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Abstract
Purpose—To present a method for spatio-temporal alignment of in-utero magnetic resonance 
imaging (MRI) time series acquired during maternal hyperoxia for enabling improved quantitative 
tracking of blood-oxygen-level dependent (BOLD) signal changes that characterize oxygen 
transport through the placenta to fetal organs.

Methods—The proposed pipeline for spatio-temporal alignment of images acquired with a single 
shot gradient echo echo-planar imaging includes (i) signal non-uniformity correction, (ii) intra-
volume motion correction based on non-rigid registration, (iii) correction of motion and non-rigid 
deformations across volumes, and (iv) detection of the outlier volumes to be discarded from 
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subsequent analysis. BOLD MRI time series collected from ten pregnant women during 3T scans 
were analyzed using this pipeline. To assess pipeline performance, signal fluctuations between 
consecutive time points were examined. In addition, volume overlap and distance between manual 
ROI delineations in a subset of frames and the delineations obtained through propagation of the 
ROIs from the reference frame were used to quantify alignment accuracy. A previously 
demonstrated rigid registration approach was used for comparison.

Results—The proposed pipeline improved anatomical alignment of placenta and fetal organs 
over the state-of-the-art rigid motion correction methods. In particular, unexpected temporal signal 
fluctuations during the first normoxia period were significantly decreased (p<0.01) and volume 
overlap and distance between region boundaries measures were significantly improved (p<0.01).

Conclusion—The proposed approach to align MRI time series enables more accurate 
quantitative studies of placental function by improving spatio-temporal alignment across placenta 
and fetal organs.

Keywords
Motion correction; signal non-uniformity; BOLD-MRI; Placental MRI; fetal MRI; 
hyperoxygenation

INTRODUCTION
Abnormalities in oxygen and nutrition transport from the placenta to the fetus are associated 
with perinatal mortality and morbidity (1). Quantitative analysis of placental function has 
the potential to facilitate decision-making for early delivery when placental function is 
failing or quantify placental response to novel therapies and therefore to ultimately decrease 
mortality and morbidity. Blood-oxygen-level dependent magnetic resonance imaging 
(BOLD-MRI) with alternating maternal oxygenation has gained attention as a promising 
non-invasive method to monitor placental function in vivo (2, 3). Accurate quantification of 
signal changes with maternal hyperoxia is difficult as in-utero BOLD-MRI scans contain 
many motion artifacts due to unpredictable fetal movements, uterine contractions and 
maternal respiration as well as signal non-uniformities caused by motion and field 
inhomogeneity (4, 5). Thus despite the potential of BOLD-MRI, obtaining quantitative 
metrics of placental function remains challenging.

Current methods focus primarily on mitigating fetal head motion but do not attempt to 
correct for placental motion (6-12). In the first placental BOLD-MRI studies, the analysis 
was performed in manually delineated regions of interest without motion or bias field 
correction. These studies highlighted the need for motion mitigation and for bias field 
correction to improve the accuracy of signal intensity change estimates in the placenta and in 
fetal organs (e.g., fetal brain) with maternal hyperoxia. More recently, You et al. (13) 
proposed a rigid body motion correction algorithm to temporally align placenta and fetal 
brain. This approach aimed to mitigate the rotational and translational motion between the 
temporal volume series, but not the motion across the slices within the volume. Moreover, 
rigid body motion correction is inadequate for accurate alignment of the placenta as it is a 
deformable organ.
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The purpose of this study is to demonstrate a computational approach to estimate and 
minimize (i) signal non-uniformities, (ii) motion artifacts within each volume due to the 
interleaved slice acquisition, and (iii) motion artifacts between consecutive volumes in 
BOLD-MRI time series to enable more accurate temporal characterization of hemoglobin 
oxygenation changes in the placenta and fetal organs.

MATERIALS AND METHOD
Data Acquisition

Data were acquired with a single shot gradient echo echo-planar imaging (EPI) with 
repetition time (TR) between 5.8 sec and 8 sec, echo time (TE) of 32-36 msec, flip angle 
(FA) of 90°, slice thickness of 3 mm and in-plane resolution of 3×3 mm2 with slices 
acquired in an interleaved order. The number of slices and slice position were adjusted to 
cover the entire uterus. The number of volume in the time series varied from 220 to 340, 
adjusted to result in a total acquisition time of 30 minutes. Scans were performed on a 3T 
Skyra scanner (Siemens Healthcare, Erlangen, Germany) using an 18-channel body and a 
12-channel spine receive array.

