




seeding the incomplete cells to avoid leakage of watershed regions of valid whole cells in the

image. However, to compute the numbers, we considered only those cells that were chosen

in the HS mask.

We did not compute performance measures for SW algorithm using random seeds as

numbers would be meaningless since the performance was dismal without an involved post-

processing to merge the highly oversegmented regions.

We used two standard performance measures—area overlap (AO) and area similarity

(AS). Summaries of the results averaged per image and per cell respectively are presented

in Tables 8.1 and 8.2.

AO[%] AS[%]

Mean Std. Dev Mean Std. Dev.

Random seeding

SW NA NA NA NA

AM 89.13 8.58 84.73 7.90

Perfect seeding

SW 94.66 6.04 72.94 13.90

AM 89.35 7.67 86.06 7.15

Table 8.1: Performance measures: area overlap (AO) and area similarity (AS) measures (means and
standard deviations) for the active mask (AM) algorithm and seeded watershed (SW). Averages are first
computed for the cells in each image and then averaged over the entire set of test images [17].

AOc =
(
n(HSc ∧ AMc)

)
/n(HSc), for cell c gives the percentage of overlap between the

HS and the algorithm (AM or SW) masks for c. It can be thought of as a measure of

true positives. Considering the performance measures averaged per image, we see SW had

an average AO = 94.66% with a sample standard deviation, s = 6.04 for perfect seeding.

This is higher than that of AM which had an average AO = 89.13% with s = 8.58 and

AO = 89.35% with s = 7.67 for random seeding and perfect seeding respectively. Thus, SW

has a tendency to pick out more true positives than AM, which is relatively conservative.

However, AO does not give an accurate measure of how similar in area the masks

produced by the algorithms are to the hand segmentation. It does not penalize an algorithm

127



AO[%] AS[%]

Mean Std. Dev. Mean Std. Dev.

Random seeding

SW NA NA NA NA

AM 89.26 12.38 85.11 11.34

Perfect seeding

SW 94.90 6.80 73.10 15.17

AM 89.96 8.85 86.20 9.09

Table 8.2: Performance measures: AO and AS measures (means and standard deviations) for AM and
SW. Averages are computed over the entire collection of cells. This does not take into account there may
be more cells in some images than others or the cells may be more closely packed in some images compared
to others [17].

that does not produce tight contours or includes a significant portion of the background. For

example, the mask in Fig. 8.1 may yield an AO = 100%, but that does not reflect how closely

the mask matches the ground truth. Including a significant portion of the background in the

cell mask may negatively influence further automated analyzes such as feature extraction.

Thus, we also compute a more stringent measure called the area similarity AS.

AS normalizes twice the area that is common to the masks by the sum of the areas of HS

and the algorithm, and thus penalize the algorithm that produces larger regions. For SW,

AS = 72.94% with s = 13.90 for perfect seeding, while for AM, AS = 84.73% with s = 7.90

and AS = 86.06% with s = 7.15 for random seeding and perfect seeding, respectively. Ac-

cording to literature, an AS ≥ 70% implies a good agreement of the algorithm’s result with

the ground truth [131]. By this token, both SW and AM algorithms perform satisfactorily,

though the large standard deviations give AM a bit of an edge. Moreover, according to

the numbers, AM has a lesser chance of detecting false positives in the image. The per-

formance of AM with random seeding is, as highlighted even in the qualitative assessment,

not significantly different from that of perfect seeding. This indicates that the algorithm

almost always performs just as well with random seeding as it does with perfect seeding.

Exceptions to this premise (see Fig. 8.3) have been discussed earlier in Section 8.3.2.
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8.3.4 Runtime

While our AM implementation was in MATLAB (version 2007a) for flexible design and pro-

totyping [150], we used library functions for SW available in C++. Thus, while the runtime

numbers of the two algorithms cannot be compared, we list them here for completeness.

