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ABSTRACT OF THE DISSERTATION 

 

Development and Evaluation of Intra-Fraction Motion Management Techniques for  

Magnetic Resonance Image Guided Radiotherapy 

 

by 

 

John Stephen Ginn 

Doctor of Philosophy in Physics and Biology in Medicine 

University of California, Los Angeles, 2019 

Professor James Michael Lamb, Chair 

 

Anatomical motion during external beam radiotherapy can reduce the accuracy of 

radiation delivery and degrade treatment efficacy. Magnetic resonance image (MRI) guided 

radiotherapy systems provide unparalleled soft tissue contrast and the opportunity to monitor 

tumor motion in images acquired during treatment. Radiotherapy gating, turning the radiation 

beam on when the target is within the desired spatial window and off when the target moves 

outside this window, is performed to mitigate the effects of anatomical motion. A limitation of 

image-based respiratory gating is the requirement that the images must be acquired rapidly and 

continuously to avoid unacceptable gating latency. Consequently, images are typically acquired 

at a single slice position using a rapid imaging sequence. Pulse sequence selection and thereby 

image contrast is limited to those available using rapid imaging sequences. Only the portion of 
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the target within the imaged slice can be tracked and target motion outside the currently imaged 

slice is not evaluated. Additionally, due to electronic, mechanical and computational constraints, 

MRI-guided radiotherapy systems cannot respond instantaneously to anatomical motion. System 

latencies can reduce the radiation dose delivered to the target and increase the radiation delivered 

to nearby normal tissues.  

As a preliminary step, we evaluate characteristics of the MRI-guided radiotherapy 

machine at UCLA relevant to intra-fraction motion management. Specifically, we evaluate the 

geometric distortion and dosimetric accuracy of the ViewRay MRIdian MRI-guided radiotherapy 

system. We measure geometric distortion using a commercially available phantom and software 

developed in our laboratory. We measure the dosimetric accuracy of gated radiotherapy delivery 

using a motion phantom and radiochromic film. 

 The key contribution of our work is to develop motion model based methods to 

overcome limitations of the current technology arising from finite imaging speeds and beam 

triggering latencies. We propose the use of a motion model and external respiratory bellows 

surrogate to allow pulse sequences that require significant delays between image acquisitions to 

be used for radiotherapy gating. Additionally, we develop motion modeling methods to estimate 

tumor motion across multiple slice positions in real-time to inform radiotherapy gating decisions 

and provide three-dimensional target visualization. To overcome system latencies and improve 

the current clinical deformable registration-based target tracking algorithm we develop a novel 

motion prediction method. Our method exploits the rich image intensity information available 

during real-time MRI and can predict motion across the entire field of view in real-time. Finally, 
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we propose an accompanying framework to evaluate motion prediction confidence to detect 

when predictions are likely to be inaccurate. 



v 

 

The dissertation of John Stephen Ginn is approved. 

Nzhde Agazaryan 

Daniel Abraham Low 

Dan Ruan 

James Michael Lamb, Committee Chair 

 

 

 

University of California, Los Angeles 

2019 

  



vi 

 

DEDICATION 

 

 

 

 

 

 

“I am the vine; you are the branches. Whoever abides in me and I in him,  

he it is that bears much fruit, for apart from me you can do nothing.” 

John 15:5 

  



vii 

 

TABLE OF CONTENTS 

 INTRODUCTION ................................................................................................ 1 

1.1 INTRODUCTION TO RADIATION THERAPY ......................................................................................... 1 

1.2 MOTION UNCERTAINTY AND MANAGEMENT DURING RADIATION THERAPY ..................................... 1 

1.3 CHARACTERIZATION OF MAGNETIC RESONANCE IMAGE GUIDED RADIOTHERAPY TECHNOLOGY ..... 3 

1.4 LIMITATIONS OF MAGNETIC RESONANCE IMAGE GUIDED RADIOTHERAPY........................................ 4 

1.5 DEVELOPMENT OF NOVEL INTRA-FRACTION MOTION COMPENSATION TECHNIQUES ........................ 5 

1.5.1 RELAXING RAPID-IMAGING CONSTRAINTS ................................................................................... 6 

1.5.2 VOLUMETRIC MOTION MODELING .................................................................................................. 6 

1.5.3 MOTION PREDICTION ........................................................................................................................... 7 

1.6 OVERVIEW AND SPECIFIC AIMS ........................................................................................................ 8 

 CHARACTERIZATION OF SPATIAL DISTORTION  IN A 0.35 T MRI-

GUIDED RADIOTHERAPY SYSTEM ................................................................................... 10 

2.1 INTRODUCTION .............................................................................................................................. 10 

2.1.1 BACKGROUND ..................................................................................................................................... 10 

2.1.2 COMPONENTS OF SPATIAL DISTORTION ...................................................................................... 10 

2.1.3 STUDY OVERVIEW .............................................................................................................................. 11 

2.2 MATERIALS AND METHODS ............................................................................................................ 13 

2.2.1 MRIDIAN SYSTEM ............................................................................................................................... 13 

2.2.2 SPATIAL INTEGRITY PHANTOMS .................................................................................................... 14 

2.2.3 DATA ACQUISITION............................................................................................................................ 16 

2.2.4 PHANTOM MARKER LOCALIZATION – 3D IMAGES .................................................................... 18 

2.2.5 PHANTOM MARKER LOCALIZATION – REAL-TIME IMAGES .................................................... 21 

2.2.6 SPATIAL DISTORTION ANALYSIS ................................................................................................... 22 

2.2.7 MEASUREMENT UNCERTAINTY ESTIMATE ................................................................................. 22 

2.2.8 MEASUREMENT UNCERTAINTY ESTIMATE – SUSCEPTIBILITY ARTIFACTS ........................ 23 

2.2.9 MEASUREMENT UNCERTAINTY ESTIMATE – PHANTOM CT SCANS ...................................... 23 



viii 

 

2.3 RESULTS ........................................................................................................................................ 25 

2.3.1 SPATIAL DISTORTION ANALYSIS – 3D IMAGES ........................................................................... 25 

2.3.2 SPATIAL DISTORTION ANALYSIS – REAL-TIME IMAGES .......................................................... 31 

2.3.3 MEASUREMENT UNCERTAINTY ESTIMATE ................................................................................. 35 

2.3.4 MEASUREMENT UNCERTAINTY ESTIMATE – SUSCEPTIBILITY ARTIFACTS ........................ 36 

2.3.5 MEASUREMENT UNCERTAINTY ESTIMATE – PHANTOM CT SCANS ...................................... 36 

2.4 DISCUSSION ................................................................................................................................... 37 

2.5 CONCLUSION ................................................................................................................................. 41 

 DOSIMETRIC VALIDATION OF A MAGNETIC  RESONANCE IMAGE 

GATED RADIOTHERAPY SYSTEM USING A MOTION PHANTOM AND 

RADIOCHROMIC FILM.......................................................................................................... 43 

3.1 INTRODUCTION .............................................................................................................................. 43 

3.2 MATERIALS AND METHODS ............................................................................................................ 46 

3.2.1 MOTION PHANTOM ............................................................................................................................. 46 

3.2.2 TREATMENT PLANNING .................................................................................................................... 47 

3.2.3 RADIOCHROMIC FILM DOSIMETRY................................................................................................ 48 

3.2.4 BREATHING WAVEFORMS ................................................................................................................ 49 

3.3 RESULTS ........................................................................................................................................ 50 

3.4 DISCUSSION ................................................................................................................................... 54 

3.5 CONCLUSION ................................................................................................................................. 56 

 MODEL-INTERPOLATED GATING FOR  MAGNETIC RESONANCE 

IMAGE-GUIDED RADIATION THERAPY .......................................................................... 57 

4.1 INTRODUCTION .............................................................................................................................. 57 

4.2 MATERIALS AND METHODS ............................................................................................................ 58 

4.2.1 IMAGING PROTOCOLS ....................................................................................................................... 59 

4.2.2 RESPIRATORY BELLOWS SURROGATE .......................................................................................... 60 

4.2.3 PHANTOM STUDIES ............................................................................................................................ 61 



ix 

 

4.2.4 VOLUNTEER STUDIES ........................................................................................................................ 62 

4.2.5 IMAGE REGISTRATION ...................................................................................................................... 63 

4.2.6 MOTION MODELING ........................................................................................................................... 63 

4.2.7 MODEL-INTERPOLATED GATING ALGORITHM ........................................................................... 64 

4.2.8 MI-GATING EVALUATION USING BSSFP IMAGES ....................................................................... 65 

4.2.9 PROOF OF CONCEPT USING T2-WEIGHTED IMAGES .................................................................. 66 

4.3 RESULTS ........................................................................................................................................ 66 

4.3.1 GATING ACCURACY EVALUATION USING BSSFP IMAGES ....................................................... 66 

4.3.2 GATING ACCURACY EVALUATION WITH T2-CONTRAST IMAGES ......................................... 69 

4.3.3 REGISTRATION ACCURACY ............................................................................................................. 71 

4.4 DISCUSSION ................................................................................................................................... 72 

4.5 CONCLUSION ................................................................................................................................. 76 

 MULTI-SLICE MOTION MODELING FOR  MRI-GUIDED 

RADIOTHERAPY GATING .................................................................................................... 77 

5.1 INTRODUCTION .............................................................................................................................. 77 

5.2 MATERIALS AND METHODS ............................................................................................................ 79 

5.2.1 MOTION MODELING: 5D MODEL ..................................................................................................... 79 

5.2.2 SIMULTANEOUS GROUPWISE MANIFOLD ALIGNMENT (SGA) IMAGE SURROGATE .......... 82 

5.2.3 MODIFIED SGA (MSGA) WEIGHTED NEAREST NEIGHBOR MOTION MODEL ........................ 85 

5.2.4 IMAGING PROTOCOL.......................................................................................................................... 88 

5.2.5 IMAGE REGISTRATION ...................................................................................................................... 89 

5.2.6 MODEL GATING EVALUATION ........................................................................................................ 90 

5.2.7 MSGA MODEL PARAMETER SELECTION ....................................................................................... 92 

5.3 RESULTS ........................................................................................................................................ 93 

5.3.1 REGISTRATION ACCURACY ............................................................................................................. 93 

5.3.2 MODEL EVALUATION ........................................................................................................................ 93 

5.4 DISCUSSION ................................................................................................................................... 96 

5.5 CONCLUSION ............................................................................................................................... 105 



x 

 

 IMAGE REGRESSION MOTION PREDICTION ...................................... 107 

6.1 INTRODUCTION ............................................................................................................................ 107 

6.2 MATERIALS AND METHODS .......................................................................................................... 109 

6.2.1 IMAGE REGRESSION MOTION PREDICTION ............................................................................... 109 

6.2.2 REFERENCE PREDICTION METHODS ............................................................................................ 113 

6.2.3 DATA ACQUISITION.......................................................................................................................... 113 

6.2.4 TARGET TRACKING .......................................................................................................................... 114 

6.2.5 IR PREDICTION PERFORMANCE METRICS .................................................................................. 116 

6.2.6 PREDICTION MODEL PARAMETER SELECTION ......................................................................... 117 

6.3 RESULTS ...................................................................................................................................... 118 

6.3.1 RADIOTHERAPY GATING ................................................................................................................ 118 

6.3.2 REGISTRATION INITIALIZATION ................................................................................................... 122 

6.4 DISCUSSION ................................................................................................................................. 125 

6.5 CONCLUSION ............................................................................................................................... 128 

 ONLINE TARGET VOLUME ESTIMATION AND  PREDICTION FROM 

AN INTERLACED SLICE ACQUISITION –  A MANIFOLD EMBEDDING AND 

LEARNING APPROACH ....................................................................................................... 129 

7.1 INTRODUCTION ............................................................................................................................ 129 

7.2 MATERIALS AND METHODS .......................................................................................................... 130 

7.2.1 STATE EMBEDDING AND MANIFOLD ALIGNMENT FROM 2D IMAGES AT DIFFERENT 

ACQUISITION LOCATIONS ........................................................................................................................................... 130 

7.2.2 POPULATION OF MOTION AND CONTOURS................................................................................ 132 

7.2.3 OUT-OF-SAMPLE BASED PREDICTION ......................................................................................... 134 

7.2.4 BENCHMARK PREDICTION METHODS ......................................................................................... 135 

7.2.5 STUDIES AND EVALUATION .......................................................................................................... 136 

7.3 RESULTS ...................................................................................................................................... 137 

7.4 DISCUSSION AND CONCLUSION .................................................................................................... 139 



xi 

 

 A NOVEL MOTION PREDICTION CONFIDENCE  ESTIMATION 

FRAMEWORK ......................................................................................................................... 141 

8.1 INTRODUCTION ............................................................................................................................ 141 

8.2 MATERIALS AND METHODS .......................................................................................................... 143 

8.2.1 PROPOSED CONFIDENCE ESTIMATOR ......................................................................................... 143 

8.2.2 OTHER CONFIDENCE ESTIMATION METHODS AS BENCHMARKS ........................................ 145 

8.2.3 MOTION PREDICTION GATING STUDIES ..................................................................................... 146 

8.2.4 IMAGE REGISTRATION AND MOTION PREDICTION ................................................................. 147 

8.2.5 PERFORMANCE METRICS AND HYPERPARAMETER OPTIMIZATION ................................... 147 

8.3 RESULTS ...................................................................................................................................... 148 

8.4 DISCUSSION ................................................................................................................................. 155 

8.5 CONCLUSION ............................................................................................................................... 157 

 CONCLUSIONS AND FUTURE WORK ..................................................... 158 

9.1 SUMMARY OF WORK .................................................................................................................... 158 

9.2 FUTURE DIRECTIONS .................................................................................................................... 160 

APPENDIX ................................................................................................................................ 162 

A.1 LOCALLY LINEAR EMBEDDING CONSTRAINED WEIGHT OPTIMIZATION ......................................... 162 

A.2 LOCALLY LINEAR EMBEDDING LOW-DIMENSIONAL EMBEDDING OPTIMIZATION .......................... 163 

A.3 EXPANSION OF SIMULTANEOUS GROUPWISE EMBEDDING AND ALIGNMENT OPTIMIZATION .......... 165 

REFERENCES .......................................................................................................................... 168 



xii 

 

LIST OF FIGURES 

Figure 1.1: An example of tracking a radiotherapy target (red) relative to the gating 

margin (blue) in real-time during an MRI-guided radiotherapy treatment. .................................... 3 

Figure 2.1: A diagram of the three-dimensional spatial integrity phantom produced by 

Integrated Medical Technologies: (a) the spheres (dots) and connecting rods passing through the 

phantom, (b) the acrylic plates stacked together forming the matrix of spheres, and (c) a small 

subsection of the sphere markers. ................................................................................................. 15 

Figure 2.2: The center slice of the 3D phantom showing (a) only the raw image and (b) 

the result of the 2D deviation analysis with the gantry at 0 degrees, using the 1.5 mm 

reconstructed slice thickness scan with blue circles showing the different analysis regions. 

Omitted spheres in the regions with artifacts, indicated by arrows in (a), are not included in the 

analysis as shown along the periphery of the phantom. Only sphere locations determined within 

the analysis regions are shown. Ground-truth locations are represented as white ‘+’ symbols, 

found sphere locations are shown as green squares if their 2D deviation is less than a 1 mm 

tolerance or as a red ‘x’ symbols if they fail. ................................................................................ 18 

Figure 2.3: The found positions (blue ‘o’) and expected sphere locations (red ‘+’) in the 

planes used for alignment correction. ........................................................................................... 20 

Figure 2.4: Averaged image of the 2D planar phantom shifted 72 mm from isocenter. (a) 

The raw image, cylinders within regions of “blurred” signal or signal losses are marked by the 

red arrows and were omitted from the analysis. Two of the three analysis regions are shown by 

the blue circles. (b) The found cylinder positions are shown as green squares if they pass the 

specified deviation tolerance in that analysis region, and red ‘x’ markers if they fail. The 



xiii 

 

tolerances used in this evaluation were 1 mm and 2 mm for the inner and outer regions 

respectively, the known locations are shown as white ‘+’ symbols. ............................................ 21 

Figure 2.5: The standard deviation of each sphere from the average location across all 

gantry angles using the 3.0 mm reconstructed slice thickness protocol. The whiskers show the 

maximum and minimum data for each bin, the red line indicates the median deviation in each 

bin, and the edges of the box mark the bounds of the 25th and 75th percentiles of the spheres. ... 27 

Figure 2.6: The standard deviation of each sphere from the average location across all 

gantry angles using the 1.5 mm reconstructed slice thickness protocol. The whiskers show the 

maximum and minimum data for each bin, the red line indicates the median deviation in each 

bin, and the edges of the box mark the bounds of the 25th and 75th percentiles of the spheres. ... 28 

Figure 2.7: The 2D deviation in the axial plane between the ground-truth and sphere 

locations found by the analysis software using the 1.5 mm reconstructed slice thickness scan 

with the gantry at 0 degrees. The data are grouped into 20 mm bins as a function of their distance 

from the central longitudinal axis. The red line demarks the median deviation in each bin, the 

edges of the box mark the bounds of the 25th and 75th percentiles and the whiskers show the 

maximum and minimum data for each bin. .................................................................................. 29 

Figure 2.8: (a) The 3D deviation between the ground-truth and sphere locations found by 

the analysis software using the 1.5 mm reconstructed slice thickness scan with the gantry at 0 

degrees. The data are grouped into 20 mm bins as a function of their distance from isocenter. The 

red line demarks the median deviation in each bin, the edges of the box mark the bounds of the 

25th and 75th percentiles and the whiskers show the maximum and minimum data for each bin. 

The uppermost bin contains only two data points. (b) The 3D deformation field map of the 



xiv 

 

centermost axial slice of the 3D spatial integrity phantom. Imaging was conducted using the 1.5 

mm reconstruction slice thickness protocol with the gantry positioned at 0 degrees. .................. 30 

Figure 2.9: (a) The 2D deviation of cylinders from their expected location with respect to 

their distance from isocenter using the 5 mm slice thickness real-time imaging protocol and 2D 

spatial integrity phantom acquired across all lateral shift locations. The whiskers show the 

maximum and minimum data for each bin, the red line indicates the median deviation in each 

bin, and the edges of the box mark the bounds of the 25th and 75th percentiles of the cylinders. 

The final bin contains two data points, thus the boundaries of this bin correspond to these values. 

(b) The 2D deformation field map for the 2D spatial integrity phantom shifted 72 mm from 

isocenter, using the average of 40 images acquired with the 5 mm slice thickness real-time 

imaging protocol. .......................................................................................................................... 32 

Figure 2.10: The 2D deviation of cylinders from their expected location with respect to 

their distance from isocenter using the 7 mm slice thickness real-time imaging protocol and the 

2D spatial integrity phantom. The whiskers show the maximum and minimum data for each bin, 

the red line indicates the median deviation in each bin, and the edges of the box mark the bounds 

of the 25th and 75th percentiles of the cylinders. The final bin contains two data points, thus the 

boundaries of this bin correspond to these values. ....................................................................... 34 

Figure 2.11: The 2D deviation of cylinders from their expected location with respect to 

their distance from isocenter using the 10 mm slice thickness real-time imaging protocol and the 

2D spatial integrity phantom. The whiskers show the maximum and minimum data for each bin, 

the red line indicates the median deviation in each bin, and the edges of the box mark the bounds 



xv 

 

of the 25th and 75th percentiles of the cylinders. The final bin contains two data points, thus the 

boundaries of this bin correspond to these values. ....................................................................... 35 

Figure 3.1: Side view of the CIRS MRI-compatible motion phantom. ............................ 46 

Figure 3.2: Target rod cross-section MRI image with isodose distribution superimposed 

(a) and optical digital camera image (b). The reference beam appears on the left and the PTV on 

the right in this view. The PTV is a 3 cm diameter spherical target centered about the cuboid 

gating target. ................................................................................................................................. 47 

Figure 3.3: Patient tumor motion trajectories used in this study, including repeated breath 

hold (a) and free breathing (b) and (c). ......................................................................................... 49 

Figure 3.4: Measured gated and non-gated, and static plan dose profiles on a line drawn 

through the center of the target volume. The small distribution on the left is the reference beam, 

and the larger distribution on the right is the PTV dose profile. The dose distribution broadens 

and shifts in the direction of motion when no gating is performed. The beam profile full widths at 

half maximum are 45 mm, 45 mm and 46 mm, respectively, for the planned, gated, and ungated 

dose profiles, respectively. The beam profile centers are 98 mm, 99 mm, and 104 mm, 

respectively for the three profiles. ................................................................................................ 53 

Figure 4.1: Summary of the alignment of the image and bellows acquisitions. The fast 

Fourier transform and inverse fast Fourier transforms are denoted as FFT and FFT1 respectively. 

The normalized cross correlation is denoted as NCC and was maximized to determine the shift 

between projections (image surrogate) and the bellows and image surrogate (alignment). ......... 61 

Figure 4.2: (A) An image of the phantom’s motion rod and (B) the realistic breathing 

waveform used to simulate inferior-superior anatomical motion. ................................................ 62 



xvi 

 

Figure 4.3: An example of the MI-gating accuracy evaluation using a sliding window of 

10 images comprised of every 4th image to build the model (open circles). Skipped images 

(crosses) are omitted from model building in order to simulate MI-gating using training images 

obtained with a large temporal spacing (e.g. T2-weighted images). The accuracy of model gating 

is evaluated using the images marked with open squares. The model is then updated with a newly 

acquired image (solid square). ...................................................................................................... 65 

Figure 4.4: An example of bSSFP image and model based radiotherapy gating using a 3 

mm contour margin and 10% excursion tolerance. A sliding window of 10 images each separated 

by 3.19 seconds was used to build the model. The surrogate values corresponding to the time the 

raw images (A,C) were acquired were used to generate the model images (B,D). The static 

contours shows the gating boundary (which is fixed in space), and the moving smaller contours 

represent the tracked targets. The horizontal line serves as a reference to assist in visualizing 

respiratory motion. ........................................................................................................................ 67 

Figure 4.5: The bSSFP image (A) interpolated to the same in-plane resolution as the T2 

weighted HASTE image (B) showing the gallbladder target region. The horizontal line serves as 

a reference to assist in indicating respiratory phase. ..................................................................... 71 

Figure 5.1: a schematic representation of the 5D modeling workflow. ............................ 81 

Figure 5.2: Schematic representation of surrogate propagation from an image acquired at 

slice 1 (blue ‘x’) across to slice 4. The surrogate is estimated in each slice as a weighted sum of 

the five most similar surrogate values in the aligned adjacent slice (slice 2). Since the same 

images are included in the next group (group 2), the weights can be used to estimate the 



xvii 

 

surrogate in the next group of aligned manifold surrogates (connection between Group 1 and 2). 

The process is repeated until reconstruction weights are obtained in every slice. ....................... 86 

Figure 5.3: A schematic representation of the mSGA modeling workflow. .................... 88 

Figure 5.4: The model gating decision accuracy (a), positive predictive value (b), and 

median (c) and 95th percentile (d) distance between the model-tracked and image-tracked target 

centroids for each volunteer study and motion model. The average value across all volunteer 

studies using each model is shown in the legend. ......................................................................... 94 

Figure 5.5: Proportion of the target within the gating margin derived from the images 

directly and using each model (a) and distances between the image-tracked and model-tracked 

target centroids (b) for a portion of volunteer study 8. ................................................................. 95 

Figure 5.6: An example of an acquired image and image-tracked target (a), the 

corresponding mSGA model-generated image and model-tracked target at the same slice position 

(b) and the coronal (c) and axial (d) model-generated images and cross section of the model-

tracked target volume. Model-generated images were obtained by combining the first 50 images 

used to fit the model using the registration information, then deforming them according to the 

motion obtained from the model. .................................................................................................. 97 

Figure 5.7:  The slice position dependence of gating accuracy (a), gating positive 

predictive value (b), distance between the model-tracked and image-tracked target centroids (c) 

and proportion of the model-tracked target overlapping the image-tracked target (d) using the 

mSGA model and back-propagated surrogate in volunteer study 1. The slice number indicates 

the position of the imaged slice relative to all other slices. The evaluation slice is the location 

where the model and image gating statistics are compared. The origin slice refers to the location 



xviii 

 

where the back-propagated surrogate originates. For example, the dark blue line (Origin Slice 

#1) is located at one of the lateral ends of the imaged volume and is the furthest imaged slice 

from evaluation slice 9. Only a subset of the 10 imaged slices were “evaluation slices” since the 

tracked target did not span all imaged positions. ........................................................................ 100 

Figure 6.1: An example predicting inferior superior motion during a patient study. Each 

high-dimensional data point was constructed using a series of two consecutively acquired 

images. The most similar neighbors are identified (a) and the future motion is estimated using a 

weighted sum of the motion associated with the K=5 most similar high-dimensional data points 

in the training set (b). A diagram of the prediction workflow (c) is also shown. ....................... 111 

Figure 6.2: The individual gating accuracy (a), gating positive predictive value (b), 

median (c) and 95th percentile centroid distance (d) for each patient and volunteer study 

predicting one frame in the future. The average statistic using each prediction method is shown 

in the legend. Asterisks indicate patients whose tracked targets were normal anatomical features.

..................................................................................................................................................... 120 

Figure 6.3: The predicted inferior-superior (a) and anterior-posterior (b) motion during a 

patient study predicting one frame in the future. An example of selected image regression 

predicted (dashed cyan line) and ground-truth target contours (solid red line) overlaid with the 

prediction error (c) during the same study. ................................................................................. 121 

Figure 6.4: The convergence of the registration using different initialization methods. The 

average dice similarity (a), distance between the ground-truth and registration-tracked target 

centroids (b), and mutual information similarity measure (c) at multiple iterations during the 

registration. ................................................................................................................................. 124 



xix 

 

Figure 6.5: The proportion of best target tracking results indicated by dice similarity and 

centroid distance between the registration-tracked and ground-truth target contours after 10 

iterations (a,b) and 50 iterations (c,d) of the registration using each initialization method. ...... 125 

Figure 7.1: The embedding process for a newly acquired image at slice 1, transferring the 

embedding across the aligned manifolds to all other slice positions and automatically contouring 

the target in the other slice positions........................................................................................... 133 

Figure 7.2: Volumetric inference and prediction based on embedding .......................... 135 

Figure 7.3: The optimization of the average DSC (a) and centroid distance (b) across all 

volunteers for selecting the autoregressive linear prediction model parameters. ....................... 137 

Figure 7.4: Performance comparison in DSC (a) and centroid distance (b) prediction error 

for each healthy volunteer study. The average result and the companion p-value from t-test (in 

bracket) are reported. .................................................................................................................. 138 

Figure 8.1: An example of the prediction error, confidence estimator and selected images 

(blue ‘o’) showing the overlaid predicted (cyan) and ground-truth (red) contours (a). A schematic 

demonstrating the intuition behind use of the fit residual and leave-one-out prediction variance 

for confidence estimation (b). ..................................................................................................... 145 

Figure 8.2: Hyperparameter tuning showing the average AUC for detecting prediction 

error ≥ 3 mm (a) using different weightings controlling the relative contribution of prediction fit 

residual, leave-one-out prediction variance and centroid velocity. The average area under the 

curve optimization ignoring the centroid velocity term (b). ....................................................... 149 

Figure 8.3: The AUC for detecting ≥ 3 mm prediction error using the proposed 

confidence estimation method, the prediction error threshold and the prediction error flatness 



xx 

 

with optimized window length. The average result across all patient and volunteer studies is 

reported in the legend.................................................................................................................. 150 

Figure 8.4: The average gating accuracy across all studies with different hyperparameter 

settings and confidence estimator thresholds. The average gating duty cycle reduction isocontour 

lines are overlaid. ........................................................................................................................ 151 

Figure 8.5: The tradeoff between reducing gating duty cycle and maximizing the average 

prediction-based gating accuracy across all studies using the proposed method (a), prediction 

error threshold (b) and prediction error flatness threshold (c). ................................................... 153 

Figure 8.6: The change in the clinical evaluation statistics for each patient and volunteer 

using the same set of hyperparameters. The average result using all predictions and a confidence 

estimator threshold to override gating decisions are shown with the average result reported in the 

legend. ......................................................................................................................................... 154 

  



xxi 

 

LIST OF TABLES 

Table 2.1: The acquisition parameters and simulated readout gradient amplitude for two 

clinical bSSFP protocols commonly used at our institution for MR-guided radiotherapy. .......... 16 

Table 2.2: The acquisition parameters and simulated readout gradient amplitude for three 

clinical real-time bSSFP protocols commonly used at our institution for MR-guided 

radiotherapy. ................................................................................................................................. 17 

Table 2.3: The average and maximum deviation in two and three dimensions for the 

spheres within a 50 mm, 100 mm and 175 mm radius of isocenter and entire volume for two 

clinical scanning protocols. The passing rates for the spheres with less than 1 mm deviation 

within 50 mm of the center of the phantom, less than 1 mm deviation within a 100 mm radius of 

isocenter, less than 1 mm and 2 mm deviation within 175 mm of isocenter, and less than 2 mm 

deviation for all spheres in the phantom. ...................................................................................... 25 

Table 2.4: The average and maximum deviation in the three analysis regions and the 

entire volume along with the percent of cylinders with a deviation smaller than the specified 

tolerance using the real-time imaging protocol and 2D spatial integrity phantom. ...................... 31 

Table 2.5: The average and maximum deviation in the three analysis regions and the 

entire volume along with the percent of cylinders with a deviation smaller than the specified 

tolerance using two real-time imaging protocols and the 2D spatial integrity phantom. ............. 32 

Table 3.1: Characteristics of breathing waves. *Trajectories 4, 5 and 6 are copies of 

trajectories 1, 2 and 3 sped up by factors of 2, 2 and 4 respectively. ........................................... 50 

Table 3.2: The individual exposure results of gating experiments with patient tumor 

motion trajectories and sinusoidal trajectories. ............................................................................. 50 



xxii 

 

Table 3.3: The individual exposure results of gating experiments with artificially sped up 

measured tumor trajectories. ......................................................................................................... 51 

Table 4.1: The bSSFP gating analysis comparing model and image based gating using 

only images that were skipped during model fitting. The model was built using every 10th image 

and a total of 10 images. The analysis was conducted with a 3 mm gating margin and 10% gating 

excursion tolerance. The accuracy and beam on positive predictive value of model gating are 

reported. The 95th to 5th percentile image centroid motion and image gating duty cycle are given. 

