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ABSTRACT

The advancing technology for automatic segmentation of medical images shouldebaccompanied by techniques
to inform the user of the local credibility of results. To the extent that this technology produces clinically

acceptable segmentations for a signi cant fraction of cases, there is a risk thahe clinician will assume every

result is acceptable. In the less frequent case where segmentation fails, we arencerned that unless the user is
alerted by the computer, she would still put the result to clinical use. By alerting the user to the location of a

likely segmentation failure, we allow her to apply limited validation and editing resources where they are most
needed.

We propose an automated method to signal suspected non-credible regions of the segradion, triggered by
statistical outliers of the local image match function. We apply this test to m-rep segmentations of the bladder
and prostate in CT images using a local image match computed by PCA on regiwal intensity quantile functions.

We validate these results by correlating the non-credible regions with regions thathave surface distance
greater than 5.5mm to a reference segmentation for the bladder. A 6mm surface dishce was used to validate
the prostate results. Varying the outlier threshold level produced a receiver operatig characteristic with area
under the curve of 0.89 for the bladder and 0.92 for the prostate. Based on this prelimary result, our method has
been able to predict local segmentation failures and shows potential for vadiation in an automatic segmentation
pipeline.
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1. INTRODUCTION

An automated process for segmenting 3D medical images allows clinicians to sel previously intractable prob-
lems. One such application is segmenting a large collection of historical ingges of patients in order to correlate
the treatment a patient received with his clinical outcome. Limits on human time and attention restrict the
number of images that can be processed with costs that scale linearly with theumber of images to be analyzed
and the number of relevant slices per image. However, an automated system can Isealed and distributed in
order to segment an arbitrarily large data set. A second application where autmated segmentation can solve a
previously intractable problem is related to images when the underlying data changesapidly. During the time
a careful human rater spends segmenting the structures of interest in the image, the da changes to the point
where the image is no longer an accurate portrait of the system, and the segmaeation of image data is irrelevant
to the medical problem. An automated system may be able to provide a su ciently rapid response so that it
produces a segmentation during the short interval during which the image can be used.
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An automated system that produces clinically acceptable segmentations allows pragss to be made on these
problems. However such a system brings with it a jeopardy that a segmentationdilure will go undetected
and will be put to use. For the same reasons of cost that manual segmentations oaot be performed in these
situations, fully manual validation of automatic segmentations is not a viable option. In the situation where the
underlying biology is rapidly changing, the validity of the image would expire before the validity of the image
segmentation could be established. Because of these limitations, we propose automated method for rapidly
detecting and signaling the location of non-credible regions on a segmentation suida.

Our method for identifying non-credible regions requires a geometry to image match\{mage match") function
that can be evaluated region by region at the segmentation surface. Ldt denote an image and letm denote some
parameterization of the segmentation of the structure of interest in the image data. The image matchf (m;1)
serves as a proxy for the distance from the segmentation surface to the unknowmgace representing the ground
truth for the object in the image. We require that | can be decomposed into object-relative region§xg and
that f (m;1) can be decomposed into independent term$, (m; | ) localized to each region. Each of these local
image match terms indicates the goodness of t for a subregion of the segmented grt. Statistical analysis on
the distribution of the value of each local image match term over a set of wel t training cases produces tests
to identify non-credible regions on a segmentation surface.

In regions where the local image match has an unusually poor value, we expect thewill be a large error
to the unknown truth, so the segmentation should be considered non-credible. We assume, tout loss of
generality, that the value of the local image match function increases as the lmalized goodness of t decreases.
Given a new imagel" and its segmentationm we want to identify the set of regions:
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for some critical value . These are the non-credible region of the segmentation surface.

The test, (1), relies on our ability to learn the probability distribution fo r the local image match terms.
Certain classes of local image match functions allow us to make principled aamptions about this distribution.
When f4(; ) is the log-likelihood of a multivariate Gaussian, its value is a Mahahnobis distance and thus is
a 2 random variable. This is the case when the image match function is produced via Pricipal Component
Analysis (PCA) on a training set. The image match invented by Broadhurst? is trained in this manner, and we
have used it in the work presented here.