In our future work, we expect at least an order of magnitude decrease in the runtime of

AM once implemented in C/C++. Further optimization of the C code may yield anywhere

between a 10x to a 1000x speedup, if the problem is not memory bound (that is, a lot of

data and very few computations) [151].

AM Runtime. The runtime of AM depends on the initial random configuration, as well

as the number of regions to be segmented and the size of the window over which the majority

voting is performed. On an Intel Pentium M 1.6GHz Processor with 1.5GB memory, for a

images of size 1024× 1344, it took AM 0.8− 1.6 min on average at one-fourth the original

resolution. Since the algorithm is moderated by the number of changing pixels, rather than

a fixed number of iterations, we note that most of the changes towards the end are on the

order of 10 pixels (which is less than 0.1 × 10−3 times the total number at one-fourth the

resolution and nearly one-millionth of the pixels in the original resolution). As there is

no significant difference between the segmented regions corresponding to masks with such

small changes between iterations, one could terminate the algorithm when the number of

changing pixels reaches a sufficiently small fraction of the total number of pixels in the

image. Further, from [19] we know that the processing time for a stack can be drastically

reduced if the mask from one image is used to initialize the segmentation of a neighboring

image in the stack. As expected, while not by much, the convergence time for each image

is further reduced if perfect seeds rather than random ones are used.

SW Runtime. For an images of size 256×336, it took SW 0.2 sec on average. Recall again

that was using C++ precompiled library functions (although we designed the preprocessing

of the images for SW in MATLAB 2007a).
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8.4 Application-Specific Processing

In Section 2.1.2, we introduced a specific application that motivated the design of an auto-

mated segmentation algorithm for a class of biological images. As cell-volume computation

and Golgi-body segmentation were of particular interest, we report how these quantities

were computed, given the segmentation outcome of the AM algorithm. We note that these

are just two of the application-specific postprocessing modules that may be used. One could

imagine many other applications for which postprocessing modules, such as tracking masks

in time-lapse images, could be designed.

8.4.1 Cell-Volume Computation

Given the AM segmentation outcome, each χψ−1{m} in (7.7) represents a distinct region. If

we set d = 2 in (7.3), and segment the images of a stack in 2D, to obtain an approximation

of the cell volume, we can simply sum the areas of the 2D masks, as it is done when

hand segmentation of the 2D images is used to process the images. To ensure the cells

along a stack are assigned the same mask number, we may initialize one of the slices in a

stack where the cells are fairly discernible with an initial M À C masks, where C is the

expected number of cells. The segmentation outcome of this slice can be used to initialize the

neighboring masks and so on. Post-processing to match a region in one mask with the most

overlapping region in a successive mask may also be used in computing the volume from

a 2D segmentation procedure [19]. This pseudo-3D segmentation (as the 2D segmentation

benefits from the information in 3D) also speeds up segmentation of a stack over segmenting

each image in the stack independently.

Alternatively, we could instantiate dimension d = 3 in (7.3) and segment in 3D. Such

a segmentation affords an elegant way of visualizing the cells in the z-stack and the seg-

mentation outcome is not hampered when a cell is occluded by another cell in a 2D section

(see Fig. 8.4). Further, segmentation masks are contiguous and the volume of each cell can

be computed in a straight-forward manner based on the number of pixels contained within

each mask.
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Figure 8.4: AM results: 3D segmentation of a z-stack [17].

8.4.2 Golgi-Body Segmentation

The Golgi-body is a double-membraned organelle that is comprised of cisternae stacked to

increase its surface area to facilitate secretion. Thus, though there is only one Golgi-body in

each cell, in a 2D section, a Golgi-body may appear as multiple fragments (see Fig. 8.5(b)).