The median, standard deviation and 95th percentile of the modeled and imaged target centroid 

absolute distance for all evaluation images (i.e. those excluded from model building) and only 

evaluation images corresponding to model false positives are reported. ...................................... 68 

Table 4.2: The T2 gating analysis comparing model and image based gating. The model 

was built with 10 consecutively acquired images. The analysis was conducted with a 3 mm 

gating margin and 10% gating excursion tolerance. The accuracy and beam on positive 

predictive value of model gating are reported. The 95th to 5th percentile image centroid motion 

and image gating duty cycle are given. The median, standard deviation and 95th percentile of the 

modeled and imaged target centroid absolute distance for all images and only images 

corresponding to model false positives are reported. .................................................................... 70 

Table 6.1: Single plane acquisition parameters used in healthy volunteer and patient 

studies. ........................................................................................................................................ 114 

Table 6.2: The average gating accuracy, positive predictive value, median and 95th 

percentile centroid distance across all patient and healthy volunteer studies using each prediction 

method......................................................................................................................................... 121 



xxiii 

 

Table 7.1: The average and standard deviation of the dice similarity between the 3D 

predicted and 3D observed target contours for each healthy volunteer study along with the in-

plane target area .......................................................................................................................... 138 

Table 8.1: The average evaluation statistic across all studies using different confidence 

estimator thresholds and hyperparameters. Parameter selection was limited in order that the duty 

cycle reduction in any single study was no greater than the specified constraint....................... 155 

  



xxiv 

 

LIST OF ABBREVIATIONS 

2D Two dimensional 

3D Three dimensional 

4D Four dimensional 

5D Five dimensional linear motion model 

AAPM American association of physicists in medicine 

AR Autoregressive linear prediction model 

bSSFP Balanced steady state free precession sequence 

CPU Central processing unit 

CT Computed tomography 

CTV Clinical target volume 

DSC Dice similarity coefficient 

DVF Deformation vector field 

FFT Fast Fourier transform 

FOV Field of view 

FPS Frames per second 

GPU Graphics processing unit 

GRAPPA Generalized autocalibrating partial parallel acquisition 

GTV Gross tumor volume 

HASTE Half-Fourier single shot turbo spin echo 

IMRT Intensity modulated radiation therapy 

IR Image regression prediction 

IRB Internal review board 

LINAC Linear accelerator 

LLE Locally linear embedding 

LOO Leave-one-out 

MI Model-interpolated gating 

MLC Multi-leaf collimator 

MRI Magnetic resonance imaging 



xxv 

 

MSGA Modified simultaneous group-wise manifold alignment 

PPV Positive predictive value 

PTV Planning target volume 

ROI Region of interest 

SA Specific aim 

SBRT Stereotactic body radiotherapy 

SGA Simultaneous group-wise manifold alignment 

SNR Signal to noise ratio 

SRS Stereotactic radiotherapy 

T1 Longitudinal relaxation time 

T2 Transverse relaxation time 

TE Echo time 

TG AAPM task group 

TR Repetition time 

UCLA University of California, Los Angeles 



xxvi 

 

ACKNOWLEDGEMENTS 

First and foremost I would like to thank my advisor Dr. James Lamb for leading and 

guiding me. Thank you for demonstrating integrity and setting an excellent example as a 

scientist. I am grateful for the ways you have taught me and inspired me to think independently. 

Thank you for always encouraging me and giving me the freedom to pursue my ideas. I am 

grateful for all the ways you have invested in and supported me both professionally and 

personally throughout my graduate career. I am honored to have had the opportunity to work 

with someone of your caliber and character. 

I would like to thank the other members of my dissertation committee: Dr. Nzhde 

Agazaryan, Dr. Daniel Low and Dr. Dan Ruan. To Dr. Nzhde Agazaryan, thank you for always 

being available and sharing your wisdom with me. I am incredibly grateful for your insights and 

support. To Dr. Daniel Low, thank you for thinking critically and providing helpful feedback 

throughout my graduate career. Your enthusiasm for both research and life is inspiring. To Dr. 

Dan Ruan, thank you for working closely with me on numerous projects. Your ideas and 

expertise have been an invaluable resource, and it has been a pleasure working with you.  

I would like to thank UCLA radiation oncology. It has been a privilege to spend time in a 

world class clinic and learn from therapists, dosimetrists, physicians and physicists. I would like 

to thank all those who spent time with me during my clinical physics rotation. I would like to 

specifically thank Dr. Nzhde Agazaryan and Dr. Minsong Cao for meeting and working with me 

throughout the rotation. I would also like to thank them for leading the therapeutic medical 

physics and advanced treatment planning courses. 



xxvii 

 

I am incredibly grateful for the Physics and Biology in Medicine graduate program. 

Thank you Reth Im for all that you do for our department. Thank you for organizing department 

events and helping to make the program feel like family. To Dr. Michael McNitt-Gray, I admire 

your simultaneously personal and professional leadership. Thank you for all the ways you serve 

our program, you consistently go above and beyond the call of program director. Thank you for 

supporting me throughout my graduate studies. To all my fellow graduate students and labmate 

Rachel, thank you for your camaraderie and encouragement during my time at UCLA. Thank 

you Kamal, Dylan and Geri for all the memories, distractions and unwavering friendship.  

Lastly I would like to thank my family. To my fiancé Marianna, my parents Kathryn and 

Stephen, and brother Peter, thank you for everything. Your love and support means the world to 

me. I love you all and don’t know what I would do without you.  

 



xxviii 

 

Chapter 2 is a version of Ginn J, Agazaryan N, Cao M, Baharom U, Low D, Yang Y, Gao G, 

Hu P, Lee P, Lamb J. Characterization of spatial distortion in a 0.35 T MRI-guided radiotherapy 

system. Phys. Med. Biol. 2017; 62(11): 4525-4540. doi:10.1088/1361-6560/aa6e1a 

Chapter 3 is a version of Lamb J, Ginn J, O’Connell D, Agazaryan N, Cao M, Thomas D, Yang 

Y, Lazea M, Lee P, Low D. Dosimetric validation of a magnetic resonance image gated 

radiotherapy system using a motion phantom and radiochromic film. J. Appl. Clin. Med. Phys. 

2017; 18(3): 163–169. doi:10.1002/acm2.12088 

Chapter 4 is a version of Ginn J, O’Connell D, Thomas D, Low D, Lamb J. Model-interpolated 

gating for MRI-guided radiotherapy. Int. J. Radiat. Oncol. Biol. Phys. 2018; 102(4): 885-894. 

doi:10.1016/j.ijrobp.2018.05.012 

Chapter 5 is a version of Ginn J, Ruan D, Low D, Lamb J. Multislice motion modeling for MRI-

guided radiotherapy gating. Med. Phys. 2019; 46(2): 465-474. doi:10.1002/mp.13350 

Chapter 6 is a version of Ginn J, Ruan D, Low D, Lamb J. An image regression motion 

prediction technique for MRI-guided radiotherapy evaluated in single plane cine imaging. Med. 

Phys. (in press) 

Chapter 7 is a version of Ginn J, Lamb J, Ruan D. Online target volume estimation and 

prediction from an interlaced slice acquisition – a manifold embedding and learning approach. 

Lect. Notes. Comput. Sci. 2019; 11850: 78-85. doi:10.1007/978-3-030-32486-5_10 

Chapter 8 is a version of Ginn J, Low D, Lamb J, Ruan D. A motion prediction confidence 

estimation framework for prediction-based radiotherapy gating. (manuscript in preparation) 



xxix 

 

VITA 

EDUCATION  

University of California, Los Angeles 

M.S. in Physics and Biology in Medicine 

September 2017 

  

Wheaton College 

B.S. in Physics 

May 2015 

  

PUBLICATIONS  

Ginn J, Ruan D, Low D, Lamb J. An image regression motion prediction technique for MRI-

guided radiotherapy evaluated in single plane cine imaging. Med. Phys. (in press) 

 

Ginn J, Lamb J, Ruan D. Online target volume estimation and prediction from an interlaced 

slice acquisition – a manifold embedding and learning approach. Lect. Notes. Comput. Sci. 

2019; 11850: 78-85. doi:10.1007/978-3-030-32486-5_10 

  

Ginn J, Ruan D, Low D, Lamb J. Multislice motion modeling for MRI-guided radiotherapy 

gating. Med. Phys. 2019; 46(2): 465-474. doi:10.1002/mp.13350 

  

Ginn J, O’Connell D, Thomas D, Low D, Lamb J. Model-interpolated gating for MRI-guided 

radiotherapy. Int. J. Radiat. Oncol. Biol. Phys. 2018; 102(4): 885-894. 

doi:10.1016/j.ijrobp.2018.05.012 

  

Ginn J, Agazaryan N, Cao M, Baharom U, Low D, Yang Y, Gao G, Hu P, Lee P, Lamb J. 

Characterization of spatial distortion in a 0.35 T MRI-guided radiotherapy system. Phys. Med. 

Biol. 2017; 62(11): 4525-4540. doi:10.1088/1361-6560/aa6e1a 

  

Lamb J, Ginn J, O’Connell D, Agazaryan N, Cao M, Thomas D, Yang Y, Lazea M, Lee P, 

Low D. Dosimetric validation of a magnetic resonance image gated radiotherapy system using 

a motion phantom and radiochromic film. J. Appl. Clin. Med. Phys. 2017; 18(3): 163–169. 

doi:10.1002/acm2.12088 

  

ABSTRACTS AND PRESENTATIONS  

Ginn J, Raun D, Low D, Lamb J. Image regression motion prediction for MRI-guided 

radiotherapy. Oral presentation at the 61th Annual AAPM Annual Meeting; July 2019; San 

Antonio, TX. 

  

Ginn J, Low D, Lamb J, Raun D. Motion prediction confidence estimation for MRI-guided 

radiotherapy. Snap Oral presentation at the 61th Annual AAPM Annual Meeting; July 2019; 

San Antonio, TX. 



xxx 

 

  

Ginn J, O’Connell D, Thomas D, Low D, Lamb J. Model-interpolated gating for MRI-guided 

radiotherapy. Oral presentation at the 60th Annual AAPM Annual Meeting; August 2018; 

Nashville, TN. 

  

Ginn J, Low D, Lamb J. An evaluation of image-derived respiratory surrogates for MRI-

guided radiotherapy. Oral presentation at the 60th Annual AAPM Annual Meeting; August 

2018; Nashville, TN. 

  

Ginn J, Ruan D, O’Connell D, Thomas D, Low D, Lamb J. Simultaneous multi-slice MRI-

guided radiotherapy gating using a locally linear embedding based motion model. Oral 

presentation at the 19th Annual Physics and Biology in Medicine Research Colloquium; May 

2018; Los Angeles, CA. 

  

Ginn J, Agazaryan N, Cao M, Baharom U, Low D, Yang Y, Gao G, Hu P, Lee P, Lamb J. An 

evaluation of patient independent image distortion in a 0.35 T MRI-guided radiotherapy 

system. E-poster presentation at the 59th Annual AAPM Annual Meeting; August 2017; 

Denver, CO. 

  

Ginn J, O'Connell D, Thomas D, Agazaryan N, Cao M, Yang Y, Low D, Lamb J. A 

preliminary evaluation of respiratory motion modeling at 0.35 T for MRI-guided radiotherapy. 

Oral presentation at the 59th Annual AAPM Annual Meeting; August 2017; Denver, CO. 

  

Ginn J, Agazaryan N, Cao M, Baharom U, Low D, Yang Y, Gao G, Hu P, Lee P, Lamb J. An 

evaluation of patient independent image distortion in a 0.35 T MRI-guided radiotherapy 

system. Poster presentation at the 18th Annual Physics and Biology in Medicine Research 

Colloquium; May 2017; Los Angeles, CA. 

  

Lamb J, Ginn J, O'Connell D, Thomas D, Agazaryan N, Cao M, Yang Y, Low D. Evaluation 

of a magnetic resonance image gated radiotherapy system using a motion phantom and 

radiochromic Film. Poster presentation at the 58th Annual AAPM Annual Meeting; July 2016; 

Washington, DC. 

  

PATENTS  

Lamb J, Ginn J, Low D. System and method for respiratory gated radiotherapy. 

PCT/US2018/44475 Application pending 7/31/18 

 

Ginn J, Lamb J, Ruan D. Motion prediction method for MRI-guided radiotherapy. Provisional 

patent submitted 



1 

 

 INTRODUCTION 

1.1 Introduction to radiation therapy 

The goal of radiation therapy is to deliver high amounts of radiation to the desired target 

while sparing surrounding healthy tissue as much as possible.1 Numerous technological 

advancements in radiation oncology have contributed to improving treatment outcomes while 

minimizing side effects. One important development in external beam radiation therapy was the 

introduction the multi-leaf collimator (MLC). The MLC consists of a series of independent 

leaves that can be used to form complex shapes to modulate the radiation beam. This technology 

enabled the development of modern three-dimensional (3D) conformal and intensity-modulated 

radiation therapy (IMRT) which use a complex optimization process to determine the optimal 

radiation fluence to deliver maximal dose to the target while minimizing dose delivered to 

nearby healthy tissue.2-4 Extensive research efforts have been dedicated to optimizing both 

external radiation beam angle and MLC leaf positioning to achieve highly conformal dose 

distributions.5,6  

1.2 Motion uncertainty and management during radiation therapy 

Radiation therapy treatment planning is performed on static images. However, anatomical 

motion during treatment arises from multiple normal bodily processes during treatment (e.g. 

respiration, gastrointestinal digestion etc.). This motion may displace the tumor, increasing the 

radiation exposure of healthy tissue and reducing the delivered dose to the target, potentially 

degrading treatment efficacy. Respiratory motion is particularly problematic due to its occasional 
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aperiodicity and magnitude, making compensation a substantial challenge.7 Respiratory motion 

is significant and can be as large as 3-4 cm in the thorax and abdomen.8-10 

Since the beginning of 3D conformal radiation therapy, respiratory motion during 

treatment has often been addressed as a component of uncertainty. This approach lead to the 

introduction of the internal margin, constructed simply by expanding of the planning target 

volume.11 This method helps to ensure the target receives the prescribed dose but also results in 

the delivery of more radiation to healthy tissue.12 Other early motion compensation techniques 

largely relied upon immobilization by physically impeding the motion using restraints or by 

performing breath holds.13 Alongside the rapid growth of technology came the development of 

more sophisticated methods of compensating for anatomical motion. These techniques include 

target tracking,14 gating using a motion model,15 gating using internal and external surrogates,16-

20 and gating using images acquired during treatment.21 Research has shown that these motion 

compensation techniques can improve the accuracy of radiation delivery.22 However, most 

tracking and gating methods rely upon indirect external measures of internal motion or target 

tracking in low contrast radiographic images.23 

Magnetic resonance image (MRI) guided radiation therapy is a relatively new technology 

that provides the opportunity to monitor tumor motion directly in high soft tissue contrast images 

acquired during treatment.24 In the summer of 2014 the University of California, Los Angeles 

(UCLA) became the third site worldwide to install the ViewRay MRIdian MRI-guided 

radiotherapy system.25 An example of monitoring tumor motion in a two-dimensional (2D) 

image acquired using this MRI-guided radiation therapy system during a patient treatment is 

shown in Figure 1.1. 
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Figure 1.1: An example of tracking a radiotherapy target (red) relative to the gating margin (blue) in real-time 

during an MRI-guided radiotherapy treatment. 

The ViewRay system utilizes radiotherapy gating to compensate for motion during treatments.26 

In MRI-guided radiotherapy gating, a gating boundary is defined around the tracked target or 

anatomical structure. When the proportion of the structure outside this gating margin exceeds a 

pre-specified threshold, the radiation is held. Treatment recommences when the structure returns 

within the gating margin.   

1.3 Characterization of magnetic resonance image guided radiotherapy technology 

Characterization of new medical technologies is essential to ensure safe translation into 

clinical use. In order to evaluate image-based MRI-guided radiotherapy intra-fraction motion 

management, it is necessary to evaluate both the geometric distortion present in images and the 

dosimetric accuracy of the gating system. To evaluate geometric distortion we follow the 
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recommendation of the American Association of Physicists in Medicine (AAPM) using a 

phantom consisting of a grid of visible markers.27 We compare the locations of the markers 

identified in the images by software developed in our laboratory to those specified by the 

manufacturer. In our work we evaluate geometric distortion in both the 3D planning setup 

images and the 2D real-time images acquired during treatment for target tracking.28 This work 

expands upon a previous publication by measuring distortion using novel automatic localization 

software at vastly more spatial locations compared to the manual localization of markers at a 

limited number of positions reported by the other authors.29 To evaluate the dosimetric accuracy 

of current image-based gating we performed a study using a motion phantom and radiochromic 

film. The radiation dose delivered to the moving film was compared to the radiation dose 

planned on the static planning image. The effect of various motion waveforms and gating 

parameters on the accuracy of treatment delivery are reported.26 To our knowledge, this work 

represents the first published dosimetric evaluation of the ViewRay MRIdian gating system.  

1.4 Limitations of magnetic resonance image guided radiotherapy  

Although MRI-guided radiotherapy is promising, the technology has some limitations. 

Image-based respiratory gating requires images to be acquired rapidly and continuously to avoid 

unacceptable gating latency. Anatomical motion during or between image acquisitions can lead 

to a reduction in dosimetric accuracy diminishing the efficacy of radiotherapy. This constrains 

pulse sequence selection to rapid imaging sequences, limiting the variety of image contrasts that 

can be used for radiotherapy gating. For example, T2-weighted images require relatively long 

delays between image acquisitions to allow longitudinal relaxation (T1) to occur. Yet T2-

weighted images may provide superior image contrast for some tumors.30-33 Furthermore, rapid 
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imaging is typically performed at a single slice position as multi-slice and 3D imaging 

techniques are currently too slow for real-time target tracking. Selection of the 2D imaged slice 

is performed manually and there is no standardized optimization or justification of slice 

selection.  

The current MRI-guided radiotherapy tracking algorithm relies upon accurate deformable 

registration for target tracking. Once the contour is deformed using motion information derived 

from the registration, the gating decision can be calculated. In the event that the radiotherapy 

gating decision changes (e.g. the beam should be turned off), due to computational and 

mechanical limitations there is a delay between the time the system sees the tumor moving and 

the system responds. System gating latency has been reported to range from approximately 200 

ms to 500 ms on the clinically available ViewRay MRIdian.25,26,34,35 This latency reduces the 

radiation dose delivered to the tumor and increases the radiation exposure of nearby healthy 

tissues.  

1.5 Development of novel intra-fraction motion compensation techniques 

We propose the use of motion models and motion prediction to overcome the 

aforementioned constraints. Motion models describe anatomical motion as a function of a 

measurable surrogate.36 If the surrogate is continuously available, a motion model could be used 

in place of image-based target tracking to perform radiotherapy gating, expanding the number of 

pulse sequences that can be used to monitor tumor motion. Use of the model in place of direct 

image-based tumor tracking could also enable simultaneous functional imaging during gated 

treatments. Alternatively, if we are able to sequentially observe motion throughout multiple 

positions across the anatomy, we could build a volumetric model to better understand how the 
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target moves and use volumetric motion estimates to inform radiotherapy gating decisions. 

Finally, motion predictions could be used to overcome system latencies by enabling the radiation 

beam to be turned off or on preemptively when the target is about to move outside or inside the 

gating margin respectively. If predictions can be computed rapidly across the entire image, they 

could also be used to initialize deformable registration to speed up and improve the accuracy of 

deformable registration based target tracking. 

1.5.1 Relaxing rapid-imaging constraints  

To enable more pulse sequences to be used for radiotherapy gating, we propose to build a 

model from motion information acquired infrequently in T2 images along with an external 

respiratory bellows surrogate. The respiratory surrogate is continuously available and can enable 

constant motion monitoring for radiotherapy gating. The model accuracy can be evaluated each 

time a new image is acquired and may be updated with the most recent motion information. The 

motion model could enable target tracking using images acquired with a broader variety of pulse 

sequences. Additionally, use of an external motion surrogate could alleviate the need to 

continuously image tumor position, enabling additional imaging studies during gated 

radiotherapy treatments. This work represents the first report of interpolating gating decisions in-

between infrequent T2 weighted imaging using a motion model.37 

1.5.2 Volumetric motion modeling 

To incorporate volumetric motion information, we propose the use of a motion model 

built across multiple slice positions that is updated continuously throughout treatment. This 

process enables gating decisions to be derived from volumetric motion information and enhances 

target visualization. Multi-slice motion modeling was performed using two separate models, one 
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built using an external bellows surrogate and another derived from image similarity. Previous 

works have developed methods to estimate 3D motion using 2D images and motion derived from 

initial four-dimensional (4D) treatment planning images.38-40 Our work enables the model to be 

checked with each newly acquired image, and allows the model to be dynamically updated to 

accommodate changes in breathing patterns.41 

1.5.3 Motion prediction 

We develop a novel image regression (IR) motion prediction method to overcome gating 

latencies and improve deformable registration based target tracking during magnetic resonance 

image guided radiotherapy. The IR method exploits the rich image intensity information 

available during real-time MRI by predicting motion with a weighted combination of previously 

observed motion states using image similarity derived weights. The IR method bears some 

similarities to a previously published method developed for predicting the position of an external 

fiducial marker, and was inspired by a manifold learning technique known as locally linear 

embedding (LLE).42-45 One benefit of the proposed method over previously published methods is 

that there is little to no additional computational cost associated with predicting the motion 

across entire image compared to predicting the motion of the target alone. We report the first 

evaluation of using motion prediction to initialize deformable image registration to speed up and 

improve the accuracy of registration compared to current clinical initialization methods. We also 

combine our IR motion prediction method with the image similarity motion model to provide 

volumetric motion predictions. Additionally, because motion predictions are not always accurate, 

we develop a novel methodology to evaluate prediction confidence. This framework could 
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enable predicted gating decisions to be overridden when the prediction is uncertain to ensure the 

target will be in the correct position before irradiation.  

1.6 Overview and specific aims 

The goal of this dissertation is twofold, to evaluate clinical parameters relevant to intra-

fraction motion management for a commercially available MRI-guided radiation therapy 

machine and to develop novel intra-fraction motion management techniques to overcome 

limitations of the current technology. The individual specific aims are as follows: 

1. Evaluate the current MRI-guided image based gating accuracy of the clinically available 

ViewRay MRIdian system, specifically evaluating the geometric image distortion and 

dosimetric accuracy of the image-based gating algorithm. 

2. Develop a motion model based method to enable pulse sequences that require significant 

time delays between image acquisitions to be used for radiotherapy gating. 

3. Develop a method to estimate tumor motion across multiple slice positions in real-time to 

inform radiotherapy gating and enhance target visualization. 

4. Develop a temporal motion prediction method for MRI-guided radiotherapy to overcome 

system latencies and enhance deformable registration based target tracking. Develop an 

accompanying framework to evaluate prediction confidence to determine when 

predictions are likely to be inaccurate and should not be trusted. 

Chapter 2 and Chapter 3 address specific aim (SA)1, evaluating the geometric image distortion 

and dosimetric accuracy of the image-based gating algorithm respectively using phantom studies. 

Chapter 4 addresses SA2 proposing the use of a motion model and external respiratory bellows 

surrogate to allow pulse sequences that require significant delays between image acquisitions to 
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be used for radiotherapy gating. Chapter 5 proposes two solutions to SA3 by expanding the 

model described in Chapter 4 across multiple slice positions and introducing an image 

similarity-based multi-slice motion model to provide volumetric motion information for 

radiotherapy gating. Chapter 6 provides a solution for SA4 by developing a novel motion 

prediction method derived from image similarity. Chapter 7 combines the image similarity-

based multi-slice motion model and prediction method developed in Chapter 5 and Chapter 6 

respectively to generate volumetric motion predictions. A prediction confidence estimation 

framework is developed in Chapter 8 to accompany the prediction method described in 

Chapter 6 to determine when the predictions are likely to be inaccurate and should not be 

trusted.  
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 CHARACTERIZATION OF SPATIAL DISTORTION  

IN A 0.35 T MRI-GUIDED RADIOTHERAPY SYSTEM 

2.1 Introduction 

2.1.1 Background 

On-line magnetic resonance imaging guidance for radiation therapy provides a number of 

potential benefits including excellent soft tissue contrast for precise alignment, target tracking for 

respiratory and cardiac motion compensation,46-48 monitoring of tumor progression or regression 

and normal tissue response with on-board functional imaging,49-51 and treatment plan 

adaptation.52 However, inhomogeneities in the magnetic field due to imperfect shimming, eddy 

currents and non-linear gradients will adversely affect the scanner’s spatial integrity resulting in 

reduced targeting accuracy and potentially reducing dose calculation accuracy.53,54 Additionally, 

patient-specific image distortion may also arise from spin populations characterized by different 

chemical shifts and magnetic susceptibility effects.55,56 Unfortunately, phantom studies cannot 

perfectly replicate the magnetic susceptibility and chemical shift effects present in patient 

anatomy, but they can assess compromised spatial distortion due to field inhomogeneity, eddy 

currents and non-linear gradients. This work evaluates the net distortion resulting from these 

effects, but does not measure their contributions independently. 

2.1.2 Components of spatial distortion 

Magnetic resonance imaging assumes a homogeneous primary magnetic field 𝐵0 and 

linearly spatially varying gradient magnetic fields 𝐺. Magnetic field homogeneity is finely tuned 

using both ferromagnetic passive shimming and active coil shimming methods, and gradient 



11 

 

coils are designed to create linearly spatially varying magnetic fields.57 However, the magnetic 

field is not perfectly homogeneous due to imperfect shimming and eddy currents.58 Furthermore, 

introduction of objects into the primary field cause magnetic field variations due to magnetic 

susceptibility. The magnitude of the resulting magnetic field is  

 𝐵 = (1 − 𝜒)𝐵0   (2.1) 

 

where 𝜒 is the magnetic susceptibility of the material and 𝐵0 is the magnetic field strength in 

absence of the material. In the frequency encoding direction, the deviation between the expected 

and actual magnetic field results in an apparent shift of the object 𝑑𝑥 in the image  

 𝑑𝑥 =
𝑑𝐵0

𝐺
   (2.2) 

 

where 𝑑𝐵0 is the magnitude of the field strength deviation and 𝐺 is the gradient field strength. 

Unfortunately, gradient magnetic fields are not perfectly linear, and typically deviate most 

significantly from the desired profile near the periphery of the MRI.59 In the case of a linear 

gradient error 𝑑𝐺 along the frequency direction, positioning error can be approximated by 

 𝑑𝑥 = 𝑥
𝑑𝐺

𝐺
   (2.3) 

 

where 𝑥 is the distance of the object from isocenter.59 Although great efforts have been dedicated 

to developing MRI technology, residual field inhomogeneity and gradient errors persist. 

2.1.3 Study overview 

The authors present a comprehensive phantom-based spatial distortion assessment of 

images produced by the MRIdian MRI-guided radiotherapy system (ViewRay, Inc., Oakwood 

Village, OH). Three dimensional spatial distortion was assessed using a commercially-available 
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phantom containing a 3D matrix of spheres produced by Integrated Medical Technologies (Troy, 

NY). Volumetric image sets of the phantom were acquired using the two most commonly used 

clinical protocols on the system. The locations of the spheres were obtained using custom 

software and compared to the ground-truth locations of the spheres based on the phantom 

specifications and computed tomography (CT) scans. The difference between the position found 

by the software and the ground truth location provides a metric to assess the spatial distortion of 

the scanner. In a similar manner, the distortions present in a single plane (2D) real-time imaging 

protocol were evaluated using a commercially-available 2D spatial integrity phantom containing 

a single grid of contrast-filled cylinders manufactured according to AAPM recommendations.27 

Our results expand upon work previously published by others which evaluated the scanner’s 

spatial distortion at 26 discrete locations on the surface of a 200 mm and 350 mm diameter 

sphere.29 Our evaluation informs considerations of the accuracy of patient alignment, tumor 

tracking, and dose calculations used for MRI-guided adaptive radiotherapy. The 3D distortion 

analysis results were compared to results from the 2D spatial integrity phantom and analysis 

software provided by ViewRay Inc. for periodic machine quality assurance. Tolerances and 

regions of interest analyzed in this work should be viewed in the context of typical treatments at 

our institution as well as professional society recommendations.  The report of the American 

Association of Physicists in Medicine Task Group on Linear Accelerator Quality Assurance 

(TG-142) recommends image distortion and imaging-to-radiation isocenter coincidence of 1 mm 

for image-guided stereotactic body radiotherapy (SBRT) and stereotactic radiotherapy (SRS) 

treatments, and 2 mm for non-SRS/SBRT treatments. This evaluation should be viewed in the 

context of typical target sizes, locations with respect to isocenter, and planning target volume 
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(PTV) margins used in MRI-guided radiotherapy. For example, in 10 consecutive patients 

recently treated on the MRIdian at our institution, median tumor longest axis length was 50 mm 

(range: 24-140 mm) and median distance from center of the tumor to machine isocenter was 21 

mm (range: 2-49 mm). The median PTV margin used was 4 mm (range: 3-10 mm). 7 of the 10 

patients were treated with SBRT, and 7 with image-based gating.  

2.2 Materials and methods 

Distortion measurements are obtained by acquiring images of the 3D and 2D distortion 

phantoms (subsection 2.2.3), localizing the markers in the phantoms using custom software 

(subsections 2.2.4 and 2.2.5), and evaluating the difference between the measured location and 

the ground truth location of each marker (subsection 2.2.6). Additionally, we estimate 

measurement uncertainty due to noise and finite voxel size, phantom-specific susceptibility 

artifacts, and phantom construction (subsections 2.2.7-2.2.9).  Subsections 2.2.1 and 2.2.2 

describe the MRIdian device and the phantoms used, respectively. 

2.2.1 MRIdian system 

The MRIdian system combines a 0.35 T split bore scanner with a radiation therapy gantry 

using three cobalt-60 sources.25 The magnet was designed by ViewRay and produced by Agilent 

Technologies (Santa Clara, CA) for the first 3 devices including the one studied in this 

manuscript, and subsequently by Japan Superconductor Technology, Inc. (Kobe, Japan). The 

gradient coil was designed by ViewRay and manufactured by Tesla Engineering (Storrington, 
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United Kingdom). The scanner control software, reconstruction software, and radiofrequency 

coils and amplifiers were supplied by Siemens Medical Systems (Erlangen, Germany).a) 

The MRIdian provides 21 clinical imaging protocols for 3D images and 9 protocols for 

2D real-time imaging. All clinical protocols utilize the manufacturer provided balanced steady 

state free precession sequence (bSSFP), with various combinations of field of view (FOV), slice 

thickness, and other acquisition parameters that yield different signal to noise ratios (SNR), with 

the exception of a single gradient echo sequence protocol with a very small FOV which is not 

used clinically at our institution. Real-time imaging is performed in a single sagittal plane at 4 

frames per second. Sagittal planes with lateral separation up to +/- 270 mm from isocenter can be 

imaged. 

2.2.2 Spatial integrity phantoms 

The commercially available 3D spatial integrity phantom has been described in detail 

elsewhere60 and its construction is summarized here. The phantom contains a grid of hollow 

spheres embedded in an acrylic substrate. The phantom was constructed from 9 stacked acrylic 

plates each with 513 spheres arranged in a single plane. The 8 mm diameter hollow spheres are 

connected in a matrix with hollow tubes, and are located 16 mm apart. Viewed in axial cross-

section, there are 21 horizontal rows of spheres with varying numbers of spheres in each row as 

shown in Figure 2.1. 

                                                 

a) Private communication with ViewRay Engineer 
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Figure 2.1: A diagram of the three-dimensional spatial integrity phantom produced by Integrated Medical 

Technologies: (a) the spheres (dots) and connecting rods passing through the phantom, (b) the acrylic plates stacked 

together forming the matrix of spheres, and (c) a small subsection of the sphere markers. 

The nominal width precision of the acrylic plates was 0.1 mm. The spheres and connecting rods 

were carved out of the acrylic plates using a numerical control machine, with a nominal precision 

of 0.025 mm in each of the three dimensions.60 The matrix was filled with 0.4 mM NiCl aqueous 

solution that results in a field inhomogeneity of 0.85 ppm due to its molar magnetic susceptibility 

of 6145 × 10-6 cm3/mol.60  The presence of air bubbles in the phantom was noted by Huang et al, 

potentially reducing the accuracy of sphere localization. In order to minimize bubbles, the matrix 

was filled by joining and sealing the plates in an acrylic superstructure while entirely submerged 

in NiCl solution. Additionally, the manufacturer increased the diameter of the spheres from 7 

mm (as in Huang et al) to the present value of 8 mm. The sphere located in the center row, slice 

and column was aligned to isocenter. This sphere served as the reference location to calculate the 

ground truth sphere positions. Using this alignment of the phantom, the most distal spheres from 

isocenter along each anatomical axis were +/- 64 mm in the inferior-superior direction, +/- 160 

mm in the anterior-posterior direction and +/- 208 mm laterally.  
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The two dimensional spatial integrity phantom was manufactured by Fluke Biomedical 

(Everett, WA). This phantom contains a single plane of cylinders carved out of a sheet of acrylic 

and submerged in an approximately 18.02 mM CuSO4 aqueous contrast agent characterized by a 

magnetic susceptibility of 1460 × 10-6 cm3/mol.61 The phantom contains a 288 mm by 288 mm 

grid of 397 cylinders spaced approximately 14.5 mm apart with a diameter of approximately 13 

mm and depth of about 25 mm. The 397 cylinders form a 20 x 20 cylinder grid, with one 

cylinder “missing” in the 8th, 9th and 13th rows of the phantom. The phantom was manufactured 

to meet AAPM specifications for periodic MRI quality assurance.27 

2.2.3 Data acquisition 

The 3D spatial integrity phantom was imaged with the two 3D image protocols which are 

most commonly used at our institution. Imaging was repeated at five gantry angles: 0, 30, 60, 90 

and 120 degrees. The gantry angle was varied because the magnetically susceptible materials in 

the gantry are not uniformly distributed and may affect the field homogeneity and thus spatial 

integrity of the scanner. Table 2.1 reports relevant acquisition parameters and the simulated 

readout gradient amplitude for each scanning protocol. 