Given our ability to detect non-credible regions using (1), we must now decide how our systershould proceed
when such a region is detected. Three options for handling this situation are:

1. Notify the user and defer to the user's judgment on how to react
2. Notify the user and force the user to interact with a segmentation tool

3. Automatically adjust the segmentation.

In this paper we disregard the third option, noting that in the special case of segentation by optimizing the
t of a deformable shape modef 3 an optimization that yields an outlier value of the image match function may
indicate a segmentation failure but does not prescribe a method to correct it.

We therefore recommend that when a non-credible region is detected the system should notifjyx¢ user and
rely on the user's expert judgment to resolve the situation. In some applicatios the user may choose to run a
semi-automatic segmentation editor, such as the one proposed by Gradyin order to correct the segmentation
in the non-credible regions. In other applications it may be su cient for the user to manually verify and correct
the segmentation. The benet of using our method is that manual validation resourcesare only used in the
cases and locations where a segmentation error is likely to have occurred. The prdiiively expensive step of
manually verifying each segmentation in its entirety has been eliminated.



2. METHODOLOGY

Our method is to evaluate a localized image match function, region by region, ang the surface of a segmentation.
Those regions where the image match value is excessively large are considerediive a non-credible segmentation.
We prepare a visualization as in Fig. 1 that allows the user to understand the lgation of suspected segmentation
errors. This visualization is analogous to those proposed by Niesserio communicate validation results. Based
on the visualization, the user is then responsible for verifying and correcting thesegmentation in these regions.
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Figure 1. (Left) A display indicating a non-credible region (dark tiles) on a bladder segmentation surface. For orientation
purposes, the prostate segmentation surface is shown with unshaded tles. (Right) The intersection of the same surface
with an axial slice of the CT image. In the regions where the segmentation w as determined to be credible (white contour)
it is well t to the image data. A signi cant error is visible in the non-  credible (dark contour) region.

In Sec. 2.1 we describe the local image match function that we used to assess thedibility of segmentations
of the bladder and prostate in CT images. In Sec. 2.2 we describe the use of the m-repeutial representation to
partition a population of objects into corresponding regions.

2.1. Regional intensity quantile functions

The local image match function that we use is based on Broadhurst's regionaintensity quantile functions

(RIQF). ! This match requires training on a set of images each of which has a clinicallyaeptable segmentation.
Image intensity histograms fHy g are recorded for each regiorx, in each of fkg training images. The local
image match function measures statistical distance between the observed histmam Hy in a region of the target
image and the population of histograms observed for the corresponding regioof the training set.

Broadhurst has shown that although the histogram space is nonlinear, each hisgram H, can be uniquely
mapped onto a quantile function Qx through the inverse of its cumulative density function (CDF) and that linear
statistics are valid on the resulting quantile space. PCA on the training caes yields a mean x and eigenmodes
of variation f . ;Vxi g for the quantile functions. The nal local image match value is
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Figure 2. (Left) an example of an m-rep atom. (Right) an m-rep object describing a bladder. Each voxel of the bladder
can be identi ed with m-rep coordinates describing which atom, wh ich spoke of that atom, and how far along the spoke
one must travel in order to reach the point.

The rst term is the Mahalanobis distance to the intensity quantiles observed in the target case in the PCA
space truncated ton eigenmodes of variation.,, The second term accounts for the residue outside of this PCA
space.r is weighted by the standard deviation™ | in the training cases that is unaccounted for in the truncated
PCA space.

This image match has several properties that are desirable for detecting non-crediblegions in image segmen-
tations. We have observed positive correlation between image match vak and segmentation quality, suggesting
that the outliers of local image match are likely to be regions where a lodi&zed failure has occurred. This image
match models the variability in image intensity for a population of objects and is appropriate for evaluating the
segmentation of new image of the same class. Because the image match funotis a Mahalanobis distance, its
value follows the 2 distribution, and critical values on that distribution can be used to establish the threshold

for the non-credibility test.

