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Abstract 

Purpose: Respiratory motion prediction using an artificial neural network (ANN) was integrated 

with pseudocontinuous arterial spin labeling (pCASL) MRI to allow free-breathing perfusion 

measurements in the kidney. In this study, we evaluated the performance of the ANN to 

accurately predict the location of the kidneys during image acquisition. 

Methods: A pencil-beam navigator was integrated with a pCASL sequence to measure 

lung/diaphragm motion during ANN training and the pCASL transit delay. The ANN algorithm 

ran concurrently in the background to predict organ location during the 0.7 s 15-slice acquisition 

based on the navigator data. The predictions were supplied to the pulse sequence to 

prospectively adjust the axial slice acquisition to match the predicted organ location. Additional 

navigators were acquired immediately after the multislice acquisition to assess the performance 

and accuracy of the ANN. The technique was tested in 8 healthy volunteers. 

Results: The root mean square error (RMSE) and mean absolute error (MAE) for the 8 

volunteers were 1.91 ± 0.17 mm and 1.43 ± 0.17 mm, respectively, for the ANN. The RMSE 

increased with transit delay. The MAE typically increased from the first to last prediction in the 

image acquisition. The overshoot was 23.58% ± 3.05% using the target prediction accuracy of ± 

1 mm.  

Conclusion: Respiratory motion prediction with prospective motion correction was successfully 

demonstrated for free-breathing perfusion MRI of the kidney. The method serves as an 

alternative to multiple breathholds and requires minimal effort on the part of the patient. 

 

Key Words: respiratory motion prediction, magnetic resonance imaging, artificial neural 

network, arterial spin label, kidney 
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1. INTRODUCTION 

Renal perfusion is an important biomarker for assessing kidney function1. Arterial spin labeling 

(ASL)2 is a noninvasive method that uses blood water as an endogenous tracer to measure 

perfusion in various organs including the kidneys.3-9 The principle of measuring the perfusion 

rate with ASL involves acquiring two images: a labeled image in which the spins (magnetization) 

of water in the inflowing blood are inverted, and a control image in which the spins are not 

inverted. The tissue perfusion is proportional to the difference signal from the two images (i.e., 

control-label).10  

 ASL has low perfusion signal-to-noise ratio (SNR) so multiple pairs of the label and 

control images are typically acquired and the signals are averaged. Therefore, the technique is 

susceptible to perfusion errors caused by motion. Background suppression, multiple 

breathholds (including with respiratory feedback or synchronized with image acquisition), 

respiratory gating to acquire data only when the diaphragm is between a given region, and 

retrospective sorting of images are used to address the effects of motion.8, 11  

 Breathholds result in a low acquisition efficiency since additional time is required for the 

patient to recover between breathholds.8 The number of acquisitions is limited for each 

breathhold and the first acquisition may need to be discarded since a steady-state is not usually 

achieved on the first repetition.8 In addition, it is difficult to remain completely motionless and 

avoid breathhold drift during a moderate to long breathhold (15-20 seconds), particularly for sick 

patients.12 It is also difficult to maintain the same position between different breathholds, even 

with respiratory feedback.13 Alternatively, respiratory gating is not well suited for ASL because of 

ASL’s long repetition time (TR) and the large number of discarded acquisitions expected for a 

narrow acquisition window.8 

 Real-time organ or landmark position information can be acquired using navigator 

echoes.14 Navigator gating is well suited for imaging sequences with short TRs. However, the 

technique is poorly suited for ASL or other functional scans (e.g., diffusion weighted imaging) 
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that require a long TR and multiple acquisitions for signal averaging or longitudinal tracking 

since the anatomical landmark (e.g., lung/diaphragm boundary) typically lies within the 

acceptance window <30% of the time.  

