Chapter 3

Segmentation Consistency M easures

In the previous chapter, we used a region-based segmentation consistency measure to determine
that different segmentations of the same image by different subjects are consistent. The measure
of consistency was based on the observations that segmentations are sampled from a perceptual
hierarchy and that differencesbased on refinement are consistent with asingle percept. Thisleniency
was required because we did not have any control over the granularity of the segmentations provided
by the human subjects.

One of the primary goals of constructing the dataset was to provide a means of benchmarking
various grouping algorithms. These algorithmsinvariably have a parameter that control sthe scale of
grouping, since scal e-selection remains a difficult and unsolved problem. To more robustly evaluate
an agorithm, we therefore choose to evaluate it over all choices of its scale parameter. At each
parameter setting, we will measure the degree to which the algorithm output predicts the human
data.

In this task, our primary concern is one of discriminating more effective algorithms from less
effective ones. We have found that instead of focusing on refinement as we did in Chapter 2, we get
more robust measures of performance by testing an algorithm’s output against the human data for
equality. Though for any single image, one human subject may over-segment one area compared to
another, this effect is greatly reduced if we use al subjects’ segmentations of an image asthe ground
truth.

This chapter presents the evaluation techniques that we use in subsequent chapters to evaluate
algorithms. Both boundary-based and region-based techniques are presented. Thetechniqueswill be
illustrated in this chapter by comparing human segmentations to each another, in the same manner
as in the previous chapter. This will simplify the presentation, while at the same time providing
further evidence for the consistency of the segmentation dataset.
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CHAPTER 3. SEGMENTATION CONSISTENCY MEASURES

3.1 Statistical Methods

Before delving into the details of the various segmentation consistency measures, it will be useful
to review two statistical evaluation techniques that will arise repeatedly in the remainder of this
dissertation. Both techniques provide the means of comparing a classifier's output with the human
ground truth dataset in order to quantify the classifier's performance.

3.1.1 Mutual Information

Assume that we can formulate a particular vision problem as a binary classification task, so that the
ground truth human data provides the ideal classifier output S € {0, 1}. An agorithm will produce
S, an estimate of S computed from theimage data. In order to evaluate the accuracy of the estimate,
we can compute the mutual information I between the classifier output S and the ground truth data
S. Given thejoint distribution p(z,y) = P(S =, S= y), the mutual information is defined as the
Kullback-Liebler divergence between the joint and the product of the marginals:

L&) — 2 ) log LE&Y)
Ny L 31)

The mutual information is non-negative. Higher values connote greater agreement with the ground
truth, and therefore a better classifier.

Notethat S is binary valued. If S is provided by a human segmentation that has been removed
from the ground truth dataset — as is done in this chapter — then S will also be binary valued. If,
however, S is provided by an algorithm, then it may be real-valued. In a probabilistic framework,
for example, S € [0, 1]. In this case — which we will seein |ater chapters — we compute the joint
distribution by binning the classifier's soft output.

3.1.2 Precision-Recall Curves

Though an information theoretic approach such as mutual information can produce a useful method
for ranking algorithms relative to one another, it does not produce an intuitive performance measure.
Thus, we turn to aricher evaluation tool: precision-recall curves. A standard evaluation technique
in the information retrieval community [58], we have found the precision-recall framework to be
both effective and intuitive. Furthermore, it is more appropriate for our purposes than the related
receiver operating characteristic (ROC) curve or the Bayes risk, which is a summary statistic of
the ROC curve. The problem with the ROC approach is that it considers the total error made by a
classifier, from both classes weighted equally. When the classes are not balanced, the dominant class
iseasier to detect, and performancereported by ROC curves can be grossly exaggerated. In contrast,
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3.2. BOUNDARY-BASED SEGMENTATION CONSISTENCY

precision and recall focus on the rarer class, and therefore do not reward the correct detection of the
€asy common case.