2.2. Surface regions

We use the m-rep medial representatiof to describe our segmented objects. One advantage of this representation
is that it implies an object relative coordinate system that can be used to de ne coresponding regions across
a population of objects. Each m-rep object consists of a grid of sampled mediatoms where each atom is
composed of a hub (a location on the medial axis of the object) and a pair of eqlidength \spoke vectors" which
indicates the intersection of the object boundary and its maximal inscribed ball that is centered at the hub.
An example of the medial representation of an object is shown in Fig. 2. The oject coordinate system maps
parametersfu;v; g into the volumetric data. Coordinates u and v specify the position of a medial atom in the
grid, and coordinate chooses a spoke at a given hub and speci es how far along the spoke one must teavo
reach the point in the volume. The population of m-reps can be constructed so that aatomical correspondences
have corresponding coordinates in this object relative coordinate system

We de ne an object region in the neighborhood of each of the m-rep spoke ends. In eachgion we record
two RIQFs, which are assumed to be statistically independent. One RIQF is recordedrom image samples from
the interior of the object, and the other from the exterior of the object. Statistics on the RIQFs for a region are
learned for a training set of images. The credibility of a segmentation of a newnmage is assessed by evaluating
the local RIQF image match from the training set at the corresponding region n the target object.

3. DETECTING NON-CREDIBLE REGIONS

Our dataset consisted of 80 CT images of the pelvic region of 5 patients receivingdaptive radiotherapy to
treat prostate cancer. Each patient's treatment has been fractionated over a sées of dates, and a new image
was acquired prior to many treatment sessions. The bladder and prostate in eachimage were segmented by



Bayesian optimization over m-rep deformable model§. These segmentations required us to train a geometric
prior distribution and an image match function.

Let I denote the tth image of patient p and let m'g;t denote the m-rep segmentation of the bladder K = 0)
and the prostate(k = 1) in . A manual segmentation of each image was performed. These segmentations o
patient p on all days other than the target day were used to train the shape prior and the inage match. Let
tr S;t denote a training m-rep t to the manual segmentation of the bladder in Iy;. Eachtr 3;t was constructed
so that the m-rep coordinate system preserved anatomical correspondences. The bladder sespitation mg;t
was produced using a shape prior learned by Principal Geodesic Analygisver the set of m-reps tr g;j ] 6t,
holding p constant, and an image match trained on global RIQFs for the same set of wdels. The prostate
segmentation mg;t was produced by applying the same procedure to the prostate training data.

We train local image match functions, for use in the non-credibility test, on regions de ned by the m-rep
coordinate system. Each regionx is de ned to be the neighborhood of a sampled m-rep spoke end, which is
identi ed by its object relative coordinates (u;v; ). Because our training m-reps preserve anatomical correspon-
dence, we can train local RIQF statistics on a corresponding region across theaming population for an object.
This local image match function is used to assess the local credibility of thisegion in a target case,m';;t.

The local RIQFs used to train the credibility test for bladder segmentations use three eigenmodes of variation
to describe the image intensity quantiles from the exterior of the object and tvo eigenmodes to describe the
interior of the object. We allow an additional two degrees of freedom, one eactof the exterior and interior, to
account for the residue outside of these eigenmodes. We then make the approximatiohat f( ; ) 2,. We
can then choose a threshold valué such that p[fx(; ) >f ]< for any value by using the known CDF for
the 2 distribution with seven degrees of freedom. Any region of a bladder segmentation kere the image match
exceedd is considered to be non-credible.

We only use the exterior RIQFs to evaluate the local credibility of prostate segnentations because of issues
of image contrast between the bladder and prostate. Figure 3 shows two possibkegmentations of a prostate on
an axial slice of a CT image. One of these segmentations is correct, the othertise result of a gross shift towards
the bladder. Because the image intensity patterns for bladder and prostate are sirfar, the interior histograms
for these two segmentations are roughly equivalent, and we would expect them to v similar values of interior
image match. Our ability to detect the segmentation error is based on the intendy pattern at exterior of the
prostate, in the region away from the bladder. These regional intensity distrbutions are quite di erent, and the
exterior RIQF image match will be able to distinguish between them. Thus we ug exterior RIQFs with three
eigenmodes of variability to detect non-credible regions of the prostate. The additionadegree of freedom for

residue outside of the PCA space allows us to approximatéy( ; ) 2,.