Four singletons and six twin pregnancies between 26 and 34 weeks of gestational age were 
scanned. Informed consent was obtained in all cases. The maternal oxygenation protocol 
was designed to include three consecutive ten minutes episodes: an initial normoxic episode 
(21% O2), a hyperoxic episode (100% O2, 15 L/min), and a final normoxic episode (21% 
O2). The oxygen paradigm was designed in consultation with an anesthesiologist (AP) with 
experience in obstetrical anesthesia to ensure the safety of the mother and the fetus, and was 
approved by our institutional review board. Oxygen was supplied via non-rebreathing facial 
mask during BOLD acquisition. The facial mask was applied without interfering with the 
BOLD MRI scan while the pregnant woman remained in the magnet bore. Subjects were 
lying on their left side in the scanner.

Computational Analysis
In this section, we define each computational analysis step in detail and provide 
implementation details of the algorithms. Figure 1 illustrates the proposed analysis pipeline.

Signal Non-Uniformity Correction—We adapt the broadly used N4ITK algorithm (14) 
for signal non-uniformity correction in the BOLD-MRI series. The method was originally 
developed for single MRI images. N4ITK estimates a smooth multiplicative field, 
represented in a B-spline basis, to maximize the high frequency content of the tissue 
intensity distribution (14, 15).

We generate a single 3D bias field estimate from an average of the MRI volumes in the 
resting state (i.e., the first 10 minute epoch). To prevent volumes with dramatic artifacts 
from unduly influencing the average, we compare each volume with the entire series using 
mean square error (MSE):
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where Vi is volume i in the series, n is the number of volumes in the first epoch, and Ωu is 
the uterus ROI. The uterus mask was delineated manually on the average volume. Volumes 
with high MSE (e.g., with values larger than half of the observed maximum MSE) were 
excluded from averaging. To remove the effects of the bias field, each volume in the series 
was divided by the same 3D bias field estimate.

Intra-Volume Motion Correction—The interleaved acquisition of 2D slices results in 
motion artifacts between the sets of odd and even slices. To alleviate this motion artifact, we 
followed the approach of Guyader et al. (16). In particular, we separated each volume into 
two sub-volumes that consisted of only even slices and only odd slices with doubled slice 
thickness. We then non-rigidly registered the sub-volumes and re-combined them via voxel-
wise averaging to generate the resulting volume at the original resolution.

Inter-Volume Motion Correction—For motion correction across different volumes, we 
employed a pair-wise registration method. We selected a reference volume to minimize the 
MSE score between the reference volume and the rest of the volumes in the series. We 
treated the reference volume as fixed image If(x) with image space ΩF. Each volume in the 
series was treated as moving image Im(x) with image space ΩM. The registration procedure 
estimated a transformation T: ΩF → ΩM that maximized intensity-based similarity between 
Im(T(x)) and If(x).

For initialization, we estimated a six degrees of freedom rigid transformation as a mapping 
from the reference volume to the moving image within the mask that included the whole 
uterus, i.e., T: ΩF ⊂ Ωu → ΩM ⊂ Ωu. The uterus mask was delineated manually on the 
average volume, i.e., the average of all volumes in the time series after intra-volume motion 
correction.

To compensate for motion of the deformable placenta and fetal liver in the time series, we 
estimated a non-rigid body transformation of the respective volumes following the initial 
rigid body alignment. The resulting transformation T(x) = TNR(TRO(x)) was constructed as a 
composition of the initial rigid registration TRO and the non-rigid transformation TNR.

To compensate for motion of the brain, which is more rigid, we estimated a second rigid 
body transformation within a brain-specific mask following the initial rigid body alignment. 
The brain mask was delineated manually on the average volume.

Outlier Rejection—When severe motion occurs, the proposed motion correction 
algorithm may fail for some volumes. To detect these volumes, we performed a two-phase 
outlier rejection step. Since placenta, fetal liver and fetal brain might move and deform 
differently, outlier volumes were selected for each organ separately.
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In the first step, we quantified the deformations within each voxel in the ROI by computing 
the determinant of the Jacobian of transformations det(J(x)) after motion correction within 
the volume. All volumes that contained voxels with negative determinants were rejected to 
avoid including topological errors in subsequent analysis. To account for differences 
between the elasticity of different tissues, over-compression and over-expansion in a voxel 
were evaluated with different thresholds (τc; τe). Volumes that contained voxels with over-
compression or over-expansion (i.e., det (J(x)) < τc or det(J(x)) > τe) were rejected. 
Thresholds τc and τe were chosen empirically based on the structural changes in a subset of 
the data.