A precision-recall curve is a parameterized curve that captures the trade-off between accuracy
and noise as adetector’sthreshold varies. Precision isthe fraction of detectionsthat are true positives
rather than false positives, while recall is the fraction of true positives that are detected rather than
missed. In probabilistic terms, precision is the probability that the detector’s signal is valid, and
recall is the probability that the ground truth data was detected.

Thesetwo measuresare particularly meaningful for aclassifier that isadetector of asparsesignal
X, so that the two classes are X and X. For such a detector, we are interested in how many true X
were missed (recall), and how many declared X were true (precision). A downstream application
may be characterized in terms of how much true signal is required to succeed and how much noise
can be tolerated. Recall gives the former, and precision the latter. A particular application can
define arelative cost o between these quantities, which focuses attention at a specific point on the
precision-recall curve. The F-measure [58], defined as:

1
F =
aP1+(1—-a)R™!

(3.2)

capturesthistrade-off as the weighted harmonic mean of P and R. The F-measureis valued between
0 and 1, where larger values are more desirable. The location of the maximum F-measure along a
precision-recall curve providesthe optimal detector threshold for the application given a;, which we
set to 0.5in our experiments. The curve's maximum F-measure can be used to characterize the curve
with a single number. When two precision-recall curves do not intersect, the F-measure is a useful
summary statistic.

In this chapter we will compare human segmentations to each other, so the “detector” will be
binary valued. In this case, varying the detector threshold has no effect on precision and recall,
so the precision-recall curve degenerates into a single point. In later chapters when we consider
algorithmic detectors, we will see full precision-recall curves.

3.2 Boundary-Based Segmentation Consistency

By discarding segment membership information, a ssgmentation can be regarded as simply abound-
ary map. Are the subjects consistent when the segmentations are compared as boundary maps? We
developed a boundary-based error measure with an eye towards later needing a way of comparing
machine-generated boundary maps to the human segmentations.
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CHAPTER 3. SEGMENTATION CONSISTENCY MEASURES

3.21 Correspondence as Minimum-Cost Assignment

Given two segmentations, we will correspond little pieces of boundary, or edgels. An edgel is an
oriented edge fragment which has an image-plane position (x, y, #), and a length equal to 1 pixel
unless otherwise noted. The error will be the proportion of edgels that cannot be corresponded. The
naive approach of simply corresponding collocated edgels will not work. As we wish to remain
tolerant of localization error along boundaries, the matching must be soft with respect to position.
Consequently, weresort to bipartite matching, where the cost of matching two edgelsis proportional
to their similarity in terms of spatial |ocation and orientation.

The segmentations represent a partition of the pixelsinto digoint sets. Any two adjacent pixels
that are not in the same segment generate an edgel that is the boundary between the two pixels. The
edgel itself has orientation # = 0 or § = 7/2, but that is not the orientation we will use. Instead,
we estimate the true boundary orientation as shown in Figure 3.1. Since we know the segment
membership of each pixel, we can follow the segmentation boundary s steps in each direction out
fromthe edgel of interest, continuing aslong asthe segments on each side of the boundary remain the
same. Note that the search will stop at junctions because segment membership changesthere. | used
s = 4 to get the local edgel neighborhood of the edgel whose orientation we wish to estimate. The
cloud of pointsgiven by the edgel centroidslookslikethelocal boundary itself. Thefirst eigenvector
of the covariance matrix of these points yields the direction of maximal variance, and therefore the
orientation of the boundary. Though we have no baseline with which to evaluate the orientation
estimates, qualitative inspection verifies that the boundary orientations are estimated accurately at
all but the highest curvature points, even at junctions.

We now need to measure the similarity between two segmentations represented as bags of ori-
ented edgels. Consider the complete bipartite graph where the nodes represent edgels, and the edge
weights are given by the similarity between the two edgels. The minimum-cost perfect matching of
this graph provides a correspondence between the edgel's of each segmentation.