 With prospective motion correction (PMC), navigator echoes are used to determine the 

motion of the organ of interest and correct the motion by adjusting the image acquisition in real-

time.15 “Gate and Follow” techniques use a 1D navigator readout and acquire image data if the 

respiratory landmark lies within the acceptance window after shifting the slice excitation based 

on the measured displacement. The technique typically works for one slice or slab at a time and 

may have an acquisition deadtime of >50% assuming short TRs. “Trigger and Follow” 

techniques use a respiratory training period followed by a 2D navigator readout (typically 100 

ms in duration).16 “Trigger and Follow” is subject to motion during the image acquisition 

depending on the number of slices acquired. Prospective motion correction was used in cardiac, 

liver, and brain studies.15, 17-20   

Navigators were previously used in ASL with single-slice acquisitions. A 2D navigator 

was used with flow-sensitive alternating inversion recovery (FAIR) and single-slice true-fast 

imaging with steady-state precession (True FISP) to permit free-breathing perfusion magnetic 

resonance imaging (MRI).21 Perfusion maps were calculated using control and label images 

acquired at the same diaphragm position. Cross-pair navigators were used for prospective 

motion correction with single-slice True FISP FAIR acquisitions in the kidney and for 

retrospective analysis using True FISP pseudocontinuous ASL (pCASL) in the liver.22, 23 A 

navigator-gated, ECG triggered single-slice True FISP FAIR sequence was used to measure 

cardiac perfusion.24 3D navigators were used with 3D pCASL acquisitions and prospective 

motion correction in the brain.25  

 Much of the innovation in respiratory motion sampling, prediction, and real-time 

adaptation is being driven by image-guided radiotherapy. Respiratory motion prediction (RMP) 
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was shown to improve the accuracy of image-guided radiotherapy latencies of >200 ms or 

sampling rates of <10 Hz.26  

 To date, no other MRI studies have implemented RMP in PMC to enable a long latency 

between the collection of navigator data and the time of image slice acquisition. However, RMP 

was used in a retrospective analysis of MRIs.27, 28 The recent availability of integrated MRI 

guided radiotherapy has encouraged feasibility studies of integrating RMP in cine-MRI for MRI 

guided radiotherapy.29, 30 For example, a recent simulation showed RMP would decrease MRI-

based tracking errors to 0.2-1.2 mm for latencies of 50-300 ms and acquisition times of 25-750 

ms.31 Therefore, the integration of RMP with 3D and 4D cine-MRI in MRI guided radiotherapy 

should be forthcoming. 

 The artificial neural network (ANN), a flexible tool to model complex nonlinear systems, 

was used in various MRI applications.32, 33 Among the various options of ANN types, the 

multilayer perceptron is one of the most widely used.34 In this study, we present the first 

prospective application of RMP in MRI. RMP using pencil-beam navigators 35 and a multilayer 

perceptron ANN was integrated with pCASL 36 in a free-breathing acquisition. The purpose of 

this study was to develop a free-breathing technique that is both efficient in scanning time and 

accurate in reducing respiration-induced errors. The ANN algorithm was used to predict the 

kidney position during multislice acquisition for real-time adjustment of the pulse sequence.   

 

2. MATERIAL AND METHODS 

 The pCASL RMP technique including the pencil-beam navigator was primarily 

developed and tested at the University of Pittsburgh MR Research Center. The renal perfusion 

data were acquired at the Washington University in St. Louis Center for Clinical Imaging 

Research. All studies were performed on healthy volunteers after informed consent was 

obtained in accordance with an Institutional Review Board approved protocol for the applicable 
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 The goal for the RMP was to eliminate the need for respiratory motion measurements 

between each slice acquisition. In ASL, it is desirable to acquire images as quickly as possible 

after the transit delay since the ASL tracer is decaying with the T1 of the tracer (e.g., blood). The 

use of “Trigger and Follow” typically requires the insertion of a navigator before each slice 

acquisition thereby reducing the image acquisition duty efficiency by 30%-50% for echo planar 

imaging (EPI). The successful RMP would maintain a high imaging efficiency while still allowing 

the slice to follow the motion of the organ. 