Figure 3. An axial slice of a CT image illustrating why the exterior image match is u sed to detect non-credibility
in prostate segmentations. The two segmentations shown in the image are cuite di erent, yet have similar interior
intensity patterns. It is the local exterior intensity patternt  hat allows us to detect the di erence between the acceptable
segmentation (dark contour) and the erroneous segmentation (bright contour ).



4. VALIDATION

To validate our test for local non-credibility we wish to show that the regions we detected as having outlier values
of the local image match function are the same regions where local segmeni@ failures have occurred. Although
we do not know the ground truth for the images in our study, we do have access to manli@egmentations for
these images. We will then say that a local segmentation failure has occurred lven the distance from the
representative point for a region (i.e., an m-rep spoke end) to the nearest pot on the manual segmentation
surface exceeds a limit. That is whendy (m; 1) >

The scale of local segmentation errors that we can detect with our test is relad to the quality of ts used
to train fy(; ). Surely the image match cannot be sensitive to errors of the same order of ngaitude that were
present at training time. For all but two outlier cases of the training m-reps for the bladder, max; dy(tr;l) <
4mm. For the training m-reps for the prostate, maxy, dx(tr;1 ) < 4:5mm. As a result of this measurement we
expect our test of non-credibility to be sensitive to segmentation errors wher@y (m;1) > > 4:5mm. Empirically
we found that the test performed well with error de ned as = 5:5mm for the bladder and = 6:0mm for the
prostate.

Using this de nition of error, we can validate the test of non-credibility. For an image match threshold off ,
the test result at a region on a segmentation surface can be classi ed in one ébur ways:

fx(m;1) f fy(m;l) <f
dy(m; 1) True-Positive | False-Negative
dy(m;l) < False-Positive | True-Negative

Varying the image threshold f produces a receiver operating characteristic (ROC). An ROC curve, as in Fig.
4 plots the true-positive rate, or sensitivity of the test, as a function of the false-positive rate, or 1 speci city .
This allows us to select an image-match threshold with a clinically acceptable adeo between false-positives
and false-negatives. The area under the ROC curve (AUC) is an important value. It ca be thought of as the
probability the test will correctly distinguish between two cases, one that is truly a positive and one that is truly
a negative. In our case,

AUC = plfx(my;la) >fu(mazil2)j(de(mails) )™ (di(mz;lz) < )] ®3)

This gives the probability that given two randomly selected segmentation regims, one with a gross error and
one that is acceptably close to the reference segmentation, the test will correctly ideify the erroneous region.
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Figure 4. ROC curves characterizing the performance of the test for non-credible regions in bladder and prostate
segmentations. For both organs the AUC  0:9 indicating that the test successfully distinguishes between segmentation
regions that are acceptably close to the reference segmentation and thosethat are too great of a distance away.



Figure 5. M-rep implied surfaces for a bladder (left) and prostate (right). Dar ker shading signals regions where errors
occurred more frequently.

5. RESULTS

The segmentation of the bladders and prostates in 80 CT images were globallyuite good. The average over all
cases of the average surface distance to the reference segmentation for the bladdeswadmm with the maximum
over all cases being 2.7mm. For the prostate the average of the average saré distances was 1.2mm with a
maximum of 4.0mm.

The distribution of local errors in the bladder segmentations was as follows In 64 of the 80 segmentations
no local error was ever greater than our error de nition of 5.5mm. In the remaining 16 cases, 61 out of 1248
possible regions had a signi cant local error. The spatial distribution of these regions can be seen in the left
pane of Fig. 5. The errors are the most densely concentrated at the low contrastrea where the prostate indents
into the bladder and on the opposite side of the medial sheet from that location.

There were fewer cases with local errors in the prostate segmentations than therwere for the bladder. 76
of the 80 segmentations had no local error greater than our error de nition of 6.6nm. In the remaining 4 cases,
38 out of 296 possible regions had a signi cant local error. The spatial digtbution of these regions can be seen
in the right pane of Fig. 5. There was a large cluster of errors on the face dhe prostate that is adjacent to the
bladder. There were also smaller clusters of errors on the opposite faces.