There are a few practical details to work out. First, we must define the edge weights. Without
orientation information, the most natural edge weights would the the Euclidean distance between
the two edgels. In order to match intersections and corners accurately, we augment the edge weights
with an orientation term:

w=+vAz%+ Ay®> + « (%) (3.3

The value of the scaling parameter « is specified below. Orientation differences |Ad| are limited to
therange [0, 7/2]. A low edge weight requires both spatial proximity as well as similar orientation.

The second practical detail isthat the two edgel sets are not likely to have the same cardinality,
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3.2. BOUNDARY-BASED SEGMENTATION CONSISTENCY
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Figure 3.1: Estimating Human Segmentation Boundary Orientation. The segmentation boundaries
run between pixels. We divide the boundary into edgels, where an edgel is the border shared by two
adjacent pixels. In order to estimate the orientation of an edgel, we find the nearby edgels on the
same boundary. The SVD of the centers of these nearby edgels yields an estimate of the edgel’s
orientation. (a) The original image. (d) The subject’s segmentation. Panels (b) and (c) show the
zoomed views of the areas marked in (a). In (b) and (d), segmentation boundaries are drawn in gray,
and the edgels are drawn in black at their estimated orientation.
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CHAPTER 3. SEGMENTATION CONSISTENCY MEASURES

producing an asymmetric assignment problem. The standard trick for asymmetric assignment prob-
lems is to make them symmetric by padding the smaller side with outlier nodes. Edges to outlier
nodes carry large weight, so that they are used in the assignment only when necessary. Nodes that
match with outlier nodes are considered unmatched.

The assignment problem constructed thus far seems good until one tries to implement it. The
problem has 2n nodes and n? edges, where n is the number of edgels in a segmentation. For our
dataset, n commonly ranges from 1,000 to 10,000. Occasionally, we will wish to solve problems
with n = 100,000. The best algorithms [29, 7] operate in the regime between O(n ?) and O(n?),
which is far too slow. By making the problem sparse and using the appropriate sparse algorithms,
we can achieve tremendous speedup.

Thevast majority of edgesin the dense bipartite graph represent high-weight long-range connec-
tions between edgels and are superfluous for our task. We simply wish to find the edgels that corre-
spond out to some small distance/orientation tolerance, and the edgels that don’t. We can therefore
replace the high weight edges with outlier connections without affecting the resulting thresholded
assignment. In order to do this, we need to add outlier nodes on both sides of the graph, not just
the smaller side. At this point, we have a bipartite graph that is extremely sparse between the “real”
nodes, but still dense to and between the outlier nodes.

The overall sparsity has not changed much yet, but fortunately, the density of connectionsto and
between outlier nodes is overkill. The outlier nodes are all identical, and so outlier connectionsin
the final assignment can be freely permuted. This means that we can get away with sparse outlier
connections in the bipartite graph before matching. In fact, we can use a surprisingly small number
of connections per outlier node. The high connectivity properties of expander graphs permit this

optimization.

We use Andrew Goldberg’'s CSA package [19] to solve the assignment problem in time that
appearsto belinear in the size of the graph, and therefore linear in the number of edgels. Goldberg's
min-cost max-flow codes use his push-relabel algorithm [21, 10], which are the fastest available for
the problem. In addition, the codes can easily handle our large problems.

One additional issue complicatesthe graph construction. CSA assumes the existence of a perfect
matching. We adopted Goldberg’s suggestion [20] of overlaying a high-cost perfect matching to
ensure termination. We can then verify that the matching found by CSA does not include any of
these high-cost safety-net edges.