The second outlier rejection step evaluated each voxel in the ROI by using the mean signal 
intensity μt for that ROI at time t and the magnitude of temporal signal change ΔIt(x) = |
It+1(x) – It(x)|. Any voxel x whose temporal signal change ΔIt(x) at time t exceeded μt was 
labeled as an outlier. For the next time point (e.g., time t + 1), the intensity of a voxel labeled 
as an outlier (e.g., at time t) was replaced with its value at the last time point at which the 
voxel was not labeled as an outlier, and the mean signal intensity μt+1 at that time point was 
recalculated using the updated signal intensity values. This process was initiated at the 
reference frame selected for inter-volume motion correction and ran outwards towards the 
beginning and the end of the series. Volumes with more than 5% outlier voxels in an ROI 
were rejected. Figure 2 illustrates the outlier rejection procedure.

BOLD Signal Change Visualization—To extract ROI-specific temporal signals, we 
delineated manually the placenta, fetal livers and fetal brains in the reference frame. The 
segmentation labels were then used in all aligned volumes to compute the average ROI 
signals. In Figure 1 ROIs used in the analysis are illustrated.

We generated the time activity curves as R2* change for the placenta and fetal organs:

where I is the signal intensity, Ib is the average signal intensity computed for the first 
normoxia epoch, and TE is the echo time.

Implementation Details
N4ITK bias correction implementation in the ANTS software package (17) was used with a 
mask covering the whole uterus, with default B-Spline fitting parameters, and a shrink factor 
of three.

Image registration software package Elastix (18) was used for all motion correction steps in 
the pipeline. We employed 3D B-spline transformation model with a three level multi-
resolution strategy and the maximum number of 2500 iterations per resolution. The grid size 
for B-spline transformation and gradient descent optimization parameters were determined 
in a subset of volumes by visual inspection of the alignment. Mutual information was used 
due to its known suitability for aligning images with different intensity distributions (6), 
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which is critical for functional data collected during maternal oxygenation paradigm as this 
can cause marked changes in image intensity.

We performed all manual delineations of uterus, liver and brain masks on the average 
volume in ITK-SNAP visualization package (19).

Outlier rejection and ROI-specific signal extraction were implemented in MATLAB 8.6.0 
(The MathWorks, Inc., Natick, MA).

Performance Evaluation

Signal Non-Uniformity Correction—We used four subjects from the study to evaluate 
our solution (which we call 3D N4ITK) relative to the baseline method that generates a 4D 
bias field estimate for the spatio-temporal volume series as suggested in (13). Each volume 
in the original time series was divided by the corresponding volume in the estimated 4D bias 
field. We refer to this approach as 4D N4ITK. As an additional baseline approach, we also 
generated a 4D set of bias field estimates by applying the original N4ITK algorithm to each 
volume separately. We will refer to this method as Independent 3D N4ITK. Although these 
particular baseline methods are not entirely appropriate for our application as they risk 
capturing some of the signal change during hyperoxia as part of the estimated bias field, we 
include them for completeness.

Initially, we evaluated how the bias field changed over time by examining the normalized 
cross-correlation between the bias field estimates for each frame with that for the first frame. 
To compare the effect of different methods on the overall signal change we evaluated the 
area under the curve (AUC) for the entire time course to characterize the global behavior of 
the ROI-specific average signal for the placentae, fetal livers and fetal brains. To compute 
the signal change for the entire time course, manually delineated masks on the reference 
volume were warped to every volume of the time series using the inverse of the 
transformation obtained by the registration. These masks were used to compute the averaged 
signal change over time in the original data and the bias corrected data.

Motion Correction—The baseline rigid motion correction approach taken in (13) was 
applied to the data sets for comparison.

To evaluate the quality of alignment, we examined volume overlap between manual ROI 
delineations in a subset of frames and the delineations obtained through propagation of the 
ROIs from the reference frame. We employed Dice score (20) to quantify volume overlap:

where A is the manually delineated ROI and B is the automatically estimated ROI. We also 
computed the Hausdorff distance (21):
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to evaluate the distance between the manual and the automatically obtained ROI boundaries.