The cases and regions with gross localized errors tend to have larger values dietlocal RIQF image match
function than those that where the local error is below the threshold. This is presented in Fig. 6. For the
median 50% of grossly erroneous bladder regions, 3® f,(m;1) 12500. For the median 50% of acceptably
segmented bladder regions, 19 f,(m;1) 22:92. For the median 50% of grossly erroneous prostate regions,
11.35 fy«(m;l1) 3159. For the median 50% of acceptably segmented prostate regions, 48 f,(m;1) 7:05.

Figure 4 contains the ROC curve for detecting non-credible regions on bladder and prostateegmentations
using our test. AUC is 0.89 for the bladder and 0.92 for the prostate, showing thafor nearly 90% of cases
the test correctly distinguishes between a region with a signi cant local error anda region that is correctly
segmented. We can use this ROC curve to select the threshold level at which we signal nonedibility. This
choice is a tradeo between the expected true-positive and false-positive ratefahe test and needs to be made
with application speci ¢ rules in mind. For demonstration purposes we chose a theshold which minimizes the
number of false-positive reports.

With this choice of the threshold value, we can now produce the visualizations showin Fig. 1. In the left
pane we see the bladder surface colored so that non-credible regions appear with dark shadirg the right pane
we see the intersection of this surface with an axial slice of the CT imageHere we can see that the non-credible
region is at the posterior end of the bladder and that the segmentation has extended beyd the object boundary
at that point.
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Figure 6. Distribution of the local RIQF image match value for the bladder (left) and the prostate (right) segmentations.
The image match values for regions wheredx (m; 1) tends to be larger than for those regions wheredy (m; 1) < epsilon

A second example of this visualization is shown in Fig. 7. In the left pane wees the prostate surface with
non-credible regions signaled by dark shading. In the right pane we see the intersectioof this surface with a
sagittal slice of the CT image. We recommend manual validation and correctin of the prostate segmentation in
the non-credible region.

Figure 7. (Left) A display indicating a non-credible region (dark tiles) on a prostate segmentation surface. For orientation
purposes, the bladder segmentation is shown with unshaded tiles. (Right) The intersection of the prostate surface with a
sagittal slice of the CT image. Non-credible regions are indicated by the dark contour.

6. CONCLUSIONS

We have presented an automated method for signaling the location of non-credible régmns on a segmentation
surface. This method is based on detecting statistical outliers of a local imagenatch function. We have applied
this method to m-rep based segmentations of the bladder and prostate in 80 CT imags. We validated these



results with ROC analysis relating the local image match value with the distance from a representative point
for each region to the a manual segmentation. The AUC for this ROC was 0.8%or the bladder and 0.92 for the
prostate, indicating that our test was successful at distinguishing between those reghs which are acceptably
segmented and those that are grossly erroneous.

This validation relies on three simplifying assumptions that warrant furt her work. First, we allow the manual
segmentation of each image to serve as the ground truth for each image. @n what is known about the intra-
and inter- expert segmentation variability, a better estimate of the ground truth could be made by combining
multiple manual segmentations as with the STAPLE® algorithm. An improved ground truth estimate would
allow for a better measurement of localized segmentation errors. The seconchgplifying assumption is related to
how we measure localized segmentation errors. Currently we measure a singlestance from the representative
point for a region to the manual segmentation. An improvement would be toincorporate the distribution of
distances from points within the region. The third simplifying assumption t hat we make is that the image match
at neighboring regions is independent. Given that images are spatially correlad, this assumption is not likely
to hold.

There are two signi cant consequences to the correlation of image data that our futue work will address. On
the one hand, we will modify our validation strategy to recognize neighbor reléionships. New rules for labeling
a region will be developed that account for the status of nearby regions. For exaple, when adjacent regions
both have a large image match but only one has a signi cant error distance, it night be appropriate to consider
both regions as true-positives. On the other hand, the research that lead to the RIQAmMage match is being
extended to study conditional distributions of intensity quantiles. In the same situation described above it might
be the case that when the RIQF for the acceptably segmented region is conditioned on itsutlier neighbor, that
conditional match falls below the threshold of the non-credibility test.
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