In summary, we compare two segmentations .S; and S» by computing a minimum cost assign-
ment of their oriented edgels. Figure 3.2 illustrates the bipartite graph we construct for the as-
signment problem. An edgel in one segmentation is connected in the graph to edgels in the other

42



3.2. BOUNDARY-BASED SEGMENTATION CONSISTENCY
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Figure 3.2: Bipartite Graph for Comparing Segmentations. We can compare two segmentations by
matching edge elements. The figure shows the construction of the bipartite graph for this matching
problem. Thetop panel containsan illustration of the 5 types of edgesin the graph. The bottom panel

contains the adjacency matrix for the graph. The two segmentations .S ; and .S, contributen; = 3664
and ns = 4124 nodes to the graph after pruning isolated edgels. After adding outlier nodes to both
sides, we have a square n x n assignment problem, wheren = n; + ne = 7788. The adjacency
matrix for the bipartite graph has a block structure. Each block contains the corresponding edges
from the top panel. The top-left block (A) contains the sparse local connections between edgels —
the only “real” edgesin the graph. Blocks B and C contain random outlier connections, and block
D contains random outlier-to-outlier connections. The E edges lie on the diagonals of the B and C
blocks, providing the safety-net high-cost perfect matching. The entire matrix has 64,470 non-zeros,

for 0.1% density.
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segmentation only if the Euclidean distance is less than some threshold dma.t The edge weight
is given by Equation 3.3 with o = d ;1. If S; hasn; edgelsnodes on the left side, and S, has
no edgels/nodes on the right side, then we add n, outlier nodes to the left and n; outlier nodesto
the right. The high-cost perfect match overlay is added as parallel connections between nodes and
outlierswith aweight of 20,000* d ... Each “real node” has d additional edgesto randomly selected
outlier nodes with weight 200* d na. Finally, random outlier-to-outlier edges are added so that each
outlier is connected to at least d outliers. We found d = 6 to be sufficient.

3.2.2 Comparing Segmentations

We will first apply the boundary-based error measure to pairs of human segmentations. Given two
segmentations .S; and .S, the error is given by the fraction of edgels that match to outlier nodes.
Note that we get two numbers, since we have outliers on both sides of the match. Consider one of
the segmentations S; to be the ground truth, and the other segmentation .S; to be the signal. The
fraction of matched S; edgels gives us precision, since precision is the fraction of signal that agrees
with ground truth; the fraction of matched S ; edgels gives us recall, since recall is the fraction of
the ground truth contained in the signal:

S; = Signa (3.9
S; = Ground Truth (3.5
R;; = Pj; = Fraction of S; that matches S; (3.6)
P;; = Rj; = Fraction of S; that matches S; (3.7)

These labels for the outliers make more sense when the “signal” is the output of a machine vision
system, as it will be in subsequent chapters. Both precision and recall are valued between 0 and 1,
with larger values signifying greater consistency between S; and S;. Figure 3.3 shows the result of
matching two segmentations from the dataset.

Figure 3.4 shows the distributions of precision and recall for both same-image and different-
image segmentation pairs. Unlike the region-based error measure L CE, neither precision nor recall
is tolerant to refinement, so two segmentations that are perfect mutual refinements of each other
may have precision and recall scores of zero! Precision and recall measure the similarity between
two segmentations as edge maps, so the values will be high only when the two segmentations have

coincident boundary contours.

1We set dmax = 1% of the image diagonal.
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S1 S1 Matched S1 Outliers

Sa Ss Matched S> Outliers
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Figure 3.3: Edgel Matching Example. The left column shows the two segmentations .S; and Ss
that we match by corresponding edgels. S, has 2631 edgels, and S has 3355 edgels. The middle
column shows the 2165 edgels that matched. The right column shows the unmatched, or outlier,
edgels—466in.S; and 1190in S,. The F-measureis 0.10.
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Figure 3.4: Distributions of Pairwise Recall and Precision for Edgels.  The left column shows

recall, and the right column shows precision. In each panel, the solid line denotes same-image pairs,

and the dashed line different-image pairs. The median of each distribution is marked with a vertical