 

2.B Pencil-beam navigator 

 We substituted a 1D pencil beam navigator using a 2D excitation with spiral trajectory 

(flip angle = 10°, TE/TR = 4/100 ms, excitation radius = 10 mm, readout pixel size = 0.5 mm, 

readout coverage = 256 mm) for the standard Siemens cross-pair (900-1800) navigator to permit 

consistent navigator profiles.35 The duration of the navigator excitation and readout was <15 ms. 

The aim of the navigator was to acquire a 1D profile in the cranial-caudal direction to determine 

the diaphragm position. The navigator was executed during 19 s scouts to identify a location in 

the top right dome of the liver that yielded a satisfactory respiratory trace.  

 Navigator-echoes were acquired for 60 s to train the ANN. The navigator-echoes were 

acquired consecutively and reconstructed into 1D profiles in real-time using ICE. The diaphragm 

displacement was calculated by comparison with the first (reference) navigator profile. Based on 

lessons learned, a 20 s delay was placed between the end of the navigator-echo acquisitions 

and the start of the pCASL acquisitions to ensure the ICE program had sufficient time to 

calculate the ANN weights particularly in the case of complex breathing or noisy navigator data.  

 During the pCASL transit delay, navigator-echoes were acquired to measure the 

diaphragm position as input to the ANN for prediction of respiratory motion in the pCASL 

multislice acquisition. During the TR fill time (i.e., immediately after the image acquisition and 
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before the start of the next repetition), navigators were acquired to assess ANN prediction 

performance by comparing the predictions with actual displacements. 

 
2.C pCASL EPI Sequence 
 
 An unbalanced pCASL sequence was used for this study with: TE/TR: 18/7500 ms, label 

time/transit delay: 1.6/1.5 s, label flip angle: 28.70, label gradient flattop: 11 mT/m, mean 

labeling gradient: 0.8 mT/m, slice thickness: 5 mm, 15 slices, FOV: 260~330 mm, acquisition 

matrix: 64x64, receiver bandwidth: 3000 Hz/pixel, 7/8 partial k-space. Normally, the TR was set 

to 5 s but we added an additional 2.5 s after the image acquisition to acquire supplementary 

navigators and evaluate the performance of the RMP in the volunteers for this study. Axial 2D 

multislice EPI images were acquired at 50 ms/slice.36  

 The labeling plane was placed inferior to the lung/diaphragm boundary (superior to the 

kidneys) to minimize interference of the labeling/control irradiation and the navigator 

magnetization and the effects of field inhomogeneity on labeling efficiency associated with the 

lung/tissue susceptibility.37 

 With RMP, there are two considerations for choosing the transit delay: 1) The transit 

delay allows the labeled spins to arrive at the kidney tissue but not longer since the label is 

decaying with a relaxation time of T1; and 2) Enough navigator measurements are acquired to 

enable adequate prediction precision. Each volunteer was scanned twice with the pCASL-RMP 

sequence and once with free-breathing pCASL without navigators and RMP (same parameters 

except the TR was 5 s). 

 

2.D Data processing of navigators 

 The navigator profile was first interpolated between two neighbor pixels to achieve a 

resolution of 0.25 mm in the readout direction. The navigators were normalized to address 

amplitude variations. A reference navigator was chosen at the beginning of the training phase 
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and placed at the diaphragm and liver boundary. The reference navigator profile ranged 

between ±30 mm with the center of the profile located at 0 mm. The displacement  was 

determined by minimizing the sum of squared errors between the reference and input 

navigators. A tracking factor of 0.7 was used to convert the diaphragm displacement to a kidney 

displacement based on the literature and our preliminary volunteer tests.38 

 

2.E Artificial neutral network 

 A three-layer ANN was implemented with  = 15,  = 10,  = 7 number of nodes on 

each layer, respectively. A time-delayed vector of diaphragm displacement ( − ), ( −2 ),…  was fed to the nodes in the input layer where τ is the navigator TR. We sampled the 

displacement every 100 ms (τ) to properly characterize the dynamics of the trajectory, avoiding 

unnecessary random fluctuations from sampling too frequently.  