Outlier Rejection—Registered images and the resulting deformation maps were visually 
examined in ITK-SNAP to determine if unreasonable deformations were present. After 
visual inspection of local expansion and compression, thresholds (τc; τe) for over-
compression and over-expansion for the placenta, fetal liver and fetal brain were set to (0.5; 
1.5), (0.7; 1.3), (0.8; 1.2) respectively.

In the second step of outlier rejection, outlier voxels were quantified and volumes with more 
than 5% outlier voxels in an ROI were rejected. We evaluated the number of outliers 
detected for the proposed motion correction data, the original images, and a baseline rigid 
motion correction method.

Finally, for voxel-wise evaluation of different motion correction pipelines, we examined the 
variance volumes for the first normoxia epoch and the mean volumes for overall time.

Biological Plausibility—As there is no reference standard for in vivo placental function, 
we explored regional slopes of signal increase in three regions of a single cotyledon. We 
hypothesized that central cotyledon regions would have more rapid increases in oxygenation 
and therefore signal intensity compared to peripheral regions. This hypothesis was based on 
the known cotyledon anatomy where highly oxygenated maternal blood is known to enter 
vascular lakes more centrally. Cotyledon anatomy was defined on the reference image and 
propagated to all volumes in the motion corrected time series. To examine the rate of 
oxygenation change in each region, we computed the slope of the signal increase during the 
first two minutes of the hyperoxia.

Statistical Analysis—All data are expressed as mean ± SD (standard deviation). We 
employed a paired Student's t-test for the comparison of different approaches at each step 
with the original data and with each other. All analyses were performed using Prism 6.0g 
(GraphPad Software Inc.). P < 0.05 was considered statistically significant.

RESULTS
Signal Non-Uniformity Correction

We first considered the estimates obtained through the baseline method 4D N4ITK and 
observed that all 3D bias field volumes were highly similar to that estimated for the first 
volume in the series (correlation of 0.974±0.018), as illustrated in Figure 3a. Figure 3b 
reports the difference (NSSD) between the bias field estimate generated by 4D N4ITK for 
the first frame and the bias field estimated by Independent 3D N4ITK applied to each 
volume separately for one subject in the study. We observe substantial fluctuations in NSSD 
between the bias field estimated for the first volume and the estimates for the subsequent 
volumes using Independent 3D N4ITK. Since it is unlikely that the true bias field changes so 
dramatically over the time course of the scan, we anticipate this fluctuation would adversely 
affect the quality of the resulting BOLD signal estimates. We therefore decided against 
independent signal non-uniformity correction.
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After 4D-N4ITK correction we observed a significant decrease (p=0.0045) in the area under 
the curve. No significant change (p=0.7268) was observed after 3D N4ITK correction 
(Figure 4). Since the bias correction algorithm does not have the prior constraints on the 
intensity changes due to the maternal oxygenation in second and third epochs of the 
oxygenation paradigm, we conclude that 4D N4ITK approach attempts to correct the signal 
non-uniformities caused by the oxygenation change, which is undesirable. As a result of this 
finding, we proceed with the 3D N4ITK method that estimates a single bias field map from 
an average of the MRI volumes in the resting state and employs it for signal non-uniformity 
correction of all volumes in the series.

Motion Correction and Outlier Rejection
Figure 5 reports statistics of volume overlap and distance between boundaries of manual 
segmentations in the reference volume and those in other volumes after motion correction 
for the placenta, fetal brain and fetal liver. The rigid motion correction method improved the 
volume overlap from 0.879±0.067 to 0.960±0.028 in the placenta (p=0.0029), from 
0.846±0.055 to 0.956±0.039 in the fetal brain (p<0.0001), and from 0.606±0.152 to 
0.861±0.097 in the fetal liver (p<0.0001). Incorporating non-rigid B-Spline transformations 
increased it further to 0.981±0.016 (p=0.0005), 0.977±0.037 (p<0.0001), and 0.923±0.074 
(p<0.0001) in the placenta, fetal brain and fetal liver, respectively. In addition, the alignment 
in the placenta, fetal brain and fetal liver after following non-rigid B-spline transformations 
was significantly improved compared to using the rigid motion correction approach 
(p=0.0158, p=0.0065, and p=0.0019, respectively). The mean distance between outlines 
decreased from 23.005±5.361 mm to 15.050±1.919 mm for the rigid motion correction 
method (p=0.0005) and further to 12.183±2.961 mm for non-rigid transformations 
(p=0.0008) in the placenta. Fetal brain and fetal liver ROIs exhibit similar improvements in 
alignment with both the rigid motion correction method (p=0.0009 and p=0.0318, 
respectively) and our approach (p=0.0001 and p=0.0092, respectively). Additionally, the 
distance between outlines in the fetal brain and fetal liver decreased after using non-rigid B-
Spline transformations compared to the rigid motion correction approach (p=0.0014 and 
p=0.0033, respectively).