dotted line. Thefirst row shows color-color pairs, the second row color-grayscale pairs, and the third
row color-invneg pairs. In each panel, we expect separable distributions because of the consistency
of the human data. Note the similarity between color and grayscale segmentations, and the marked
difference in recall for the inverted-negated segmentations. Lower recall indicates that the color
segmentations contain boundaries that the inverted-negated segmentation do not have. Figure 3.6

shows the same distributions for the |eave-one-out regime.
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Figure 3.5; Distributions of F-Measure for Edgels.
recall shown in Figures 3.4 and 3.6. This measure does an exceptiona job of distinguishing the
same-image and different-image distributions for color and grayscale segmentations with a Bayes
Risk of 0.5%. The discriminative ability of this measure can be attributed to the fact that segmenta-
tions of different images are unlikely to have coincident boundary contours, while segmentations of
the same image seem to share at least 30% of their boundaries. Both the pairwise and |eave-one-out
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methods are equally robust.
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Figure 3.6: Distributions of Leave-One-Out Recall and Precision for Edgels. The layout is the same
as for Figure 3.4. For the different-image distributions, each segmentation is compared to a set of
randomly selected segmentations each from adifferentimage. The size of the set isthe same aswhat
would be used for the same-image comparison. Note the marked increase in precision compared to
Figure 3.4, since aunion of human segmentationsis more likely to contain al the boundaries marked
by the left-out human. Recall decreases dightly for similar reasons. Again we see the same trend,
that the inverted-negated segmentations show lower recall than the nearly indistinguishable color
and grayscale segmentations.
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The left column of Figure 3.5 shows the distributions of the F-measure for same-image and
different image segmentation pairs. The F-measure does a surprisingly good job of distinguishing
the two classes, despite its intolerance to refinement. It apparently takes only a small fraction of
aligned boundariesto identify same-image pairs.

The three rows in Figures 3.4 and 3.5 compare the color, grayscale, and inverted-negated seg-
mentations. In all cases, the color and grayscale segmentations are nearly identical. The inverted-
negated segmentations, however, exhibit markedly lower recall, implying that the color and grayscale
segmentations contain boundaries that the inverted-negated segmentation do not contain.

I'n addition to pairwise comparisons, we devel op aleave-one-out methodol ogy where one human
is compared to the collection of other humans. Given k segmentations {S - -- Sk}, we want a
measure that compares .S; to the set of segmentations S;, @ # j. Here we consider S; the signal,
and the other £ — 1 segmentation the ground truth. First, we compute the matching between each
segmentation pair (S;, S;), ¢ # j. These k — 1 matchingsyield £ — 1 precision and recall scores,
P;; and R;;. The aggregaterecall R; is simply the mean of theindividual recall values.

The leave-one-out precision is more complex. Precision should be the fraction of signal that
matches with the ground truth. We declare that an edgel in S; matches the ground truth if it matches
an edgel in any of the S;. The fraction of such edges yields the precision P; for segmentation S;.
The following summarizes the leave-one-out precision and recall computations:

S; = Signd (3.8)
S; = Ground Truth, Vi # j (3.9
1
Ri=1— Z R (3.10)
i#j
P; = Fraction of S; that matchesany of S, # j (3.12)

The leave-one-out precision and recall distributions are shown in Figure 3.6. Note that both
same-image and different-image distributions have shifted up the precision axis, since the with the
one-to-many comparisons, it is more likely that an edgel in S; matches some edgel in one of the
S;. Likewise, the recall marginals have shifted down, since it is more difficult for S ; to explain all
of the S; than it is to explain only one. The right column of Figure 3.5 shows the corresponding
F-measure distributions. The distributions have shifted, and the Bayes threshold has moved, but the
separability of the distributions remains about the same as in the left column where the comparisons
are between pairs.
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3.2.3 Discussion

This segmentation consistency measure, based on corresponding edge elements, is appropriate for
evaluating machine-generated boundary maps. If an algorithm produces oriented edgels, then the
approach outlined above can be used unchanged. However, many boundary detectors simply classify
pixels as on-boundary or off-boundary. In this case, we can correspond boundary pixels instead of
oriented edge elements, and omit the orientation penalty from the edge weightsin the bipartite graph.
If this approach is applied to the human-human comparisons, the distributions of precision, recall,
and F-measure remain virtually unchanged. Some accuracy is lost around junctions, but the overall
effect is small due to the relative scarcity of junctions compared to boundaries.