Table 2.1: The acquisition parameters and simulated readout gradient amplitude for two clinical bSSFP protocols 

commonly used at our institution for MR-guided radiotherapy. 

Slice 

Thickness 

(mm) 

Resolution 

(mm) 

In-

plane 

Field of 

View 

(mm) 

Slice 

Field of 

View 

(mm) 

Echo 

Time 

(ms) 

Repetition 

Time 

(ms) 

Bandwidth 

(Hz/Px) 

Flip 

Angle 

(degrees) 

Readout 

Gradient 

Amplitude 

(mT/m) 

1.5 1.5 x 1.5 
500 x 

450 
432 1.45 3.37 535 60 8.39 

3.0 1.5 x 1.5 
500 x 

450 
432 1.27 3.00 599 60 9.40 
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Both protocols implement phase and slice partial Fourier techniques, and the 3 mm 

reconstruction slice thickness scan implements GRAPPA parallel imaging62 to shorten the 

acquisition duration of the scans. The 3 mm reconstructed slice thickness image requires 25 

seconds to acquire and is most commonly used clinically for breath hold imaging of anatomic 

locations subject to respiratory motion. The 1.5 mm reconstructed slice thickness image is 

acquired for 172 s and is used for anatomic locations not subject to respiratory motion. The 

gradient corrections provided by Siemens were applied for both protocols to minimize image 

distortions during image reconstruction. 

Real-time imaging sequences were evaluated using the 2D spatial integrity phantom 

aligned with the sagittal cardinal axis. Relevant acquisition parameters for the three real-time 

imaging protocols used in this study are summarized in Error! Reference source not found..  

Table 2.2: The acquisition parameters and simulated readout gradient amplitude for three clinical real-time bSSFP 

protocols commonly used at our institution for MR-guided radiotherapy. 

Slice 

Thickness 

(mm) 

Resolution 

(mm) 

Field of 

View 

(mm) 

Echo 

Time 

(ms) 

Repetition 

Time 

 (ms) 

Bandwidth 

(Hz/Px) 

Flip 

Angle 

(degrees) 

Readout 

Gradient 

Amplitude 

(mT/m) 

5.0 3.5 x 3.5 
350 x 

350 
1.09 2.49 1000 60 6.71 

7.0 3.5 x 3.5 
350 x 

350 
0.91 2.10 1351 60 9.07 

10.0 3.5 x 3.5 
350 x 

350 
0.86 2.01 1515 60 10.17 

 

All 2D imaging protocols also use GRAPPA parallel imaging and phase partial Fourier 

techniques to accelerate the image acquisition. Off-median sagittal planes that do not intersect 

isocenter may be used during treatments to track off-isocenter targets, therefore scans were 

conducted shifting the phantom in 9 mm intervals to +/- 99 mm laterally. For each acquisition, 
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100 preparation images were acquired to ensure the magnetization reached steady state 

conditions prior to acquiring 40 test images. These 40 images were averaged to form a single 

image during the analysis process in order to reduce noise. 

2.2.4 Phantom marker localization – 3D images 

The spheres were localized in the phantom images using a template matching approach. 

A spherical template model was stepped within the images to find the locations of local 

maximum normalized correlation coefficients.63 The 3.0 mm reconstructed slice thickness 

images were linearly interpolated to construct a 3D dataset with 1.5 mm reconstructed slice 

thicknesses. Each phantom marker was only considered localized if the correlation coefficient 

exceeded a pre-determined threshold. Thresholding prevented image noise from being identified 

as a sphere. Thresholding also had the effect of omitting spheres located in an image artifact such 

as banding or blurring (see arrows in Figure 2.2Error! Reference source not found.).  

  
   (a)          (b) 

Figure 2.2: The center slice of the 3D phantom showing (a) only the raw image and (b) the result of the 2D deviation 

analysis with the gantry at 0 degrees, using the 1.5 mm reconstructed slice thickness scan with blue circles showing 

the different analysis regions. Omitted spheres in the regions with artifacts, indicated by arrows in (a), are not 
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included in the analysis as shown along the periphery of the phantom. Only sphere locations determined within the 

analysis regions are shown. Ground-truth locations are represented as white ‘+’ symbols, found sphere locations are 

shown as green squares if their 2D deviation is less than a 1 mm tolerance or as a red ‘x’ symbols if they fail.  

Correlation coefficient thresholds of 0.75 and 0.70 were used for the 1.5 mm and 3.0 mm 

reconstructed slice thickness images, respectively. These values struck the best balance between 

omitting spheres in regions of artifacts while retaining the spheres not in these locations. Any 

spheres in these regions remaining in the analysis were then manually removed. To improve 

computational efficiency, an individual search sub-volume was defined for each sphere, 

searching 6 mm in each direction from the calculated ground-truth sphere location. It was 

visually verified that all the spheres in the phantom were within the bounds of the search regions. 

After template matching localized spheres to the nearest 1.5x1.5x1.5 mm voxel, images were up-

sampled by a factor of 3 using cubic interpolation in a region of interest (ROI) about the sphere, 

and template matching was repeated in that ROI to refine the sphere position. Finally, the sphere 

position was further refined to be the center of mass position of each sphere’s up-sampled voxels 

weighted by the MRI signal. This calculation used all adjacent voxels within a 12 mm sided 

cubic ROI about the position found using template matching. For spheres located near the wall of 

the phantom a 8 mm sided cubic ROI was used to calculate their final position to avoid signal in 

the adjacent wall. This smaller cubic ROI was also used for the 7 centermost spheres in the 

phantom to avoid a phantom imperfection that resulted in a consistent signal artifact located 

between the spheres. 

 In order to correct for imperfect phantom alignment, a rotational and translational 

correction was performed using Procrustes method.64 Field homogeneity is expected to decease 

further from isocenter and at locations away from the central cardinal planes. Only spheres lying 
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on the centermost axial, sagittal and coronal planes were used to align the phantom with the 

ground truth positions as shown in Figure 2.3.  

 

Figure 2.3: The found positions (blue ‘o’) and expected sphere locations (red ‘+’) in the planes used for alignment 

correction. 

The transformation extracted from Procrustes method using these spheres was applied to all 

sphere positions. 
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2.2.5 Phantom marker localization – real-time images 

The real-time images were analyzed using a similar process to the methods described 

above for 3D images. Because of the low native resolution of the real-time imaging protocol, 

images were up-sampled by a factor of seven to improve cylinder localization accuracy through 

template matching. Cylinder locations were not refined using a center of mass approach because 

the space between adjacent cylinders was smaller than the image pixel spacing. A correlation 

threshold was applied to avoid including cylinders found in regions of severe blurring or signal 

loss when the phantom was shifted far from isocenter (see arrow in Figure 2.4).  

  
(a)      (b) 

Figure 2.4: Averaged image of the 2D planar phantom shifted 72 mm from isocenter. (a) The raw image, cylinders 

within regions of “blurred” signal or signal losses are marked by the red arrows and were omitted from the analysis. 

Two of the three analysis regions are shown by the blue circles. (b) The found cylinder positions are shown as green 

squares if they pass the specified deviation tolerance in that analysis region, and red ‘x’ markers if they fail. The 

tolerances used in this evaluation were 1 mm and 2 mm for the inner and outer regions respectively, the known 

locations are shown as white ‘+’ symbols. 
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This correlation threshold was empirically selected to be 0.65 and any remaining cylinders 

severely affected by these signal abnormalities were manually removed. To correct for any 

misalignment or rotation of the phantom, Procrustes method was implemented to minimize any 

global offset between the found and known locations. 

2.2.6 Spatial distortion analysis 

To evaluate image deformation, the sphere locations determined by the software were 

compared to the ground-truth location of the spheres. Ground truth locations were calculated 

according to the phantom specifications and updated by computed tomography scans of the 

phantoms as described below. Distortion was analyzed in regions of interest of 50 mm, 100 mm, 

and 175 mm about the isocenter, as well as in the entire 3D phantom. The longitudinal slab 

thickness of the 3D phantom was 128 mm; thus only the ROI of 50 mm radius constituted a 

sphere. Within each ROI, distortion was quantified by the mean value, maximum value, and 

percent passing a specified threshold of 1 or 2 mm. For the 3D images, both 3D distortion and 

2D distortion in the axial plane were quantified. For the real-time images, 2D distortion in the 

sagittal plane was quantified.   

2.2.7 Measurement uncertainty estimate 

At least 3 factors may affect the accuracy of our results: sphere localization uncertainty 

due to finite voxel size and/or image noise, inaccuracy in phantom construction, and 

susceptibility artifacts in the phantom images. Susceptibility artifacts are true image distortions, 

but susceptibility distortions in the phantom are treated as measurement uncertainty because the 

susceptibility distortions in the phantom are not likely representative of patient-specific 

susceptibility distortions. 
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The combination of localization uncertainty and construction uncertainty was estimated 

by measuring the distances between the sphere aligned to isocenter and the surrounding six 

spheres. The root-mean-square deviation of distances was multiplied by 
√3

√2
 to account for the fact 

that each distance measurement combines 3 spatial dimensions and localization of 2 spheres. 

Only the central 7 spheres were used because highest field homogeneity and lowest image 

distortion are expected at the image isocenter. 

The effect of image noise was quantified by comparing sphere locations in a repeated 

scan. 

2.2.8 Measurement uncertainty estimate – susceptibility artifacts 

To determine the magnitude of susceptibility effects, two scans were acquired of the 3D 

phantom with reversed gradient polarity. When the gradients are reversed, distortion artifacts 

resulting from magnetic susceptibility will occur in the reversed direction.65 The difference 

between locations of the spheres found in these two scans provides an estimate of the severity of 

magnetic susceptibility effects for our phantom. 

2.2.9 Measurement uncertainty estimate – phantom CT scans 

To evaluate the accuracy of phantom construction, CT images of both phantoms were 

acquired using a Siemens SOMATOM Definition AS 64. Because of the large size of the 3D 

spatial integrity phantom, the images were acquired with the phantom rotated 90 degrees 

(aligned along the sagittal plane) to reduce the attenuation of the beam and thereby prevent 

photon-starvation artifacts and reduce noise. The 2D planar phantom is smaller in length and 

cross section and was aligned with the axial plane for imaging. The 3D phantom was imaged at a 
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0.78 x 0.78 mm resolution, 1 mm slice thickness, with a 140 kVp and 575 effective mAs, the 

largest effective mAs allowed by the scanner for an object of that length. The 2D phantom was 

imaged with a 0.98x0.98 mm resolution, 3 mm slice thickness, 140 kVp and 1400 effective mAs. 

The locations of the spheres in the 3D phantom, and cylinders in the 2D phantom were 

determined using the analysis software. Because of the reduced contrast between the plastic and 

aqueous solution in the CT images, the weighted sum localization method was not implemented. 

The spheres in the 3D spatial integrity phantom were located via template matching, upscaling 

the images by a factor of three. Similarly, the cylinders in the 2D phantom were localized using 

the template matching approach, up-sampling the image by a factor of seven. Correlation 

thresholding was not implemented to remove spheres from the analysis of the CT images. 

However, some spheres contained air pockets that shifted the found location of the sphere away 

from its position in the image. These spheres were manually removed and omitted from the 

analysis. The same rotation and translation correction method applied during the MRI analyses 

were implemented for these scans, and the same analysis metrics were computed for the CT 

analyses. The deviation between the found locations and expected locations reflects both 

uncertainties localizing the spheres and cylinders in the CT images, as well as the imperfections 

of phantom construction. The CT of each phantom was also used to update the assumed spacing 

between the spheres and cylinders to construct the ground truth locations of the markers in 

subsequent analyses. Motivated by an observed linear trend in the CT-measured deviations, a 

systematic offset to the nominal inter-marker distance was determined using an iterative 

minimization of the global average CT-measured deviation. 
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2.3 Results 

2.3.1 Spatial distortion analysis – 3D images 

Table 2.3 provides summary metrics of spatial distortion measurements. Sphere 

localization uncertainty corresponding to these measurements was estimated to be 0.07 mm in 

the 1.5 mm reconstructed slice thickness images, and 0.28 mm in the 3 mm reconstructed slice 

thickness images according to deviation from expected distance between the seven centermost 

spheres. Localization error due to noise, phantom-specific susceptibility effects and phantom 

construction imperfections were approximately 0.07 mm, 0.11 mm and 0.28 mm respectively for 

the 1.5 mm reconstructed slice thickness scan (see sections 2.3.3-2.3.6 for more detail). 

Table 2.3: The average and maximum deviation in two and three dimensions for the spheres within a 50 mm, 100 

mm and 175 mm radius of isocenter and entire volume for two clinical scanning protocols. The passing rates for the 

spheres with less than 1 mm deviation within 50 mm of the center of the phantom, less than 1 mm deviation within a 

100 mm radius of isocenter, less than 1 mm and 2 mm deviation within 175 mm of isocenter, and less than 2 mm 

deviation for all spheres in the phantom. 

Reconstruction 

Slice thickness 

(mm) 

ROI 

Radius 

(mm) 

Percent Passing Deviation Threshold Average Deviation Maximum Deviation 

Tolerance 

(mm) 

2D 

(%) 

3D 

(%) 

2D 

(mm) 

3D 

(mm) 

2D 

(mm) 

3D 

(mm) 

1.5 

50 1 100 100 0.24 0.28 0.73 0.76 

100 1 99.9 99.9 0.33 0.37 1.14 1.15 

175 1 95.6 94.8 0.45 0.49 1.85 1.88 

175 2 100 100 0.45 0.49 1.85 1.88 

All 2 96.9 96.1 0.64 0.72 7.33 7.35 

3.0 

50 1 100 99.8 0.31 0.37 0.84 0.89 

100 1 99.5 99.1 0.39 0.43 1.17 1.22 

175 1 94.3 92.7 0.50 0.55 1.97 1.98 

175 2 96.5 95.6 0.50 0.55 1.97 1.98 

All 2 96.5 95.6 0.69 0.79 8.12 8.13 
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All the spheres inside the 175 mm radius region of interest were localized, passing the 

correlation threshold for each scanning protocol. The deviation between the scans acquired at 

different gantry angles was small (median: < 0.1 mm), and the values reported above are the 

average values across these scans. A series of five scans were acquired using each 3D imaging 

protocol while varying the gantry position to determine its effect on spatial distortion. The scans 

were conducted with the gantry positioned at 0, 30, 60, 90 and 120 degrees. The standard 

deviation of each found sphere location from the average location of the sphere was calculated to 

determine the variation in spatial distortion. Figure 2.5 and Figure 2.6 show this metric as a 

function of the sphere’s distance from isocenter for the 3.0 mm reconstructed slice thickness scan 

and 1.5 mm reconstructed slice thickness scan respectively. 
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Figure 2.5: The standard deviation of each sphere from the average location across all gantry angles using the 3.0 

mm reconstructed slice thickness protocol. The whiskers show the maximum and minimum data for each bin, the 

red line indicates the median deviation in each bin, and the edges of the box mark the bounds of the 25th and 75th 

percentiles of the spheres. 
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Figure 2.6: The standard deviation of each sphere from the average location across all gantry angles using the 1.5 

mm reconstructed slice thickness protocol. The whiskers show the maximum and minimum data for each bin, the 

red line indicates the median deviation in each bin, and the edges of the box mark the bounds of the 25 th and 75th 

percentiles of the spheres. 

The median standard deviation from the average location for all spheres was determined to be 

0.03 mm and 0.05 mm for the 1.5 mm and 3.0 mm reconstructed slice thickness scans 

respectively. 

Figure 2.7 and Figure 2.8(a) shows the measured 2D and 3D distortion, respectively, in 

the entire phantom as a function of 2D and 3D radius from the central axis and isocenter, 

respectively, for the 1.5 mm reconstructed slice thickness image with the gantry positioned at 0 
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degrees. Figure 2.8(b) shows the 3D image distortion in the centermost axial plane with the 

gantry positioned at 0 degrees using the 1.5 mm slice thickness scan. This deformation field map 

was calculated by linearly interpolating the measured distortion at locations lying between the 

sphere markers. 

 

Figure 2.7: The 2D deviation in the axial plane between the ground-truth and sphere locations found by the analysis 

software using the 1.5 mm reconstructed slice thickness scan with the gantry at 0 degrees. The data are grouped into 

20 mm bins as a function of their distance from the central longitudinal axis. The red line demarks the median 

deviation in each bin, the edges of the box mark the bounds of the 25th and 75th percentiles and the whiskers show 

the maximum and minimum data for each bin. 
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(a) (b) 

Figure 2.8: (a) The 3D deviation between the ground-truth and sphere locations found by the analysis software 

using the 1.5 mm reconstructed slice thickness scan with the gantry at 0 degrees. The data are grouped into 20 mm 

bins as a function of their distance from isocenter. The red line demarks the median deviation in each bin, the edges 

of the box mark the bounds of the 25th and 75th percentiles and the whiskers show the maximum and minimum data 

for each bin. The uppermost bin contains only two data points. (b) The 3D deformation field map of the centermost 

axial slice of the 3D spatial integrity phantom. Imaging was conducted using the 1.5 mm reconstruction slice 

thickness protocol with the gantry positioned at 0 degrees. 

The average 2D deviations within 50 mm, 100 mm and 175 mm of the central axis across all 

gantry angles were 0.34 mm, 0.36 mm and 0.46 mm using the 1.5 mm scan, and found to be 0.40 

mm, 0.41 mm and 0.51 mm respectively for the 3.0 mm scan. As expected from considerations 

of magnetic field homogeneity, spatial distortion worsens with increasing distance from the 

isocenter. Of the entire phantom, 98.1% of spheres were localized in the 1.5 mm reconstructed 

slice thickness image and 98.1% of spheres were localized in the 3 mm reconstructed slice 

thickness image. Sphere localization failures occurred where the spheres were obscured by 

image artifacts at the edge of the image field of view (indicated in Figure 2.2).   
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2.3.2 Spatial distortion analysis – real-time images 

Distortion measurements of the 2D phantom in the real-time images using the 5 mm slice 

thickness protocol are summarized in Table 2.4.  

Table 2.4: The average and maximum deviation in the three analysis regions and the entire volume along with the 

percent of cylinders with a deviation smaller than the specified tolerance using the real-time imaging protocol and 

2D spatial integrity phantom. 

Slice 

thickness 

(mm) 

ROI 

Radius 

(mm) 

Percent Passing Deviation Threshold Average Deviation Maximum Deviation 

Tolerance 

(mm) 

2D 

(%) 

2D 

(mm) 

2D 

(mm) 

5.0 

50 1 98.1 0.52 1.10 

100 1 95.0 0.51 1.67 

175 1 74.2 0.79 4.15 

175 2 96.8 0.79 4.15 

All 2 96.3 0.83 4.15 

 

Distortion in all 2D images with lateral shifts up to +/- 99 mm was analyzed as a single 

dataset in terms of ROIs defined by 3D distance to isocenter. The deviation of the cylinders from 

their expected positions acquired across all lateral shifts is shown as a function of distance from 

isocenter in Figure 2.9(a). The average deviation for all cylinders was found to be 0.83 mm. An 

example 40-image average of the 2D phantom along with the cylinder found and ground truth 

locations is shown in Figure 2.4. The corresponding 2D deformation field map for this scan is 

shown in Figure 2.9(b) and was calculated by linearly interpolating the measured distortion at 

positions falling in between the cylindrical markers. 
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(a) (b) 

Figure 2.9: (a) The 2D deviation of cylinders from their expected location with respect to their distance from 

isocenter using the 5 mm slice thickness real-time imaging protocol and 2D spatial integrity phantom acquired 

across all lateral shift locations. The whiskers show the maximum and minimum data for each bin, the red line 

indicates the median deviation in each bin, and the edges of the box mark the bounds of the 25th and 75th percentiles 

of the cylinders. The final bin contains two data points, thus the boundaries of this bin correspond to these values. 

(b) The 2D deformation field map for the 2D spatial integrity phantom shifted 72 mm from isocenter, using the 

average of 40 images acquired with the 5 mm slice thickness real-time imaging protocol. 

Scans were conducted using two additional clinical real-time imaging protocols, one with 

a 7 mm slice thickness and another with a 10 mm slice thickness, shifting the 2D spatial integrity 

phantom to +/- 99 mm laterally in 9 mm  increments. The spatial distortion analysis statistics 

were computed for these two clinical real-time imaging protocols and are reported below in 

Table 2.5. 

Table 2.5: The average and maximum deviation in the three analysis regions and the entire volume along with the 

percent of cylinders with a deviation smaller than the specified tolerance using two real-time imaging protocols and 

the 2D spatial integrity phantom. 

Slice 

thickness 

(mm) 

ROI 

Radius 

(mm) 

Percent Passing Deviation Threshold Average Deviation Maximum Deviation 

Tolerance 2D 2D 2D 
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(mm) (%) (mm) (mm) 

7.0 

50 1 98.2 0.52 1.07 

100 1 93.4 0.53 1.59 

175 1 70.8 0.83 4.09 

175 2 96.6 0.83 4.09 

All 2 96.1 0.86 4.09 

10.0 

50 1 100 0.44 0.96 

100 1 96.1 0.48 1.65 

175 1 73.3 0.81 3.90 

175 2 96.2 0.81 3.90 

All 2 95.7 0.85 3.90 

 

The 2D deviation of the cylinders from their expected locations as a function of distance from 

isocenter for the 7 mm slice thickness an 10 mm slice thickness protocols are shown below in 

Figure 2.10 and Figure 2.11.  
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Figure 2.10: The 2D deviation of cylinders from their expected location with respect to their distance from isocenter 

using the 7 mm slice thickness real-time imaging protocol and the 2D spatial integrity phantom. The whiskers show 

the maximum and minimum data for each bin, the red line indicates the median deviation in each bin, and the edges 

of the box mark the bounds of the 25th and 75th percentiles of the cylinders. The final bin contains two data points, 

thus the boundaries of this bin correspond to these values. 
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Figure 2.11: The 2D deviation of cylinders from their expected location with respect to their distance from isocenter 

using the 10 mm slice thickness real-time imaging protocol and the 2D spatial integrity phantom. The whiskers 

show the maximum and minimum data for each bin, the red line indicates the median deviation in each bin, and the 

edges of the box mark the bounds of the 25th and 75th percentiles of the cylinders. The final bin contains two data 

points, thus the boundaries of this bin correspond to these values. 

2.3.3 Measurement uncertainty estimate 

The root-mean-square measured distances between the central sphere and six adjacent 

spheres yielded a combined construction accuracy and localization accuracy of 0.07 mm and 

0.28 mm for the 1.5 mm and 3.0 mm reconstructed slice thickness images, respectively. The 
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average 3D deviation between a pair of scans repeated using the 1.5 mm reconstructed slice 

thickness protocol, indicating the uncertainty contribution due to image noise, was 0.07 mm over 

the entire phantom volume. 

2.3.4 Measurement uncertainty estimate – susceptibility artifacts 

Uncertainties due to phantom-specific susceptibility-related distortion were taken to be 

half the average distance between locations of each marker in two scans acquired with opposite 

readout gradient polarities. The resulting uncertainties were 0.05 mm, 0.06 mm 0.08 mm and 

0.11 mm within ROI of 50 mm, 100 mm, 175 mm of isocenter and the entire volume, 

respectively.  

2.3.5 Measurement uncertainty estimate – phantom CT scans 

Analysis of the CT images of the 3D spatial integrity phantom revealed that the deviation 

between the measured and nominal locations increased as a function of distance from isocenter. 

Although this is a feature that might be expected in MR images due to decreased field 

homogeneity further from isocenter, this result was not expected in CT images. This trend was 

removed by iteratively changing the assumed distance between the spheres along each dimension 

until the average deviation reached a minimum. Although phantom specifications state that the 

spacing between the spheres should be 16.00 mm, this technique indicated an actual spacing of 

16.01 mm in the medial-lateral direction, 16.05 mm in the anterior-posterior direction and 16.08 

mm in the inferior-superior direction. These values were used for all MRI analyses. These 

systematic offsets are consistent with expected precision of the CNC milling process used for 

phantom construction60 as well as thermal expansion resulting from differences in ambient 

temperature between phantom construction and imaging. Using these values the average 3D 
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deviations in the CT scan of the phantom were found to be 0.20 mm, 0.22 mm, 0.24 mm within a 

50 mm, 100 mm and 175 mm radius of isocenter respectively. The average deviation for all 

spheres was 0.28 mm.  

When the CT analysis was performed for the 2D spatial integrity phantom, the deviation 

also increased as a function of distance from isocenter. This trend was removed using a spacing 

between the cylinders of 14.57 mm instead of 14.50 mm stated in the specifications. This value 

was used for both the CT analysis and all subsequent MR analyses of the 2D phantom. The 

analysis of the 2D spatial integrity phantom CT revealed the average deviation of the cylinders 

within 50 mm, 100 mm and 175 mm of isocenter and entire volume was 0.08 mm, 0.07 mm, 0.09 

mm and 0.09 mm respectively.            

2.4 Discussion 

Spatial distortion results in two distinct types of errors for MRI-guided radiation therapy. 

First, spatial distortion in the vicinity of the target results in targeting inaccuracy, both in initial 

positioning and in gating if applicable. Second, if the MRI is used for dose calculation then 

spatial distortion can result in dosimetric error. If electron density is inferred by bulk density 

assignment or using a deformably registered CT scan, distortions in the MRI images will yield an 

inaccurate mapping of the patient electron density. Our results indicate that 3D spatial distortion 

is sub-millimetric within 50 mm of isocenter, and slightly exceeds 1 mm for only less than 1% of 

spheres within 100 mm of isocenter when using the 1.5 mm reconstructed slice thickness scan. 

Measured distortion increased when using the 3.0 mm reconstructed slice thickness scan. 

Distortions present in images acquired using the real-time imaging sequence were less than 1 

mm for 98.1% and 95.0% of the cylinders within 50 mm and 100 mm of isocenter. The 
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uncertainty in sphere localization during the 3D analysis was estimated to be 0.07 mm and 0.28 

mm for the 1.5 mm and 3.0 mm reconstruction slice scans respectively. Localization error due to 

noise, phantom-specific susceptibility effects and phantom construction imperfections were 

approximately 0.07 mm, 0.11 mm and 0.28 mm respectively for the 1.5 mm reconstructed slice 

thickness scan.  

Spatial distortion arises from gradient non-linearity, main-field inhomogeneity, and eddy 

currents. Eddy currents and non-linear gradients potentially give rise to sequence-specific 

distortion, therefore a set of sequences representative of all the 3D and real-time 2D sequences 

available on the MRIdian for clinical use were analyzed. Spatial distortion in the clinical setting 

cannot be perfectly replicated with phantom measurements due to variations in shimming and the 

difference between the magnetic susceptibility and chemical shift effects present in the phantom 

compared to patient anatomy. Any residual inhomogeneity in the magnetic field following 

shimming will result in image distortions, but these effects are typically less severe than 

distortions caused by other effects such as gradient non-linearity.66 Additionally, B0 

inhomogeneities scale with field strength, thus the 0.35 T MRIdian is less susceptible to these 

effects compared to higher field strength scanners, where more advanced techniques such as real-

time shimming may be required.67,68 However, because of the split-bore magnet design of the 

MRIdian, with a 30 cm gap between magnets, field homogeneity is expected to be worse 

compared to a 0.35 T continuous cylindrical magnet. Susceptibility artifacts worsen with 

increasing field strength and are most pronounced at tissue air interfaces. Simulations have been 

conducted for a number of different regions within the body characterized by differing magnetic 

susceptibility properties. One study showed that the maximum distortion on a 0.5 T bore scanner 
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with 5 mT/m gradients was 0.57 mm due to susceptibility effects.56 This value does not directly 

describe the susceptibility effects that are encountered on the MRIdian because it is a 0.35 T 

split-bore scanner, but it may provide an estimate of the order of magnitude of the deformation 

encountered in the clinic in regions subject to severe susceptibility effects.  

Eddy currents may cause distortion, artifacts and signal losses in balanced steady state 

free precession sequences, the severity of which is dependent upon the gradient amplitude and 

waveform that vary depending on the pulse sequence and acquisition parameters. The balanced 

steady state free precession sequence is known to be susceptible to image artifacts and signal 

losses that result from eddy currents when the k-space acquisition is not linear. However, it has 

been shown that these effects can be largely minimized by acquiring k-space in sequential order 

or by paring the acquisition of k-space lines.69 The bSSFP sequences implemented for clinical 

scanning by the MRIdian utilize a linear acquisition of k-space. 

This work reports a more comprehensive assessment of the ViewRay MRIdian’s spatial 

distortion compared to previously published reports. Hu et al reported a valuable overall 

characterization of the MRIdian’s imaging performance, including some spatial distortion 

measurements. Their measurements were limited to 26 points the surface of 200 mm and 350 

mm diameter spheres for high resolution volumetric images, and 8 points on the perimeter of 

similarly sized circles in 3 isocenter-intersecting orthogonal planes for real-time cine images.29 

Our work evaluates image distortion throughout the volume of a 3D phantom with 4617 markers 

spaced 16 mm apart, and a 2D phantom with 397 markers spaced 14.5 mm apart shifted to 

numerous off-isocenter locations. Hu et al reported maximum distortions of 1 and 1.8 mm, 

respectively, on the smaller and larger spherical surfaces. Our maximum distortion 
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measurements over the same volumes were slightly larger (1.15 and 1.88 mm), which could 

result from the increased number of spatial points sampled. Importantly, the work of Hu et al did 

not report measurements in the region where the target will most likely be placed (i.e. within 50 

mm of isocenter). Additionally, Hu et al did not assess the effect of noise, phantom-specific 

susceptibility effects and phantom construction inaccuracies on image distortion measurements. 

The results of our software were cross checked against the results of a ViewRay-provided 

software in the transverse plane intersecting the isocenter. The ViewRay software analyzes 

distortion in high-resolution images of the 2D spatial integrity phantom. It is important to note 

that the ViewRay analysis software is not intended for use with (and does not work on) either 

real-time cine images, or images of the 3D spatial integrity phantom. The ViewRay analysis 

software yielded mean 2D spatial distortion in the transverse plane passing through isocenter of 

0.24 mm and 0.39 mm in circles of radius 100 mm and 175 mm, respectively. The corresponding 

values from our 3D phantom analysis were 0.23 mm and 0.39 mm, respectively, showing 

excellent agreement in the small region where the two analyses overlap.  

Our results may be useful to other clinics wishing to establish appropriate margins for 

their clinical MRI guided radiotherapy protocols. The observed level of distortion is small with 

respect to the 5 mm planning target volume (PTV) margins typically used for MRI guided 

stereotactic body radiotherapy (SBRT) in our clinic. American Association of Physicists in 

Medicine Task Group 142 recommends that geometric distortion in cone-beam CT image 

guidance be less than 1 mm for SBRT and no more than 2 mm for non-stereotactic treatments.70 

Weygand et al. recommended a limit of 1 mm of spatial distortion in the vicinity of the PTV and 

a looser tolerance further from the target.59 In our clinic, targets are generally kept within 50 mm 
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of isocenter, although they may occasionally be greater than 50 mm from isocenter due to the 

patient positioning limitations imposed by the presence of the 700 mm diameter bore of the 

MRIdian. Rarely if ever are targets treated greater than 100 mm from isocenter. Thus the effects 

of spatial distortion on targeting are safe with respect to PTV margins currently used but should 

be explicitly considered if PTV margins are further reduced below 5 mm. For considerations of 

dose calculation accuracy, 2D distortion at the edges of the patient volume is important because 

it could lead to inaccurate assignment of air-containing voxels as tissue, or vice-versa. 2D 

distortion ranges from 0.36 mm to 0.46 mm as distance from the central axis extends from 100 

mm to 175 mm in the 1.5 mm reconstruction slice images, comprising a typical range of patient 

body habitus in the axial plane. Considering that a Co-60 beam is attenuated approximate 3% per 

cm in water, this 2D distortion corresponds to a dose error of 0.11-0.14%.  