Figure 6 summarizes the outlier statistics. Both our method and the rigid motion correction 
approach significantly decreased the percentage of the outliers for placenta (p=0.0305 and 
p=0.0173, respectively), fetal brain (p=0.0104 and p=0.001, respectively), and fetal liver 
(p<0.0001 and p<0.0001, respectively). However, the percentage of outliers for fetal liver 
significantly decreased with our method compared to the rigid motion correction approach 
(p=0.0002). The fetal brains are characterized by the highest overall percentage of the outlier 
volumes excluded from the analysis after our method (13.70±12.47 %). These were mostly 
excluded due to the over-deformation after intra-volume motion correction step.

Figure 7 illustrates the intensity mean and standard deviation during the first normoxia 
epoch after applying different motion correction methods in one subject. We observe that 
signal fluctuations are reduced substantially when using non-rigid motion correction. In 
addition, the improvement in image registration can be appreciated by observing the 
increasing sharpness of the placenta, brain and liver from left to right of the figure as 
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different algorithms are applied. As summarized in Figure 8, the standard deviation of the 
signal in the placentae, fetal brain and liver decreased significantly after applying the 
proposed analysis pipeline compared to the baseline rigid motion correction method 
(p=0.0006 for the placenta, p=0.0001 for the brain, p=0.0259 for the liver). The same figure 
highlights the importance of intra-volume motion correction step in the pipeline. In 
particular, the voxel-wise standard deviation of the signal decreases significantly after 
applying the proposed analysis pipeline compared to the pipeline without intra-volume 
correction step, for placenta, fetal brain and liver (p<0.0001, p=0.0016, and p=0.0046, 
respectively). These comparisons were performed after removing the outlier volumes (See 
supplementary movies for the comparison of the original and registered brain, liver and 
placenta data).

Biological Plausibility
Figure 9 illustrates the importance of the accurate regional alignment between time frames 
for the analysis of the tissue response to the oxygenation in a specific region. When we used 
the time activity curves generated after the proposed pipeline, the rate of oxygenation 
change increased while moving to the center, as expected. This finding was not apparent 
when applying rigid registration approach.

DISCUSSION
We describe a computational analysis pipeline to minimize signal non-uniformities and to 
mitigate intra-volume and inter-volume motion artifacts. Our goal is to improve the 
quantitative accuracy of placental and fetal organ signal change due to maternal 
hyperoxygenation. We demonstrated significant decreases in the signal fluctuations within 
the first normoxia epoch, improved anatomical alignment of important ROIs across volumes 
in the time series and obtained biologically plausible data from cotyledon regions.

For signal non-uniformity correction, we investigated the widely used 3D and 4D N4ITK 
methods when applied to MRI time series analysis. Our results suggested that when 4D 
N4ITK method was used, the averaged signal within ROIs during the hyperoxia episode was 
suppressed. This observation raised concern about potential distortion of the signal change 
with hyperoxia if the 4D N4ITK approach was used. Therefore, we proceeded with the 3D 
N4ITK approach that estimates a single bias field map from an average of the MRI volumes 
in the resting state and employs it for signal non-uniformity correction of all volumes in the 
series. Estimating separate bias field correction maps for each volume in a single data set by 
modeling the signal intensity change due to maternal hyperoxia in the uterus represents an 
interesting future research direction.

Intra-volume motion was corrected by following an approach based on the non-rigid body 
registration of sub-volumes formed with even and odd slices (16), by assuming that fetal and 
maternal motions are non-trivial between consecutive slices. While this method ignores 
through-plane motion between even slices and odd slices, intra-volume motion correction 
substantially decreased the signal fluctuations. Future acceleration in image acquisition is 
needed to minimize through-plane motion.
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We evaluated the proposed inter-volume motion correction method by quantifying the 
alignment of ROI delineations. We demonstrated improved anatomical alignment over a 
baseline rigid motion correction algorithm (13).