3.3 Region-Based Segmentation Consistency

In addition to evaluating algorithms that output boundary maps, we would also like a methodol ogy
for evaluating algorithms that output segmentations. A segmentation al gorithm implicitly outputs a
boundary map, and this boundary map can be evaluated using the method of the previous section,
but a segmentation contains more information than a boundary map. In particular, the boundaries of
a segmentation form closed contours, and so the pixels are divided into digjoint sets. In this section,
we will devel op three region-based methods for measuring segmentation consistency.

Why do we need multiple region-based consistency measures? The reason is that we do not
know a priori which measures will be good for which tasks. Until we have extensive experience
eval uating segmentation algorithms, it is not possible to determinewhich measure, if any, is superior.
For example, we developed the L CE measurein Chapter 2 asaway of characterizing the consistency
of different subjects’ segmentations, but we also hoped to use it as a benchmarking measure. We
discovered, however, that it is not well suited to the benchmarking task because a measure that
permits refinement is too lenient for that purpose.

Consequently, we develop three region-based measures specifically for the task of benchmark-
ing: avariant of LCE in Section 3.3.1, a measure based on mutual information in Section 3.3.2,
and third measure based on precision-recall in Section 3.3.3. Both the mutual information and
precision-recall approaches are based on proven statistical techniquesin computer vision. Until one
of the three region-based measures is proven to be reliable, segmentation evaluation work at this
time should be done using multiple measures to validate resullts.

3.3.1 Region Overlap

The region-based consistency measure L CE, introducedin Section 2.2.2, istolerant to refinement in
either direction at each image pixel. If we smply replace the pixelwise minimum with a maximum,
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Figure 3.7: Distributions of BCE and BCE*. Since BCE does not tolerate refinement, the same-
image comparisons yield higher error than with LCE, resulting in a marginal increase in overlap
between same-image and different-image distributions. By using multiple segmentations as ground
truth, BCE* lowersthe separation and recoversthe peak at zero error. Again, the grayscale and color
segmentations are quite similar, but the inverted-negative segmentations are significantly different
than the color segmentations.
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we get a measure that does not tolerate refinement at all. The problem of degenerate segmenta
tions “ cheating” a benchmark disappear, and we get a measure that penalizes dissimilarity between
segmentations proportional to the degree of region overlap. Applied to pairs of segmentations, the
Bidirectional Consistency Error (BCE) is defined as:

1
BOE(S1,8:) = — > max {E(S1, 52, pi), E(S:, 51,pi) } (312)

In addition to considering the consistency of pairs of segmentations, we can ask if one subject’s
segmentation of an image is consistent with the collection of all other subjects’ segmentations of
that image. The BCE measure is easily extended to the “leave-one-out” regime by computing the
minimum error at each pixel over each ground truth segmentation S :

1
* . — 1 . . . .
BCE*(S;) = n Ez rgn?{max{E(Sj,Sk,pz),E(Sk,SJ,pl)}} (3.13)

Figure 3.7 shows the distributions of BCE and BCE*. The layout of the figure is the same as
in Figure 3.5 on page 47, with color-color comparisons in the top row, gray-color in the middle
row, and invneg-color comparisons in the bottom row. From the left column (BCE), we see that
though the same-image and different-images are till separated, the same-image distribution is not
peaked at zero. The right column of the figure shows the distributions for BCE*. By measuring
consistency with aset of human segmentations, BCE* better capturesthe consistency of same-image
segmentations than BCE: the same-image and different-image distributions overlap less, and the
same-image distributions are peaked at zero error. Once more, the grayscal e and col or segmentations
remain nearly identical, while the inverted-negated segmentations exhibit measurable difference.

