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Abstract

Assessing the quality of image segmentation algorithms is an essential step towards the quantitative analysis of
biological microscopy images. Given the limited accuracy of segmentation algorithms in all but trivial cases, it is
particularly important to define an index to grade the quality of segmentations. Such an index can help guide the
choice of algorithms for a particular application, assist in optimizing algorithm parameters, and provide a measure of
quality when evaluating scientific conclusions drawn from the results of the segmentation. Motivated by the problem
of segmenting microscopy images of thick tissue sections, we propose an approach to evaluate segmentation quality
for images that contain a large number of objects (e.g., nuclei). The evaluation of such images is rendered difficult for
two reasons, (i) the correspondence of components between two segmentations of the same image is often ambiguous,
and (ii) the number of components in the image is typically too large to generatecompleteground truth for. Existing
evaluation techniques of segmentation algorithms are inadequate to be applied under these constraints. Our proposed
evaluation strategy addresses both these constraints by suitably modifying a commonly accepted evaluation index.
We demonstrate the efficacy of our proposed strategy towardsthe evaluation of typical segmentations of fluorescence
microscopy images of cell nuclei.
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I. I NTRODUCTION

Image segmentation is a fundamental step in the analysis of biological microscopy images. While there have been
several segmentation algorithms proposed in literature, the development of techniques for evaluating segmentation
results have received lesser attention until recent years [1], [2]. An objective and quantitative evaluation of segmen-
tations is essential for many reasons. First, it provides an objective criterion for selecting a segmentation algorithm
for a specific application. Second, segmentations are the basis of several quantitative biological and clinical studies
and it is essential for domain experts to have such an evaluation at hand to judge the validity of these studies.
Third, an index can be used to optimize the performance of a segmentation algorithm by guiding the exploration
of its parameter space.

The current work is motivated by the problem of segmenting 3D confocal fluorescence microscopy images
of cell nuclei. A sample image in Fig. 1(a) shows a region of a mouse mammary tissue section stained with a
fluorescent DNA dye. The nuclei segmentations are used in a set of quantitative studies related to tumor progression.
Segmentation of cells remains an open image analysis problemthat poses several challenges, the crucial ones being
(i) dense packing of cells, that make it hard to find a separating boundary, (ii) inhomogeneous staining of cell
nuclei, that often results in over-segmentation (iii) irregular cell shapes, that preclude the use of shape priors. These
issues are observed in Fig. 1(a). Additionally, in confocalz-stacks, anisotropic sampling and axial signal attenuation
further complicate the segmentation problem. Since segmentation algorithms exhibit a degree of imperfection in all
but trivial examples, and especially so given the confoundsabove, performance evaluation becomes a particularly
important issue.

Evaluation of segmentation algorithms has been studied in its broader context in pattern analysis and computer
vision literature. An early survey of segmentation evaluation methods in pattern analysis literature is provided in
[3]. The survey categorizes evaluation techniques intoanalytical methods that evaluate the intrinsic properties of
the algorithm,empirical goodnessmethods that evaluate intrinsic properties of the result, and empirical discrepancy
methods that evaluate results by comparing them with a gold standard, orground-truth. Given the importance of

Corresponding author: Shantanu Singh, email: singhsh@cse.ohio-state.edu.



2

(a) (b)

Fig. 1. (a) Confocal fluorescence microscopy image of cell nuclei from a mouse mammary tissue (b) Two segmentations of the image,
S (red) andS

′ (blue). A component ofS can overlap with multiple components fromS′ and vice-versa making the correspondence of
components between the two segmentations ambiguous. The image corresponds to a60µm × 60µm section of a146µm × 146µm slice
from a stack of117 slices.

incorporating expert knowledge when evaluating analysis techniques, we focus on discrepancy methods. Therein, the
quality of a result is measured through itsvalidity with respect to a standard. In recent work, Unnikrishnanet al. [4]
propose a measure of similarity based on the Rand index [4] that allows the comparison of a segmentation with aset
of ground truth segmentations. Cardosoet al. [5] provide a metric that is similar to the classification error distance.
Polak et al. [6] present a modification of a discrepancy measure proposed in [7] to penalize over-segmentation
and under-segmentation.