2.5 Conclusion 

The spatial distortion of images from a commercially-available 0.35 T MRI-guided 

radiation was measured using commercial phantoms and custom software developed for this 

purpose.b) Table 2.3, Table 2.4 and Table 2.5 should be referred to by the medical physicist in 

conjunction with the radiation oncologist to inform appropriate planning target volume (PTV) 

margins for MRI-guided radiotherapy with the MRIdian. Spatial distortion arising from field 

inhomogeneity, eddy currents and gradient non-linearity was sub-millimetric in the vicinity of 

the target using a 3D imaging protocol with a 1.5 mm reconstructed slice thickness, as long as 

                                                 

b) Publicly available at: https://github.com/johnginn 
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the target is within 50 mm of isocenter. Distortion within 100 mm of isocenter was less than 1 

mm for more than 99% of the phantom markers using the 3D imaging protocols. Maximum 

distortions in the 3D protocols were 0.89 mm, 1.22, and 1.98 mm within 50 mm, 100 mm, and 

175 mm radius from isocenter, respectively. Distortions in 2D were no greater than 1.10 mm 

within 50 mm of isocenter using the real-time imaging sequence used for gating during 

treatment. Observed levels of spatial distortion should be explicitly considered when using PTV 

margins of 3 mm or less or in the case of targets displaced from isocenter by more than 50 mm.  
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 DOSIMETRIC VALIDATION OF A MAGNETIC  

RESONANCE IMAGE GATED RADIOTHERAPY SYSTEM USING A MOTION 

PHANTOM AND RADIOCHROMIC FILM 

3.1 Introduction 

Radiation therapy provides an effective way to combat numerous types of cancer, 

improving both a patient’s quality and quantity of life. However, the effectiveness of a radiation 

treatment is limited by the accuracy and precision of the treatment’s delivery. One of the greatest 

challenges limiting the accurate and precise delivery of a treatment plan is patient motion arising 

from respiratory, cardiac and gastrointestinal peristaltic processes. Numerous respiratory motion 

management techniques have been developed,8 such as tumor tracking, 4D-CT based internal 

target volumes, and respiratory gating. Extensive clinical experience exists for respiratory gating 

performed using external surrogates16,17,71 and implanted fiducial markers.15,19,72 Surrogate-based 

tracking suffers from the fact that the relationship between the surrogate and the tumor position 

may vary in time.18,73,74 Implanted fiducials are associated with a small but non-negligible risk of 

injury, cannot be easily implanted in all anatomic locations subject to respiratory motion, may 

change position in the body over time, and cannot easily capture target deformation.75-78 

Magnetic resonance image (MRI) guided radiotherapy enables gating directly on target position 

for soft-tissue targets in the lung and abdomen without implanted markers.79 We present a 

dosimetric evaluation of the ViewRay MRIdian’s respiratory gating performance using an MRI-

compatible motion phantom and radiochromic film. Our methodology is to perform static, gated 

moving, and un-gated moving deliveries of the same plan and evaluate the gating performance in 

terms of its ability to “freeze” motion, i.e. quantify the difference between each case and the 
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static treatment plan using the gamma metric.80 This methodology has been frequently used to 

evaluate gating systems.81-87 The purpose of this study is to establish a technical performance 

baseline of the respiratory gating which can inform clinical gating protocols as well as be used as 

a machine performance benchmark by other institutions.  

The MRIdian can gate treatments based on planar images acquired during treatment. The 

gating is based on tumor tracking by deformable image registration. Real-time images can be 

acquired in a single sagittal plane at 4 Hz or in 3 sagittal planes at 2 Hz. Because the additional 

0.25 seconds of beam-off latency required when using 3-plane imaging, our institutional policy 

is to not use 3-plane imaging, and it was not evaluated in this study. Our institution’s clinical 

gating protocol uses the MRIdian’s gating capabilities as follows. The gating target is contoured 

on the volumetric scan used for treatment planning. The gating target is usually the gross tumor 

volume (GTV), but could be a critical organ at risk or a surrogate structure. For best performance 

the gating target contour should correspond to a strong contrast boundary in the image. For every 

treatment fraction, the target contour is transferred either rigidly or deformably to a volumetric 

pre-treatment setup image. The target contour is optionally updated manually. Both the setup 

image and the simulation image are acquired under a voluntary breath hold of 17 or 25 seconds 

duration depending on the imaging field of view. Subsequently, a two-dimensional cine preview 

scan is acquired with a frame rate of 4 frames per second in a single sagittal plane centered on 

the tumor. The cine preview scan is acquired under free breathing conditions. Each frame of the 

preview scan is deformably registered to the volumetric setup image by the MRIdian software. 

Contours are propagated from the setup image to the best-matching cine frame, called the key 

frame. During treatment, the now two-dimensional gating target contour is propagated from the 
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key frame to each cine image in real-time. If the propagated target contour exceeds a pre-set 

boundary by a configurable percentage of its area, the treatment beam is held. The boundary 

corresponds either to a numerical expansion relative to the gating target’s initial location, or to 

another contour from the planning volumetric image (e.g. the planning target volume).  

Our clinical protocol uses repeated breath holds throughout the treatment duration. The 

MRIdian system tracks the target and enables beam on only when the target is within a pre-

defined boundary; repeated breath holds are used in order to maximize the duty cycle and 

minimize dosimetric error due to beam hold latency. A margin of 3 mm around the gross tumor 

volume position in the volumetric setup scan is used as the gating boundary, and a 10% 

excursion of the tracked GTV contour outside the boundary is allowed. The 10% allowed 

excursion is used to make the gating procedure robust to random errors in contour tracking 

arising from image noise.  

Repeated breath holds are used by preference if the patient is able to perform them at 

consistent states of inhalation, with coaching if needed. If the patient is not able to perform 

consistent repeated breath holds, free breathing is used at the discretion of the attending 

physician. If the gating efficiency is sufficiently low that the patient may not be able to tolerate 

the treatment time, the gating margin may be relaxed from 3 mm to 5 mm at the discretion of the 

attending physician.  
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3.2 Materials and methods 

3.2.1 Motion phantom 

Respiratory motion was simulated using a MRI-compatible phantom that was capable of 

one-dimensional motion in the superior-inferior direction as shown in Figure 3.1. 

 

Figure 3.1: Side view of the CIRS MRI-compatible motion phantom. 

 The phantom was developed by CIRS, Inc (Norfolk, VA), with input from ViewRay and is 

commercially available from CIRS. The phantom consists of a stationary body structure filled 

with background contrast material and 4 small spheres of high contrast material. A 6.5 cm 

diameter target rod was made to move within the body structure by a stepper motor. The target 

rod included three regions of high contrast material (a small sphere, a small cuboid, and a large 

cylinder) within and adjacent to a background contrast region. In standard configuration, the 

target rod includes an ion chamber insert. A custom target rod with a film insert was developed 

by CIRS to our specification. A cross-section of the target rod is shown in Figure 3.2.  
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Figure 3.2: Target rod cross-section MRI image with isodose distribution superimposed (a) and optical digital 

camera image (b). The reference beam appears on the left and the PTV on the right in this view. The PTV is a 3 cm 

diameter spherical target centered about the cuboid gating target. 

The entire body structure, excluding a 1 cm acrylic supporting shell, is approximately water 

equivalent. 

3.2.2 Treatment planning 

A treatment plan was produced using the ViewRay treatment planning system and 

delivered on the MRIdian system. The planning target volume (PTV) was a 3 cm diameter 

sphere. The plan contained 15 coplanar beams and the dose distribution was typical for a 

stereotactic body radiotherapy plan, scaled to a maximum dose 3.75 Gy per fraction in order to 

lie within the dynamic range of EBT3 film. Additionally, a 2.1 cm x 1.05 cm reference beam 

delivering 2.4 Gy per fraction at the film surface was added at a 6.5 cm longitudinal isocenter 

shift relative to the PTV isocenter. The reference beam was used for film spatial registration and 
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dose calibration as described below. Figure 3.2(a) shows the dose distribution at the surface of 

the film. 

3.2.3 Radiochromic film dosimetry 

Gafchromic EBT3 radiochromic film (Ashland, Inc, Bridgewater, NJ) was loaded in the 

phantom and carefully aligned to a raised fiducial reference line in the insert. To minimize the 

uncertainty in alignment due to cutting the film, the side of the film that was not cut was aligned 

to this reference line. FilmQA Pro 2015 (Ashland, Inc, Bridgewater NJ) with the triple-channel 

algorithm88 was used for all film analysis. Calibration films from the same lot of film used for 

experiments were exposed at 9 dose levels between 0 and 500 cGy using the MRIdian machine. 

Film was read using an Epson 10000 XL scanner at least 24 hours after irradiation. Delivered 

dose distributions were compared to the planned dose distributions using the gamma technique,80 

with 3 mm distance to agreement and 3%, 4% and 5% global dose difference tolerance, and 

regions with dose less than 30% of the maximum dose were suppressed.  

A 2.1 cm x 1.05 cm reference beam at a distance of 6.5 cm from the PTV isocenter was 

delivered with the phantom at rest after every motion trajectory. The reference beam was used to 

spatially register the film to the treatment plan in the software used for film dosimetry (FilmQA, 

Ashland Inc., Bridgewater, NJ). The reference beam was also used to extract a relative dose 

scaling factor in order to account for inter-scan differences in film calibration. The spatial 

registration and the dose scaling factor were derived by iterative maximization of the gamma 

passing rate in an ROI including only the reference beam. 
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3.2.4 Breathing waveforms 

An artificial breathing waveform at two frequencies and three actual tumor trajectories 

were used for phantom motion. The artificial breathing wave was a cos6 function, which was 

used to represent an idealized human breathing pattern which was asymmetric with more time 

spent at exhalation than inhalation. Trajectory amplitude was 2 cm peak-to-peak and both 10 and 

15 breaths per minute frequencies were used. The actual tumor trajectories were derived from 

real-time MRI imaging acquired at 4 frames per second during abdominal radiotherapy 

treatments on the MRIdian machine, and are shown in Figure 3.3.  

 

Figure 3.3: Patient tumor motion trajectories used in this study, including repeated breath hold (a) and free 

breathing (b) and (c). 
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One trajectory was acquired during repeated voluntary breath hold at exhalation, and the other 

two were acquired during free breathing. To test the robustness of gating to rapid breathing, 

sped-up versions of each trajectory were also tested. Trajectory properties are listed in Table 3.1. 

Trajectories were looped throughout the duration of treatment delivery. 

Table 3.1: Characteristics of breathing waves. *Trajectories 4, 5 and 6 are copies of trajectories 1, 2 and 3 sped up 

by factors of 2, 2 and 4 respectively.  

N Description 
Amplitude 

(5th-95th) 
Duration Mean period 

1 Repeated Breath hold 19 mm 210 sec NA 

2 Free breathing 1 21 mm 45 sec 3.2 sec/breath 

3 Free breathing 2 19 mm 111 sec 4.0 sec/breath 

4* Fast Repeated breath hold 19 mm 105 sec NA 

5* Fast free breathing 1 21 mm 23 sec 1.6 sec/breath 

6* Fast free breathing 2 19 mm 28 sec 1.0 sec/breath 

 

3.3 Results 

For the static delivery, 96.5% of points passed the gamma criteria at 3%/3 mm tolerance. 

Dosimetric accuracy relative to the static treatment plan under different motion trajectories and 

with different gating parameters is shown in Table 3.2.  

Table 3.2: The individual exposure results of gating experiments with patient tumor motion trajectories and 

sinusoidal trajectories. 

Trajectory 
Gating 

Parameters 
Duty Cycle 

Gamma 

3%, 3 mm 

Gamma 

4%, 3 mm 

Gamma 

5%, 3 mm 

Breath hold None 100% 49.9% 59.4% 66.9% 

Breath hold 3 mm, 5% 78.3% 95.2% 98.8% 100% 

Breath hold 3 mm, 10% 81.5% 97.8% 99.2% 100% 

Breath hold 5 mm, 10% 80.6% 89.5% 96.5% 99.8% 

Free breathing 1 None 100% 25.0% 27.7% 30.6% 
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Free breathing 1 3 mm, 5% 56.7% 91.7% 98.2% 100% 

Free breathing 1 3 mm, 10% 61.9% 91.6% 98.2% 100% 

Free breathing 1 5 mm, 10% 66.0% 81.0% 90.5% 93.8% 

Free breathing 2 None 100% 32.9% 37.2% 41.9% 

Free breathing 2 3 mm, 5% 56.9% 98.6% 100% 100% 

Free breathing 2 3 mm, 10% 74.8% 89.5% 97.1% 99.8% 

Free breathing 2 5 mm, 10% 71.5% 88.7% 95.8% 99.6% 

Cos6 10 bpm None 100% 24.1% 26.3% 28.9% 

Cos6 10 bpm 3 mm, 5% 61% 87.1% 95.4% 99.2% 

Cos6 10 bpm 3 mm, 10% 75% 76.6% 86.3% 94.2% 

Cos6 10 bpm 5 mm, 10% 72.9% 69.7% 79.2% 84.7% 

Cos6 15 bpm None 100% 27.0% 30.9% 34.2% 

Cos6 15 bpm 3 mm, 5% 70% 64.8% 74.6% 85.0% 

Cos6 15 bmp 3 mm, 10% 68.8% 53.2% 61.0% 68.8% 

Cos6 15 bpm 5 mm, 10% 75.8% 42.0% 94.9% 58.0% 

 

Using 3 mm gating window and 10% allowed excursion, the breath hold trajectory at actual 

speed had 97.8% gamma pass rate at 3%/3 mm criteria, and all of the patient tumor motion 

trajectories at actual speed had at least 95% gamma pass rate at 4%/3 mm. Dosimetric accuracy 

for the artificially sped up trajectories is shown in Table 3.3.  

Table 3.3: The individual exposure results of gating experiments with artificially sped up measured tumor 

trajectories. 

Trajectory 
Gating 

Parameters 
Duty Cycle 

Gamma 

3%, 3 mm 

Gamma 

4%, 3 mm 

Gamma 

5%, 3 mm 

Fast Breath 

Hold 
None 100% 35.8% 41.4% 47.0% 

Fast Breath 

hold 
3 mm, 5% 79.0% 94.4% 98.6% 99.8% 

Fast Breath 

Hold 
3 mm, 10% 87.0% 91.9% 97.6% 99.6% 

Fast Breath 

Hold 
5 mm, 10% 81.0% 88.3% 94.6% 98.6% 

Fast Free 

Breathing 1 
None 100% 19.4% 22.2% 24.2% 
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Fast Free 

Breathing 1 
3 mm, 5% 54.0% 65.5% 76.0% 84.0% 

Fast Free 

Breathing 1 
3 mm, 10% 61.0% 49.5% 56.1% 63.5% 

Fast Free 

Breathing 1 
5 mm, 10% 70.0% 43.7% 50.5% 56.5% 

Fast Free 

Breathing 2 
None 100% 22.6% 26.4% 29.3% 

Fast Free 

Breathing 2 
3 mm, 5% 55.6% 88.8% 97.3% 99.2% 

Fast Free 

Breathing 2 
3 mm, 10% 60.0% 82.2% 91.5% 95.9% 

Fast Free 

Breathing 2 
5 mm, 10% 63.0% 71.8% 82.1% 88.0% 

 

Accuracy was noticeably less for the artificially sped up trajectories and for the sinusoidal 

trajectories. Considering all trajectories, increased accuracy is observed for 3 mm versus 5 mm 

gating margin (p<0.004) and for 5% allowed excursion versus 10% allowed excursion (p=0.005). 

Statistical testing was performed with 3-way ANOVA using margin size, allowed excursion, and 

breathing trajectory as grouping variables. 

The dose profile tool in FilmQA Pro was used to better understand how the gating affects 

the dose distribution in the inferior-superior direction. Figure 3.4 shows the measured gated and 

non-gated dose profiles as well as the planned dose profile in the direction of motion and through 

the center of the reference beam and the PTV.  
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Figure 3.4: Measured gated and non-gated, and static plan dose profiles on a line drawn through the center of the 

target volume. The small distribution on the left is the reference beam, and the larger distribution on the right is the 

PTV dose profile. The dose distribution broadens and shifts in the direction of motion when no gating is performed. 

The beam profile full widths at half maximum are 45 mm, 45 mm and 46 mm, respectively, for the planned, gated, 

and ungated dose profiles, respectively. The beam profile centers are 98 mm, 99 mm, and 104 mm, respectively for 

the three profiles. 

The motion profile used for this figure was a cos6 function with a period of 6 seconds and 2 cm 

amplitude. The gated exposure used a 3 mm gating margin with a 10% allowed excursion. 

Contrary to our initial expectation, a shift of the profile in the direction of motion appears more 

pronounced than the broadening of the dose profile. The recovery of the static distribution by 

gating using a 3 mm margin is well visualized.  
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3.4 Discussion 

The gamma pass rate for our preferred clinical gating protocol (repeated breath holds, 3 

mm gating margin, 10% excursion tolerance) was as good as the gamma pass rate of a static 

delivery using 3%/3 mm criteria, indicating that under such a protocol, phantom motion is 

completely compensated. For both free-breathing measured tumor trajectories, 3 mm gating 

margin and 10% excursion tolerance resulted in pass rates above 95% for 4%/3 mm criteria. Our 

standard MRI-gated protocol uses a 5 mm PTV margin, so a residual 2 mm of margin is 

available to account for motion-unrelated uncertainty. Increasing the gating margin to 5 mm 

resulted in a statistically significant reduction in accuracy, however accuracy was still adequate 

in most cases, compared to an overall target dose uncertainty goal of 5%. 

In the case of free breathing tumor trajectories that were artificially sped up to 1.0 and 1.6 

seconds per breath, as well as the cos6 trajectories, dosimetric accuracy was reduced. Lowering 

the allowed excursion from 10% to 5% recovered the accuracy somewhat. It is important to note 

that this does not necessarily mean that a tumor moving in such a trajectory would be under-

dosed. Determining adequacy of coverage requires a comprehensive assessment of a complex set 

of uncertainties as well as consideration of the PTV margin, which is beyond the scope of this 

paper. Quantitative assessment of the dose accumulated to the CTV given a PTV margin is 

hampered by the fact that PTV margins are designed to compensate for multiple uncertainties in 

planning, setup and delivery, not just motion, as well as the lack of three-dimensional 

information provided by a film measurement. Our results support the use of a PTV margin for 

patients treated with breath-hold gating that is similar to those treated to static targets not subject 

to respiratory motion. Conversely, our results indicate that care should be taken in the case of 
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very rapid breathers. A breathing rate of 1 breath per second would certainly be unusual, but not 

inconceivable. A limitation of our results is that the features of the phantom are idealized, and 

the contrast higher than that is observed in many patients, both of which may affect the accuracy 

of the tracking algorithm. A 30% threshold was used in the gamma pass rate computation 

because it is the clinical standard at our institution. To test the sensitivity of the results to the 

threshold value, the comparison was repeated with a 10% threshold for the 4 irradiations using 

the breath hold trajectory, yielding a gamma pass rate lower by 0.1-2.7% (mean:1.1%). 

Inaccuracies in gating result from differences in gating surrogate versus true tumor 

position18,89 and latency of beam on and beam off relative to gating signal. Real-time MRI 

guidance allows gating on the actual tumor, effectively removing the first of these sources of 

uncertainty. The gating latency specification of the MRIdian system is a maximum beam-off 

latency of 0.5 seconds including the effects of 4 frames/sec imaging frequency, processing time, 

and source shuttle motion. Beam-off latency on our system was measured to be 0.436 seconds 

(average of 33 measurements per head). Predictive filtering is not used by the MRIdian system. 

Other gating systems’ beam-off latencies have been reported in the range of 0.044-0.529 

seconds.90-93 For systems using predictive filtering, latency depends on breathing.90 The 

dosimetric error resulting from gating latency can be controlled by minimizing the number of 

transitions between gated and un-gated states, as in repeated breath hold gating. Our present 

study is limited in the number of tumor trajectories studied, and further work is needed to draw 

statistically significant conclusions regarding the sensitivity of dosimetric accuracy to the 

amplitude, rate and waveform of patient breathing. The observations of decreased accuracy when 
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using a 5 mm versus a 3 mm gating window, and increased accuracy when using a 5% versus a 

10% allowed excursion were both statistically significant.  

3.5 Conclusion 

This study demonstrates a baseline performance of MRI-guided gating with the ViewRay 

MRIdian and suggests that the device can be used to compensate respiratory motion using a 3 

mm gating margin and 10% allowed excursion results in conjunction with repeated breath holds. 

The results of this study could be used by other institutions to inform clinical gating protocols 

and to benchmark machine performance. Clinical gating performance will depend on the 

accuracy of tracking in patients, which may not be as high as with the motion phantom used for 

this study. A detailed investigation of tracking performance in actual patients is warranted, but 

outside of the scope of this study. A characterization of accuracy under a comprehensive set of 

breathing waveforms would also be beneficial, because dosimetric accuracy under MRI gating 

depends on the amplitude and frequency of breathing-induced motion. 
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 MODEL-INTERPOLATED GATING FOR  

MAGNETIC RESONANCE IMAGE-GUIDED RADIATION THERAPY 

4.1 Introduction 

Breathing motion degrades radiotherapy targeting accuracy and can result in tumor 

under-dosing and critical structure over-dosing. Established motion management techniques 

include use of a 4D-CT based internal target volume,94,95 and gating based on external surrogates 

of tumor motion16,71 or internally implanted fiducial markers.19,72 MRI-guided radiotherapy is a 

relatively new technology that provides, among several potential benefits, an opportunity to 

improve motion management by gating the beam based on imaged target position.26,96-98 The 

ViewRay MRIdian (ViewRay, Inc. Oakwood Village, OH) supports real-time respiratory gating 

by acquiring images using a balanced steady state free precession sequence (bSSFP) in a single 

sagittal plane at approximately 4 frames per second or three sagittal planes at 2 frames per 

second. Targets are tracked using deformable image registration. The beam is held if the 

proportion of the target contour area outside a specified gating boundary contour exceeds a 

specified threshold. A more detailed description of the gating algorithm and clinical workflow at 

our institution can be found elsewhere.26 

A limitation of image-based respiratory gating is the requirement that the image frame 

rate must be rapid with respect to the breathing cycle in order to avoid unacceptably long gating 

latency.8 This constraint limits the selection of pulse sequences and thereby image contrasts that 

can be used for gating. For example, transverse relaxation (T2) weighed images require greater 

than 1 second intervals between image acquisitions because of the relatively long duration of 

longitudinal relaxation (T1). However, T2 images may provide superior image contrast for some 
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tumors. T2 weighted images are useful for liver cancer detection,31 specifically assisting in both 

delineating and characterizing cholangiocarcinoma.32,33 T2 images also provide better contrast 

for lung squamous cell carcinoma and adenocarcinoma.30 

We present a technique whereby a breathing motion model is used to interpolate the 

information necessary for a gating decision (“beam-on” vs. “beam-off”) in between images 

acquired at a low frame rate. The respiratory motion model establishes a physiologically-guided 

correlation between respiratory motion and a respiratory surrogate. In this study, the model is 

built and continuously updated based on a sliding window of the most recently acquired low 

frame rate images. The model is used to determine the gating decision for any surrogate value 

until the next low frame rate image is acquired, thereby reducing the gating latency. The purpose 

of this paper is to describe and validate this technique, which we refer to as model-interpolated 

gating (MI-gating), and to report an offline proof of concept study using T2-weighted images for 

MRI-guided radiotherapy at 0.35T. 

4.2 Materials and methods 

Phantom and human volunteer images were acquired using the ViewRay MRIdian 

(ViewRay, Inc., Oakwood Village, OH) under an IRB-approved research protocol. The MRIdian 

combines a 0.35T split bore magnet with a 60Co radiotherapy system, enabling real-time MRI 

imaging during radiotherapy. More details regarding the construction of the MRIdian can be 

found elsewhere.25,28 The MRIdian uses a Siemens-sourced image acquisition and reconstruction 

system interfaced with the 60Co radiotherapy system to perform imaging during treatment. A 

limited set of predefined imaging protocols are available in clinical mode. In research mode the 

two systems are disconnected and the Siemens control console is operated independently. 
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Research mode enables the user to modify sequence parameters as desired, as well as upload 

additional pulse sequences for use while in research mode. All imaging was performed in 

research mode. 

4.2.1 Imaging protocols 

bSSFP imaging was used to evaluate the accuracy of our technique, and T2-weighted 

imaging was used to demonstrate a proof of concept of the technique. In this section we provide 

details of the imaging protocols. 

bSSFP99 single plane (2D) sagittal images were acquired of a phantom and eight 

volunteers at 3 frames per second (fps). Acquisition parameters included a 4.5 mm slice 

thickness, 2 x 2 mm2 in plane resolution, 400 x 400 mm2 field of view (FOV), 1.38 ms echo time 

(TE), 3.26 ms repetition time (TR), 556 Hz/Px bandwidth, 60° flip angle and one average. This 

protocol also implemented phase partial Fourier and generalized autocalibrating partially parallel 

acquisition (GRAPPA)62 techniques to reduce acquisition time (partial Fourier factor of 6/8 and 

GRAPPA factor of 2). The same 2D gradient non-linearity distortion corrections provided by 

Siemens that are used clinically were applied. As mentioned above, imaging was conducted in 

research mode. The most frequently utilized clinical imaging protocol uses a 5.0 mm slice 

thickness, 3.5 x 3.5 mm2 in plane resolution, 350 x 350 mm2 FOV, 1.09 ms TE, 2.49 ms TR, 

1000 Hz/Px bandwidth, 60° flip angle, two averages, partial Fourier factor of 6/8 and GRAPPA 

factor of 2 along with the aforementioned distortion corrections to obtain images at 

approximately 4 fps. 

A T2 weighted half-Fourier single shot turbo spin echo (HASTE) sequence was used to 

obtain images of six of the volunteers that were scanned using the bSSFP sequence during 
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normal breathing (the sequence was not available until after our first volunteer study, and the T2 

study was not performed in one of the other volunteers). The Siemens source code for the 

sequence was modified by our group for use on the ViewRay MRIdian. Acquisition parameters 

included a 7 mm slice thickness, 3.5 x 3.5 mm2 in plane resolution, 488 x 488 mm2 FOV, 32 ms 

TE, 3000 ms TR, 751 Hz/Px bandwidth and one average. The data acquisition duration for each 

individual image was 263 ms to minimize motion blurring, with a 3 second delay between 

acquisitions (TR) to preserve T2-weighted contrast. Siemens provided 2D distortion corrections 

were applied. 

4.2.2 Respiratory bellows surrogate 

A respiratory pneumatic bellows (Lafayette Instrument, Lafayette IN) was attached to the 

phantom and the volunteers during the imaging studies. A transducer converted the bellows 

pressure to a voltage signal that was recorded during imaging using LabVIEW (Austin, TX) on 

an external computer. Synchronization of the bellows to the MRI scanner’s clock was performed 

by correlating the bellows to an image-based respiratory surrogate as follows. A 2D fast-Fourier 

transform (FFT) of a manually-selected portion of the image containing anatomical motion was 

performed. The center inferior-superior line of the resulting 2D FFT was then Fourier 

transformed back to the image domain to obtain a 1D image projection of each image. The first 

acquired 1D image projection was selected as a reference. The inferior-superior shift between 

each projection and the reference was determined by maximizing a correlation coefficient. This 

shift was used as the imaging surrogate. The respiratory bellows signal was aligned to this 

imaging surrogate by finding the temporal offset that maximized the correlation coefficient 

between the two surrogates. This process is summarized and an example is shown in Figure 4.1.  



61 

 

 

Figure 4.1: Summary of the alignment of the image and bellows acquisitions. The fast Fourier transform and inverse 

fast Fourier transforms are denoted as FFT and FFT1 respectively. The normalized cross correlation is denoted as 

NCC and was maximized to determine the shift between projections (image surrogate) and the bellows and image 

surrogate (alignment). 

A Savitzky-Golay filter was used to reduce noise in the bellows surrogate resulting in a 0.1 s 

temporal phase shift of the bellows surrogate relative to the image acquisition.100 

4.2.3 Phantom studies 

A MRI-compatible motion phantom (CIRS, Inc., Norfolk, VA) was used to simulate 

inferior-superior respiratory motion. The phantom was comprised of a large static cylindrical 

body which held a sliding target section containing multiple trackable features that was made to 

move freely in the longitudinal direction. Two motion waveforms were used for the phantom 

studies: a cos6 wave with a 6 second period and 20 mm peak to peak amplitude, and a patient 
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breathing waveform obtained by deformable tracking of a patient’s tumor during MRI-guided 

treatment. The duration of the latter waveform was approximately 15 min with a 95th to 5th 

percentile motion amplitude of 9.8 mm. An image of the phantom’s motion rod and a portion of 

the realistic waveform used to drive the inferior-superior motion of the phantom can be seen in 

Figure 4.2. A series of 2000 bSSFP images was acquired continuously over a duration of 

approximately 11 minutes for each waveform. 

 

 

Figure 4.2: (A) An image of the phantom’s motion rod and (B) the realistic breathing waveform used to simulate 

inferior-superior anatomical motion. 

4.2.4 Volunteer studies 

Eight healthy volunteers were imaged to evaluate model-interpolated gating in vivo. 

Informed consent and IRB approval were obtained.  All imaging was conducted in the sagittal 

plane at a single slice position with well-visualized abdominal respiratory motion. A normal liver 
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anatomic feature or the gallbladder was used to simulate tumor gating. A series of 2000 bSSFP 

images were acquired for all 8 volunteers, and a series of 200 T2-weighted images were acquired 

for six volunteers. 

4.2.5 Image registration 

For each image series, all images were deformably registered to a manually selected 

reference image using multi-level b-spline deformable registration with the Elastix package.101-

103 Mutual information was used as the similarity metric. A bilateral filter was used on all images 

prior to registration in order to reduce the influence of noise. For the phantom studies, in order to 

avoid registration errors at the boundary of the motion rod caused by the static portion of the 

phantom, images were cropped before performing registration. Registration accuracy was 

evaluated as follows. For each study, the same anatomical feature used as a simulated gating 

target was used as a landmark for registration accuracy evaluation. The position of the target in 

the reference and first 100 registered images was manually identified. The median distance of the 

registered target from the reference target (accuracy), and median distance from the mean 

registered target position (consistency) were evaluated. 

4.2.6 Motion modeling 

Motion modeling was performed using custom software written in the MATLAB 

environment (Mathworks, Natick, MA). The deformation vector fields (DVF) obtained from 

image registration were used to fit the model parameters of the previously validated (5D) linear 

motion model104-107 

 �⃗� = �⃗�𝑣 + 𝛽𝑓 + �⃗�0   (4.1) 
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where �⃗� is the estimated tissue position, �⃗� and 𝛽 are voxel-specific model parameters 

representing the correlation between tissue position and the surrogate amplitude 𝑣 and airflow 

rate 𝑓, and �⃗�0 is the voxel-specific initial tissue position. The bellows voltage and voltage time 

derivative served as the amplitude and airflow rate surrogates respectively. The parameters �⃗�, 𝛽 

and �⃗�0were fit using least-squared minimization.  