3.3.2 Mutual Information

Let us formulate the segmentation problem as a classification task, where we aim to classify pairs
of pixels as belonging to either the same segment or different segments. Given the output of such a
classifier — known as apixel affinity function — one can perform segmentation by pairwise cluster-
ing. Thisisacommon framework for image segmentation [67,76, 65,68, 13,52,17,72]. To evaluate
such an approach, we can evaluate the affinity function itself before clustering takes place, indepen-
dent of what particular clustering method may be used. Any improvement to the affinity function
will certainly ease the clustering task.

We need to compare a machine-generated affinity function Sij to the ground truth affinity S;;,
where S;; = 1 when pixelsi and j belong to the same segment, and zero otherwise. If we compare
the machine affinity S to only one human segmentation at atime, then the ground truth affinity S is
given directly by the segmentation. We can compare S to aset of human segmentations by declaring
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Figure 3.8: Mutual Information Distributions for Pairwise Affinity. In all cases, the ground truth
is given by color segmentations. The left column shows the comparison for segmentation pairs, and
the right column for leave-one-out comparisons. Either color (top row), grayscale (middle row), or
inverted-negated (bottom row) are compared to the ground truth, and both same-image (solid lines)
and different-image (dashed lines) distributions are shown in each panel. Median values are marked
with avertical dotted line. As expected, the different-image distributions are steeply peaked at zero,
with better separation in the right column. The grayscale and color segmentations appear to have

identical mutual information, while the inverted-negated segmentations share less information with
the color segmentations.
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S = min; S*, so that a pixel pair is declared same-segment only if every subject k& declared it to be
same-segment.

We will explore both approaches by comparing human segmentations to each other. In the first
case, we will compare pairs of segmentationswhere the ground truth is always a color segmentation,
and the “signal” is either a color, grayscale, or inverted-negated segmentation. In the second case,
the ground truth will be given by the set of color segmentations of an image, while the signal is till
asingle segmentation.

One approach we can take to evaluating an affinity function S is to compute the mutual infor-
mation between it and the ground truth indicator S, as discussed in Section 3.1.1. Figure 3.8 shows
the distributions for the mutual information between human segmentations. The left column shows
the pairwise comparisons; the right column shows the leave-one-out comparison. Top to bottom, the
rows show the result when the color, grayscale, and inverted-negated segmentations are used as the
“signal”, while always using the color segmentations as ground truth. As expected, the different-
image distributions are steeply peaked at zero — more so for the leave-one-out regime, improving
the separation in the right column. The grayscale and color segmentations appear to have identical
mutual information, while the inverted-negated segmentations share less information with the color

segmentations.

3.3.3 Precision-Recall for Regions

To complement the mutual information approach to comparing affinity functions, we also develop an
approach based on precision and recall. The ground truth human segmentations define a set of same-
segment pixel pairs that we wish to identify with a classifier. Given another human segmentation
or machine-generated affinity function as “signal”, we can determine how well it predicts the same-
segment ground truth pairs.

Inthe case of comparing human segmentations, the signal is binary-valued. Precisionistherefore
P(S‘,-j =1|S;; = 1), or the probability that a same-segment pair in the left-out human is a same-
segment pair in the ground truth. Recall is the probability that a same-segment pair in the ground
truth was in the left-out human, or P(S;;=1|S;; =1).