If the cells are close, then by using the Golgi channel alone it is not easy to associate the

different pieces of the organelle in 2D with others that belong to the same cell. Given

the AM segmentation of cells for the COPII channel of an image, we may use the masks

to initialize the segmentation of the corresponding Golgi channel. The advantage is that

multiple pieces of the Golgi body belonging to a cell are marked by the same mask (see

Fig. 8.5(d)). Moreover, such a Golgi mask matches the cell to which the different Golgi

fragments belong (see Fig. 8.5(c)). This facilitates the computation of the Golgi-volume

and, subsequently, the ratio of the Golgi volume to the cell volume as required by the

application.

Due to the low quality of images in the peripheral slices of DS-1, HS was not reliable

enough to rigorously compute quantitative measures of performance for this application.

However, visual inspection (see Fig. 8.5) establishes the use of this method. The code to

reproduce this result is provided on the web page of the reproducible-research compendium

that accompanies the paper [17].
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(a) Cell image (b) Golgi image (c) Cell mask (d) Golgi mask

Figure 8.5: (a) Original HeLa cell image (COPII, also shown in Fig. 7.2(a)). (b) Original HeLa Golgi image
(giantin). (c) AM segmentation of the parallel cell image (in pseudo color). (d) AM segmentation of the
corresponding Golgi image [19]. Cell segmentation helps associate the different fragments of the Golgi-body
in a 2D slice of a cell to their corresponding cells. (Original images courtesy of Dr. A. D. Linstedt [5].)

8.5 AM Segmentation of DIC Stem Cell Images for Tracking

Like all its predecessor frameworks, AM can be extended to segment other modalities by

suitably incorporating new forces. Here we present the results of a preliminary study on ap-

plying AM to the segmentation of DIC stem cell images used in a tracking application [152].

We use the same distributing functions as those used to segment fluorescence microscope

images with appropriately chosen scale parameters. The segmentation is preceded by a

preprocessing stage to render the images suitable for segmentation with AM.

Stem cells are cells that proliferate thorough mitosis and can differentiate into various

types of specialized cells. The enormous potential of stem cells in treating diseases like

Alzheimer’s (neuro-stem cells) and in applications such as regenerative medicine (as skin

or bone cells) among others, has escalated the significance of understanding the behavior

of stem cells under various experimental conditions such as the presence of growth factors,

other enzymes and the matrix on which they grow [153].

The most common imaging modalities used to study these cells are DIC and phase-

contrast microscopy as they do not require introducing probes into the specimens, which

might interfere with the pristine nature of these cells. DIC and phase-contrast micro-

scopy also provide the necessary information of cell morphology and thus prove useful for

studying stem cells. Imaging studies on stem cells are usually conducted as time-lapse ex-

periments that enable biologists to observe the rate of proliferation and nature of migration

of these cells with time. Understanding these properties of stem cells requires that the cells
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be tracked with time. As the number of cells in each frame can be enormous and the number

of frames, depending on the resolution in time and duration of the imaging, very large, the

problem is intractable for manual processing. Even when a small frame is selected for the

study, in the interest of efficacy, efficiency and reproducibility, automating the tracking of

cells proves advantageous.

To be able to track a stem cell, it is necessary to first detect it in the image. As these

cells are motile and deform both during motion as well as proliferation, detecting just the

centroid of the cell or a cluster of points within the cell is insufficient. As segmentation

provides the entire object of interest, it is one of the necessary processes that precede the

tracking step. Among the segmentation algorithms, active contours or snakes provide the

boundaries of these cells with a high degree of accuracy and are thus, popularly used. As we

have discussed in Chapter 7, the AM framework is tailored to digital image segmentation

and, by design, would like it to perform no worse on an application than the active-contour

framework adapted to it. Moreover, if the AM algorithm is applied on an image and the

outcome used to initialize an image at a later time point, there is an added advantage.

When cells that have been segmented in a frame proliferate, the daughter cells inherit the

same mask number as the parent cell and inherently, provide tracking information. As DIC

is a popular imaging modality, we describe below some of a very preliminary effort towards

applying the AM algorithm to this problem.