4.2.7 Model-interpolated gating algorithm 

The model-interpolated gating algorithm using low frame rate images is described as 

follows: 

1. A reference image for registration is manually selected. This image is also used to create the 

initial target contour. 

2. The target contour is generated at an end exhale breathing phase and is expanded 

automatically by the specified margin to form the gating boundary. 

3. The most recently acquired N images are deformably registered to the reference image. The 

resulting deformation vector fields (DVF) and corresponding bellows surrogate values are 

used to build the model. 

4. The surrogate value is used continuously with the model to estimate tissue motion and 

deform the target contour prospectively until the next image is acquired.  

5. If the model-deformed target contour extends outside the gating boundary by a pre-specified 

percent excursion, the gating decision is “beam-off.” Otherwise, the gating decision is 

“beam-on.”  

6. The model is updated using a sliding window of the N most-recently acquired images. 

7. Steps 3-6 are repeated for the duration of beam gating. 
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4.2.8 MI-gating evaluation using bSSFP images 

MI-gating was evaluated using bSSFP images acquired at 3 fps. The use of low frame 

rate images was simulated by using only every ith image to build the model (i=4 or 10). The next 

skipped images (i.e. the next 3or 9 images, not used for model building) were used to compare 

the MI-gating decision with the direct image based gating decision, which was assumed to be the 

gold standard. Figure 4.3 shows a schematic representation of the accuracy evaluation 

methodology using every 4th image to build the model (i=4).  

 

Figure 4.3: An example of the MI-gating accuracy evaluation using a sliding window of 10 images comprised of 

every 4th image to build the model (open circles). Skipped images (crosses) are omitted from model building in order 

to simulate MI-gating using training images obtained with a large temporal spacing (e.g. T2-weighted images). The 

accuracy of model gating is evaluated using the images marked with open squares. The model is then updated with a 

newly acquired image (solid square). 

Accuracy and positive predictive value (PPV) were quantified. Accuracy was defined as the 

fractional percent agreement between MI-gating decisions and direct image gating decisions. 

PPV was defined as the proportion of the model gating decisions that were correct when the 

model decision was “beam on.” Additionally, the absolute distance between modeled and imaged 

target centroids were quantified. The median, standard deviation and 95th percentile model and 
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image centroid absolute distances were calculated for all gating comparisons, and separately for 

only model false positives (when the MI-gating decision was “beam-on” but the direct image 

gating decision was “beam-off”). A range of variations in gating boundary margin expansion, 

number and temporal spacing of images used to build the model were explored to test MI-gating 

sensitivity to these parameters. A paired t-test was performed to evaluate whether or not the 

change in any given parameter yielded a statistically significant difference in gating accuracy or 

PPV. 

4.2.9 Proof of concept using T2-weighted images 

An offline proof of concept T2 weighed gating study was conducted by fitting the motion 

model using 10 consecutively acquired images, comparing MI-gating and direct image gating at 

the next acquired image. The model was subsequently updated following the gating evaluation. 

The MI-gating accuracy and PPV are reported using a 3 mm gating margin and 10% excursion 

tolerance (i.e. the percent of the target allowed outside the gating boundary before turning off the 

beam). The median, standard deviation and 95th percentile absolute distances between model and 

image centroids are reported for all gating comparisons, and separately for model false positives.   

4.3 Results 

4.3.1 Gating accuracy evaluation using bSSFP images 

Model-interpolated gating accuracy, beam on positive predictive value and median 

absolute distance between the model and image centroids were on average 98.3%, 98.4% and 

0.33 mm in the bSSFP phantom studies and 93.7%, 92.1% and 0.86 mm respectively in the 
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bSSFP volunteer studies. An example comparison of model interpolated and direct image gating 

is shown in Figure 4.4. 

  

  
 

Figure 4.4: An example of bSSFP image and model based radiotherapy gating using a 3 mm contour margin and 

10% excursion tolerance. A sliding window of 10 images each separated by 3.19 seconds was used to build the 

model. The surrogate values corresponding to the time the raw images (A,C) were acquired were used to generate 

the model images (B,D). The static contours shows the gating boundary (which is fixed in space), and the moving 
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smaller contours represent the tracked targets. The horizontal line serves as a reference to assist in visualizing 

respiratory motion. 

Table 4.1 shows all bSSFP comparisons between model and image based gating using a model 

built from 10 images spaced 3.19 seconds apart (i.e. using every 10th acquired image to build the 

model, and the 9 subsequent images to evaluate MI gating accuracy), for a 3 mm gating margin 

and 10% gating excursion tolerance.  

Table 4.1: The bSSFP gating analysis comparing model and image based gating using only images that were 

skipped during model fitting. The model was built using every 10th image and a total of 10 images. The analysis was 

conducted with a 3 mm gating margin and 10% gating excursion tolerance. The accuracy and beam on positive 

predictive value of model gating are reported. The 95th to 5th percentile image centroid motion and image gating 

duty cycle are given. The median, standard deviation and 95th percentile of the modeled and imaged target centroid 

absolute distance for all evaluation images (i.e. those excluded from model building) and only evaluation images 

corresponding to model false positives are reported. 

Study 
Accuracy 

(%) 

Positive Predictive 

Value 

(%) 

Direct image 

gating duty cycle 

(%) 

95th to 5th 

Percentile 

image centroid 

motion 

(mm) 

Phantom 
Artificial 99.2 98.9 63.6 19.7 

Realistic 97.3 97.8 85.6 9.61 

Volunteer 1 96.0 95.2 47.6 17.2 

Volunteer 2 97.8 97.4 56.8 14.7 

Volunteer 3 95.0 95.2 61.4 17.7 

Volunteer 4 94.1 95.5 85.5 9.59 

Volunteer 5 96.0 93.7 58.3 14.0 

Volunteer 6 79.9 70.1 35.1 15.5 

Volunteer 7 95.5 95.7 55.8 11.0 

Volunteer 8 95.5 93.8 26.9 31.8 

Study 
Model and Image Centroid Difference (mm) 

All Images False positive gating decisions 
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Median 
Standard 

Deviation 

95th 

Percentile 
Median 

Standard 

Deviation 

95th 

Percentile 

Phantom 
Artificial 0.40 0.23 0.83 0.68 0.35 1.28 

Realistic 0.26 0.18 0.66 0.33 0.18 0.71 

Volunteer 1 0.90 0.87 2.71 1.43 2.03 7.04 

Volunteer 2 0.67 0.55 1.91 1.16 0.64 2.44 

Volunteer 3 0.83 1.23 2.51 1.79 1.20 4.42 

Volunteer 4 0.75 0.62 2.03 1.74 0.91 3.33 

Volunteer 5 0.76 0.94 2.59 1.96 2.21 7.08 

Volunteer 6 1.32 2.24 5.83 2.23 1.82 6.02 

Volunteer 7 0.61 0.60 1.78 1.10 0.80 2.92 

Volunteer 8 1.06 1.33 3.39 1.63 5.48 17.6 

 

Gating parameters had little impact on the MI-gating accuracy in the volunteer studies. The 

following comparisons used the parameters reported above unless otherwise specified. 

Increasing the temporal spacing between images used to build the model from 1.27 to 3.19 

seconds on average reduced gating accuracy and PPV by 1.74% and 2.50% respectively. 

Increasing the number of training images from 10 to 30 while holding the temporal spacing 

between images constant on average reduced gating accuracy and PPV by 0.50% and 1.00% 

respectively. Expanding the margins from 3 mm to 5 mm improved gating accuracy and PPV on 

average by 0.49% and 2.76% respectively. A paired t-test revealed that none of the changes in 

gating parameters resulted in a statistically significant difference in gating accuracy or PPV. 

4.3.2 Gating accuracy evaluation with T2-contrast images 

For the T2 image series, using a 3 mm target margin, 10% target excursion tolerance and 10 

images to train the motion model yielded an average gating accuracy, PPV and median absolute 

distance between model and image centroids of 94.3%, 92.5% and 0.86 mm respectively across 
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the 6 volunteers. Table 4.2 shows the T2 model gating results for each of the volunteers using a 

model built from 10 images, a gating margin of 3 mm and gating tolerance of 10%. 

Table 4.2: The T2 gating analysis comparing model and image based gating. The model was built with 10 

consecutively acquired images. The analysis was conducted with a 3 mm gating margin and 10% gating excursion 

tolerance. The accuracy and beam on positive predictive value of model gating are reported. The 95 th to 5th 

percentile image centroid motion and image gating duty cycle are given. The median, standard deviation and 95th 

percentile of the modeled and imaged target centroid absolute distance for all images and only images corresponding 

to model false positives are reported. 

Study 
Accuracy 

(%) 

Positive Predictive 

Value 

(%) 

Direct image 

gating duty cycle 

(%) 

95th to 5th 

Percentile 

image centroid 

motion 

(mm) 

Volunteer 2 96.3 97.7 92.1 7.28 

Volunteer 4 92.1 96.4 89.5 6.06 

Volunteer 5 93.7 90.7 52.6 14.2 

Volunteer 6 92.1 77.8 21.1 13.3 

Volunteer 7 94.2 95.6 71.6 7.67 

Volunteer 8 97.4 96.6 31.1 25.7 

Study 

Model and Image Centroid Difference (mm) 

All Images False positive gating decisions 

Median 
Standard 

Deviation 

95th 

Percentile 
Median 

Standard 

Deviation 

95th 

Percentile 

Volunteer 2 0.58 0.49 1.77 1.43 0.88 2.08 

Volunteer 4 0.75 0.90 2.35 1.62 0.84 3.12 

Volunteer 5 0.73 1.57 3.98 2.37 1.45 4.58 

Volunteer 6 1.21 2.10 4.63 2.12 1.22 4.63 

Volunteer 7 0.65 0.43 1.65 1.09 0.75 2.24 

Volunteer 8 1.24 0.93 3.35 2.00 0.19 2.14 
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Figure 4.5 shows the bSSFP and T2 weighted HASTE images obtained from one of the 

volunteers. No formal process was performed to select sequence parameters in order to optimize 

T2 contrast. However, the gallbladder and kidney are more visible in the T2-weighted image.  

  
 

Figure 4.5: The bSSFP image (A) interpolated to the same in-plane resolution as the T2 weighted HASTE image 

(B) showing the gallbladder target region. The horizontal line serves as a reference to assist in indicating respiratory 

phase. 

4.3.3 Registration accuracy 

Registration median accuracy and consistency was on average sub-voxel for all volunteer 

studies. The median registration accuracy and consistency was on average 1.01 mm and 0.54 mm 

in the bSSFP volunteer studies and 1.64 mm and 0.84 mm in the T2 volunteer studies. 

Registration error may have been larger in for the T2 registrations due to the larger voxel size.   
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4.4 Discussion 

This work demonstrated that MI-gating, or radiotherapy gating using a motion model to 

interpolate between low frame rate images, agreed well with gating directly on high frame rate 

images. Several evaluation metrics were reported in the results section. Accuracy was defined as 

the fractional percent agreement between MI-gating decisions and direct image gating decisions; 

an accuracy less than 100% indicates the possibility of either a reduction in duty cycle (false 

negative) or irradiation of tissue outside the intended target (false positive). The PPV metric 

indicates the fraction of time that the target is in the correct location when the beam is on (using 

direct image gating as a ground truth), corresponding to dosimetric feasibility. It should be noted 

that dose spillage outside the target is inevitable in photon radiotherapy even without respiratory 

motion, and that further dose distribution blurring occurs even in direct image gating due to 

gating latency.26,93 Modeled versus imaged target centroid differences were reported because 

they are an objective measure of model performance independent of application (i.e. specific 

gating parameters such as margin and excursion tolerance). Finally, modeled versus imaged 

centroid differences for false positive gating decisions (i.e. the model incorrectly determines the 

beam should be on) were reported because they give an indication of the spatial magnitude of 

error when the gating decision was incorrect. These values should be compared with spatial 

tolerances typically used clinically. 

MI-gating was robust to changes in gating parameters with none of the changes in 

parameters leading to a statistically significant difference in gating accuracy or PPV. The largest 

average change resulted from increasing the gating margin from 3 mm to 5 mm, increasing 

accuracy and PPV by 0.49% and 2.76%. This was likely due to the larger proportion of true 
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positives (i.e. higher gating duty cycle resulting from larger gating margin). Model gating 

accuracy and PPV on average decreased by 0.50% and 1.00% when the number of training 

images used to build model increased from 10 to 30. Incorporating more images enables more 

respiratory states to be included during modeling, but decreases the rate at which the model can 

adapt to changes in breathing patterns. Gating accuracy and PPV averaged 94.0% and 92.2% 

respectively with an average absolute median distance between model and image target centroids 

of 0.86 mm across all studies.  

In image-based gating as currently implemented in commercial MRI-guided radiotherapy 

systems, accurate gating requires images to be acquired rapidly with respect to the breathing 

cycle. Model-interpolated gating decreases the required frame rate to as low as 0.33 fps with a 

slight reduction in accuracy (average accuracy and PPV of 93.7% and 92.1% in the volunteer 

studies). Use of a lower frame rate allows T2-weighted image gating, which requires a long 

enough time between image acquisitions to allow for near complete T1 relaxation. Furthermore, 

model-interpolated gating could be used to allow acquisition of additional imaging studies 

simultaneously with gated treatment (i.e. interleave functional imaging between low frame rate 

bSSFP imaging used for model-interpolated gating), potentially making it easier to incorporate 

daily functional imaging into routine treatment workflows.49,108,109 Alternatively, since the 

respiratory surrogate is acquired continuously, MI-gating could be used to decrease gating 

latency relative to even fast MRI imaging, potentially improving dosimetric accuracy of gated 

treatments.8,110 Incorporating MI-gating in the clinical workflow is logistically feasible as it 

would only extend treatment times by the duration required to obtain the first set of training 

images (e.g. 10 training images spaced 3 seconds apart would require 30 seconds). The 
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respiratory bellows would need to be considered in treatment planning during a clinical 

implementation of MI-gating. The bellows is visible in the MRI images and could be 

incorporated in the planning workflow in a similar manner to the way that treatment couches and 

immobilization devices are included in dose calculations.  

A short computation time is necessary to avoid introducing additional gating latency. Our 

work was performed using a central processing unit (CPU), largely single thread implementation 

in MATLAB. For one volunteer, fitting the models required to describe the target contour took 

on average a total of 0.003 seconds. Once the surrogate was obtained, deforming the contour and 

computing the gating decision using the model took on average a total of 0.004 seconds. A 

clinical implementation of the proposed method could be performed on a GPU to further reduce 

computation time by exploiting the fact that all points are modeled independently.  

The technique of MI-gating is subject to some limitations. Model accuracy may be 

reduced if the surrogate or tissue motion lies outside the training range used to build the model, 

or in the case of large out-of-plane motion. Out-of-plane motion could be addressed by 

implementing a slice-to-volume registration algorithm, but that remains a work in progress. 

These issues are not limited to model-based interpolation: direct image-based gating may also 

lose accuracy in cases of unusually large breaths and/or large out-of-plane motion. Model 

inaccuracy may also result from a change in the correlation between the respiratory surrogate and 

anatomical motion during treatment. Updating the motion model using a sliding window allows 

the model to accommodate slow changes in breathing pattern and correspondence between 

internal and external motion. However, it is more difficult for the model to quickly adjust to 

rapid changes in the correspondence between the surrogate and anatomical motion (e.g. if the 
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bellows shifts positions, the patient moves etc.). For example, during both the bSSFP and T2 

Volunteer 6 studies the volunteer stretched and changed the way they breathed during the study 

(e.g. predominantly abdominal breathing vs. chest breathing). These changes were associated 

with a reduced correlation coefficient between the bellows and the image-derived surrogate used 

for bellows alignment, and with a reduced gating accuracy and PPV compared to the other 

studies. Use of a correlation coefficient based beam veto to increase PPV is under study but is 

beyond the scope of the present study. Recent work indicates that correlation between the 

respiratory surrogate and anatomical motion could be improved by providing audiovisual 

feedback, and may help to avoid sudden voluntary motion.111 Our current work uses a bellows as 

a respiratory surrogate but our technique is generalizable to the use of other surrogates such as a 

navigator echo. Using a respiratory bellows enables a rapid, continuous acquisition of the 

respiratory surrogate without the need for additional pulse sequence modifications that may slow 

down or interfere with image acquisitions.112 

Previous works using motion models in MRI-guided radiotherapy have primarily focused 

on predicting tumor position34,48,113 and on estimating tumor motion in three dimensions by 

building a motion model using multiple orthogonal imaging planes.40,47 Correlative motion 

models such as ours have also been proposed in the context of multi-leaf collimator (MLC) 

tracking.114 Our proposed technique bears similarities to the correlation method employed by the 

Cyberknife Synchrony respiratory tracking system.115 Significant differences from the 

Cyberknife system include the following. First, our technique is able to predict the locations of 

arbitrary points in the imaged plane, whereas Synchrony predicts the locations of discrete points; 

in fact, our technique could be easily extended to 3D with 3D images acquired using novel rapid 
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3D imaging techniques.116 Second, our technique can be used to produce synthetic images at 

arbitrary breathing phases as shown in Figure 4.4. Third, because our technique uses MRI 

instead of planar kV x-ray imaging, the model is updated every 1-4 seconds, compared to 

typically 1-5 minutes between updates with the Synchrony system,117 which potentially leads to 

greater robustness to changes in breathing patterns. Cyberknife Xsight lung does allow 

continuous 2D tracking of tumors which are visible in the treatment beam image, however this is 

possible only for 20-40% of lung tumors.23 Fourth, our technique incorporates prior knowledge 

of possible tissue trajectories via a biomechanically motivated breathing motion model which 

acts to constrain the correlation between tissue motion and breathing surrogate, and may be more 

accurate than correlation models alone. It has been reported that a 6.9 mm and 4.6 mm treatment 

margin in the inferior-superior and anterior-posterior directions respectively is required to 

account for 95% of tracking error using the synchrony system.118 In our work, the 95th percentile 

model and image centroid absolute difference in the sagittal plane was on average 2.85 mm in 

the bSSFP studies and 2.96 mm in the T2 studies.  In our implementation we have used the 5D 

motion model, but many other lung motion models exist36,119-121 and a number of them could be 

used equivalently for MI-gating.  

4.5 Conclusion 

This work demonstrates that radiotherapy gating using a motion model agrees well with 

gating directly on high frame rate images. Model interpolated gating could potentially enable the 

use of frame-rate limited pulse sequences for radiotherapy gating and allow the acquisition of 

additional imaging studies during gated radiotherapy. Further development is needed to 

accommodate out-of-plane motion and the use of an internal MR-based respiratory surrogate. 
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 MULTI-SLICE MOTION MODELING FOR  

MRI-GUIDED RADIOTHERAPY GATING 

5.1 Introduction 

Respiratory motion during radiotherapy reduces the accuracy of radiation delivery. 

Passive methods that consider motion as a component of uncertainty and active methods that 

address motion by compensation have been used to mitigate such impact.8 Methods of active 

respiratory motion compensation include breath hold techniques, abdominal compression, gantry 

or multi-leaf collimator (MLC) target tracking,114 and radiotherapy gating.95 Radiotherapy gating 

can be based on internal or external motion surrogates16,72 or on tumor motion measured directly 

in images.23 

Magnetic resonance image (MRI) guided radiotherapy is an emerging technology that 

enables respiratory motion compensation based on images that have excellent soft-tissue 

contrast.26,98 The ViewRay MRIdian (ViewRay, Inc. Oakwood Village, OH) is a commercially 

available device that performs radiotherapy gating based on target position measured directly in 

real-time MR images. MRIdian gating images can be acquired in a single sagittal slice at 4 

frames per second (FPS), or across 3 sagittal slices at 2 FPS.25 The time between image frames 

contributes to the gating latency, or overall latency between when a target moves across a gating 

boundary and when the beam state changes. Unfortunately, current fast MRI techniques are 

unable to acquire volumetric images or two-dimensional images across multiple slice positions 

quickly enough to avoid introducing unacceptable gating latency. For that reason, at our 

institution single slice target tracking is used. This approach suffers from poor ability to capture 
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out-of-slice target motion, target deformation and limited visualization of dynamic relationships 

between adjacent mobile anatomical structures, such as the pancreas, duodenum and stomach. 

Surrogate-based motion models provide mathematical frameworks that can be used to 

estimate anatomical motion using a respiratory surrogate. Motion models have been used in the 

context of MRI-guided radiotherapy to estimate motion in a 3-dimensional volume from a single 

imaging slice,38,39 orthogonal imaging planes,40,47 or sequentially acquired adjacent sagittal 

slices,122 as well as to predict motion to reduce gating latency.34,113 We recently developed a 

model-interpolated gating (MI-gating) technique to reduce the image frame rate required for 

accurate gating using a continuously updated biomechanically-inspired motion model and 

external respiratory surrogate.37  In this manuscript we present an extension of our technique that 

allows estimation of target motion across multiple slice positions for MRI-guided radiotherapy 

gating. Additionally, we compare the external surrogate-based model to an image-based 

alternative. Image-based surrogates present two advantages: (1) the use of an external respiratory 

surrogate is associated with additional setup effort and potential for operator error, which could 

be avoided using an image-based surrogate and (2) image-based surrogates are potentially more 

representative of internal anatomical motion, increasing the accuracy of modeling. Our method 

was adapted from a simultaneous group-wise manifold alignment (SGA) motion model 

developed by Baumgartner et al,122 and modified to improve computational efficiency to make 

clinical implementation feasible. Additionally, we propose a method to evaluate the accuracy of 

out-of-slice motion estimation using this model. We term our method modified SGA (mSGA) for 

distinction.  
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5.2 Materials and methods 

5.2.1 Motion modeling: 5D model 

Motion modeling was performed using a 5D linear motion model, originally developed in 

the context of computed tomography imaging.104-107 The MRI-based 5D motion modeling 

process was described in detail our recent publication37 and is briefly summarized as follows. A 

respiratory pneumatic bellows (Lafayette Instrument, Lafayette IN) signal was recorded 

simultaneously during imaging studies on an external computer using LabVIEW (Austin, TX). 

Registration-derived deformation vector fields were fit along the respiratory bellows surrogate to 

the 5D linear motion model:  

 �⃗� = �⃗�𝑣 + 𝛽𝑓 + �⃗�0   (5.1) 

   

where �⃗� is the model-estimated tissue position, �⃗�0 is the initial tissue position and �⃗� and 𝛽 are 

parameters which correlate tissue position to the surrogate amplitude 𝑣 (voltage amplitude) and 

surrogate velocity 𝑓 (time derivative of voltage). In the present study, the model was fit at each 

imaged slice position using the 10 most recently acquired images. We explored the use of more 

images for model fitting, varying the number of training images from 10 to 50 in intervals of 10, 

but determined that using the 10 most recently acquired images resulted in the most accurate 

motion modeling. This result agrees with our findings in our previous work.37 

Our previous publication evaluated the accuracy of this model’s ability to generate gating 

decisions between images acquired at a slow frame rate (≤ 1 FPS) in a single slice. This 

technique could enable gating based on pulse sequences that require long delays between image 

acquisitions (e.g. T2 weighted imaging). The present work uses a 2D multi-slice image 

acquisition that repeatedly acquires a set of 10 images across adjacent slice positions in a little 
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over 3 seconds. In this way a multi-slice model-based representation of the subject’s anatomy in 

a region of interest about the target is built, continuously updated and validated with each newly 

acquired image. A schematic depicting the 5D modeling workflow is shown in Figure 5.1. 
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Figure 5.1: a schematic representation of the 5D modeling workflow. 
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5.2.2 Simultaneous groupwise manifold alignment (SGA) image surrogate 

Locally linear embedding (LLE), originally described by Roweis and Saul, learns a 

nonlinear manifold structure using series of locally linear fits.43 Baumgartner et al showed that 

LLE can be used to extract a motion surrogate from images acquired across various respiratory 

phases by learning how the images relate to one another.123 In LLE, each high dimensional data 

point is approximated by the weighted sum of its nearest neighbors. In the present application the 

high dimensional data point is a 2D image and the nearest neighbor images are identified by sum 

of squared pixel-wise intensity differences. The weights are found by minimizing the embedding 

error given by 

 𝜀(𝑊) = ∑|�⃗�𝑖 − ∑𝑊𝑖𝑗�⃗�𝑗

𝐾

𝑗=1

|

2

𝑖

 (5.2) 

 

where �⃗�𝑖 is a high-dimensional data vector (e.g. of voxel image data) �⃗�𝑗 is a high-dimensional 

neighbor of �⃗�𝑖, 𝑊𝑖𝑗 is the reconstruction weight associated with neighbor �⃗�𝑗 and 𝐾 is the number 

of nearest neighbors. Specifically, least squares minimization is performed under the constraint 

that all weights sum to one as described by Roweis and Saul and outlined in Appendix A.1.44 

Then, a set of vectors of reduced dimensionality 𝑑 is found such that the weighting and nearest 

neighbors identified in the high dimensional space are preserved. This is performed by fixing the 

reconstruction weights 𝑊𝑖𝑗 defined in the high-dimensional space and minimizing the cost 

function  

 Φ(𝑌) = ∑|�⃗⃗�𝑖 − ∑𝑊𝑖𝑗�⃗⃗�𝑗

𝐾

𝑗=1

|

2

𝑖

 (5.3) 
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where �⃗⃗�𝑖 is the low-dimensional data vector corresponding to �⃗�𝑖 (i.e. �⃗⃗�𝑖 ∈ ℝ𝑑 where 𝑑 is the 

selected final dimensionality of the manifold) and �⃗⃗�𝑗 is the low-dimensional neighbor 

corresponding to �⃗�𝑗. This optimization is described in Appendix A.2 and preserves the locally 

linear relationships of the high-dimensional data, while providing a low-dimensional 

representation of the dataset.  

In addition, SGA incorporates an inter-slice penalty term to establish a correspondence 

between adjacent slices by aligning the surrogates during LLE. The two high-dimensional 

datasets for adjacent slices are denoted as 𝑿𝟏,  𝑿𝟐 where an image in each set is expressed as 

�⃗�(1), �⃗�(2) respectively. The corresponding sets of low-dimensional embeddings are 𝒀𝟏,  𝒀𝟐 with 

individual data points �⃗⃗�(1), �⃗⃗�(2). The combined cost function to find the aligned low-dimensional 

embeddings of two adjacent imaging slices simultaneously is defined as   

 Φtot(𝒀𝟏, 𝒀𝟐) = Φ1(𝒀𝟏) + Φ2(𝒀𝟐) + µ ∙ Φ12(𝒀𝟏, 𝒀𝟐) (5.4) 

 

where Φ1(𝒀𝟏) and Φ2(𝒀𝟐) are the intra-dataset costs for each set of images given by the 

standard LLE cost function (Equation (5.3)) and µ is a parameter which controls the inter-

dataset cost weighting Φ12(𝒀𝟏, 𝒀𝟐) in the total cost function. The inter-dataset cost function is 

given by  

 Φ12(𝒀𝟏, 𝒀𝟐) = ∑ |�⃗⃗�𝑖1

(1)
− �⃗⃗�𝑖2

(2)
|
2

𝑁

𝑖1,𝑖2

𝑈𝑖1,𝑖2 (5.5) 

 

where 𝑁 is the total number of images in each dataset, 𝑖1 and 𝑖2 are the index in each image set 

and 𝑈 is a Gaussian similarity kernel which defines the relative penalty associated with each 

grouping of surrogate values. The similarity kernel weightings are given by  
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 𝑈𝑖1,𝑖2 = 𝑒𝑥𝑝 (−
ℒ2̃ (�⃗�𝑖1

(1)
− �⃗�𝑖2

(2)
)

2𝜎2
) (5.6) 

 

where 𝜎 is a kernel parameter and ℒ2̃ is the normalized square root of sum of squared voxel-wise 

intensity differences between the images (i.e., Euclidean distance). The connections between the 

images across slice positions were sparsified while maximizing the total similarity in terms of the 

normalized Euclidean distance such that each high-dimensional data point was connected to only 

one other data point at the adjacent slice position. This sparsification was performed with an 

algorithm proposed to solve the assignment problem.124 Including the inter-dataset penalty term 

discouraged images that had low sum of squared voxel-wise intensity differences from having 

different surrogate values.  

The method above outlines SGA for two image sets. In our study, we acquired images 

across a stack of 10 adjacent slices. We extended the SGA procedure to compute the low-

dimensional embedding for all slice positions simultaneously. Specifically, SGA manifold 

learning was performed by minimizing the cost function  

 

Φtot(𝒀𝟏, 𝒀𝟐, … , 𝒀𝟏𝟎)

= ∑ Φi(𝒀𝒊)

10

𝑖=1

+ µ ∙ Φ12(𝒀𝟏, 𝒀𝟐) + µ ∙ Φ23(𝒀𝟐, 𝒀𝟑) + ⋯+ µ

∙ Φ9 10(𝒀𝟗, 𝒀𝟏𝟎) 

(5.7) 

where the subscript 𝑖 indicates the relative position of the image slices. Details regarding 

implementation of the optimization are provided in Appendix A.3. Occasionally, a slice 

dependent translational shift remained between some of the manifolds. This discrepancy was 

removed by extracting a rotation and translation between the manifolds using Procrustes 
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method.64  This extension resulted in a smaller out-of-slice motion error estimated using the 

back-propagated surrogate described below. 

Prior to performing SGA, the images were processed with a 6x6 averaging convolution 

filter to reduce the influence of noise and a region of interest (ROI) was manually selected for 

SGA to exclude bowel regions which exhibited non-respiratory motion related changes due to 

digestive processes. We explored the use of the DVFs in place of the images during the mSGA 

modeling process (i.e. SGA surrogate generation), but observed that the images produced the 

most accurate modeling results.  

5.2.3 Modified SGA (mSGA) weighted nearest neighbor motion model 

Motion modeling using manifold learning was performed by combining the deformation 

vector fields (DVF) obtained from image registration and the non-parametric out of sample 

extension for LLE proposed by Saul and Roweis.45 The goal of the out of sample extension is to 

provide a generalization of the learned manifold to estimate a new low-dimensional data point �⃗⃗� 

from a new image �⃗� (i.e. estimate a surrogate value for a newly acquired image). This extension 

is performed by identifying the 𝐾 nearest neighbors in the training dataset 𝑿, computing 

reconstruction weights 𝑊 using constrained least-squares minimization of the error defined in 

Equation (5.2), and computing the weighted sum of the low-dimensional embeddings in 𝑿. This 

process is summarized by 

 �⃗⃗� = ∑𝑊𝑗 �⃗⃗�𝑗

𝐾

𝑗=1

 (5.8) 

 

where �⃗⃗�𝑗 is the low-dimensional embedding corresponding to each nearest neighbor and, 𝑊𝑗 is 

the same reconstruction weight associated with each neighbor identified in the high-dimensional 
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space. Since adjacent slice manifolds are aligned by SGA, the nearest low-dimensional neighbors 

in the adjacent slices are directly identified. The nearest neighbor surrogate weights are 

computed from members of the adjacent slice using least-squared minimization of a cost similar 

to Equation (5.2) in the low-dimensional manifold. In order to obtain motion information, the 

new DVF �⃗⃗⃗� is estimated using these weights 𝑊𝑗  and the DVFs corresponding to the images in 𝑿. 

This is expressed by 

 �⃗⃗⃗� = ∑𝑊𝑗 �⃗⃗⃗�𝑗

𝐾

𝑗=1

 (5.9) 

 

where �⃗⃗⃗�𝑗  is the DVF corresponding to each nearest neighbor. Since each slice is aligned with its 

adjacent slices, this process can be repeated until a motion estimate is obtained in every slice, as 

illustrated in Figure 5.2. 

 

Figure 5.2: Schematic representation of surrogate propagation from an image acquired at slice 1 (blue ‘x’) across to 

slice 4. The surrogate is estimated in each slice as a weighted sum of the five most similar surrogate values in the 
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aligned adjacent slice (slice 2). Since the same images are included in the next group (group 2), the weights can be 

used to estimate the surrogate in the next group of aligned manifold surrogates (connection between Group 1 and 2). 