 The ANN was compiled using ICE and executed on the MR image reconstruction 

(MRIR) computer. Navigator displacements were sent continuously to the measurement and 

physiologic control unit (MPCU) and logged. After the final navigator in the transit delay, the 

predictions for the 2D slice excitations were transmitted to the MPCU where they were 

converted into slice excitation frequency offsets by the pulse sequence based on the slice 

acquisition timing and uploaded to the RF digital signal processor in real-time. The final 

navigator period was fixed at 100 ms to ensure adequate time for the MRIR-MPCU 

communications and implementation of the slice frequency offsets. 

 The performance of the ANN predictions was assessed in two ways. First, the prediction 

performance was evaluated in real-time by applying the ANN to the TR fill navigator data, 

starting from the first navigator in the TR fill, and using a moving window with the same length 

as the transit delay (nominally 15 navigators). The ANN prediction errors were calculated by 

using the successive navigator-echo measurements occurring after the window’s input 
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displacements. The calculation was reperformed by incrementally moving the window forward in 

time until the end of the TR fill time was encountered. In addition, we varied the length of the 

moving window to assess the effects of the transit delay (i.e., number of input nodes) on the 

prediction accuracy during off-line simulations. 

 Second, we analyzed the correspondence between the last navigator acquired in the 

transit delay and the first prediction, and the last prediction and the second navigator acquired 

during the TR fill. The first navigator in the TR fill (post-imaging) was not used because we 

observed that the liver magnetization was affected by image acquisition (images were acquired 

from foot to head), particularly when the distance between the liver dome and the superior 

portion of the kidney was small.  

 For all comparisons, absolute prediction errors and root mean square errors (RMSE) 

were calculated between the ANN predicted and the navigator-echo displacements. The 

overshoot was calculated as the percentage of predictions that exceeded the targeted precision. 

We chose a target precision of 1 mm for three reasons: 1) The spatial resolution of the original 

1D cross-pair navigator was 1 mm; 2) preliminary studies indicated that 1 mm predictor 

precision was challenging but achievable; and 3) through-plane subtraction errors were 

assumed to decrease with a decreasing ratio of tracking precision to slice thickness. The 1 mm 

target was intended to ensure subtraction errors were dominated by in-plane motion often 

observed as hypoperfusion or hyperperfusion at the periphery of the kidneys. By comparison, 

breathholds tended to be subject to diaphragm drift of ~2 mm in the cranial-caudal direction, 

whereas free-breathing could result in diaphragm excursions of 2-3 cm.12 

 

2.F pCASL inversion efficiency 

 The mean inversion efficiency of the pCASL sequence was calculated for typically 5-6 

cardiac phases at the labeling plane. The inversion efficiency for each cardiac phase <αi> was 

calculated based on a Zhernovoi model 39 for adiabatic fast passage, and modified for pCASL: 
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   〈 〉 = 1 − exp 〈 〉〈 〉●〈 〉                          (1) 

where γ is the gyromagnetic ratio for proton, vi is the arterial blood velocity measured at the 

labeling plane for cardiac phase i, and <Bl> and <Gl> are the mean pCASL labeling RF and 

gradient amplitudes, respectively. Alternatively, one can calculate the inversion efficiency by 

solving the Bloch equations but we found the results were equivalent. The mean velocity of 

blood in the descending aorta (<vi>) was measured for each cardiac phase at the pCASL 

labeling plane using a single slice phase contrast cine gradient echo sequence: TE/TR: 10/150 

ms, FA: 15 degrees, slice thickness: 5 mm, FOV: 300x300 mm2, Matrix: 256x256, venc = 120 

cm/s, rBW: 260 Hz/pixel.  