Figure 3.9 shows the precision and recall distributions for the pairwise approach, and Figure 3.10
showsthe distributionsfor the leave-one-out approach. Thetrends between the two arein contrast to
those we observed in the boundary matching precision and recall. In this case, the union of human
segmentations produces a stricter set of same-segment pairs, since al subjects must mark a pair in
the same segment for S = 1. Consequently, the leave-one-out distributions show increased recall
and decreased precision. In both cases, the same-image distributions shift more than the different-
image distributions, suggesting that the leave-one-out version of this measure is preferable. The
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Figure 3.9: Distributions of Pairwise Recall and Precision for Pixel Affinity. Recall (left column)
and precision (right column) distributions for same-image and different-image comparisons of hu-
man segmentations, for color (top row), grayscale (middle row), and inverted-negated (bottom row)
segmentations compared to color segmentations.
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Figure 3.10: Distributions of F-Measure for Pixel Affinity. These F-Measure distributions combine
the precision and recall from Figures 3.9 and 3.11. The leave-one-out distributions (right column)
are better separated than the pairwise distributions (Ieft column). In addition, the trend of increasing
error from color (top row) to grayscale (middle row) to inverted-negated (bottom row) is again clear
in the right column.
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Figure 3.11: Distributions of Leave-One-Out Recall and Precision for Pixel Affinity. The layout
is the same as for Figure 3.9, but this figure shows the human segmentation comparisons using
the leave-one-out approach instead of the pairwise approach. Both precision and recall increase,
though the same-image distributions are shifted to a greater degree, increasing discrimination. The
three rows show little changein recall, but a steady decrease in precision. This trend indicates that
as the subjects were denied information — fist color, then high-level information — they marked
fewer segmentation boundaries, thereby adding more same-segment pairs to the “signal”. Thisis
the first time we have seen this trend for the grayscale versus color segmentationsin addition to the
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distributions of F-measure shown in Figure 3.10 also support this conclusion. Note once more the
similarity of grayscale and color segmentations, and the measurable difference between inverted-
negated and color segmentations.

3.4 Conclusion

In this chapter, we have introduced four new segmentation comparison techniques. The first is a
boundary-based approach that directly corresponds boundary elements between one segmentation
and a set of ground truth segmentations. The correspondences yield precision and recall measure-
ments that can be combined with the F-measure. The intuitive nature of the correspondence proce-
dure lends confidence to the approach. The other three are region-based approaches, two of which
are based on the established statistical methods of mutual information and precision-recall.

If we wish to benchmark segmentation algorithms, then we have many choices. The boundary-
based approach can be used to comparethe region boundariesto the human data. Alternately, we can
use any of the threeregion-based approaches. Asin the popular pixel affinity and pairwise clustering
formulation of image segmentation, a segmentation represents a binary-valued affinity function.
This affinity function can then be evaluated using either mutual information or the precision-recall
framework. Alternately, the BCE measure can be used as a measure of region overlap.

The multiple measures are important for two reasons. First, we must ensure that quantitative
eval uations of segmentation algorithms are stable with respect to several measures. At this point, we
do not have enough experience evaluating these algorithms to know which measure is preferable.
Until that time, quantitative work should use as many different measures as possible.

In addition, the different measures allow us to evaluate different phases of segmentation algo-
rithms, providing a range of “micro-benchmarks.” For example, an image segmentation algorithm
might take the following approach: (1) Find boundary elements from low-level cues, (2) Perform
contour completion on the edge elements, (3) Define a pixel affinity function between pixds, and
(4) Produce a segmentation by some pairwise grouping algorithm. We would like to evaluate each
stage independently of the others using the segmentation dataset. The boundary-based precision-
recall measures can evaluate stages (1) and (2). The mutual information and precision-recall affinity
measures can evaluate stage (3), and all four measures can be used for evaluating stage (4).

The remaining chapters begin the project of rigorously optimizing and evaluating each stage of
image segmentation. In Chapter 4 we will learn a boundary detector from the dataset, and then
use the boundary-based measure to evaluate different algorithms. In Chapter 5 we will use the
boundary detector along with other features to learn an affinity function, and evaluate alternatives
using the mutual information and precision-recall measures. The evaluation of contour completion
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and pairwise clustering algorithms we must leave for future work.
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