8.5.1 Dataset

DIC microscope images from NIH and phase-contrast microscope images from MRTC at

Carnegie Mellon University, were made available to us by Dr. T. Kanade et. al. [20]. These

consist of nearly 1000 time-series images of stem cells, taken five minutes apart. Sample

images of stem cells from DIC and phase-contrast microscopy are shown in Fig. 8.6.

As seen in the images, a major challenge in this problem is either the cells are too many

and the contrast too low or the complete extent of the cells is not clear.
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(a) Phase contrast (b) DIC

Figure 8.6: Same images of stem cells as seen under (a) DIC and (b) phase contrast microscopy. (Original
images (from two separate studies) courtesy of Dr. T. Kanade and his team [20].

8.5.2 Algorithm

Rather than design a new algorithm (distributing functions), we applied a few preprocessing

steps to the DIC images. The aim of the preprocessing is to render the DIC images suitable

to be segmented by the distributing functions designed for fluorescence microscope images

(with appropriately chosen parameters).

Preprocessing. In DIC images, rather than the mean, the local variance distinguishes

the foreground from the background. So instead of computing local averages, we first

compute a local variance map for the image. Each pixel is replaced by the variance of the

grayscale values in a small neighborhood around it. Then, we perform adaptive, nonlocal

filtering to eliminate high variances in the background or shot noise that might lead to

spurious detection. The adaptivity refers to fact the smoothing filter is oriented to smooth

along the edges and not across them. Thus the edges in the image are preserved. We

then threshold the image and apply morphological operations to further eliminate spurious

detections. This binary image can be applied on the original image to extract the foreground

information relevant for segmentation and eliminate the background. The resulting image

can be used to compose the region-based distributing function that can be used to skew the

local majority voting distributing function used by AM to segment it.

AM Segmentation. We initialize φ for an image in the time series with a large number

of random masks. In the case of DIC images that have fewer cells, we could take M = 256.

The disadvantage of starting with a very large M is that the algorithm would have a higher
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chance of getting stuck in a local optimum (a single cell is split into multiple regions). We

segment the image based on the region-based distributing function obtained from the above

preprocessing step and the local majority voting-based distributing function described in

Chapter 7, but with very small scale parameters. This is because stem cells are much

smaller than the fluorescence microscope images of HeLa cells. Moreover, stem cells are

comparatively distinct, unlike the punctate patterns of protein location images, obviating

the need for aggressive blurring. As in the case of fluorescence microscope cell images, the

algorithm comes to a natural halt.

We use the segmentation outcome ψ of this image to initialize the ψ for the subsequent

image in the time series. This allows us to track the movement of the cell if the time

resolution is such that a cell in one frame is spatially closer to itself in the succeeding frame

rather than any other cell. Moreover, at such a resolution, if the cell undergoes division,

then the daughter cells inherit the same mask label as the parent. These implicitly afford

tracking information for the cells.

8.5.3 Results

We computed the validity of cell detection based on HS as reference. This is summarized

in Table 8.3. A true positive is any cell that has been detected by AM and by HS. A false

positive is the detection of any spurious (noncell) object and finally, a false negative is an

object marked as a cell by a manual segmenter but undetected by AM.

Cell detection Quantity[%]

True positives 76.47

False positives 17.65

False negatives 5.88

Table 8.3: Quantitative assessment of AM segmentation of DIC stem cell images.

Discussion. The result we report is for an image with relatively few cells (as shown in

Fig. 8.6(b)). We note that this result is a very preliminary one as we have barely tuned the

algorithm for this problem. However, this is promising in that we achieve a true detection
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rate of more than 75%. In practice, as the number of cells is very large, especially in phase

contrast images, rarely are all the cells in a frame tracked. Usually, studies focus on a

small frame in the image. Further, we have a false positive rate that is rather high. While

we would endeavor to minimize this number in our future design, we note that for the

particular application of tracking stem cells, a higher false positives are considered better

than a higher false negative rate.