The process is repeated until reconstruction weights are obtained in every slice. 

The mSGA model is used to estimate motion in every slice for each newly acquired image until 

10 new images are available at each slice position. The model is then updated using the most 

recent set of images at each slice position. The model is not updated each time a new image is 

acquired due to computation time constraints. The SGA surrogate generation and mSGA 

modeling process is summarized in Figure 5.3. 
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Figure 5.3: A schematic representation of the mSGA modeling workflow. 

5.2.4 Imaging protocol 

All imaging studies were performed under an internal review board (IRB)-approved 

research protocol using the ViewRay MRIdian.25,28  Briefly, MRIdian combines three 60Co 

treatment heads with a 0.35T split bore MRI. All MRI software and hardware were provided by 
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Siemens Medical Systems (Erlangen, Germany) with the exception of the gradient and surface 

coils which were designed by ViewRay. All imaging was performed using research mode, in 

which the MRI system is operated independently from the radiotherapy system. A balanced 

steady state free precession sequence was used to conduct eight healthy volunteer studies 

following informed consent.99 Images were obtained at approximately 3 frames per second with 

a 400x 400 mm2 field of view, 2 x 2 mm2 in-plane resolution, 556 Hz/Px bandwidth, 4.5 mm 

slice thickness, 1.38 ms echo time, 3.26 ms repetition time, 60° flip angle, generalized auto-

calibrating partially parallel acquisition acceleration62 factor of 2, partial Fourier factor of 6/8. 

Ten adjacent sagittal slice positions were imaged in an interleaved fashion repeatedly until 200 

images were acquired at each slice position. Additionally, volunteers were instructed to hold 

their breath at a normal exhale breathing phase while a breath hold image was obtained at each 

slice location (approximately 3.3 seconds in duration). 

5.2.5 Image registration 

Image registration-derived DVFs were used in two ways in this study: for building/fitting 

the mSGA and 5D models and to deform contours for ground truth target tracking. Image 

registration was performed using a multi-level b-spline deformable registration with mutual 

information as a similarity metric using the elastix registration software.101-103 The influence of 

noise on image registration accuracy was reduced by using a bilateral filter prior to registration. 

Reference images for registration were obtained from natural exhale breath hold images in 

cooperative volunteers (3) or selected from free-breathing images when a natural-exhale breath 

hold phase was unavailable (2) or when the range of motion was large (3) and using a mid-
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exhale breathing phase improved registration accuracy. The range of motion in the volunteer 

studies with large motion was 25.6 mm, 48.0 mm and 52.9 mm.   

Registration accuracy was evaluated by performing a landmark evaluation in a similar 

manner to that described in our previous publication where the same anatomical features tracked 

as radiotherapy targets served as landmarks.37 The location of the landmark in the first 50 images 

acquired at each slice position, as well as the location in the reference image used in registration 

was manually identified. The distance of the landmark from the location in the reference image 

and from the mean landmark position in the registered images served to evaluate registration 

accuracy and consistency respectively.  

5.2.6 Model gating evaluation 

The model gating studies were conducted offline using software developed in the 

MATLAB programming environment (Mathworks, Natick, MA).  For each volunteer, a normal 

anatomical feature subject to respiratory motion that spanned multiple slices (e.g. a blood vessel 

in the liver) was used to simulate a radiation therapy target. Contours of the target were manually 

drawn in the set of reference images used for image registration. The target contour was 

expanded automatically by a 3 mm gating margin and generated at the end exhale breathing 

phase to form a gating boundary. When greater than 10% of the target contour moved outside 

this boundary, a “beam-off” gating decision was made. The 10% threshold was used because the 

same threshold is used in clinical gating at our institution. 

The model was evaluated in the same imaging slice corresponding to each newly 

acquired image. Only the portion of the model describing the currently imaged slice was used to 

generate a gating decision. Model-derived gating decisions (“beam-on” and “beam-off”) were 
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compared to the ground truth gating decisions obtained from imaging. All model gating studies 

were prospective and utilized a leave-one-out approach. Only previously acquired images were 

used to fit the model and the current surrogate value was used to generate model gating 

decisions. Since the mSGA model fitting duration takes a substantial amount of time, the model 

was updated after 10 new images were acquired at each slice position. The 5D model on the 

other hand can be updated more rapidly, thus the model was updated after a new image was 

acquired at each slice position. Model-derived gating decisions were quantitatively evaluated by 

computing the gating accuracy and positive predictive value (PPV). Gating accuracy was defined 

as the proportion of total gating decisions that were correct. Gating PPV was defined as the 

proportion of “beam-on” model gating decisions that were correct. Additionally, the positions of 

the model-tracked and image-tracked target centroids were compared. The median and 95th 

percentile distances between these centroids are reported. The gating results using the mSGA and 

5D motion models were compared using a paired t-test between the gating evaluation metrics 

obtained with each model. 

In the comparison procedure described above, the same image was used for gating 

accuracy evaluation and for mSGA surrogate generation. In a practical clinical implementation, 

the model would presumably be used to form gating decisions from volumetric or multi-slice 

motion, rather than motion only in the currently imaged slice. Therefore, a full evaluation of the 

accuracy of the model must include the motion propagation step. Since only one imaging slice 

can be acquired at each time point, the accuracy of motion propagation outside the currently 

imaged slice could not be measured directly against a ground truth. Instead, the surrogate was 

propagated to each of the 9 un-imaged slice positions and then back in reverse to generate “back-
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propagated” surrogates. These back-propagated surrogates were used with the model at the 

currently imaged slice to compute the same evaluation metrics as described above. We report the 

average result across back-propagated surrogates from all 9 other slices. Back-propagating the 

surrogate implies that the motion information is transferred twice the number of slices required 

for motion modeling (e.g. motion estimation in the adjacent slice only requires transferring the 

motion information across one slice, but back-propagation requires that the surrogate to be 

propagated again back to the original slice). Propagation error may compound with the number 

of times the surrogate has been propagated. Additionally, propagation error also depends on the 

specific relationships between each group of images. Therefore, back-propagation to and from 

every slice was included in the evaluation (as opposed to only the slices nearest to the current 

imaging slice). 

5.2.7 mSGA model parameter selection 

mSGA requires the selection of five parameters: the number of training images, final 

dimensionality of the surrogate d, inter-dataset penalty term µ, similarity kernel parameter 𝜎 and 

number of nearest neighbor images 𝐾. The possible ranges of parameters were constrained to 

ensure computation times consistent with a real-time system. All parameters were selected 

empirically by performing a number of gating studies and evaluating the effect of each parameter 

on gating accuracy and positive predictive value. The final selected parameters used in our study 

were 50 training images, d of 3, µ of 1, 𝜎 of 1 and 25 𝐾 nearest neighbor images.  
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5.3 Results 

5.3.1 Registration accuracy 

The accuracy and consistency of deformable image registration was similar to that in our 

previous studies.37 Across all volunteer studies the median registration accuracy and consistency 

was 1.26 mm and 0.71 mm respectively. 

5.3.2 Model evaluation 

The average model gating accuracy across the eight volunteer studies was 93.7% for the 

5D model, 96.8% for the mSGA model and 93.4% with the back-propagated surrogate and 

mSGA model. The corresponding PPVs were 92.8%, 96.1% and 92.3% respectively. The median 

and 95th percentile distance between the model-tracked and image-tracked target centroids were 

0.91 mm and 2.90 mm for the 5D model, 0.58 mm and 1.49 mm for the mSGA model, and 0.97 

mm and 2.76 mm for the back-propagated surrogate and mSGA model respectively, averaged 

across all volunteer studies. Figure 5.4 shows the individual results of each model evaluation 

obtained across all volunteer studies. 

  
(a) (b) 
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(c) (d) 

Figure 5.4: The model gating decision accuracy (a), positive predictive value (b), and median (c) and 95th percentile 

(d) distance between the model-tracked and image-tracked target centroids for each volunteer study and motion 

model. The average value across all volunteer studies using each model is shown in the legend. 

A paired t-test revealed that the mSGA model outperformed the 5D model by yielding 

statistically significant differences across all evaluation metrics. However, there were no 

statistically significant differences comparing the back-propagated surrogate and mSGA model 

to the 5D model. 

An example of the proportion of the target in the gating margin and distance between the 

image-tracked and model-tracked gating target centroids are shown for a portion of volunteer 

study 8 in Figure 5.5.  
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(a) 

 
(b) 

Figure 5.5: Proportion of the target within the gating margin derived from the images directly and using each model 

(a) and distances between the image-tracked and model-tracked target centroids (b) for a portion of volunteer study 

8.   
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5.4 Discussion 

The inability to visualize and respond to 3D motion is a limitation of current MRI-guided 

radiotherapy technology.125 In this work we evaluated a technique to perform radiotherapy gating 

based on a motion model and a series of 2D images acquired across 10 slice positions. An 

example comparison between tracking a target in the acquired image and using the mSGA model 

is shown in Figure 5.6.  

  
(a) (b) 
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(c) (d) 

Figure 5.6: An example of an acquired image and image-tracked target (a), the corresponding mSGA model-

generated image and model-tracked target at the same slice position (b) and the coronal (c) and axial (d) model-

generated images and cross section of the model-tracked target volume. Model-generated images were obtained by 

combining the first 50 images used to fit the model using the registration information, then deforming them 

according to the motion obtained from the model. 

This figure also shows how the model can be used to enable multi-slice target visualization in the 

axial and coronal planes.  

In the present manuscript, we use in vivo studies to estimate the accuracy of the proposed 

multi-slice tracking technique as applied to respiratory gating. The present work does not 
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quantify the benefit of multi-slice gating in terms of dosimetric accuracy relative to single-slice 

gating. Such potential benefits could be estimated using a simulation to provide 3D ground truth 

motion. Additionally, simulations could be used to assess the proposed back-propagated 

surrogate out-of-slice motion error evaluation. However, simulation studies are subject to 

limitations and are beyond the scope of the present manuscript. These studies should be the topic 

of future work. 

Two motion models were evaluated: mSGA based on the work of Baumgartner et 

al,122,123 and the 5D model. Our technique applied with both of these models is likely sufficiently 

accurate for clinical use. One of the key differences between the two models is the use of an 

image-based or external surrogate. Use of an external surrogate introduces an additional setup 

step and is associated with the possibility of human error. However, because the external 

surrogate is acquired completely independently of the images, each newly acquired image 

represents an opportunity for an unbiased test of the model against ground truth information.  In 

the case of mSGA, since the surrogate and the ground truth are obtained from the same image, a 

completely unbiased ground truth test is not possible. We evaluated the accuracy of the model in 

the currently imaged slice, and estimated model accuracy outside the currently imaged slice 

using the back-propagated surrogate. We observed that error was both slice specific and 

dependent on the distance of propagation as shown in Figure 5.7.  
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(a) 

 
(b) 
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(c) 

 
(d) 

Figure 5.7:  The slice position dependence of gating accuracy (a), gating positive predictive value (b), distance 

between the model-tracked and image-tracked target centroids (c) and proportion of the model-tracked target 

overlapping the image-tracked target (d) using the mSGA model and back-propagated surrogate in volunteer study 
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1. The slice number indicates the position of the imaged slice relative to all other slices. The evaluation slice is the 

location where the model and image gating statistics are compared. The origin slice refers to the location where the 

back-propagated surrogate originates. For example, the dark blue line (Origin Slice #1) is located at one of the 

lateral ends of the imaged volume and is the furthest imaged slice from evaluation slice 9. Only a subset of the 10 

imaged slices were “evaluation slices” since the tracked target did not span all imaged positions.  

This indicates that propagation error is specific to the relationship between the images in each 

group of adjacent slices and increases with the number of propagations. The mSGA model 

without surrogate back-propagation was statistically significantly more accurate than the 5D 

model across all evaluation metrics. However, none of the gating statistics derived from the 5D 

model and the mSGA model using the back-propagated surrogate were statistically significantly 

different. Notably, the motion models performed worst in volunteer study 6. Breathing pattern 

changes (e.g. chest vs. abdominal breathing) were observed during this volunteer’s study, as well 

as an extremely deep inspiration breath that may have been associated with stretching during the 

study (the volunteer was observed stretching during another study in the same imaging session).  

Although the mSGA was found to be more accurate, use of the 5D model may still be 

sufficiently accurate and holds some advantages.  The use of an external surrogate with the 5D 

model means that every newly acquired image can be used for an unbiased evaluation of model 

accuracy prior to model updating. The mSGA model uses each newly acquired image for 

surrogate generation, and thus a strictly unbiased evaluation of model accuracy is not possible in 

vivo. Second, the respiratory bellows is continuously available (sampled at 100 Hz), reducing 

gating latency. Additionally, use of the respiratory bellows could enable other imaging studies to 

be acquired during gated treatments.37 Third, the 5D model requires fewer images for model 

fitting reducing fitting time and potentially allows for more rapid adjustment to breathing pattern 
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changes. In our study 10 images acquired at each slice position were used to fit the 5D model 

whereas 50 were used for mSGA modeling. As mentioned previously, using more images to fit 

the 5D model reduced the accuracy of motion modeling. An implementation of the technique 

with the clinical imaging protocol (4 FPS) would require 25 seconds and 125 seconds of imaging 

prior to gated treatment with the 5D and mSGA models respectively. Fourth, the 5D model is 

less computationally demanding than the mSGA model. In our MATLAB-based, largely single-

threaded implementation, refitting the 5D model required 8.1 milliseconds and a model gating 

decision for the entire gating target volume was obtained in 42 milliseconds on average across all 

volunteer studies. For the mSGA model, model refitting occurred after 10 new images were 

acquired at each slice position and took 4.7 seconds. A gating decision for the target volume was 

obtained on average in 60 milliseconds with the mSGA model. Model gating accuracy and PPV 

can be improved further using the mSGA model with more training images, more nearest 

neighbors, and more frequent model refitting. For example, increasing the number of training 

images to 100 images, using 50 nearest neighbors to fit the mSGA model, and updating the 

model after a new image is acquired at each slice position did not increase the average gating 

accuracy, but increased the average PPV from 96.1% to 96.8% and reduced the median and 95th 

percentile centroid distance from 0.58 mm to 0.51 mm and 1.49 mm to 1.24 mm respectively 

across all volunteer studies. However, the computation time associated with larger datasets could 

cause practical challenges in a clinical implementation of the technique (model fitting took on 

average 34 seconds and target volume gating decisions required 81 milliseconds).  

The results reported in this work are subject to some limitations. In this study, ten 

adjacent slice positions were imaged. This region spans 4.5 cm laterally, which may be too large 
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or too small for some tumors. Since motion propagation error compounds with the distance that 

the motion is propagated, the results may be worse for tumors that span more than 4.5 cm 

laterally. Conversely, for smaller tumors, it is possible that the motion propagation would be 

more accurate than the results we report in this work. In our study, we imaged regions subject to 

substantial respiratory motion. The selected regions excluded the heart as well as the lateral 

periphery of the volunteers. The models may perform differently in regions subject to differing 

effects of respiratory motion.  

The mSGA model evaluated in this report differs from and expands upon the work 

reported by Baumgartner et al in a few key ways. The group-wise simultaneous manifold 

alignment technique was originally developed for retrospective sorted slice-based 4D MRI,123 

and was later applied to positron emission tomography (PET) motion correction. Specifically, 

motion corrupted PET acquisitions were simulated and motion corrections were derived from 

registrations of the selected 4D MRI images obtained using the manifold learning technique.126 

The method was further developed by Baumgartner et al enabling motion estimates to be 

obtained across many slice positions using a weighted sum of deformation vector fields.122 The 

group evaluated their model using a simulation study as well as an in vivo study that compared 

an acquired navigator to a navigator derived from a 3D volume generated from their motion 

model. In our work, we developed a method to evaluate the accuracy of motion modeling outside 

the currently imaged slice using the back-propagated surrogate. Additionally, we modified SGA 

to address computational challenges relevant to a clinical implementation of the technique. First, 

we elected to re-fit the model using only the most recent set of training images in order to avoid 

increasing the computation time as the study progressed. Second, we updated the model only 
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after 10 images were acquired. Since model refitting requires an appreciable amount of time in 

our largely single-threaded MATLAB implementation, the radiation beam may need to be held 

while the model is updated (approximately 4 s). The model update duration could be reduced by 

a parallel computation of the sum of squared distance between the images, as well as by 

changing the algorithm used to sparsify the connections between images across slice positions. 

Specifically, instead of solving the assignment problem across slice positions from scratch each 

time the model is updated, the previous optimization result could be incorporated to speed up the 

new optimization. This could be performed using an alternative algorithm to speed up 

computation time.127,128 Finally, we acquired the current image-based surrogate using the out-of-

sample extension for LLE rather than re-fitting the manifold weights as performed by 

Baumgartner et al.  

MRI-guided radiation therapy provides the opportunity to conduct radiotherapy gating by 

tracking targets in images acquired during treatment. However, the current imaging technology is 

not able to acquire 3D images or images across multiple locations without introducing 

unacceptable gating latency. As a result, only a portion of the tumor is typically tracked in a 

single slice. Several approaches have been developed to address this limitation. Harris et al,38,39 

and separately Stemkens et al,40 created a motion model based on an initial 4D-MRI and 

estimated 3D motion by fitting the model to 2D cine images. This approach is limited by the fact 

that motion estimation outside the imaged slice(s) is constrained to the initial model which is not 

updated and may not accommodate changes in breathing patterns, irregular breaths, digestive 

motion, or pose changes. Furthermore, the cine images are used to instantiate the modeled 

positions and thus cannot be used for real-time ground truth comparison. Li et al estimated high-
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spatial resolution 3D cine images by registering and deforming an initial high-spatial resolution 

breath hold image to 3D cine images with 5 mm isotropic resolution acquired at 2 Hz.116 The 

utility of this technique is limited by the time necessary to perform 3D deformable registration 

(at least several seconds according to the authors). Furthermore the 0.5 second 3D cine 

acquisition period would introduce prohibitive gating latency and the 5 mm spatial resolution of 

the cine imaging would potentially limit the accuracy of target tracking. Seregni et al developed 

a feature tracking model with temporal prediction and, separately, an internal to external 

correlation model similar to the 5D model.47 Using interleaved orthogonal 2D images acquired 

every 0.25 seconds, they demonstrated an ability to increase the effective frame rate of feature 

tracking which would potentially reduce gating latency. A key difference of our technique is that 

it involves reducing the imaging frame rate in any given slice well below what is necessary for 

direct image radiotherapy gating (i.e. 1 frame every 3 seconds or slower). We have shown in our 

previous work37 that a reduced frame rate could expand the set of pulse sequences that can be 

used for gating, and in the present report demonstrate the use of multiple cyclically imaged 

sagittal slices can be used to build a multi-slice motion model. 

5.5 Conclusion 

We have demonstrated a technique for multi-slice real-time motion estimation for MRI-

guided radiotherapy based on a continuously updated motion model and a cyclic 2D multi-slice 

image acquisition. The accuracy of the technique has been demonstrated in a simulated 

radiotherapy gating experiment with in vivo images acquired at 0.35 T. Two specific motion 

models were evaluated: the mSGA model, which potentially maximizes motion estimation 

accuracy using an image-based surrogate, and the external surrogate-based 5D motion model, 
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which enables continuous unbiased ground truth evaluation, maximizing clinical confidence 

during treatment. 
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 IMAGE REGRESSION MOTION PREDICTION 

6.1 Introduction 

Magnetic resonance image (MRI) guided radiotherapy enables continuous acquisition of 

images during treatment to monitor tumor motion.25,26,98 For those images to be useful for linear 

accelerator gating, they must be acquired, reconstructed, and the position of the tumor (or gating 

structure) with respect to the gating window must be determined.  Since these steps require time, 

the gating software will determine whether to turn the beam on or off after the tumor has entered 

or exited the gating window, respectively.129 This delay is termed latency, and will cause some 

radiation to continue to be delivered after the tumor has left the gating window. MRI-guided 

radiation therapy system latencies have been reported to be in the range of 200-500 

milliseconds.25,26,35,97,98  

Motion prediction offers one method to mitigate the effects of system latency. If the 

gating system could predict when the tumor exited the gating window, the radiation beam could 

be preemptively turned off. Conversely, accurately predicting when the tumor entered the gating 

window could improve gating efficiency. Many reports have evaluated the ability of predictive 

algorithms to predict motion of individual points obtained from fluoroscopy, the Varian real-time 

position management system, and the Cyberknife system.42,130-136 These studies analyzed either 

one-dimensional42,130-133 or three dimensional motion data for the individually tracked points.134-

136 Relatively few studies have reported predictions of higher dimensional motion data, e.g. 

patient surface motion or motion throughout a volumetric image.137,138  

Few motion prediction studies have been conducted in the context of MRI-guided 

radiotherapy. Yun et al developed artificial neural networks for one-dimensional motion 
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prediction and tested their prediction algorithm in a phantom study using a MR-Linac 

prototype.98,130 Seregni et al performed motion prediction for a point set identified in orthogonal 

images acquired on a 3.0T diagnostic scanner.47  Bourque et al used an autoregressive linear 

prediction model to predict target positions in images acquired on diagnostic scanners (1.5T and 

3.0T) and on a 1.5T MR-Linac.34,139 Finally, Noorda et al performed motion prediction across 

multiple slices acquired using a 1.5T MRI scanner with an extended Kalman filter, external 

respiratory surrogate and motion look-up table.138  

Motion predictions are typically performed for a few tracked points and predictions are 

obtained by modeling each tracked point and direction of motion independently. Most 

established motion prediction methods utilize relatively low-dimensional position information to 

derive predictions. However, MRI provides high-dimensional images that contain rich 

information that may be useful to inform predictions. We hypothesized that defining motion 

states using image similarity would provide more accurate predictions by capturing the 

interconnectedness of tissue motion throughout the image.  

In this work we present a novel image regression (IR) motion prediction method for 

MRI-guided radiotherapy. Predictions were obtained for the current motion state using a 

weighted linear combination of the 𝐾 most similar motion states in a training set using weights 

derived from image similarity. The ability of IR to overcome system latencies by predicting 

target motion for radiotherapy gating and multileaf collimator tracking is reported. Additionally 

we demonstrate that motion prediction across the entire field of view can be used to initialize 

deformable registration in order to speed up and improve the accuracy of target tracking. A key 

benefit of image regression relative to traditional motion prediction techniques is that prediction 
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of the motion across the entire field of view introduced little additional complexity compared to 

predicting motion of the radiotherapy target alone.  

6.2 Materials and methods 

6.2.1 Image regression motion prediction 

The proposed image regression motion prediction method was motivated by a non-linear 

dimensionality reduction technique known as locally linear embedding (LLE).43 In LLE, each 

high-dimensional data point is estimated using a weighted sum of its 𝐾 most similar high-

dimensional neighbors. IR combines the weights and motion associated with each neighbor to 

provide motion predictions. In our work a single high-dimensional data point was constructed as 

a set of N consecutively acquired images. We constructed our high-dimensional data vector 

 �⃗�𝑖 = [𝐼𝑖, 𝐼𝑖−1, ⋯ , 𝐼𝑖−𝑁+1] (6.1) 

where 𝐼 referred to an individual image and the subscript indicated the index of the image in the 

sequence that it was acquired. The weights that estimated the current high-dimensional state 

were obtained by minimizing the cost function 

𝜀(𝑊) = |�⃗�𝑖 − ∑𝑊𝑗�⃗�𝑗

𝐾

𝑗=1

|

2

 (6.2) 

where �⃗�𝑗 were the most similar neighbors and 𝑊𝑗 were the weights for each neighbor. The most 

similar high-dimensional data points were identified by computing the sum of squared 

differences (SSD) of the current high-dimensional state �⃗�𝑖 from all high-dimensional data points 

in the training set. Explicitly, the SSD between �⃗�𝑖 and one of its neighbors �⃗�𝑗 is computed by  
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𝑆𝑆𝐷 = ∑|�⃗�𝑖,𝑙 − �⃗�𝑗,𝑙|
2

𝑑

𝑙=1

 (6.3) 

where 𝑑 is the dimensionality of the high-dimensional data vectors. The weights were computed 

using the method outlined by Roweis and Saul44 outlined in Appendix A.1 under the constraint 

that  

∑𝑊𝑗 = 1

𝐾

𝑗=1

 (6.4) 

A motion prediction was obtained by combining the motion associated with each neighboring 

high-dimensional data point in the training set using the weighted sum 

�⃗⃗⃗� = ∑𝑊𝑗 �⃗⃗⃗�𝑗

𝐾

𝑗=1

 (6.5) 

where �⃗⃗⃗� was the predicted motion, 𝑊𝑗 were the weights for each neighbor and �⃗⃗⃗�𝑗  was the motion 

associated with each neighbor �⃗�𝑗 (i.e. the motion observed immediately following the last image 

in �⃗�𝑗). Here the motion vector �⃗⃗⃗�  could represent motion for a single point in two dimensions 

(e.g. inferior-superior and anterior-posterior motion), or the two dimensional motion of many 

points throughout the entire field of view (i.e. a deformable registration motion vector field). 

This is a key feature of the IR method enabling rapid prediction of high-dimensional motion. 

Figure 6.1 shows the proposed technique applied to the inferior-superior motion of a tumor 

during treatment derived from deformable image registration and a diagram of the prediction 

workflow.  



111 

 

 

(a) 

 

(b) 

 

(c) 

Figure 6.1: An example predicting inferior superior motion during a patient study. Each high-dimensional data point 

was constructed using a series of two consecutively acquired images. The most similar neighbors are identified (a) 
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and the future motion is estimated using a weighted sum of the motion associated with the K=5 most similar high-

dimensional data points in the training set (b). A diagram of the prediction workflow (c) is also shown. 

Both the motion and sum of squared difference computed using Equation (6.3 have been 

normalized and are displayed in arbitrary units (AU) for visualization purposes. 

Intuitively, constructing each high-dimensional data point using a set of consecutively 

acquired images allowed IR to distinguish between variations in breathing patterns (e.g. inhale 

versus exhale). We hypothesized that the most recently acquired images would provide the most 

predictive power. Therefore we incorporated a temporal weighting by modifying Equation (6.1) 

to construct the high-dimensional data point as  

�⃗�𝑖 = [𝑈1𝐼𝑖, 𝑈2𝐼𝑖−1, ⋯ , 𝑈𝑁𝐼𝑖−𝑁+1]  (6.6) 

where 𝑈𝑚 controlled relative weighting for each image. We used a Gaussian weighting defined 

by  

𝑈𝑚 = 𝑒−
1
2
(𝑚−1)2

 (6.7) 

where 𝑚 was an integer and indicated the relative temporal position of the image in the sequence 

(𝑚 = {1,2, … ,𝑁}). Incorporating this weighting had the effect of more heavily weighting 

differences between the most recently acquired images in the high-dimensional data sets. The IR 

training set was updated with each newly acquired image using a first-in first-out method. 

Specifically, after each prediction the oldest motion state was removed and the newest motion 

state was added to the training set. 
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6.2.2 Reference prediction methods 

We compared our method to an autoregressive linear prediction model, an established 

motion prediction technique that has outperformed other more complicated predictors in MRI-

guided motion prediction studies.47 The autoregressive motion prediction used  

𝑦𝑡+1
𝑝𝑟𝑒𝑑 = 𝑏0 + ∑ 𝑏𝑖+1𝑦𝑡−𝑖

𝑝−1

𝑖=0

 (6.8) 

where 𝑦 were previous target position measurements, 𝑏 were fitting coefficients and the index i 

indicated the relative time of the measured positions.34,47,139 This prediction method requires the 

selection of the number of training samples and the number of consecutive measurements 𝑝 used 

to perform prediction.42 The autoregressive model was updated after each prediction by updating 

the fitting coefficients with the most recent training samples. 

We also compared IR to a simple linear extrapolation.47,136 This prediction method 

estimated the future position using the most recent position and current motion velocity. Linear 

extrapolation was performed by 

𝑦𝑡+1
𝑝𝑟𝑒𝑑 = 𝑦𝑡 + 𝑣𝑡𝑑𝑡 (6.9) 

where 𝑦𝑡 was the current position of the target, 𝑣𝑡 was the velocity over the previous two image 

acquisitions and 𝑑𝑡 was the amount of time in the future where the prediction occurred. 

6.2.3 Data acquisition 

Healthy volunteer studies were performed using a 0.35T ViewRay MRIdian MRI-guided 

radiotherapy system. Additionally, imaging data from patients treated under free-breathing 

conditions on the ViewRay at our institution were used retrospectively to test the IR method. 
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Images were acquired with a balanced steady state free precession sequence, with the parameters 

listed in Table 6.1. 

Table 6.1: Single plane acquisition parameters used in healthy volunteer and patient studies. 

Study Type 
Frame Rate 

(fps) 

Resolution 

(mm) 

Slice Thickness 

(mm) 

Field of View 

(mm) 

Echo Time 

(ms) 

Volunteer 3 2.0 x 2.0 4.5 400 x 400 1.38 

Patient 4 3.5 x 3.5 5.0 270 x 270 1.10 

Patient 4 3.5 x 3.5 5.0 350 x 350 1.09 

Study Type 
Repetition Time 

(ms) 

Bandwidth 

(Hz/Px) 

Flip Angle 

(degrees) 
Averages 

Phase 

Partial Fourier 

Volunteer 3.26 556 60 1 6/8 

Patient 2.40 1002 60 2 7/8 

Patient 2.41 1000 60 2 6/8 

 

All images were acquired with a generalized autocalibrating partially parallel acquisition factor  

of 2.62  

Eight volunteer studies were used to evaluate IR prediction-based gating and registration 

initialization.37 Informed consent and Institution Review Board approval were obtained prior to 

all imaging studies. A series of 2000 images were acquired at 3 frames per second (fps) resulting 

in an approximately 11 minute study.   

Images were acquired retrospectively from 13 patients treated with MRI-guided 

radiotherapy under free-breathing conditions at our institution from 149 sessions comprising 25.6 

hours of 4-fps imaging. These studies were used to evaluate IR prediction-based gating. 

6.2.4 Target tracking 

Normal tissue objects (e.g. liver vessels) served as simulated targets in the healthy 

volunteer studies. Tumors were used in patient studies whenever there was sufficient breathing 

motion of the tumor; in the cases of minimal motion, normal tissue objects subject to larger 

motion were identified to simulate gated radiotherapy treatments (7 patients). A set of points 
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outlining the target were used for target tracking. Predictions were obtained for each point and 

used to predict the target’s location. The gating margin was generated by applying a 3 mm 

expansion about the target contour at an end-exhale breathing phase. To be consistent with our 

clinical protocol, the beam gating decision was defined as off when at least 10% of the target 

contour was outside the gating margin.  

Targets were tracked using a deformable image registration algorithm similar to that used 

by the ViewRay system.26,140 Image registrations were performed using the Elastix package.101-

103 A multi-resolution b-spline deformable registration was performed using mutual information 

as a similarity measure. Registration masks and parameter files were selected to prioritize 

registration accuracy of the tracked target. The deformation vector fields (DVF) obtained from 

image registration were used to deform the target contour to generate the ground-truth target 

position and gating decision, and were used in the training data to generate motion predictions.  

The accuracy of the first 200 registrations for each patient and volunteer were evaluated 

quantitatively through a landmark study. The location of the tracked target was manually 

identified in both the reference image and each registered image. The distance of the landmark 

identified in each registered image from the landmark in the reference image served as a measure 

of the registration accuracy. The mean location of the landmarks from the average location 

identified across all registered images served as a measure of registration consistency. A visual 

spot check was performed for all other registrations (approximately every 10th image) as the 

image data spanned approximately 27 hours of imaging. 
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6.2.5 IR prediction performance metrics 

The IR prediction algorithm was evaluated in two domains: The first was the spatial 

accuracy of motion predictions and their relation to beam gating. The second was the use of 

motion predictions to speed up and improve the accuracy of deformable-registration based target 

tracking by initializing the registration.  