In medical imaging literature, segmentation evaluation techniques have largely focussed on problems where the
number of components in the image are known and limited in number. A typical case is tissue segmentation in a
brain magnetic resonance image (MRI) where the label categories are known and fixed (e.g., white matter, gray
matter, cerebrospinal fluid, etc.) In these cases, segmentation evaluation is tantamount to measuringclassification
error which can in turn be reported using the canonical measures of sensitivity and specificity. Alternatively, if each
class is considered in isolation, indices such as the Dice Similarity Coefficient (DC) or Jaccard Coefficient (JC) [2]
can be computed on a per-class basis. Warfieldet al. [1] propose a framework to estimate a “true” ground truth
from a set of ground truth images from different sources, andsimulatenously measure the sensitivity and specificity
indices of each source. The estimate can thereby be used to evaluate the quality of a segmentation within the same
framework [1], or by comparing the segmentation with the estimated ground truth using overlap indices [8], [2],
or other similarity measures [8].

The problem of evaluating segmentations in biological microscopy images, specifically those that contain a large
number of objects such as fluorescence microscopy images of cell nuclei, poses unique challenges that cannot be
addressed directly by the techniques above. First, the number of components in the image, usually in the order of a
thousand or higher, make it impractical to collect ground truth for the entire image. For example, the image shown
in Fig. 1(a) corresponds to a small section of the complete image stack as indicated. Second, the correspondence
between components for a pair of segmentations of the same image is often ambiguous as seen in Fig. 1(b).

The first constraint is often circumvented by basing the evaluation on a smaller, cropped region of the image, for
which collecting complete ground truth is feasible. This leads to a restricted evaluation of segmentation quality, and
does not characterize the performance of the algorithm on the whole image. Instead, we propose a quality index
that can be used as an estimator in the presence of partial ground truth. We empirically show that this estimator is
an appropriate choice for our application and can reasonably characterize the quality on the entire image domain
through auniform randomsampling of the same. The second issue of ambiguous correspondence can be dealt with
by appropriately weighing the contribution of all possiblecorrespondences when computing the evaluation index
[4], [7], [6] or by establishing an explicit correspondencethat is globally optimal in an appropriate sense [5]. We
choose the latter approach since the explicit correspondence that it provides can be used to evaluate the segmentation
quality locally (on a per object basis), while simultaneously evaluating a global quality measure (explained further
in Section II).

The details of the method are provided in the Section II followed by experiments in Section III. We conclude
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the paper with Section IV.

II. M ETHOD

We denote an image by a setX = {xi}
N
i=1 consisting ofN pixels, some of which are foreground and the

others background. Apartition of a setX is a set of disjoint subsets ofX such that their union is equal toX. A
foreground segmentationof X is a partition ofX containing two setsXF and XB corresponding to foreground
and background pixels respectively. Acomplete component segmentationof X is a partition ofXF , each element
of which corresponds to an image component. Apartial component segmentationis defined to be a subset of a
complete component segmentation. Aground-truth component segmentationS is one created by an expert and a
test component segmentationS

′ is one that is to be evaluated.
Let S = {Si}

K
i=1 and S

′ = {S′

j}
K′

j=1 denote a ground-truth component segmentation and test component
segmentation respectively. Since the two segmentations aregenerated based on the same imageX, there should,
in the ideal case, be a one-to-one correspondence between the components ofS andS

′. However, since in all but
trivial cases, the number of components in the two segmentations is different, we instead assume that there is some
injective mapping from the elements ofS to those ofS′. We seek the injective mapping that maximizes the sum of
the volume intersections between corresponding pairs of components. The quality index is then defined as the ratio
of this intersection sum to the total volume of all components involved in the domain and range of the optimal
mapping. Essentially, we adapt the definition of the Jaccard Coefficient for cases where there are multiple objects
in the two segmentations, the number of objects are different, and where the correspondence between objects is
not trivially established. The quality indexR of S

′ with respect toS is given by

R(S, S′) =

max
π

K
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i=1
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whereπ : {1 . . .K} → {1 . . .K ′} is an injective mapping, the maximum is taken over the space of all such
mappings, andπ∗ is the solution to the maximization. The problem of findingπ∗ can be formulated as amatching
problem in graphs [9]. Consider aweighted bipartite graphG consisting of two sets of verticesV andV ′. A vertex
v (v′) in V (V ′) corresponds to a componentS (S′) in S (S′). An edge exists between all pairs ofv andv′ with
weight |S ∩ S′|. The optimization problem of findingR is equivalent to finding a set of edges such that no two
edges are incident on the same vertex and the sum of the weights of chosen edges is maximized. Such a set of
edges is termed as amaximum matchingof G. This is an instance of the assignment problem [9] which can be
solved inO((K + K ′)3) time using a combinatorial optimization algorithm [9]. Fig.2 shows the bipartite graph
for the pair of segmentations in Fig. 1(b).

Fig. 2. Bipartite graph corresponding to Fig. 1(b). The bottom (top) row of vertices corresponds to the components ofS (S′). Edge weights
have been left out for clarity. Edges with zero weight have not been drawn. The dark edges edges correspond to themaximal matching
solution.