 A region of interest was drawn within the lumen of the descending aorta for each cardiac 

phase and the mean phase was calculated and converted into a mean velocity <vi>. The 

volume flow rate (Qi) for each cardiac phase was calculated as the product of <vi> and the 

corresponding lumen area Ai. The mean inversion efficiency for the cardiac cycle was calculated 

as: 

   〈 〉 = ∑ 〈 〉∙∑          (2) 

2.G Perfusion quantification 
 
 The quantitative renal blood flow was calculated using:2 

    = 	( ) 		 	               (3) 

where  is the perfusion rate in ml/100 g-min,  is the blood-tissue water partition coefficient 

which was assumed to be a constant value of 0.8 ml/g3, < > is the inversion efficiency as 

discussed above, ∆M is the mean difference signal (control-label), tacq is the time of image 

acquisition relative to the start of the label pulse train, τ is the label pulse train duration, Mc is the 

mean unlabeled MRI signal, and T1a is the longitudinal relaxation time of the arterial blood, (1.5 
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FIG. 4. Example of navigator displacements and artificial neural network (ANN) predictions 

covering the first 10 label/control pairs (20 repetitions) during a pseudocontinuous arterial spin 

labeling acquisition in Subject #4. The gray scale profile was reconstructed from the navigator 

data and shows the diaphragm position during each repetition. The color plot shows the 

measured displacements before (green dots) and after (red dots) image acquisition, as well as 

the ANN predictions during (yellow dots) image acquisition. Only the first 7 of 37 post-imaging 

navigators are shown in each for easy viewing. 

  

 Figure 6 shows the effects of varying the transit delay (i.e., the number of ANN inputs 

before imaging) on the prediction RMSE and includes the absolute error distribution. According 

to the analysis, the prediction accuracy generally degrades with increasing transit delay. Please 

note that the RMSE for the 1.5 s transit delay in Fig. 6 is slightly higher (2.09 ± 0.20 mm) than 
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3.C Renal perfusion measurement 

 The demographics for our volunteers are shown in Table I. We did not observe any 

significant covariates for renal perfusion given our small sample size. Table I includes the 

Pearson correlation coefficients resulting from the analysis of the respiratory sensor data 

between the ANN training and pCASL post-training periods. The renal perfusion values for 

combined, cortex, and medulla are shown in Table II. An example of the perfusion maps for one 

of the volunteers is shown in Fig. 7. The mean inversion efficiency for the 8 volunteers was 

0.9435 ± 0.01.  

Table I. Volunteer demographics and breathing correlations. 
 

Subject 
# 

Age Gender Body 
Mass 
Index 

Race Mean Pearson Correlation Coefficient 
between ANN Training and Post-
Training Respiratory Frequency 

Distributions* 
1 22 Female 24.36 Caucasian 0.9830 +/- 0.0064 
2 21 Male 31.87 Caucasian 0.9787 +/- 0.0046 
3 23 Female 21.03 Asian 0.9829 +/- 0.0051 
4 31 Male 25.10 Asian 0.9661 +/- 0.0090 
5 20 Female 16.99 Caucasian 0.9654 +/- 0.0184 
6 21 Female 21.45 Asian 0.9447 +/- 0.0261 
7 27 Male 33.24 African-

American 
0.9793 +/- 0.0060 

8 34 Female 21.73 Asian 0.9911 +/- 0.0036 
Mean 24.88 

± 1.85 
38% 
Male 

24.47 
± 1.97 

38% 
Caucasian

0.9739 +/- 0.0048 

 *All p-values are <<0.0001 

 Table II. Renal perfusion values (ml/100 g-min) for healthy volunteers. 

Subject# Combined Cortex Medulla 
 Run 1 Run 2 No RMP Run 1 Run 2 No RMP Run 1 Run 2 No RMP 
1 206.19 240.97 222.38 317.23 313.74 291.16 73.68 79.95 80.06 
2* 188.87 181.19 116.18 316.93 286.95 264.70 66.09 75.64 59.70
3 111.99 117.73 184.04 247.68 244.58 304.43 63.10 63.35 70.08 
4* 166.36 185.29 205.88 251.49 321.08 325.43 81.33 72.85 72.02
5 219.94 190.10 217.83 315.76 315.73 332.58 73.77 70.79 75.02 
6* 136.49 249.84 130.17 236.87 319.57 279.00 75.78 77.22 62.93 
7* 162.03 178.3 132.46 290.81 327.86 269.36 68.94 70.03 67.08
8* 199.76 230.45 144.85 312.92 318.35 262.80 72.93 77.55 73.47 
Mean 173.95 ± 

