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Abstract

Assessing the quality of image segmentation algorithms isssential step towards the quantitative analysis of
biological microscopy images. Given the limited accuraéys@gmentation algorithms in all but trivial cases, it is
particularly important to define an index to grade the quadit segmentations. Such an index can help guide the
choice of algorithms for a particular application, asgisbptimizing algorithm parameters, and provide a measure of
quality when evaluating scientific conclusions drawn frdma tesults of the segmentation. Motivated by the problem
of segmenting microscopy images of thick tissue sectiomspmpose an approach to evaluate segmentation quality
for images that contain a large number of objects (e.g. aiudhe evaluation of such images is rendered difficult for
two reasons, (i) the correspondence of components betwmeesegmentations of the same image is often ambiguous,
and (ii) the number of components in the image is typicalty large to generateompleteground truth for. Existing
evaluation techniques of segmentation algorithms areecigaate to be applied under these constraints. Our proposed
evaluation strategy addresses both these constraintsitaplgumodifying a commonly accepted evaluation index.
We demonstrate the efficacy of our proposed strategy tovthedsvaluation of typical segmentations of fluorescence
microscopy images of cell nuclei.
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I. INTRODUCTION

Image segmentation is a fundamental step in the analysi®lofgical microscopy images. While there have been
several segmentation algorithms proposed in literatine development of techniques for evaluating segmentation
results have received lesser attention until recent yddr$J]. An objective and quantitative evaluation of segmen
tations is essential for many reasons. First, it providestgactive criterion for selecting a segmentation algorithm
for a specific application. Second, segmentations are the baseveral quantitative biological and clinical studies
and it is essential for domain experts to have such an evatuat hand to judge the validity of these studies.
Third, an index can be used to optimize the performance of meetation algorithm by guiding the exploration
of its parameter space.

The current work is motivated by the problem of segmenting 8Dfacal fluorescence microscopy images
of cell nuclei. A sample image in Fig. 1(a) shows a region of ausgomammary tissue section stained with a
fluorescent DNA dye. The nuclei segmentations are used in d gehatitative studies related to tumor progression.
Segmentation of cells remains an open image analysis prabliginposes several challenges, the crucial ones being
(i) dense packing of cells, that make it hard to find a sepagabioundary, (i) inhomogeneous staining of cell
nuclei, that often results in over-segmentation (iii) guér cell shapes, that preclude the use of shape priorseThes
issues are observed in Fig. 1(a). Additionally, in confaestacks, anisotropic sampling and axial signal attennatio
further complicate the segmentation problem. Since segtientalgorithms exhibit a degree of imperfection in all
but trivial examples, and especially so given the confouslaisve, performance evaluation becomes a particularly
important issue.

Evaluation of segmentation algorithms has been studiedsibritader context in pattern analysis and computer
vision literature. An early survey of segmentation evdbratmethods in pattern analysis literature is provided in
[3]. The survey categorizes evaluation techniques artalytical methods that evaluate the intrinsic properties of
the algorithmempirical goodnesmethods that evaluate intrinsic properties of the resali,eanpirical discrepancy
methods that evaluate results by comparing them with a galddard, orground-truth Given the importance of
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Fig. 1. (a) Confocal fluorescence microscopy image of cell nuctehfa mouse mammary tissue (b) Two segmentations of the image,
S (red) andS’ (blue). A component ofS can overlap with multiple components frofi and vice-versa making the correspondence of
components between the two segmentations ambiguous. The imagepoodego a60um x 60um section of al46um x 146um slice

from a stack of117 slices.

incorporating expert knowledge when evaluating analysiBniques, we focus on discrepancy methods. Therein, the
guality of a result is measured through talidity with respect to a standard. In recent work, Unnikrishatal. [4]
propose a measure of similarity based on the Rand index §Jatlows the comparison of a segmentation witea

of ground truth segmentations. Cardadal. [5] provide a metric that is similar to the classification ermigstance.
Polak et al. [6] present a modification of a discrepancy measure propasdd]ito penalize over-segmentation
and under-segmentation.

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

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

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

The details of the method are provided in the Section Il folldvay experiments in Section Ill. We conclude



the paper with Section IV.

II. METHOD

We denote an image by a s&t = {z;}), consisting of N pixels, some of which are foreground and the
others background. Aartition of a setX is a set of disjoint subsets of such that their union is equal t&. A
foreground segmentatioof X is a partition of X containing two setsXr and Xg corresponding to foreground
and background pixels respectively.cdmplete component segmentat@nX is a partition of X, each element
of which corresponds to an image componentpdtial component segmentatids defined to be a subset of a
complete component segmentation.gfound-truth component segmentatiSris one created by an expert and a
test component segmentatiShis one that is to be evaluated.