8.6 Future Directions

The theory of AM and experimental results have opened up various venues of further ex-

ploration. One of our first steps would be to investigate mathematical convergence of the

distributing functions described in Chapter 7. This would be crucial for rigorously char-

acterizing the behavior of these functions and lend insight to designing new functions for

different applications.

There are various different functions that we could use in addition to (or instead of) the

R and V described in Chapter 7. For instance, the R we have described distinguishes only

the foreground from the background. There are many applications (such segmentation of

tissue images or color images), where there are multiple regions of interest with different

properties. Thus, R would be vector-valued and could include an edge-map or texture

features relevant to the problem. Likewise, V may take on various different forms. The V

we have used takes into account for the voting only points along the interface between two

masks within a neighborhood given by the scale parameter b and gives equal weight to each

of these points. A simple experiment of weighting the vote of each point based on different

functions of its distance from the interface (or the mask’s center) revealed highly different

behavior. One could well imagine different functions, such as one that takes into account

the total size of a mask itself, for the voting procedure for different applications.

As described in Chapter 1, there are a host of other data-dependent issues such as

different types of initialization procedures and application-specific postprocessing modules,

which could be designed to be used with the AM framework. In addition to expanding the
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Figure 8.7: A screen shot of the user interface of a preliminary version of the ImageJ plugin of the active
mask algorithm.

algorithm itself, we are also working in parallel to design into a plugin for ImageJ, so the

algorithm is accessible to end users as well as other tool developers for testing and further

development. Fig. 8.7 shows a screen shot of the preliminary version of this plugin.
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Conclusions

We have introduced the task of segmentation in the context of biomedical imaging. In

particular, we have focused on segmentation of punctate patterns in fluorescence micro-

scope images. We have demonstrated the benefit of a flexible mathematical framework

at the segmentation core and data-specific modules, through various instantiations of an

active-contour based framework—STACS. Thereafter, we have highlighted the advantage

of multiscale transformations, particularly for the segmentation of fluorescence microscope

images and those that do not require topology preservation. These design considerations

and results inspired the change in perspective from “contours” to “masks”.

In this work, we have proposed a novel automated segmentation framework for fluore-

scence microscope images based on active masks, suited to digital images of any dimension,

particularly those with punctate or diffuse staining patterns. By the same token, the AM

algorithm may also be used to segment data exhibiting similar properties (punctate patterns

with some underlying structure) such as, satellite images of the earth taken at night. AM is

able to achieve almost as good a segmentation outcome with random seeding as it does with

perfect seeding. This framework lends itself naturally to the incorporation of multiscale and

multiresolution techniques. These facilitate segmenting fluorescence microscope cell images

as well as increase the algorithm’s computational efficiency. While the parameters to be

tuned are intuitive, AM experimentally converges to a zero change state, eliminating the

need for setting the number of iterations (or any other stopping criterion) a priori. All of

these add to AM’s flexibility and ease of use.

We compared the AM algorithm to the SW one, and shown AM to be highly competitive,
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both qualitatively and quantitatively. We have also shown how the segmentation results may

be used with application-specific postprocessing modules using the example of cell-volume

computation and Golgi-body segmentation for the study of the influence of Golgi protein

expression on the cell size. Thus, we have demonstrated that AM is a viable alternative to

hand segmentation or any standard algorithm (such as SW or level set based methods) of

such images.

We have highlighted some of the issues in proving theoretical convergence. In the short-

term, we envisage to rigorously characterize the behavior of the algorithm to lend a deeper

insight into its capabilities and limitations. We have also highlighted one of the next steps

of further developing the AM framework by way of expanding the repertoire of distributing

functions. Akin to forces in the active-contour framework, different distributing functions

can be used to segment a wider range of images such as those of tissues as well as images that

possess features such as edges, that have been traditionally relied upon for segmentation.
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