13.01 
196.73 ± 

15.18 
169.22 ± 

15.26 
286.21 ± 

12.42 
305.98 ± 

9.76 
291.18 ± 

9.63 
71.95 ± 

2.03 
73.42 ± 

1.89 
70.05 ± 

2.34 
* Operational changes made between 1st and 2nd run.   RMP = respiratory motion prediction 
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affected by a transient state. In addition, the lower flip angle minimizes the saturation of the 

imaging volume of interest. Despite the low navigator flip angle, the navigator echo SNR was 

high at 3 T and we were able to get quality traces. 

 The technique was sensitive to the positioning of the navigator. It often took several 

attempts to position the navigator for a clear trace since individuals have unique breathing 

patterns. Even if the trace was clear, it may not have represented the full range of motion. We 

also observed that the navigator trace sometimes changed during the exam (e.g., after deep 

breathholds) and the position of the navigator had to be updated.  

 The fixed tracking factor (i.e., 0.7) may have increased the ANN prediction error since 

the relationship between diaphragm and kidney displacement varies between individuals. In 

principle, the tracking factor should be measured for each individual although this may increase 

examination time and the burden on the technologist. 

It is possible to use respiratory sensor (e.g., bellows or pressure pad) data as an 

alternative or complement to the navigator-echo data.44 However, respiratory sensor signals are 

typically processed with autoranging and the signals are not directly proportional to respiratory 

displacements. Respiratory sensor data are also prone to drift (e.g., movement of the sensor 

during the exam) and contamination from cardiac motion. The sensor data is best used to 

distinguish respiratory phase.  

 

4.B ANN prediction algorithm 

 The accuracy of the ANN prediction algorithm depended on several factors. First, the 

training phase of the ANN algorithm was crucial for the prediction performance since the 

predictions were based on the training respiratory patterns. We reserved 80 s for ANN training 

and processing although a shorter time may be used for subjects with well-behaved breathing. 

Second, decreasing the number of input nodes and/or decreasing the number of output nodes 

of the algorithm increased the accuracy of the prediction performance. The number of nodes in 
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the hidden layer was not so critical in the prediction performance, as long as its value was 

between the number of input nodes and output nodes, and bridged the connections between 

them.  

 Finally, the prediction error typically increased with latency. Based on Fig. 5, the 

difference between navigator displacement and prediction typically increased from the first to 

last prediction. The latency between the last transit delay navigator and the first prediction was 

100 ms whereas the virtual time difference between the last prediction and the second TR fill 

navigator was ~150 ms. In practice, all of the predictions were calculated before the end of the 

transit delay so the latency between the last prediction and the second TR fill navigator was 

~900 ms. Therefore, it is not surprising that the absolute error is higher for the last prediction. 

 A transit delay of 1.5 s was a compromise between the performance of the RMP and the 

magnitude of ASL difference signal. The ASL tracer was decaying with T1 during the transit 

delay. It is desirable to maintain the transit delay to be just larger than the tracer’s transit time 

from the labeling plane to the parenchyma. The transit time to the kidney was estimated to be 

0.4 – 1.5 s depending on the cardiac cycle.45, 46 Our results indicate that the prediction error 

tended to increase with increasing transit delay based on multiple volunteers.  

 The ANN was not designed to adapt to breathing changes that occurred between 

training and image acquisition. This requires an RMP method that updates the prediction 

network while the sequence is running e.g., using the navigator displacements acquired after 

training. Once successfully trained, the navigator processing time for the current version of the 

ANN was less than 10 ms. Nevertheless, the analysis of the respiratory frequency distributions 

measured from the respiratory sensor indicated high correlations between respiratory behavior 

during and after ANN training (Table I).  

 We tested two navigator sampling rates (10 and 20 Hz) and did not observe a significant 

difference in prediction accuracy. A 100 ms period was desirable since we needed to ensure 

adequate time for the predictions to be converted into frequency offsets and loaded in the digital 
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signal processors. In addition, higher sampling rates increase the computational burden of the 

ANN training period. 