Let S = {S;}E, and§' = {S;-}JK:'1 denote a ground-truth component segmentation and test arenp
segmentation respectively. Since the two segmentationgearerated based on the same imagethere should,
in the ideal case, be a one-to-one correspondence betweamtiponents of andS’. However, since in all but
trivial cases, the number of components in the two segmentats different, we instead assume that there is some
injective mapping from the elements $fto those ofS’. We seek the injective mapping that maximizes the sum of
the volume intersections between corresponding pairs mipoments. The quality index is then defined as the ratio
of this intersection sum to the total volume of all composeinizolved in the domain and range of the optimal
mapping. Essentially, we adapt the definition of the Jaccarmfficent for cases where there are multiple objects
in the two segmentations, the number of objects are diffemmd where the correspondence between objects is
not trivially established. The quality indei® of S’ with respect tcS is given by

K
max Z ‘Si N Sﬂ(i)‘
R(S,§) = —5= (1)

K
U S; U Sﬂ*(i)
=1

wherer : {1...K} — {1... K’} is an injective mapping, the maximum is taken over the spdcalsuch
mappings, andr* is the solution to the maximization. The problem of findimgcan be formulated as @matching
problem in graphs [9]. Considerveeighted bipartite grapltz consisting of two sets of verticds andV’. A vertex
v (v) in V (V') corresponds to a componefit(S’) in S (S'). An edge exists between all pairs ofand v’ with
weight |S N S’|. The optimization problem of findinde is equivalent to finding a set of edges such that no two
edges are incident on the same vertex and the sum of the weifilthosen edges is maximized. Such a set of
edges is termed asmaximum matchin@f 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]. F@.shows the bipartite graph
for the pair of segmentations in Fig. 1(b).
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Fig. 2. Bipartite graph corresponding to Fig. 1(b). The bottom (top) rbwedices corresponds to the componentSds’). Edge weights
have been left out for clarity. Edges with zero weight have not beawrdr The dark edges edges correspond tontlaaimal matching
solution.

We next consider the case when the quality is assessed orrse sganpling of the set of components in the
image. LetSy,;; andS,,,; denote ground truth that are complete and partial compasegrhentations respectively.
Let Ry, and Ry, denote the quality of’ with respect toS,;; and Sy, respectively.S,; contains all the
components in the image and hence is a (fingeplulation of our study.S,,,; corresponds to a (smaljample
derived from the populationRy,; is a population parameter anl,.,; is a sample statistic used to estimate
Rpqr+. We note the following caveat with using this estimator. ét,,; and M,; correspond to the maximum
matching ofS” with S+ and Sy, respectively.R,,» and Ry, are essentially the average of the weights of the



edges inM,,,+ and My, respectively. We note thai,,,; C Sruy 7 Mpart C My Thus, while the estimator
is consistent (the estimate converges to the parametsrpritperties of efficiency and bias cannot be trivially
analyzed. However, through an empirical study of the samgptlistribution of R,,,;, we have observed that its
variance is within acceptable bounds for a reasonable sasipt (see Section Ill). Hence, we argue tRgt,; is
empirically a good choice for an estimator Bf,;.

[ll. EXPERIMENTS

The problem of evaluating segmentations of biological ndcopy images has been motivated by a cellular
morphology study related to tumor progression and is baseonages from tissue sections of mouse mammary
glands using confocal fluorescence microscopy. The tissuesstained using a DNA-specific fluorescent dye,
DRAQ5 (Biostatus, Shepshed, UK) ameections have been imaged using 63x/1.3 NA oil objectivil &i Zeiss
510 Meta confocal microscope at an in-plane resolutior).oftium x 0.14um and between-plane resolution of
0.33um.

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

Next, we empirically study the properties of the estimatoposed in Section Il. We consid&Y,q,; = R(Spart, S')
as asample statistiof thesampleS,.,» and empirically compute its sampling distribution. To do a@artial ground
truth segmentation was created by an expert by marking segtien masks for an arbitrary set of cell nuclei in
an image. By an independent random sampling of this setrales@mples of a fixed size were generated. Each of
these samples constitute an instance of a partial grounia,,,.. For a given test segmentation, thg,,, was
computed by comparing with each instanceSgf,;. The mean and standard deviation of tRg,,; values were
computed. We do this across three sample sizes and thresetgaentations. The results are summarized in Table.
I. As the values indicate, the standard error of the statistiwithin acceptable limits for the given sample size.

20 30 40
St [ 0.78+0.03 | 0.8240.02 | 0.81 £ 0.02
S5 || 0.55+0.03 | 0.54 +0.02 | 0.55 £ 0.03
S5 || 0.75+0.04 | 0.73+0.03 | 0.76 £ 0.02
TABLE |

SUMMARY OF THE SAMPLING DISTRIBUTION OF Rpart-

IV. DISCUSSION ANDCONCLUSION

The paper presents an approach to evaluate segmentatidis dniological microscopy images. The approach
focuses on cases where the number of components in the image large to generate complete ground truth
for and the correspondence between components of two ségfives is unknown. Existing techniques cannot be
adequately employed under these constraints. A similaritgx (also used as a quality index) is proposed that finds
a matching between components of the test segmentationranddytruth segmentation by maximizing the average
component-wise similarity of matched pairs. Importanttg quality index can also be estimated in the presense of
partial ground truth. Empirical results indicate that the variantéhe estimate remains within acceptable bounds.
The segmentation evaluation approach generalizes to inthgesxhibit the characteristics indicated above.
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