In intra-volume motion correction steps, non-rigid transformations were applied to the whole 
uterus ROI with the parameters adjusted for deformable tissues. In order to eliminate the 
effect of over-deformation, we adjusted thresholds in the outlier detection procedure. In 
particular, rigid body motion can be assumed for brain so lower thresholds were set for brain 
where lower expansion or compression is expected when non-rigid body motion correction 
is applied. While the fraction of outliers for brain after our method is higher than the rigid 
motion correction approach, after the outlier rejection step, the standard deviation of the 
brain signal along first normoxia epoch is significantly lower compared to the baseline rigid 
motion correction approach (13), which can be critical for the analysis of the brain response 
to the oxygenation change. Our results for fetal brain were not compared with the more 
sophisticated approaches previously proposed in (11, 12). In the future, these methods can 
be added to our algorithm to optimally align different organs of interest.

Our study has several limitations. Firstly, not having a reference standard for in vivo 
placental function limits the evaluation of our signal non-uniformity and motion correction 
methods. Secondly, the approach was tested in a limited number of subjects. Another 
limitation is that the processing time of our proposed method is an order of magnitude 
slower than the approach proposed in (13). Computational efficiency was not the main focus 
of this study, and will be addressed by future work. Lastly, the proposed approach employs 
the same B-spline transformation parameters for all deformable tissues in intra-volume and 
inter-volume motion correction steps. Future research will focus on variable deformation 
regularization across regions to further improve the accuracy of estimated deformations.

In conclusion, this work represents the first step towards generating robust correspondences 
across volumes in MRI time series. Such correspondences will enable region-based analysis 
of hemodynamics in BOLD MRI time series acquired during a maternal oxygen challenge as 
well as resting state fMRI and many other applications of dynamic MRI imaging of function 
and physiology.

Supplementary Material
Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
The steps of the proposed method to estimate and eliminate signal non-uniformities and 
motion artifacts.
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Figure 2. 
Outlier rejection procedure. Ωu, Ωp,Ωb and Ωl indicate uterus ROI, placental ROI, fetal brain 
ROI and fetal liver ROI, respectively.

Turk et al. Page 14

J Magn Reson Imaging. Author manuscript; available in PMC 2018 August 01.



Figure 3. 
Signal non-uniformity correction based on the baseline 4D N4ITK method. (a) Correlation 
of the bias field estimates with that for first frame for four different subjects. (b) Normalized 
sum of square difference between the estimated bias field for each volume and that for the 
first volume for 4D N4ITK (solid green) and for Independent 3D N4ITK (dotted red).
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Figure 4. 
Area under the curve computed using the time activity curves generated for the whole 
placenta, fetal brain and liver after applying different signal non-uniformity correction 
methods. Paired t-tests are used to compare the results, ** indicates p < 0.01.
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Figure 5. 
Motion correction results for the placenta, fetal brain and fetal liver in 10 different subjects. 
Volume overlap, as measured by the Dice coefficient, and the distance between the 
boundaries, as captured by the Hausdorff distance, are reported in A and B for overall 
volumes and in A1-3 and B1-3 for individual subjects. Paired t-tests are used to compare the 
methods for each organ and reported in A and B: *p < 0.05, **p < 0.01, ***p < 0.001, 
****p < 0.0001.
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Figure 6. 
Overall percentage of rejected outlier volumes in the analysis of the placenta, fetal brain, and 
fetal liver in the original data, after applying the rigid motion correction method and our 
method.
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Figure7. 
Example slice in the average volume (first row) and voxel-wise standard deviation of the 
signal during the first normoxia period (second row) for placenta, fetal brain and liver. The 
columns correspond to the original data, rigid motion correction, non-rigid inter-volume 
motion correction without intra-volume motion correction and our method that performs 
intra-volume motion correction followed by a rigid and non-rigid inter-volume motion 
correction.
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Figure 8. 
Standard deviation of the average signal during the first normoxia epoch in the placenta, 
fetal brain and fetal liver to compare the measures in the original data, after rigid motion 
correction, after inter-volume motion correction without intra-volume motion correction, and 
after our pipeline.
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Figure 9. 
Regional analysis of signal change: A. Original data, B. After rigid motion correction, C. 
Our method. Signal change over time is reported for a peripheral region (red), a middle 
region (green), and a central region (blue) in a single cotyledon. Our method produces the 
expected gradual increase in the signal change rate, which would have been missed if the 
baseline alignment method had been used.
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