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Abstract. Non-linear registration is an essential step in neuroimaging,
influencing both structural and functional analyses. Although important,
how different registration methods influence the results of these analy-
ses is poorly known, with the metrics used to compare methods weakly
justified. In this work we propose a framework to simulate true defor-
mation fields derived from manually segmented volumes of interest. We
test both state-of-the-art binary and non-binary, volumetric and surface
-based metrics against these true deformation fields. Our results show
that surface-based metrics are twice as sensitive as volume-based met-
rics, but are typically less used in non-linear registration evaluations. All
analysed metrics poorly explained the true deformation field, with none
explaining more than half the variance.

1 Introduction

Analysis of medical data often requires a precise alignment of subjects’ scans with
a common space or atlas. This alignment allows the comparison of data across
time, subject, image type, and condition, while also allowing its segmentation
into different anatomical regions, or find meaningful patterns between different
groups [7]. Due to high inter-subject variability, a non-linear deformation of
a subject’s scan is typically applied to best conform this image to a reference
standard. This type of deformation allows for complex modulation, such as elastic
or fluid deformations.

The quantification of the accuracy of a non-linear registration is intrinsically
complex. The main reason being the lack of a ground truth for the validation
of different methods [8]. While in a rigid registration only three non-colinear
landmarks are required, in non-linear registration a dense mesh of landmarks is
needed [12]. To provide ground truth data the EMPIRE 10 challenge [9] pro-
vided correspondences of 100 annotated landmark pairs to distinguish between
registration algorithms. However, the precision of the evaluation is still limited
by the number of correspondence points. Furthermore, this study focused on
intra-subject thoracic CT which may not fully apply across inter-subject studies
or other modalities and structures.

Two other main approaches exist to evaluate non-linear registration methods:
one based on the simulation of deformation fields; and the other in the evaluation
of manually segmented regions in different subjects.
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In the former, several types of deformation field simulations are suggested,
based in the deformation of control points, biomechanical models [2],[3],[13] or
Jacobian maps [6],[11]. These techniques can struggle in that they are not capable
of simulating the totality of inter-subject variation, nor the artefacts present in
medical images.

In the latter, a database of different subjects with both an anatomical image
and manually segmented volumes of interest (VOI) is typically used, in which
each subject is registered to a randomly chosen subject, or average image, and
the calculated deformation applied to the VOI map [4],[15]. In this way, the reg-
istered VOI map of the source subject can be compared with the VOIs of the
target subject. Typically, to evaluate the different methods a labelling metric is
used: Dice coefficients [7]; volume overlap [7],[14]; Jaccard index [10],[12]. This
analysis assumes that the metrics evolve in the same way as the unknown de-
formation field. To our knowledge no study has been performed that effectively
compare such metrics with a ground truth such as the true deformation field.

In this study we simulate pairs of deformation fields target images, and evalu-
ate the relation between the different similarity metrics and the true deformation
field. We explore what proportion of the variance of the ground truth can be
explained by each metric, and which is more suitable when ground truth is not
available (such as in inter-subject registration).

2 Methods

2.1 Data Acquisition

20 individual healthy T1 weighted brain images along with cortical and sub-
cortical manual segmentations were obtained from the Open Access Series of
Imaging Studies (OASIS) project1. The manually edited cortical labels follow
sulcus landmarks according to the Desikan-Killiany-Tourville (DKT) protocol,
with the sub-cortical labels segmented using the NVM software2. The resulting
maps provide a maximum of 105 regions for each individual.

2.2 True Deformation Field Simulation

The first step of the framework is the simulation of the true deformation field.
This field should attempt to maintain the characteristics of the native image
such as the overall shape of the head, and absent of foldings. The former is
required to remove the effect of global transformations such as affine or purely
rigid transformations, while the latter is important as current methods limit the
Jacobian determinants (here on referred to as Jacobian) to be positive to provide
reasonable fields.

To generate the ground truth deformation fields used in this work the manu-
ally segmented images were used to provide an anatomically driven deformation.