A. Prediction-based Gating 

Radiotherapy gating decision accuracy and positive predictive value (PPV) were defined 

as the proportion of all prediction-based radiotherapy gating decisions that were correct (beam-

on and beam-off), and the proportion of prediction-based beam-on gating decisions that were 

correct compared to the gating decisions derived from deformable registration based target 

tracking. PPV is an important clinical measure as it indicates the fraction of radiation that is 

delivered when the target in the desired location. The median and 95th percentile distances 

between predicted and ground-truth target positions were also evaluated. The IR prediction 

method was compared to the autoregressive linear and linear extrapolation predictions. 

Additionally, the IR method was compared to assuming that the target did not move between 

image frames (“null”). Statistical significances between IR and each other prediction method 

were evaluated using a paired Student’s t-test. 

B. Registration Initialization 

Motion predictions were investigated for deformable registration initialization to speed 

up and improve the accuracy of deformable registration based target tracking. Deformable 

registration provides motion information for each voxel, therefore a prediction was performed 

for each individual voxel and used to initialize the registration. A series of 10 registrations were 
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performed for each image with the total number of iterations used to optimize the registration 

ranging from 5 to 50 in 5-iteration intervals. The total number of registration optimization 

iterations was limited to 50 in order to ensure that registration time was computationally feasible 

for a real-time application of the technique. These registrations were compared against a 250-

iteration registration that served as the ground truth.  

The distance between the tracked target centroid and the ground-truth position, dice 

similarity between the tracked target contour and the ground-truth target contour, and mutual 

information between the two registered images were evaluated for each 5-iteration interval. 

These registrations were compared to registrations initialized using all zeros (“none”), the DVF 

from the most recently acquired image (“previous”) and a DVF predicted using a linear 

extrapolation of the motion from the two most recent images (“extrapolation”).140  

6.2.6 Prediction model parameter selection 

To account for changes in breathing patterns, both the IR and autoregressive linear 

prediction models were updated with each new image. Model specific parameters were selected 

empirically by evaluating the average prediction performance metrics across the volunteer 

studies. Our evaluation primarily focuses on prediction one frame (0.25-0.33 seconds) in the 

future. However, the prediction performance of each method at longer look-ahead lengths (0.75-

1.00 seconds) is also reported. 

The IR prediction parameters were selected to strike a balance between modeling 

accuracy and computational feasibility. Parameter selection was performed by maximizing the 

average gating accuracy and minimizing the centroid position prediction error in the volunteer 

studies. The number of training states was varied from 50 to 100 in intervals of 10, the 
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investigated number of nearest neighbors included 𝐾 = {10, 20, 25, 30, 40, 50} and the number 

of consecutive images defining the motion state was varied from 1 to 5 in increments of 1. The 

final parameter set included 100 training states �⃗�, 25 nearest neighbors 𝐾 and 2 consecutive 

images N per state. The region of the images used to compute prediction weights were cropped 

to avoid regions which changed due to non-respiratory effects (e.g. gas changes in the bowel), 

and convolved with an 8 x 8 voxel averaging filter to reduce the influence of noise.  

The autoregressive linear prediction model parameters were varied to minimize the 

median and 95th percentile centroid position prediction error in the volunteer studies. The 

number of training measurements was varied from 10 to 90 in intervals of 10 and the number of 

consecutive measurements 𝑝 was varied from 1 to 10 in increments of 1. The final prediction 

utilized 90 training measurements and 7 consecutive measurements to perform motion 

prediction.  

6.3 Results 

The average registration error across all volunteer and patient studies was 1.34 mm. The average 

registration consistency was 0.77 mm. These values are similar to those reported in our previous 

publications.37,41 

6.3.1 Radiotherapy gating 

Motion predictions were obtained for the target contour in 25 ms using the IR method 

and 2.5 ms using the autoregressive prediction model on average across all studies. IR motion 

prediction resulted in the highest gating accuracy, PPV and lowest median and 95th percentile 

distances of, 95.8%, 95.7%, 0.63 mm and 2.08 mm respectively on average across all patient and 
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volunteer studies. The individual gating statistics predicting one frame in the future are reported 

in Figure 6.2. 

 

(a) 

 

(b) 

 

(c) 
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(d) 

Figure 6.2: The individual gating accuracy (a), gating positive predictive value (b), median (c) and 95 th percentile 

centroid distance (d) for each patient and volunteer study predicting one frame in the future. The average statistic 

using each prediction method is shown in the legend. Asterisks indicate patients whose tracked targets were normal 

anatomical features.  

A portion of the predicted motion waveform using each prediction method along with the 

prediction error and contour using the IR method during a patient study is shown in Figure 6.3.  

 
(a) 

 
(b) 
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(c) 

 
Figure 6.3: The predicted inferior-superior (a) and anterior-posterior (b) motion during a patient study predicting 

one frame in the future. An example of selected image regression predicted (dashed cyan line) and ground-truth 

target contours (solid red line) overlaid with the prediction error (c) during the same study.  

Differences between the IR method and all other methods were statistically significant 

(p<0.050), with the exception of the IR and linear extrapolation prediction methods’ PPVs 

(p=0.068). Prediction performance for each prediction method at longer look-ahead lengths are 

reported in Table 6.2. 

Table 6.2: The average gating accuracy, positive predictive value, median and 95th percentile centroid distance across 

all patient and healthy volunteer studies using each prediction method. 

Prediction Length 

(frames) 

Gating Accuracy 

(%) 

Image Regression Autoregressive Extrapolation Previous 

1 95.8 94.6 92.9 87.5 

2 92.0 89.1 81.0 76.2 

3 88.6 84.6 67.1 66.7 

Prediction Length 

(frames) 

Gating Positive Predictive Value 

(%) 

Image Regression Autoregressive Extrapolation Previous 

1 95.7 94.1 93.6 88.1 

2 92.4 89.6 85.9 77.3 

3 90.1 86.8 76.4 68.3 

Prediction Length 

(frames) 

Median Centroid Distance 

(mm) 

Image Regression Autoregressive Extrapolation Previous 

1 0.63 0.84 1.15 1.67 

2 0.99 1.45 2.63 3.03 

3 1.27 1.86 4.71 4.22 
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Prediction Length 

(frames) 

95th Percentile Centroid Distance 

(mm) 

Image Regression Autoregressive Extrapolation Previous 

1 2.08 2.32 3.46 3.89 

2 3.73 4.30 8.05 7.06 

3 4.92 5.82 13.10 9.61 

 

Image regression motion prediction was robust to parameter selection. On average across 

the volunteer studies, decreasing the number of training high-dimensional data points from 100 

to 50 increased the median centroid distance only 0.02 mm. Increasing the number of nearest 

neighbors 𝐾 from 25 to 50 increased the median centroid distance by only 0.01 mm. Using the 

single most recently acquired image (N=1) instead of two consecutively acquired images (N=2) 

to construct each high dimensional data point increased the median centroid distance by 0.15 

mm. Increasing the number of consecutive images N to 3 reduced the median centroid distance 

by only 0.01 mm. 

Parameter tuning revealed that the autoregressive linear prediction was also insensitive to 

parameter selection. Reducing the number of utilized consecutive measurements from seven to 

two increased the median centroid distance by 0.10 mm. Decreasing the number of training states 

from 90 to 50 increased the median centroid distance 0.02 mm.      

6.3.2 Registration initialization 

The average dice similarity, distance between registration-tracked and ground-truth target 

centroids, and mutual information between the registered images, are shown in Figure 6.4 as a 

function of registration iterations for each initialization method.  
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(a) 

 
(b) 

 
(c) 
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Figure 6.4: The convergence of the registration using different initialization methods. The average dice similarity 

(a), distance between the ground-truth and registration-tracked target centroids (b), and mutual information 

similarity measure (c) at multiple iterations during the registration. 

The IR initialized registration on average converged within 0.50 mm of the ground-truth position 

in fewer than 10 iterations whereas the next best alternative initialization method required more 

than 25 iterations. The proportion of images with the best dice similarity and centroid distance 

are shown for each initialization method at different iterations during the registration in Figure 

6.5. 

 

(a) 

 

(b) 
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(c) 

 

(d) 

Figure 6.5: The proportion of best target tracking results indicated by dice similarity and centroid distance between 

the registration-tracked and ground-truth target contours after 10 iterations (a,b) and 50 iterations (c,d) of the 

registration using each initialization method. 

Using IR initialization, the centroid distance was smaller on average by 0.37 mm after 10 

iterations than the next best initialization method for 51.1% of the images. Target tracking 

improvements using IR initialization were notably smaller after all 50 iterations since the 

registration optimizations had more iterations with which to converge. After all 50 iterations, IR 

initialization resulted in the best centroid distance 25.5% of the time, yielding on average a 0.13 

mm centroid distance improvement over the next best initialization method.  

6.4 Discussion 

We have demonstrated that IR can be used to predict target motion for radiotherapy 

gating and deformable registration initialization. The IR method led to improved predictions 

compared to the established autoregressive linear prediction model across all gating and centroid 

position statistics. Additionally, our results quantify the spatial inaccuracy resulting from the 
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assumption, used in current commercial MRI-guided radiotherapy systems, that the target is 

static between image acquisitions. We have also demonstrated that IR may improve deformable 

registration-based target tracking and compared IR initialization to the initialization methods 

employed by a commercial MRI guided radiotherapy system. These image registration studies 

offered compelling evidence that IR prediction could be used to accelerate registration 

convergence and in some cases improve target tracking accuracy. The commercial system 

performed registrations simultaneously using each initialization method and target tracking relied 

on the registration that yielded the highest registered image correlation coefficient on a frame-

by-frame basis.140 Registration initialization using IR could be performed in parallel with current 

initialization methods to improve registration speed and accuracy. 

We elected to benchmark our proposed method against autoregressive linear prediction as 

this method of motion prediction is well established, has been used in other MRI-guided 

radiotherapy prediction studies and in some cases outperformed more complex prediction 

methods such as artificial neural networks, support vector machines and Kalman filters.34,47,113,139 

Improvements attained using IR motion prediction were statistically significant. Absolute 

prediction improvements however were relatively small with an average median centroid 

position prediction error improvement of 0.21 mm. The authors did not evaluate alternative 

complex prediction models which may in some cases outperform the autoregressive prediction 

algorithm.  IR predictions can be performed for the entire motion field with similar 

computational cost compared to prediction motion of the target contour alone. In our studies, 

performing motion prediction across the entire FOV using the IR method required only 0.02 s 

whereas performing prediction with the autoregressive model across the entire FOV required 
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0.39 s. For real-time 3D registration where computational costs are currently prohibitive, IR 

registration initialization could be particularly useful for deformable registration based target 

tracking.116  

All motion prediction methods are limited and may be subject to error. For example, 

prediction performance may be degraded during periods of irregular breathing. Additionally, it is 

possible that predictions will be inaccurate when the motion lies outside the range of motion 

included in the training set. IR in particular may not provide accurate predictions for these 

outliers since IR uses a weighted combination of training samples to derive predictions. 

Development of a prediction confidence estimation method to determine whether or not the 

prediction will be accurate lies beyond the scope of this work, but is currently under 

investigation in our laboratory.  

One limitation of this manuscript is that the potential benefit of the proposed technique 

has not been evaluated in the context of template-matching based target tracking for MRI-guided 

radiotherapy.48,141-143 Template matching can be performed more rapidly than deformable 

registration, and it could potentially be combined with autoregression of the template centroid 

position to produce similar overall performance as our proposed method for rigidly moving 

targets. However, in the context of substantial deformations, accurate template matching based 

target tracking may prove challenging.  

To the authors’ knowledge, only one other group has previously described a method to 

predict motion across the entire imaging field of view for MRI-guided radiotherapy.138 The 

previous work by Noorda et al reported mean prediction errors of 2-3 mm for a 0.3 second 

prediction whereas we report an average median error of 0.63 mm (0.25-0.33 second prediction).  
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Furthermore, Noorda et al evaluated their technique using 37 seconds of imaging data across 4 

healthy volunteer studies whereas we report results from 8 healthy volunteer and 13 patient 

studies representing 26.9 hours of imaging data. Other significant differences between their work 

and ours include that they used a nearest neighbor look-up table whereas IR used a prediction 

model that could extrapolate motion states not included in the training data, and that Noorda et al 

relied on an external respiratory surrogate whereas we derived motion predictions using image 

similarity.138 Notably, the other authors estimated motion across multiple slices whereas the 

present study predicted motion in a single imaging plane.138 Our technique is generalizable and 

could be combined with a locally linear embedding based multi-slice motion modeling method to 

perform multi-slice motion prediction.41  

6.5 Conclusion 

We have developed a novel image regression method to provide motion predictions 

derived from image similarity during MRI-guided radiotherapy to overcome gating latency. We 

have demonstrated that the method provides modestly more accurate motion predictions than an 

established autoregressive linear prediction model. A key advantage of the image regression 

method relative to autoregressive linear prediction is that the method does not incur substantial 

additional computational costs predicting motion at high resolution throughout the entire field of 

view, which holds potential advantages for deformable registration based target tracking. 

Additionally, we demonstrated that motion prediction offers a significant improvement in spatial 

accuracy of target tracking compared to the current assumption employed by MRI-guided 

radiotherapy systems that no motion occurs between image acquisitions.  
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 ONLINE TARGET VOLUME ESTIMATION AND  

PREDICTION FROM AN INTERLACED SLICE ACQUISITION –  

A MANIFOLD EMBEDDING AND LEARNING APPROACH 

7.1 Introduction 

Motion is a critical consideration in radiotherapy. Online magnetic resonance imaging 

(MRI) provides the opportunity to monitor tumor motion during treatment, but imaging 

techniques are not currently able to acquire volumetric images fast enough to monitor the motion 

of the entire tumor in real-time. Only a portion of the target is visible at each time point and there 

is no standardized or justified optimization method to select the physical location or cross section 

of the target that should be monitored during treatment. In addition to obtaining volumetric 

characterization, it is particularly important to perform prediction to compensate for 

computational and mechanical latencies to make adaptive adjustment. 

Endeavors have been made to use motion models to obtain 3D motion in real-time. 

Proposed methods include use of a motion lookup table, fitting prior 4D MRI motion to match 

newly acquired 2D images, manifold learning and use of a bilinear motion model with a 

respiratory surrogate.38,41,122,138 Other relevant works have restricted prediction to 2D setups 

using autoregressive linear models, support vector machines and kalman filters.47,138 To our 

knowledge, only one existing work addressed both limitations simultaneously, predicting motion 

across multiple slice positions using a respiratory surrogate and lookup table.138 

In this study we propose a unified framework to provide volumetric motion information 

and perform motion prediction. We utilize a locally linear embedding and manifold alignment 

technique to simultaneously model motion across multiple imaging planes.41 We extract and 
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estimate the underlying nonlinear manifold structure of anatomical motion across multiple slice 

positions and infer the volumetric target descriptor using the manifold for each acquired 2D 

image to obtain its 3D counterpart and perform real-time volumetric prediction. 

7.2 Materials and methods 

7.2.1 State embedding and manifold alignment from 2D images at different acquisition 

locations 

Let 𝑿 indicate samples in the ambient space (i.e., 2D images, possibly from different 

locations), 𝒀 the low-dimensional embedding, 𝑊 the weights. Further we will use subscript 𝑙 to 

index slice location so that 𝒳𝑙 𝒴𝑙 indicate the collection of ambient samples collected at location 

𝑙 and their corresponding embedding. We utilize an estimation scheme to obtain 𝒴𝑙 , 𝑙 = 1,2, … , 𝐿 

by performing manifold alignment during locally linear embedding.122 

As a preprocessing step, for any specific image location 𝑙, and each sample 𝑖, the 𝐾 most 

similar images under the same acquisition condition 𝑙 are identified and their weights estimated 

by minimizing 

 𝑎𝑟𝑔 min
𝑊

∑|𝑿𝑖 − ∑ 𝑊𝑖𝑗𝑿𝑗

𝑗∈Ω(𝑖)

|

𝑁

𝑖=1

2

 (7.1) 

 

where Ω(𝑖) is the index set for the neighborhood, and 𝑊𝑖𝑗 are the reconstruction weights 

associated with each nearest neighbor. The details of this optimization are provided in Appendix 

A.1. 
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Subsequently, we consider a process to generate the embedding by considering both 

point-wise embedding accuracy and manifold alignment simultaneously. We minimize the 

objective 

 Φ𝑡𝑜𝑡({𝒴𝑙}𝑙=1,2,…,𝐿) = ∑Φ𝑙(𝒴𝑙)

𝐿

𝑙=1

+ 𝜇 ∑Ψ𝑙,𝑙+1(𝒴𝑙, 𝒴𝑙+1)

𝐿−1

𝑙=1

 (7.2) 

 

The first term enforces intra-slice embedding quality, the second term encodes the manifold 

alignment objective and 𝜇 controls the relative penalty of each term. The implementation details 

of this optimization are provided in Appendix A.3. 

The intra-position embedding objective Φ quantifies distance preservation upon 

embedding, with all embedding derived from ambient samples of images acquired at the same 

location 𝑙: 

 Φ𝑙(𝒴𝑙) = ∑|𝒀𝑖,𝑙 − ∑ 𝑊𝑖𝑗𝒀𝑗,𝑙

𝑗∈Ω(𝑖)

|

𝑁

𝑖

2

 (7.3) 

 

where 𝑊 are the same reconstruction weights defined in Equation Error! Reference source 

not found. based on the corresponding ambient 𝒳𝑙 high-dimensional neighbors. Minimizing Φ 

alone amounts to the standard locally linear embedding (LLE) method.45 The details of this 

minimization are described in Appendix A.2. 

The inter-position objective drives the alignment of the embeddings across the 

submanifolds from different imaging locations 

 Ψ𝑙,𝑙+1(𝒴𝑙, 𝒴𝑙+1) = ∑|𝒀𝑖1

(𝑙) − 𝒀𝑖2

(𝑙+1)
|
2

𝑈𝑖1,𝑖2

𝑖1,𝑖2

 (7.4) 
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Where 𝒀(𝑙) and 𝒀(𝑙+1) are the set of embeddings corresponding to acquisitions at two different 

slice positions. For embeddings 𝒀𝑖1

(𝑙)
 and 𝒀𝑖2

(𝑙+1)
, their relevance is assessed with kernel 𝑈𝑖1,𝑖2, 

defined as  

 𝑈𝑖1,𝑖2 = exp (−
1

2𝜎2
‖𝑿𝑖1

(𝑙) − 𝑿𝑖2

(𝑙+1)
‖

ℒ̃2

2

) (7.5) 

 

Where 𝜎 is a kernel parameter and ℒ̃2 is the normalized intensity distances. 

Finally, a one-to-one correspondence across different imaging locations 𝑙 is established 

while minimizing the matching differences.124 

When a new sample is acquired, its embedding is derived using an out-of-sample 

extension for LLE.45 Specifically, reconstruction weights were derived using the 𝐾 most similar 

training images acquired at the same spatial location from Equation Error! Reference source 

not found.. Embeddings are derived by applying the same weights to the embedding vectors 

associated with each involved neighbor 

 �̂� = ∑𝑊𝑗𝒀𝒋

𝐾

𝑗=1

 (7.6) 

 

where 𝑊𝑗 are the weights derived from the high-dimensional images and 𝒀𝒋 are the embeddings 

corresponding to each neighbor. 

7.2.2 Population of motion and contours 

Similarly the motion vector, characterized by a deformation vector field (DVF) can be 

propagated using the derived weights: 

 𝑫 = ∑𝑊𝑗𝑫𝑗

𝑗∈Ω

 (7.7) 
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where 𝑫𝑗 are the DVFs corresponding to each nearest neighbor. 

The DVFs can then be used to populate target definition in all slices. Error! Reference 

source not found. shows a schematic describing embedding a newly acquired 2D image in the 

underlying nonlinear manifold and automatically generating target contours. 

 

Figure 7.1: The embedding process for a newly acquired image at slice 1, transferring the embedding across the 

aligned manifolds to all other slice positions and automatically contouring the target in the other slice positions. 

In this specific implementation, we used 𝑁 = 100 training images and neighborhood sizes 

of |Ω| = 𝐾 = 25 at each slice position to derive a embedding of dimension 3. The inter-slice 

parameters included a 𝜇 of 5 and 𝜎 of 1. Parameter selection was performed based off of prior 

reports of optimization and user experience.41 Manifold learning was repeated to update the low 

dimensional embeddings using the most recent images after 10 new images were acquired at 

each slice position. The images were convolved with a 6 x 6 averaging filter to reduce the 

influence of noise and cropped prior to manifold learning to avoid distraction from irrelevant 

state changes, such as gas in the bowel. 
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7.2.3 Out-of-sample based prediction 

For the purpose of prediction, the state is defined as two consecutive 3D contours 𝑺 = 

[𝑪𝑖, 𝑪𝑖−1 ] where 𝑪 is the 3D binary contour and the index indicates the relative time the contour 

was generated. 

To perform prediction at state 𝑺, we apply the out-of-sample rationale to identify similar 

states in the past and estimate their relevance to the current state by finding the simplex 𝑊 

 
𝑎𝑟𝑔 min

𝑊
‖𝑺 − ∑𝑤𝑗𝑺𝒋

𝐾

𝑗=1

‖

2

 

subject to ∑ = 1𝑤𝑗
, 𝑤𝑗 ≥ 0, 𝑗 = 1,… , 𝐾 

(7.8) 

 

The simplex weights are then used to combine the succeeding volumes �̌�’s from training 

set to provide a probabilistic estimate for the predicted volume, similar to an atlas-based 

approach. In this work, we use a simple threshold of 0.5 to generate the predicted volumetric 

mask estimate. 

Error! Reference source not found. illustrates this coherent approach for both volumetric 

inference and prediction. 

 



135 

 

Figure 7.2: Volumetric inference and prediction based on embedding 

7.2.4 Benchmark prediction methods 

The proposed method was compared against four benchmark methods: a nearest neighbor 

image regression (IR) prediction model derived from image similarity, an autoregressive 

prediction method (AR), linear extrapolation (Extrapolation) and assuming the target will remain 

static until another image is acquired again at the same position (None). 

The IR method considers two consecutive images as state 𝑺, and uses only the images 

acquired at the same slice locations as the current images to train the prediction, using the same 

method as in Equation Error! Reference source not found. for prediction. Note that this 

prediction only generates a contour on a single slice. 

The linear AR method generalizes prediction as a linear combination of previous motion 

values by minimizing 

 𝑎𝑟𝑔 min
𝛽

∑|𝐷𝑖 − 𝛽0 − ∑ 𝛽𝑞𝐷𝑖−𝑞

𝑝

𝑞=1

|

𝑁

𝑖=1

2

 (7.9) 

 

where 𝛽 are the fitting coefficients. The regression coefficients are then applied to the most 

recent motion state 𝐷𝑖 , 𝐷𝑖−1, … , 𝐷𝑖−𝑝+1 to generate the prediction. We used 𝑁 = 90 samples and 

𝑝 = 3 trajectory points to fit the model. These parameters were selected using a parameter 

optimization reported below. The model was updated with each newly acquired image. 

Extrapolation assumes constant target velocity to extrapolate the future position from two 

most recent samples. Motion values acquired at the same position as the currently imaged slice 

were used to perform motion extrapolation. 
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No commercially available MRI-guided radiotherapy systems provide the option to 

perform motion prediction. The target is implicitly assumed to be static until the next image is 

acquired. The "None" benchmark reflects this behavior. 

7.2.5 Studies and evaluation 

A total of eight healthy volunteers were recruited to evaluate the proposed method. 

Images were acquired repeatedly in an interleaved fashion across 10 slice positions using a 0.35 

T MRI-guided radiotherapy system. Images were acquired at approximately 3 frames per second 

until 200 images were acquired at each slice position using a balanced steady state free 

precession sequence with a 2 x 2 mm2 in-plane resolution and 4.5 mm slice thickness. All 

predictions were performed one image frame (0.33 seconds) into the future, which falls into the 

range of 200-500 ms system latency for MRI-guided radiotherapy systems.41 Normal anatomical 

features were contoured on the reference image at each slice location. All motion vector fields 

were derived using a 2D multi-resolution B-Spline based deformable registration to a reference 

image of the same slice location to enable contour generation.103 

Since at the imaging frequency of 3 Hz we only have access to a single 2D image slice at 

one of the 10 slice locations, there is no access to the ground-truth volumetric target definition. 

Quantitative evaluation was performed by retrospectively evaluating the intersection between the 

target volume prediction and the ground-truth image at the specific slice where the image was 

acquired. Dice similarity coefficient (DSC) and contour distance were used as performance 

metrics. A t-test was used to compare performance between the proposed method and the 

benchmark approaches. We call this "conditional 2D performance" to differentiate it from a truly 

3D assessment. 
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The proposed embedding approach is the only method that generated volumetric 

predictions. To evaluate the performance of the 3D prediction, the dice similarity was compared 

between the predicted and retrospectively inferred 3D contour volume generated by the 

embedding approach, referred to as the "3D performance" quantification. 

7.3 Results 

As previously mentioned, manifold learning parameter selection was performed based off 

of prior reports of parameter optimization and user experience.41 Autoregressive linear prediction 

was selected by performing a parameter search, maximizing the average dice similarity and 

minimizing the mean centroid prediction error across the volunteer population. The optimization 

of the number of training samples 𝑁 and consecutive measurements 𝑝 is reported in Error! 

Reference source not found.. 

  
(a) (b) 

 

Figure 7.3: The optimization of the average DSC (a) and centroid distance (b) across all volunteers for selecting the 

autoregressive linear prediction model parameters. 

Examination of the conditional 2D performance shows that the proposed prediction 

method resulted in an average dice similarity of 0.84 and mean centroid prediction error of 1.74 
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mm across all healthy volunteer studies. Error! Reference source not found. reports comparison 

of the proposed method to the benchmarks for these two metrics. 

  
(a) (b) 

 

Figure 7.4: Performance comparison in DSC (a) and centroid distance (b) prediction error for each healthy 

volunteer study. The average result and the companion p-value from t-test (in bracket) are reported. 

In the conditional 2D performance assessment, the IR method performs best. The 

proposed 3D method comes in a close second, possibly due to the smoothing introduced in 

embedding and manifold alignment. In the 3D performance assessment, the proposed method 

achieves an average DSC of 0.87. Table 2.1 reports the mean and standard deviation of DSC for 

each subject. 

Table 7.1: The average and standard deviation of the dice similarity between the 3D predicted and 3D observed 

target contours for each healthy volunteer study along with the in-plane target area 

Volunteer 1 2 3 4 5 6 7 8 

Average 0.89 0.92 0.89 0.86 0.84 0.80 0.89 0.84 

Standard Deviation 0.13 0.07 0.09 0.11 0.15 0.14 0.08 0.14 

In-plane Target Area (mm2) 1144 1080 632 452 1076 1584 1656 1364 
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7.4 Discussion and Conclusion 

We have demonstrated the proposed method of simultaneous manifold embedding and 

alignment can be used to provide complete volumetric target predictions in real-time during 

MRI-guided radiotherapy for treatment guidance. Importantly, the proposed method provides 3D 

target contours in a unified geometrical space at the native 2D image acquisition frame rate, 

bridging the gap between the desire to drive treatment decisions using full 3D information and 

limited imaging speed. 

In the conditional 2D assessment, the proposed method comes as a close second to the IR 

prediction, and outperforms all other benchmarks investigated. The reduction in prediction 

performance compared to the IR method may be attributable to the smoothing during embedding 

and alignment, and could possibly be addressed with further investigation of embedding 

parameters. Additionally, the proposed method derives prediction weights from the 3D binary 

target masks whereas the IR method derives prediction weights from image similarity. It is 

possible that either texture within the target, the surrounding context, or both may help inform 

prediction. The proposed approach is amicable to such modifications by changing the definition 

of state to ROI-intensity. All other benchmarks rely upon repeated sampling of the same motion 

information at the same spatial location, resulting in a long effective look-ahead length that was 

10 times the imaging interval under the interleaved acquisition protocol. 

The proposed prediction performance was lowest in volunteer study 6. This particular 

volunteer's breathing motion was irregular as the subject changed their way of breathing, 

switching between chest and abdominal breathing during the recording. This type of switching 

poses challenges for the IR method as well, though not as severe. It is possible to expand the 
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current method to a hybrid scheme by incorporating a pattern change detection module to adapt 

the estimation of the underlying manifold more rapidly once a switching behavior is identified. 

Finally, our method was motivated by the interleaved image acquisition in MRI guided 

radiotherapy, to utilize 2D images of varying slice location as input and provide real-time 3D 

volumetric characterization as output. The same rationale applies to other scenarios where 

partial, limited observation is acquired online, such as in fluoroscopic settings for adaptive 

radiotherapy. 
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 A NOVEL MOTION PREDICTION CONFIDENCE  

ESTIMATION FRAMEWORK 

8.1 Introduction 

Motion is ubiquitous during radiotherapy. Gating can be performed to address intra-

fraction motion by turning the radiation beam off when the target moves outside the desired 

configuration.25,26,37,41,90 However, computational and mechanical limitations often result in a 

200-500 millisecond delay between the time the target leaves the nominal position and the 

radiation beam is turned off.8,26,90,97,98  Motion prediction offers one method to overcome system 

latency.34,42,47,130,131,136,144,145 Motion prediction methods include structured and unstructured 

models that assume a specific relationship between current measurements and future motion. 

Established structured prediction models include the autoregressive moving average (AR) model 

and the Kalman filter.34,144,145 Examples of structure-free prediction methods include support 

vector machines, artificial neural networks and kernel density estimation prediction.47,130,131  

Although motion predictions may overcome radiotherapy system latencies, motion 

predictions are subject to errors and variations. Assessment of prediction confidence could 

inform whether prediction at a specific time could be trusted to trigger gating control. Some 

prediction methods such as the AR models have established methods to estimate prediction 

intervals.146 However, other motion prediction methods have shown superior performance but 

their associated confidence estimation methods are yet to be established. One may consider ad-

hoc approaches by evaluating prediction errors, comparing the predicted location to the observed 

motion as it becomes available and using it as a surrogate for the current prediction quality. 

Alternatively, one may assess the prediction error and claim the prediction method to be working 
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well if the residual is close to white noise. However, assessment of statistical properties requires 

accumulation of many individual observations and may have difficulty quantifying instantaneous 

prediction quality. In addition, prediction error can only be evaluated when the ground-truth 

motion is available, resulting in an inevitable lag between the time prediction error occurs and 

when the error is detected. 

The purpose of this work is to develop and evaluate a novel methodology for estimation 

of motion prediction confidence. We combine the prediction model’s goodness of fit, motion 

prediction variation using a leave-one-out process, and the current target velocity as measures of 

prediction confidence. Intuitively, the goodness of fit reflects the prediction model’s consistency 

with the training data, the leave-one-out process evaluates the robustness of model inference to 

perturbations in the training data, and the current target velocity reflects the intuition that the 

position of faster moving targets is harder to predict. In contrast to evaluating the prediction error 

directly, all components of the proposed confidence estimation methodology can be evaluated 

simultaneously alongside motion prediction in real-time.  

We use a linear combination of the aforementioned metrics to quantify the overall 

uncertainty of motion predictions. The relative effectiveness of each metric is evaluated and the 

optimal relative weighting is investigated. Additionally, the proposed method is compared 

against two other methods of prediction error evaluation. We develop the method in the context 

of an MRI system prediction based gating control, but the methodology is general and could be 

used in other contexts.  
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8.2 Materials and methods 

8.2.1 Proposed confidence estimator 

Motion predictions are obtained using the image regression motion prediction method 

reported in Chapter 6. In the MRI-guided radiotherapy setting, each observation is a set of 

images. The prediction method identifies the 𝐾 observations in a training set that are most 

similar to the current observation, derives weights that best estimate the current observation as 

linear combination of these training elements, and predicts motion by combining the future 

locations associated with the training elements with the same weights.  

