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Introduction

In scanning X-ray fluorescence microscopy, tissue scans with hundreds of thousands of individual cells can be obtained  within a few hours (with substructures). Given this volume of acquired data, current manual methods of analysis and interpretation of cells and subcellular elements becomes a major bottleneck for these imaging to enable new science in cell biology, metallomics and nanoengineering [1,5]. However, automatic cell identification using X-ray fluorescence images presents unique challenges : 1) the cell organelles can be represented by more than 1000 intensity channels simultaneously. This large number of intensity channels prohibits straightforward application of relevant object recognition approaches  in other microscopy images [2,3].  2) Overlapped cellular structures are common in these kinds of images, nevertheless, most conventional active contour based methods cannot handle object overlap [1,2,3]. We develop an approach to automatically identify and classify single cells of different types in complex images, especially in regions with overlapped cells. We show results obtained from a sample consisting of red blood cells, yeast cells and algae cells. 

Determining the number of cells

We introduce a Bayesian test  to determine how many cells are most likely to occur in a single region. Each individual region contains a mixture of cells differ in types, with possible overlap. 

Given a specific region R, our method takes the typical content of candidate cell structures and cell position markers from  segmentation using one signature element (e.g., the  Fe channel for red blood cells, Mn for algae cells, and Zn for yeast cells) as input. The goal is to find the cell structure configuration corresponding to the highest Bayesian likelihood with respect to the total content in region R. This recursively reduces the number of cells by eliminating the cell structure most improves the Bayesian likelihood. An example result is shown in Fig 1.  The blue colored yeast cell (shown in left) is merged with the green-colored algae cell (right).
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                        Fig. 1

This method provides a way to cast abstract expert knowledge into quantitative measures such that unsupervised learning can independently extract information without explicit manual annotations. Relevant approaches have been proposed for visible light and bright field microscopy images [3,4], but none of them  are capable of processing regions with overlapped cellular structures nor taking into account of more than  5 intensity channels. 

Delineating cell boundaries

We solve a minimization problem that combines the shape, cell content of all candidate elements and cell center positions together to approximate cell boundaries. The resulting cell boundaries locate the output cells close to segmentation from signature elements, match typical cell contents in as many candidate elements as possible and within permitted shape variations. 

For pixels covered by multiple cells (overlap), we take a weighted mean of their contents with respect to typical individual cell content and add these weighted means to the total content of the corresponding cell. 
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The  overall result is shown in Fig.2, where red stands for red blood cells, green  for algae cells and blue for yeast cells. Our implementation identifies 400 cells of three types from a 4 million pixel (1000 fluorescent channels each) dataset in under 15minutes on a laptop. This task would require days  of tedious manual work. 
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