1 http://mindboggle.info/data.html
2 http://neuromorphometrics.org:8080/nvm/

http://mindboggle.info/data.html
http://neuromorphometrics.org:8080/nvm/
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Fig. 1. Scheme of the proposed evaluation framework. 1 - The manually labelled images
are input to the simulation block to derive the ground truth deformation fields (1.B),
target T1 images and target labelled images (1.C). To generate this field the labels are
affine transformed (1.A), combined and regularized (1.B). 2 - The T1 native and target
images are passed to the estimation block to estimate the deformation field (2.A), and
registered T1 and labelled images (2.B). 3 - The registered and target images are
finally given to the evaluation block to evaluate the different metrics against the true
deformation field error metric - DeffError.mindist(xi, y) - minimum Euclidean distance
between point xi and set y. Note that the deformations shown were greatly enhanced
for visualization purposes only.
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As such, for each segmented image, each of the VOIs was allowed to randomly
deform in an affine manner with 12 degrees of freedom. The affine transform of
each VOI was normally distributed and centred at the identity transform. The
variance for the translation, rotation, scale, and shear parameters were respec-
tively, 1, 1, 0.1, and 0.1. Due to the free deformation of each VOI, the result-
ing field was regularized by locally smoothing the image such that every voxel
presented a Jacobian within a range between 0.125 and 8, with a maximum de-
formation gradient of 0.5 in every direction. The deformation fields were further
limited to retain skull invariance.

For each subject, 20 different ground truth deformation fields were produced,
for a total of 400 simulations. For each deformation field a target T1 weighted
image was created by deforming the original acquired image with the simulated
field.

2.3 Estimation of the Deformation Field

To generate expected deformation fields through non-linear registration algo-
rithms, ANTS-SyN, FSL-FNIRT, and AFNI-3dQwarp were used to register the
original T1 to the simulated T1 image.

It should be noted that these methods are being used solely in the evaluation
of the different metrics and no comparison between them is made in this work.

For each simulation, a registration was performed by each method and the
resulting deformed T1 image and respective segmentation obtained, for a total
of 1200 simulations. The Jacobian for each obtained deformation field was also
calculated.

2.4 Evaluation of Registration Metrics

For each VOI of the simulations, each metric is calculated to investigate the
similarity between the estimated and simulated fields.

Due to their popularity in the evaluation of registration the following met-
rics were analysed3: Dice coefficients (Figure 1 - Dice); Jaccard index (Figure
1 - Jaccard); target overlap (Figure 1 - overlap); Hausdorff distance (Figure 1
- Hausdorff); and Pearson correlation (Figure 1 - Pcorr). Due to the sensitivity
of the Hausdorff distance [5], a modified average Hausdorff distance, also called
Mean Absolute Distance - MAD [1], is further analysed (Figure 1 - Hausdorff
average). This metric uses the average of all the closest distances from the regis-
tered to the target VOI, and the target to the registered VOI, instead of relying
on a single point to derive the distance metric.

Although not generally used to compare different methods, field smoothness
metrics are used to assess whether a particular method provides reasonable defor-
mation fields. The standard deviation, and the Laplacian of both the deformation
field, and the derived Jacobian (Figure 1 - std and laplacian) were further calcu-
lated. Landmark-based metrics were not included due to the lack of annotations
(one-to-one correspondences) in the analysed dataset.

3 All metrics were transformed such as the best value is 0.
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Due to the highly folded nature of cortical gray matter, a good surface overlap
is usually required. Volume-based metrics may not be suitable for this particular
problem. Therefore, all the previously described metrics, with the exception of
the Pearson correlation, were further applied to the surfaces of each VOI (i.e.
the boundary voxels of the VOI).

For each metric (M) the resultant similarity values were randomly divided into
50 sub-groups (G) of X = 2000 VOIs, and linearly and non-linearly correlated
with the true deformation field metric (T ) (Figure 1 - DeffError) as described
below:

1. Select a random subset of X VOIs from the total pool of VOIs;
2. Extract the analysed metrics (M), and the true metric (T ), for each X ;
3. Apply Pearson’s linear correlation (r), and Spearman’s rank correlation (ρ)

between each M and T ;
4. Square both r and ρ to obtain the proportion of shared variance in a linear

fit and between the two ranked variables, respectively.
5. Repeat 1 to 4 for each of G sub-groups.
6. Compare the distribution of r2 and ρ2 for each M.

In this work the total number of VOIs was (number of subjects × number of
simulations per subject× number of regions per subject × number of registration
methods) ≈ 126,000.

