulting in a SENSE-like 
reconstruction. Alternatively, each coil may be reconstructed independently to be combined 
afterwards, resulting in a GRAPPA-like reconstruction. In both cases, the time consuming 
gridding and Fourier operations can be performed by parallel processing. The algorithm 
does not suffer from acquisition latency, unlike the sliding window algorithm, due to 
causality. Reconstruction latency is the same as the sliding window algorithm and it is 
essentially only twice as computationally demanding as the sliding window algorithm. 
Methods: The RTHawk real-time system[7] is used with a fat-suppressed GRE pulse 
sequence, a 12-interleaf spiral readout and an 8-channel cardiac coil in a 1.5T scanner. No 
ECG-gating or breath-holding was used. The oblique four-chamber slice is selected so that 
the images include a cardiac valve. The corresponding FOV is 42 cm with a resolution of 2 
mm. TE/TR=3.8/20.6 ms. The statistical estimates can be obtained either from the data itself 
on-the-go through incremental updates or from a separate initialization scan. In this study, 
we used a separate initialization scan and total scan duration was less than a minute. 
Results: Fig. 2 shows three consecutive frames obtained from a healthy volunteer. The left 
column shows the sliding window reconstructions and the right column shows the 
corresponding Kalman reconstructions. Fig. 3 compares the time course of an interesting 
pixel for these two algorithms. A time shift of 12/2=6 points is introduced so that the 
frames correspond to roughly the same time points. This is due to the fact that the sliding 
window accesses some future data. In both figures, the Kalman filter-based statistical 
reconstruction exhibits higher temporal fidelity. 
Conclusions: We presented an algorithm that may be considered as a statistical 
generalization of the sliding window reconstruction. The algorithm reduces the temporal 
blur. It is computationally inexpensive and causal, therefore suitable for real-time scans. 
The algorithm handles arbitrary trajectories naturally. Due to the diagonality 
approximations, sampling density variations must be taken into account. In practice, this 
does not pose a problem because most of the sampling density variations occur at the 
high-SNR central region. 
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Fig. 1 – State evolution model 

Fig. 2 – Consecutive images from a 12x reconstruction, 
running at 48.5 fps. Arrows point to a valve leaflet. 

Fig. 3 – Time course of a pixel close to the tip of the valve 
in diastole. Note the difference between the sharp peaks of 
the Kalman reconstruction and the slower response of the 
sliding window reconstruction. 
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