We next consider the case when the quality is assessed on a sparse sampling of the set of components in the
image. LetSfull andSpart denote ground truth that are complete and partial componentsegmentations respectively.
Let Rfull and Rpart denote the quality ofS′ with respect toSfull and Spart respectively.Sfull contains all the
components in the image and hence is a (finite)poplulation of our study.Spart corresponds to a (small)sample
derived from the population.Rfull is a population parameter andRpart is a sample statistic used to estimate
RPart. We note the following caveat with using this estimator. LetMpart andMfull correspond to the maximum
matching ofS′ with Spart andSfull respectively.Rpart andRfull are essentially the average of the weights of the
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edges inMpart andMfull respectively. We note thatSpart ⊂ Sfull 6⇒ Mpart ⊂ Mfull. Thus, while the estimator
is consistent (the estimate converges to the parameter), its properties of efficiency and bias cannot be trivially
analyzed. However, through an empirical study of the sampling distribution ofRpart, we have observed that its
variance is within acceptable bounds for a reasonable sample size (see Section III). Hence, we argue thatRpart is
empirically a good choice for an estimator ofRfull.

III. E XPERIMENTS

The problem of evaluating segmentations of biological microscopy images has been motivated by a cellular
morphology study related to tumor progression and is based on images from tissue sections of mouse mammary
glands using confocal fluorescence microscopy. The tissues are stained using a DNA-specific fluorescent dye,
DRAQ5 (Biostatus, Shepshed, UK) andz-sections have been imaged using 63x/1.3 NA oil objective with a Zeiss
510 Meta confocal microscope at an in-plane resolution of0.14µm × 0.14µm and between-plane resolution of
0.33µm.

We first evaluate segmentation results of two algorithms on a sample image. Algorithm 1 uses local adaptive
thresholding followed by morphological erosion and medianfiltering. Algorithm 2 uses histogram equalization
followed by Otsu thresholding. Fig. 3 shows the resulting segmentation masks on section of a single slice of a
confocal z-stack. Based on the proposed indexR, Fig. 3(a) rates as the best segmentation result, which agrees
with a subjective notion of segmentation quality. For example, note that (a) and (e) have very similar segmentation
masks, except that (a) is able to separate the two closely touching nuclei in the top left of the image, whereas (e)
does not.

Next, we empirically study the properties of the estimator proposed in Section II. We considerRpart = R(Spart, S
′)

as asample statisticof thesampleSpart and empirically compute its sampling distribution. To do so, a partial ground
truth segmentation was created by an expert by marking segmentation masks for an arbitrary set of cell nuclei in
an image. By an independent random sampling of this set, several samples of a fixed size were generated. Each of
these samples constitute an instance of a partial ground-truth Spart. For a given test segmentation, theRpart was
computed by comparing with each instance ofSpart. The mean and standard deviation of theRpart values were
computed. We do this across three sample sizes and three testsegmentations. The results are summarized in Table.
I. As the values indicate, the standard error of the statistic is within acceptable limits for the given sample size.

20 30 40
S
′

1 0.78 ± 0.03 0.82 ± 0.02 0.81 ± 0.02

S
′

2 0.55 ± 0.03 0.54 ± 0.02 0.55 ± 0.03

S
′

3 0.75 ± 0.04 0.73 ± 0.03 0.76 ± 0.02

TABLE I

SUMMARY OF THE SAMPLING DISTRIBUTION OFRpart.

IV. D ISCUSSION ANDCONCLUSION

The paper presents an approach to evaluate segmentation results of biological microscopy images. The approach
focuses on cases where the number of components in the image is too large to generate complete ground truth
for and the correspondence between components of two segmentations is unknown. Existing techniques cannot be
adequately employed under these constraints. A similarityindex (also used as a quality index) is proposed that finds
a matching between components of the test segmentation and ground truth segmentation by maximizing the average
component-wise similarity of matched pairs. Importantly,the quality index can also be estimated in the presense of
partial ground truth. Empirical results indicate that the variance of the estimate remains within acceptable bounds.
The segmentation evaluation approach generalizes to imagesthat exhibit the characteristics indicated above.
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(a) R = 0.80 (d) R = 0.67

(b) R = 0.58 (e) R = 0.78

(c) R = 0.74 (f) R = 0.56

Fig. 3. Segmentation evaluation on cell nuclei images. Segmentations (a)–(c) and (d)–(f) were generated using Algorithm1 and Algorithm
2 respectively. The quality index ofR of each of the segmentations is indicated.
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