Pearson’s r was calculated as it provides a view of the linear relation between
the metrics and the true field, while Spearman’s ρ only assumes monotonicity
and therefore extends the analysis to non-linear correlations.

A full schematic of the proposed framework is presented in Figure 1.

3 Results

In Figure 2 the explained variance (r2 and ρ2) of the ground truth deformation
field for each of the analysed metrics is shown. All the metrics explain only a
fraction (all below 50% for both r2 and ρ2) of the total variance present in the
true deformation field. Specifically, the surface-based metrics were around twice
as sensitive as their volume-based equivalents.

From the binary metrics the Jaccard index showed the highest r2 (volume:
r2 = 0.17± 0.02, surface: r2 = 0.32± 0.02), while in the non-binary metrics the
Hausdorff average showed the highest r2 (volume: r2 = 0.29±0.03, surface: r2 =
0.40±0.04). The original Hausdorff distance showed much lower results for both
volume and surface metrics (volume: r2 = 0.11±0.02, surface: r2 = 0.11±0.02).

For the field metrics, all poorly explained the variance, with the best metric
being the standard deviation of the deformation field (r2 = 0.08 ± 0.01). ρ2

presented a similar trend to r2, except between volume and surface versions
of the Dice and Jaccard indexes. For these metrics the same ρ2 was observed
(volume: ρ2 = 0.22, surface: ρ2 = 0.43).

Paired t-tests, corrected for multiple comparisons (Bonferroni), were further
performed between all metrics. This test was performed as the samples are not
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independent (i.e. the methods were applied over the same regions), making the
distribution seen on Figure 2 only an indication of the difference between meth-
ods. The results were in agreement with the previous figure, suggesting that the
Hausdorff average is more sensitive overall to changes in the deformation field.
The only tests that did not presented significant differences were between the
surface Jaccard and Pearson corr, and between the surface Dice and volume
Hausdorff average.

Fig. 2. Boxplot of the explained variance (derived through r2 and ρ2) of the true
deformation field for each of the analysed metrics. Dark blue boxes - Pearson r2; Light
bashed blue boxes - Spearman ρ2. Dashed lines serve as reference for the r2 of the
volume overlap metric presented in [7], the best volume-based metric, and the best
surface-based metric.

4 Discussion

These results suggest that surface-based metrics are more sensitive to the true
deformations than volume-based metrics, both for binary and non-binary met-
rics. One explanation for such behaviour is that the volume enclosed by a surface
does not provide sufficient additional information regarding whether the region
is overlapping or not, yet decreases the sensitivity of the metric.
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Binary surface metrics are more prone to erroneous evaluations, as a simple
shift of the two surfaces (still maintaining a high volume overlap) will lead to an
almost null surface overlap.

Non-binary/distance metrics attempt to solve this problem by calculating
the distance between the two sets, with the small shift identified either by the
distance of each voxel in one set to the closest voxel in the other set, or simply by
the center of mass of both sets. This leads to typically more robust metrics than
binary ones, as is seen by the Hausdorff average distance. The original Hausdorff
distance, however, showed low results for both volume and surface metrics, yet
this was expected due to its sensitivity to outliers [5].

Although the Dice and Jaccard indexes differ in the r2 they showed the same
results for the ρ2. This was also expected as they have the same monotonicity,
yet differ in how they are normalized. As a linear trend is usually desirable, the
Jaccard index should be used instead of the Dice coefficients.

Interestingly, in these results the Pearson correlation (applied only to the
volume-based metrics) showed a much higher sensitivity compared to the volume-
based metrics, and was similar to surface-based metrics. Yet this metric may be
influenced by noise in the T1 images, and may not be suitable in registering
images of different contrasts, such as in inter-modality analysis.

In general these results show that none of the metrics examined here explain
more than 50% of the variance of the deformation field. Further, the best metric
observed was the Hausdorff average distance (a modified version of the original
Hausdorff distance). This poses the question of whether current assumptions
based on these metrics hold true with regard to the evaluation of non-linear
registration methods.

5 Conclusion

In this work we presented a framework to evaluate currently accepted metrics for
comparison of non-linear registration algorithms, and showed that they perform
poorly at estimating the true deformation field variance. These results suggest
that current assumptions regarding “good” and “bad” methods may not be
applicable. Furthermore, although surface-based metrics seem to perform better
than volume-based metrics, they are typically less used in non-linear registration
comparisons.
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