 The choice of prediction algorithm is critical. We evaluated a variety of linear and 

stochastic algorithms using MRI and image-guided radiotherapy data.47-52 The piecewise linear 

sample path model and a weighted Fourier linear combiner both showed promise for the pCASL 

application.53, 54 We also tested the constant velocity and acceleration Kalman filter55 using MRI 

data but found it could not track respiratory nonlinearities. We selected the ANN for its 

performance, flexibility, low computational requirements, and ease of implementation in the 

IDEA/ICE environment. Nevertheless, prediction algorithms with improved accuracy, particularly 

for irregular breathing, are needed. 

 

4.C Renal perfusion 

 The resulting perfusion values are consistent with past studies.7, 42 Since our main 

objective was evaluating the performance of the ANN predictor, we did not apply advanced 

perfusion quantification methods for this study. Therefore, the perfusion maps can be further 

improved using sorting or discarding of images, B1 corrections to address variations in 

acquisition position, and improved kidney segmentation, alignment and co-registration.8, 56  

 We did not observe a significant difference in perfusion between the repetitions or 

between RMP and free-breathing pCASL, similar to a previous study.11 A correlation analysis 

indicated that perfusion variance rose as the mean absolute prediction error increased but the 

results were not statistically significant (p > 0.07). Nevertheless, the intersection of the imaging 

slice and kidney is generally more consistent for pCASL with breathhold and RMP versus free-

breathing (Fig. 8). Therefore, free-breathing pCASL may be adequate for assessing global renal 

perfusion whereas pCASL with breathhold or RMP may be better suited for assessing localized 

perfusion. 
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acquisitions may perturb the magnetization of the endogenous tracer during inversion or transit 

unless the prescription is adjusted to avoid the supplying arteries and the heart.5 Axial 

acquisitions may permit smaller fields-of-view (higher image resolution) and reduce the risk that 

imaging will affect the magnetization used by a navigator (e.g., for retrospective image sorting).  

 For this study, we acquired low-resolution EPI images (Matrix: 64x64 resulting in ~4.7 

mm in-plane resolution) to cover the volume including the kidney. We successfully tested the 

RMP-PMC technique using 128x128 (2.4 mm resolution) EPI acquisitions. However, the longer 

acquisitions require a corresponding reduction in the total number of slices acquired since an 

increase in the latency will result in decreased prediction accuracy. In other renal ASL perfusion 

studies, anywhere from 1 to 34 slices are acquired using single-shot and multi-shot techniques 

typically with in plane-resolutions of >2.5 mm.8, 43, 57 In addition, the longer EPI acquisition may 

reduce the perfusion SNR and increase artifacts that are common in low-resolution EPI images 

in the abdomen. Improved fat saturation or rejection, B0 shimming, and pulse sequence 

optimization strategies may reduce the artifacts. 

 RMP can be integrated with background suppression.58 The navigators can be run in 

between the background suppression and superior saturation pulses during the transit delay.11 

We observed that in some of the volunteers the distance between the top of the superior kidney 

and the right dome of the liver can be small (<5 cm). This presents a challenge since it is 

important that the labeling plane and background suppression leave several centimeters of the 

superior portion of the liver undisturbed to maintain the consistency and integrity of the 

navigator trace. 

 As far as we know, this is the first application of RMP for PMC of MRI. It is an extension 

of “Trigger and Follow”. The integration of RMP in ASL represents a challenging application 

since latencies can range up to 1 s. However, the technique can be adapted to other sequences 

with long latencies e.g., diffusion tensor imaging, 4D MRI, and T1ρ.
59, 60 
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5. CONCLUSIONS 

 In conclusion, multislice pCASL with RMP allows free-breathing measurements of renal 

perfusion without substantially increasing examination time or requiring patient effort for 

breathholding. Nevertheless, further work is required to improve the prediction accuracy of the 

RMP and the quality of the perfusion maps. 
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