We propose a confidence estimator of the following form 

𝑆(𝜇1, 𝜇2) =
1

𝑛
|�⃗� − ∑ 𝑤𝑗�⃗�𝑗

𝐾

𝑗=1
|

2

+ 𝜇1𝑇𝑟(Σ) + 𝜇2𝑉 (8.1) 

where 𝜇1 and 𝜇2 are balancing hyperparameters.  

The first component is the prediction model’s residual to describe goodness of fit  

𝑟 =  
1

𝑛
|�⃗� − ∑ 𝑤𝑗�⃗�𝑗

𝐾
𝑗=1 |

2
  (8.2) 

where �⃗� is a high-dimensional observation (i.e., the set of most recently acquired images), 𝑤𝑗 are 

weights associated with the 𝐾 most similar high-dimensional training observations �⃗�𝑗 and 𝑛 is 

the number of voxels in each image. A high value of the fitting residual would indicate 

inconsistency between the current observation and the training samples, shedding uncertainty on 

the prediction inference. 
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The second term follows a leave-one-out (LOO) process and estimates the perturbation in 

the prediction by repeating image regression motion prediction but omitting a single nearest 

neighbor 𝑗 from the training set. Specifically, motion predictions are obtained  

Y⃗⃗⃗𝑗 = ∑ 𝑤𝑖 �⃗⃗�𝑖

𝑖∈𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑠𝑒𝑡,𝑖≠𝑗

 (8.3) 

where 𝑤𝑖 are the weights derived for motion prediction after omitting a single nearest neighbor 𝑗 

from the training set and �⃗⃗�𝑖 are the associated future motion values in the training set. The leave-

one-out predictions are evaluated using the covariance matrix   

Σ =
1

𝐾 − 1
𝐘T𝐘 (8.4) 

where 𝐘 is the concatenation of the leave-one-out motion predictions adjusted to zero-mean 

along each dimension. The trace of the covariance matrix indicates the variations in various 

leave-one-out predictions: the larger its value, the more unstable the prediction may be.   

Finally, the current target centroid velocity 𝑉 is combined into the overall confidence in 

Equation (8.1 to reflect the intuition that fast moving targets are harder to predict. 

𝑆(𝜇1, 𝜇2) =
1

𝑛
|�⃗� − ∑ 𝑤𝑗�⃗�𝑗

𝐾

𝑗=1
|

2

+ 𝜇1𝑇𝑟(Σ) + 𝜇2𝑉 

An example of the confidence estimator is shown along with the intuition behind use of the fit 

residual and leave-one-out prediction variance in Figure 8.1. 
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(a) 

 

(b) 

Figure 8.1: An example of the prediction error, confidence estimator and selected images (blue ‘o’) showing the 

overlaid predicted (cyan) and ground-truth (red) contours (a). A schematic demonstrating the intuition behind use of 

the fit residual and leave-one-out prediction variance for confidence estimation (b). 

8.2.2 Other confidence estimation methods as benchmarks 

Inspection of the prediction error provides a reasonable alternative method to evaluate the 

motion prediction. The prediction error can be evaluated with any motion prediction method and 

is obtained as the motion becomes observable. The confidence estimate is proportional to the 

error given by 



146 

 

ε = |y⃗⃗ − y⃗⃗𝑝𝑟𝑒𝑑| (8.5) 

where y⃗⃗ is the ground-truth position and y⃗⃗𝑝𝑟𝑒𝑑 is the predicted position.  

One may also use the flatness of the prediction error as an indicator of “whiteness” or 

whether there is any structured residual left upon prediction.  One option is to evaluate the ratio 

of the geometric to arithmetic mean of the signal’s power spectrum.147 In this work we evaluate 

the flatness of the prediction error directly given by 

𝜑 =
(∏ ε𝑖

𝑁
𝑖=1 )1/𝑁

1
𝑁

∑ ε𝑖
𝑁
𝑖=1

 (8.6) 

where ε is the prediction error calculated using Equation (8.5 and the ratio is calculated using 

the 𝑁 most recent prediction errors. 

8.2.3 Motion prediction gating studies 

All imaging studies were performed using the ViewRay MRIdian.25 The configuration of 

the system available at the time of imaging at our institution combined a 0.35 T magnet with 

three 60Co radiotherapy sources. Eight healthy volunteer studies were performed following 

Institutional Review Board approval and informed consent. Images were acquired during free-

breathing using a balanced steady state free precession sequence (bSSFP) for approximately 11 

minutes at 3 frames per second (FPS) until a total of 2000 images were acquired. Thirteen free-

breathing patient studies were performed retrospectively using images acquired during 

treatments. Images were acquired using a bSSFP sequence at 4 FPS yielding a cumulative 25.6 

hours of patient data. Radiotherapy target contouring was performed using custom MATLAB 

software. The gating margin was defined at end-exhale by the target contour expanded using a 3 

mm margin. The same clinical target was used in patient studies where the target moved 



147 

 

substantially enough in and out the gating margin to generate a variable gating decision. In all 

other cases, normal anatomical features subject to larger motion were selected. In all healthy 

volunteer studies, normal anatomical features were used to simulate radiotherapy treatments. The 

same healthy volunteer and patient datasets were used in previous motion modeling and motion 

prediction studies.37 

8.2.4 Image registration and motion prediction 

All motion information was derived from deformable image registration. A b-spline 

image registration was performed utilizing mutual information as a similarity measure with the 

Elastix registration package.101-103 Image regression motion prediction was performed one frame 

in the future (0.25-0.33 seconds) using 2 consecutive images to construct each image set, an 

overall training cohort of 100 image sets and 25 inference samples selected from the training 

cohort to perform motion prediction. The training image set was dynamically updated with the 

100 most recent image sets each time a new image was acquired. All images were convolved 

using an 8 voxel averaging filter to reduce noise and cropped to a smaller region of interest that 

emphasized regions that changed due to respiratory effects (e.g. liver and lung) while avoiding 

regions that changed due to non-respiratory effects (e.g. bowel and heart). Image signal intensity 

normalization within the selected ROI was performed to help make confidence estimator 

hyperparameters globally applicable. 

8.2.5 Performance metrics and hyperparameter optimization 

The ability of each confidence estimator to detect ≥ 3 mm prediction error was evaluated 

by computing the area (AUC) under the receiving operator curve (ROC). The relative 

effectiveness of the prediction fit residual, leave-one-out prediction variance and target centroid 
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velocity was evaluated by performing multiple studies with various weight settings in Equation 

(8.1. The proposed confidence estimator was compared to the confidence estimators based on 

delayed prediction error assessment ε and 𝜑 in Equations (8.5 and (8.6. Decision thresholds 

were varied for both methods to obtain AUC. In the calculation of 𝜑, window length was varied 

from 2 consecutive measurements to 100 consecutive measurements to calculate the flatness 

metric.  The best AUC obtained from each patient and volunteer study was presented as the 

representative value for each candidate metric. A one-sided paired t-test was performed to 

determine whether the proposed confidence estimation method yielded significant improvement 

over the other confidence estimation methods.  

The effect of using a confidence estimator threshold to override gating decisions on 

relevant clinical metrics was evaluated. The predicted gating decision accuracy, the predicted 

gating decision beam-on positive predictive value (PPV), and distance between the ground-truth 

and predicted target centroid positions are reported. Additionally, the effect of using a 

confidence estimator threshold on gating duty cycle is discussed. Statistical significance was 

evaluated using a one-sided paired t-test to determine whether or not the confidence estimator 

increases gating accuracy and PPV, and reduces the distance between the predicted and ground-

truth target centroids.  

8.3 Results 

The average AUC detecting ≥ 3 mm prediction error while varying hyperparameter 

settings is shown in Figure 8.2.  
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(a)  

 

(b)  

Figure 8.2: Hyperparameter tuning showing the average AUC for detecting prediction error ≥ 3 mm (a) using 

different weightings controlling the relative contribution of prediction fit residual, leave-one-out prediction variance 

and centroid velocity. The average area under the curve optimization ignoring the centroid velocity term (b). 

The hyperparameter search space was defined to ensure the number of studies were 

reasonable and the study would reveal the relative effectiveness of each confidence estimator 

component. Specifically, the hyperparameter search space was selected such that the maximum 

leave-one-out prediction variance and velocity values would range from 0 to 20 times the 

maximum residual value. The higher AUC quantification indicates that the best result tends to 

occur without the velocity term, using only a combination of the residual and leave-one-out 

prediction variance terms. Results from now on considers such combination only, and omits the 

effect of velocity unless explicitly indicated. The AUC is relatively stable except when the leave-

one-out prediction variance term weighting approaches zero.  

The performance of the proposed confidence estimator, prediction error threshold and 

prediction error flatness metric is reported for each study in Figure 8.3. 
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Figure 8.3: The AUC for detecting ≥ 3 mm prediction error using the proposed confidence estimation method, the 

prediction error threshold and the prediction error flatness with optimized window length. The average result across 

all patient and volunteer studies is reported in the legend. 

The proposed confidence estimator resulted in the highest average AUC and the one-way 

paired t-test showed the improvement was statistically significant compared to both the 

prediction error threshold (p = 1.09x10-4) and prediction error flatness threshold (p = 4.23x10-7). 

The effect of using the proposed confidence estimator on relevant clinical metrics was 

evaluated. Figure 8.4 shows the average gating accuracy across all studies using various 

combinations of the leave-one-out prediction variance hyperprameters and confidence estimator 

thresholds. The average gating duty cycle reduction caused by using the confidence estimator 

threshold is shown by the overlaid isocontour. This illustrates the highest achievable gating 

accuracy under a feasibility constraint defined by the affordable duty cycle reduction.  
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Figure 8.4: The average gating accuracy across all studies with different hyperparameter settings and confidence 

estimator thresholds. The average gating duty cycle reduction isocontour lines are overlaid. 

Since a confidence estimator would trigger additional beam-off control when the predictor is 

associated with high uncertainty, it results in a reduction of duty cycle. It is a relief to notice 

Figure 8.4, Figure 8.5 and Figure 8.6 show that our approach yields uniform performance 

improvement at the cost of such reduction, which is a desirable yet hard-to-achieve property. The 

tradeoff between duty cycle and prediction-based gating accuracy is demonstrated for each 

confidence evaluation metric in Figure 8.5. 
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(a) 

 
(b) 

 
(c) 
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Figure 8.5: The tradeoff between reducing gating duty cycle and maximizing the average prediction-based gating 

accuracy across all studies using the proposed method (a), prediction error threshold (b) and prediction error flatness 

threshold (c). 

The same confidence estimation threshold was used across all volunteer and patient studies. The 

flatness metric was calculated using the subject specific window length that maximized AUC. 

The predicted gating decision accuracy, PPV, median and 95th percentile centroid distance from 

the ground-truth position and change in duty cycle are shown for each study in Figure 8.6. The 

same leave-one-out prediction variance hyperparameter setting and confidence estimator 

threshold was used for all studies. These values were selected by maximizing average gating 

accuracy while constraining parameters such that the gating duty cycle reduction was not greater 

than 30% in any single study. 
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Figure 8.6: The change in the clinical evaluation statistics for each patient and volunteer using the same set of 

hyperparameters. The average result using all predictions and a confidence estimator threshold to override gating 

decisions are shown with the average result reported in the legend. 

A one-sided paired t-test revealed that the increase in gating decision accuracy (p = 2.08x10-4) 

and PPV (p = 1.46x10-5) was statistically significant. Similarly, the median (p = 1.71x10-5) and 

95th percentile (p = 2.34x10-5) centroid distances were significantly smaller. Changing the 

maximum duty cycle reduction constraint while maximizing the average gating accuracy is 

reported in Table 8.1. 
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Table 8.1: The average evaluation statistic across all studies using different confidence estimator thresholds and 

hyperparameters. Parameter selection was limited in order that the duty cycle reduction in any single study was no 

greater than the specified constraint. 

Duty Cycle 

Reduction 

Constraint 
𝜇1 

Confidence 

Threshold 

Accuracy 

(%) 

PPV 

(%) 

Median 

Distance 

(mm) 

95th 

Distance 

(mm) 

Duty 

Cycle 

(%) 

--- --- --- 95.8 95.7 0.63 2.08 62.7 

5 2.47E-01 3.23E-02 95.9 96.0 0.60 1.88 61.3 

10 3.87E-01 3.06E-02 96.0 96.2 0.59 1.80 59.4 

15 6.26E-01 3.40E-02 96.2 96.4 0.57 1.75 57.2 

20 7.50E-01 3.23E-02 96.3 96.5 0.56 1.71 54.9 

25 1.62E+00 5.07E-02 96.4 96.6 0.55 1.64 51.9 

30 1.29E+00 3.40E-02 96.5 96.7 0.54 1.60 48.5 

35 1.37E+00 3.06E-02 96.6 96.9 0.53 1.57 45.2 

40 1.76E+00 3.40E-02 96.7 97.0 0.52 1.53 42.6 

 

As expected, relaxing the duty cycle reduction constraint improves gating accuracy and positive 

predictive value while decreasing the median and 95th percentile centroid distances. 

8.4 Discussion 

We have developed a novel confidence estimator that could be used as a companion to a 

prediction approach to quantify real-time confidence and trigger clinical decisions for prediction-

based adaptive beam control. We evaluated it in the context of MRI-guided radiotherapy gating 

as a solid clinical example. The goodness of fit term was motivated by regression quality, the 

variance term followed cross validation principles, and the velocity term arose from physical 

intuition. Our studies indicated the best results were obtained using the former two without the 

target velocity. 

The proposed method was compared to approaches based on evaluating the magnitude 

and noise-like characteristics of the prediction error. The proposed method outperformed these 
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alternatives, resulting in statistically significant improvements detecting ≥ 3 mm prediction error. 

The proposed confidence estimator does not require the ground-truth motion information and can 

be evaluated online during motion prediction. In contrast, evaluating the prediction error directly 

is limited by the delay between the time significant prediction error occurs and the time that it is 

detected. 

In this work we demonstrated that the proposed method on average increased gating 

accuracy and PPV, and reduced the median and 95th percentile distance between the predicted 

and ground-truth centroid positions. Additionally, evaluation of the method’s ability to detect ≥ 3 

mm prediction error indicated that the method was robust to hyperparameter selection. 

Furthermore, we demonstrated that a global set of parameters is applicable across multiple 

volunteers and patients, which indicated promise for clinical translation. Although on average the 

improvement in each clinical metric was modest compared to prediction alone, the difference 

was statistically significant. 

The proposed confidence estimation framework was evaluated using a specific image-

based regression prediction method, but the confidence estimation framework is general and 

could be used with other motion prediction methods. Future work is warranted to refine the 

technique for clinical use. Our results indicate that the use of the confidence estimator improves 

prediction-based radiotherapy gating across all studies, though some patients and volunteers 

appeared to benefit more than the others. Ongoing extensions include developing stratification 

methods to identify individual patients who would benefit substantially from the confidence 

estimation technique, and prognosticate duty cycle-performance tradeoff based on breathing 

characteristics prior to treatment.  
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8.5 Conclusion 

We have developed a novel method to quantify motion prediction confidence in real time, 

with a specific example being image-guided adaptive gating. The method outperformed the 

alternative methods based on delayed error assessment and residual flatness, and led to a 

statistically significant improvement in gating performance. Close examination also revealed the 

feasibility of applying a single set of hyperparameters across the population, alluding to 

convenient and stable clinical translation. 
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 CONCLUSIONS AND FUTURE WORK 

9.1 Summary of work 

The goal of specific aim 1 was to evaluate the current geometric image distortion and 

dosimetric accuracy of gated radiation delivery using the clinically available ViewRay MRIdian 

system. Geometric distortion was evaluated in Chapter 2 and found to be less than 1 mm in 3D 

for more than 99% of the markers within 100 mm of isocenter. Distortions in 2D were no greater 

than 1.10 mm within 50 mm of isocenter using a real-time imaging sequence used for gated 

treatments. Observed levels of spatial distortion should be explicitly considered when using PTV 

margins of 3 mm or less or in the case of targets displaced from isocenter by more than 50 mm. 

Chapter 3 provides a baseline performance assessment of MRI-guided gating with the ViewRay 

MRIdian and suggests that the device can be used to compensate for respiratory motion using a 3 

mm gating margin and 10% allowed excursion in conjunction with repeated breath holds. The 

dosimetric accuracy of radiation delivery was improved by the clinically available radiotherapy 

gating software. 

We developed a novel method for specific aim 2 which enabled pulse sequences that 

require significant time delays between image acquisitions to be used for radiotherapy gating. 

Radiotherapy gating decisions were derived continuously using a respiratory bellows surrogate 

and motion model. Chapter 4 showed that model-based target tracking agreed well with image-

based target tracking with an average error of 0.86 mm across the healthy volunteer studies. A 

proof-of-concept study was performed to evaluate radiotherapy gating with low frame rate T2 

images. The modeling error was 0.86 mm on average across six volunteer studies. 
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Chapter 5 expanded the model described in Chapter 4 across multiple slice positions 

and introduced an image similarity-based multi-slice motion model to generate volumetric 

motion information for radiotherapy gating. These two models provided solutions for specific 

aim 3 by estimating tumor motion across multiple slice positions in real-time to both inform 

radiotherapy gating and enhance target visualization. The studies showed the image-similarity 

based motion model maximized motion estimation accuracy but the external surrogate-based 5D 

motion model provided a continuous unbiased ground truth evaluation to maximize clinical 

confidence during treatment. 

In specific aim 4 we sought to develop a temporal motion prediction method to overcome 

system latencies and enhance deformable registration based target tracking. We proposed a novel 

image regression motion prediction method derived from image similarity in Chapter 6 that 

outperformed an established autoregressive model. Additionally, the proposed prediction method 

can predict motion across the entire field of view without incurring substantial additional 

computational cost compared to predicting the motion of the target alone. We demonstrated the 

image regression prediction method’s utility to speed up deformable registration and in some 

cases improve registration accuracy. We extended the prediction method in Chapter 7 to 

perform volumetric motion prediction. We also developed an accompanying framework to 

evaluate prediction confidence to determine when predictions are likely to be inaccurate and 

should not be trusted. Chapter 8 demonstrated that the confidence estimation framework can be 

used to improve the accuracy of prediction-based radiotherapy gating at the cost of radiotherapy 

gating duty cycle. 
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9.2 Future directions 

 The motion modeling and prediction studies in this dissertation ignored the fact that 

anatomical motion occurs in three dimensions. All motion information was derived from a 2D to 

2D deformable image registration. One solution to estimate 3D motion from a 2D image 

acquisition would be to perform a slice-to-volume registration. Robust slice-to-volume 

deformable registration poses a difficult challenge but could provide an estimate of 3D motion in 

real-time. Unfortunately, 3D MRI is not currently fast enough to achieve real-time imaging and 

avoid unacceptable gating latency. 

 Our studies show promise that motion modeling and prediction could be used clinically. 

However, model performance varies from subject to subject. The confidence estimation 

framework presented in Chapter 8 could be used simultaneously in parallel with motion 

prediction, and modified for use with motion modeling techniques to inspire clinical confidence. 

Although this framework can be used to detect errors in real-time, future work could investigate 

whether or not it is possible to prospectively select suitable patients for motion modeling and 

prediction-based gating. A stratification method could assist physicians in making informed 

decisions about which motion management technique would be best for each patient. 

 Currently in MRI-guided radiation therapy all dose calculations are performed on a static 

volumetric image. However, anatomical motion results in deformations that change the radiation 

delivered both to the radiotherapy target and surrounding normal tissue. Calculation of the true 

delivered dose in light of imperfect gating could be computed if all 3D anatomical motion 

information were available. Development of a dose accumulation framework would be a natural 

extension of this dissertation. The multi-slice motion modeling studies reported in the present 
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work were performed over a limited spatial volume to ensure continuous imaging of the target 

volume. The proposed multi-slice methods could be expanded across the entire patient volume. 

Further studies are warranted prior to dose accumulation to investigate model performance 

across larger volumes and in various anatomical regions.  
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APPENDIX 

The derivation of the locally linear embedding,43,45,148 and groupwise simultaneous manifold 

alignment123,149 was originally described by other authors but is presented here.  

A.1  Locally linear embedding constrained weight optimization 

Reconstruction weights 𝑊𝑗 are derived under the constraint that ∑𝑊𝑗 = 1 while 

minimizing the reconstruction error 

 𝜀(𝑊) = |�⃗�𝑖 − ∑𝑊𝑗�⃗�𝑗

𝐾

𝑗=1

|

2

 (A.1) 

 

where �⃗�𝑖 is a high-dimensional data vector of dimension 𝐷 (i.e. ℝ𝐷), �⃗�𝑗 is a high-dimensional 

neighbor of �⃗�𝑖, 𝑊𝑗 is the reconstruction weight associated with neighbor �⃗�𝑗 and 𝐾 is the number 

of nearest neighbors. The constraint that ∑𝑊𝑗 = 1 introduces translational invariance by allowing 

any vector 𝑐 to be added �⃗�𝑖 and its neighbors �⃗�𝑗 without perturbing the optimal weighting of the 

neighbors. 

 �⃗�𝑖 − ∑𝑊𝑗�⃗�𝑗

𝐾

𝑗=1

= (�⃗�𝑖 + 𝑐 )  − ∑𝑊𝑗(�⃗�𝑗 + 𝑐 )

𝐾

𝑗=1

= �⃗�𝑖 + 𝑐  − 𝑐 − ∑𝑊𝑗�⃗�𝑗

𝐾

𝑗=1

 (A.2) 

 

The constraint that ∑𝑊𝑗 = 1 also allows the reconstruction error to be rewritten as 

 𝜀(𝑊) = |∑𝑊𝑗(�⃗�𝑖 − �⃗�𝑗)

𝐾

𝑗=1

|

2

= |∑𝑊𝑗𝑧𝑗⃗⃗ ⃗

𝐾

𝑗=1

|

2

 (A.3) 

 

Where 𝑧𝑗⃗⃗ ⃗ = �⃗�𝑖 − �⃗�𝑗. Let 𝒁 be the [𝐾 × 𝐷] matrix of vectors 𝑧 and the matrix 𝒘 be a [𝐾 × 1] 

matrix of reconstruction weights. The error can then be written in matrix form 
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 𝜀(𝑊) = 𝒘𝑇𝒁𝒁𝑇𝒘 = 𝒘𝑇𝑮𝒘 (A.4) 

 

where the matrix 𝒁𝒁𝑇 is the Gram matrix 𝑮. The constraint that ∑𝑊𝑗 = 1 can be expressed as 

𝟏𝑇𝒘 = 1 or 𝟏𝑇𝒘 − 1 = 0 where 𝟏 is a [𝐾 × 1] matrix of 1’s and is incorporated by a Lagrange 

multiplier. The final optimization becomes 

 ℒ(𝒘, λ) = 𝒘𝑇𝑮𝒘 − λ(𝟏𝑇𝒘 − 1) (A.5) 

 

where λ is a parameter. Differentiating with respect to the weight matrix and setting the 

expression equal to zero yields 

 

𝑑ℒ

𝑑𝒘
(𝒘, λ) = 2𝑮𝒘 − λ𝟏 = 0 

 

𝒘 = 
λ

2
𝑮−1𝟏 

(A.6) 

 

where λ can be set to ensure the weights sum to 1. In the case when 𝑮 is singular or nearly 

singular (e.g. 𝐾 > 𝐷), the matrix 𝑮 can be conditioned by adding a small multiple of the identity 

matrix. This regularization penalizes individual weights from having large values.45 

A.2  Locally linear embedding low-dimensional embedding optimization 

The low-dimensional embeddings are computed by minimizing  

 Φ(𝑌) = ∑|�⃗⃗�𝑖 − ∑𝑊𝑗 �⃗⃗�𝑗

𝐾

𝑗=1

|

2

𝑖

 (A.7) 

 

where �⃗⃗�𝑖 is the low-dimensional data vector corresponding to a high-dimensional data vector �⃗�𝑖 

(i.e. �⃗⃗�𝑖 ∈ ℝ𝑑 where 𝑑 is the low dimensionality of the vectors), �⃗⃗�𝑗 is the low-dimensional 

neighbor associated with �⃗�𝑗, and the weights 𝑊𝑗 are fixed following the minimization of 

Equation A.1. Since the weights sum to one, there exist an infinite number of solutions due to 



164 

 

the translational invariance analogous to Equation A.2. To make the problem well-posed, the 

embeddings are constrained to be centered about zero.  

 
1

𝑁
∑�⃗⃗�𝑖

𝑖

= 0 (A.8) 

 

Additionally, the embedding vectors could be rotated or scaled without affecting the cost defined 

in Equation A.7. To remove this degeneracy we impose an additional constraint that all 

components of the low dimensional embedding vector have unit covariance. Let the embedding 

vector matrix 𝒀 be [𝑁 × 𝑑] where N are the number of samples in the dataset. This constraint is 

expressed as 

 
1

𝑁
𝒀𝑇𝒀 = 𝑰 (A.9) 

 

where 𝑰 is the identity matrix. Expanding and rewriting the embedding cost function in matrix 

form yields 

 

Φ(𝑌) = ∑|�⃗⃗�𝑖 − ∑𝑊𝑖𝑗�⃗⃗�𝑗

𝐾

𝑗=1

|

2

𝑖

= |𝒀 − 𝑾𝒀|𝐹
2
 

 

= |(𝑰 − 𝑾)𝒀|𝐹
2
 

 

= Tr[𝒀𝑇(𝑰 − 𝑾)𝑇(𝑰 − 𝑾)𝒀] 
 

= Tr[𝒀𝑇𝑴𝒀] 

(A.10) 

 

where 𝑾 is the [𝑁 × 𝑁] weight matrix and the value in each column is zero if the vector in 𝒀 is 

not a nearest neighbor of the datapoint corresponding to that row, 𝑴 is defined as 

(𝑰 − 𝑾)𝑇(𝑰 − 𝑾), 𝐹 is the Frobenius norm and Tr is the matrix trace operation. The solution is 

obtained by an eigendecomposition of the matrix 𝑴.43,148 
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In the 𝑑 = 1 case, optimization under the constraint expressed in Equation A.9 is shown 

as follows. A Lagrange multiplier is introduced 

 ℒ(𝒀, λ) = 𝒀𝑇𝑴𝒀 − 𝝀(
1

𝑛
𝒀𝑇𝒀 − 𝑰) (A.11) 

 

to yield the final optimization expression. Differentiating with respect to the embedding 𝒀 and 

setting the expression equal to zero results in 

 

𝑑ℒ

𝑑𝒀
(𝒀, λ) = 2𝑴𝒀 −

2𝜆

𝑛
𝒀 = 0 

 

𝑴𝒀 =
𝜆

𝑛
𝒀 

(A.12) 

 

showing that 𝒀 is an eigenvector of the matrix 𝑴. When 𝑑 > 1 the lowest 𝑑 non-negative 

eigenvectors give the locally linear embeddings.148 

A.3  Expansion of simultaneous groupwise embedding and alignment optimization 

Baumgartner et. al. described a method to simultaneously perform manifold learning and 

alignment of two datasets. The method minimizes a cost function that combines the intra-dataset 

cost and inter-dataset alignment cost to find the low-dimensional embeddings of two datasets 

simultaneously. Expanding the method to perform embedding of  𝐿 datasets is expressed as 

 Φ𝑡𝑜𝑡({𝒴𝑙}𝑙=1,2,…,𝐿) = ∑Φ𝑙(𝒴𝑙)

𝐿

𝑙=1

+ 𝜇 ∑ Ψ𝑙,𝑙+1(𝒴𝑙, 𝒴𝑙+1)

𝐿−1

𝑙=1

 (A.13) 

 

where Φ𝑙(𝒴𝑙) are the intra-dataset costs for each set dataset given by the standard LLE cost 

function and µ is a parameter which controls the inter-dataset cost weighting Ψ𝑙,𝑙+1(𝒴𝑙, 𝒴𝑙+1) in 

the total cost function. The inter-dataset cost function is given by  
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 Ψ𝑙,𝑙+1(𝒴𝑙, 𝒴𝑙+1) = ∑|𝒀𝑖1

(𝑙) − 𝒀𝑖2

(𝑙+1)
|
2

𝑈𝑖1,𝑖2

𝑖1,𝑖2

 (A.14) 

 

where 𝑖1 and 𝑖2 are the index in each dataset and 𝑈𝑖1,𝑖2,  is the similarity for 𝒀𝑖1

(𝑙)
 and 𝒀𝑖2

(𝑙+1)
 

assessed by the corresponding high-dimensional data samples 𝑿𝑖1

(𝑙)
 and 𝑿𝑖2

(𝑙+1)
 and the similarity 

kernel 𝐾(𝑿𝑖1

(𝑙), 𝑿𝑖2

(𝑙+1)
).  

 In the original publication by Baumgartner et. al. when 𝐿 = 2, the optimization was 

expressed in the form of 

 𝑎𝑟𝑔 min
𝒀𝟏,𝒀2

𝑇𝑟 ([
𝒀𝟏

𝒀𝟐
]
𝑇

[
𝑴𝟏 + 𝜇𝑫𝟏 −𝜇𝑼

−𝜇𝑼𝑇 𝑴𝟐 + 𝜇𝑫𝟐
] [

𝒀𝟏

𝒀𝟐
]) (A.15) 

 

where 𝑼 is a matrix of similarities  𝑼𝑖1,𝑖2 = 𝐾(𝑿𝑖1

(1)
, 𝑿𝑖2

(2)
), 𝑫𝟏 and 𝑫𝟐 are the row and column 

sums of 𝑼 as diagonal matrices, and 𝑴𝟏 , 𝑴𝟐 are the weight matricies defined in the original 

locally linear embedding method, e.g. 𝑴𝟏 = (𝑰 − 𝑾𝟏)
𝑇(𝑰 − 𝑾𝟏). This expression is of the same 

form as the original locally linear embedding optimization 

 𝑎𝑟𝑔 min
𝑽

𝑇𝑟(𝑽𝑳𝑇𝑽) (A.16) 

 

allowing the solution to be found using an eigenvalue decomposition where 𝑳 is the central 

matrix in Equation A.15 and 𝑽 is the concatenated vector of 𝒀𝟏 and 𝒀𝟐.123 

The group later expanded this method to embed 𝐿 > 2 groups of datasets, aligning all 

datasets to one another simultaneously.149 We utilized a special case of this expansion to 

simultaneously align all datasets, allowing only the adjacent datasets (i.e. 𝑙 ± 1) to affect the 

embedding of 𝑙 . This resulted in the matrix 
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𝑎𝑟𝑔 min
𝒀𝟏,𝒀𝟐,…,𝒀𝐿

𝑇𝑟

(

 
 

[

𝒀𝟏

𝒀𝟐

⋮
𝒀𝑳

]

𝑇

[
 
 
 
 
𝑴𝟏 + 𝜇𝑫𝟏,𝟐 −𝜇𝑼𝟏,𝟐 0 0

−𝜇𝑼𝟏,𝟐
𝑇 𝑴𝟐 + 𝜇(𝑫𝟐,𝟏 + 𝑫𝟐,𝟑) −𝜇𝑼𝟐,𝟑 0

0 −𝜇𝑼𝟐,𝟑
𝑇 ⋱ −𝜇𝑼𝑳−𝟏,𝑳

0 0 −𝜇𝑼𝑳−𝟏,𝑳
𝑇 𝑴𝑳 + 𝜇𝑫𝑳,𝑳−𝟏]

 
 
 
 

[

𝒀𝟏

𝒀𝟐

⋮
𝒀𝑳

]

)

 
 

 (A.17) 

 

Where 𝑼, 𝑴 and 𝑫 are defined in the same manner as above. The first subscript indicates the 

low-dimensional embedding that is being computed and the second subscript is the 𝑙 ± 1 dataset 

with which it is being aligned. This matrix form enables the embeddings to be computed 

simultaneously for all 𝐿 datasets using an eigenvalue decomposition. 
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