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Abstract



tracking becomes very challenging due to the existence of poor contrast, high noise levels and a large possibility of cells touching each-other. Various computer vision-based approaches have been undertaken in the past decade for automated cell tracking. For example, see a sequential Bayesian framework by Ray et al. [3], a fast geometric active contour-based tracker by Li et al. [4], and an adaptive kernel-based tracking by Xie et al. [5]. A recent survey article on computerized tracking in cell biology can be found in the paper by Meijering et al. [6]. For cell tracking using graph matching, see the works of Sbalzarini and Koumoutsakos [7] and Liu et. al. [8]. Mosig et.al. has shown in [9] how bipartite matching can be applied for proper segmentation of cells in two consecutive frames. In an approach, different from [79], we combine bipartite graph matching with some properties of Gaussian distributions to propose two different methods for automated cell tracking. Geometrical centers of the cells, i.e., the centroids form the vertices of the bipartite graph. Distances between the cells in two frames and the cell velocities are used to form the weight matrix. In Method-I, the fast moving cells are identified using Gaussian distribution of Chebyshev distance between the cells in two frames and are excluded from the matching process. In Method-II, the false matches are removed, based on extreme values in the Gaussian distribution of the matched scores after the matching is performed. Two principal advantages of the proposed methods are computational efficiency and scalability. Both the methods are found to outperform i) k-NN [12] and ii) simple (with only distance information and no filtering) bipartite matching [13]. Method-II is found to yield higher accuracy than method-I.



Automated visual tracking of cells from video microscopy has many important biomedical applications. In this paper, we model the problem of cell tracking over pairs of video microscopy image frames as a minimum weight matching problem in bipartite graphs. The bipartite matching essentially establishes one-to-one correspondences between the cells in different frames. A key advantage of using bipartite matching is the inherent scalability, which arises from its polynomial time-complexity. We propose two different tracking methods based on bipartite graph matching and properties of Gaussian distributions. In both the methods, i) the centers of the cells appearing in two frames are treated as vertices of a bipartite graph and ii) the weight matrix contains information about distance between the cells (in two frames) and cell velocity. In the first method, we identify fast-moving cells based on distance and filter them out using Gaussian distributions before the matching is applied. In the second method, we remove false matches using Gaussian distributions after the bipartite graph matching is employed. Experimental results indicate that both the methods are promising while the second method has higher accuracy. Keywords: Video Microscopy, Cell Tracking, Bipartite Graph, Minimum Weight Matching.



1. Introduction Live-cell imaging experiments provide the scope of computer vision-based tracking, identification and analysis of cells in video microscopy [1]. Robust cell tracking in video microscopy has many important biomedical applications. Ianzini and Mackey, for example, developed a large scale digital cell analysis system to study the behavior of cells exposed to various stresses [2]. This problem of automated cell 1051-4651/10 $26.00 © 2010 IEEE DOI 10.1109/ICPR.2010.601



2. Methods for Cell Tracking Different steps of method-I and method-II are 2448 2460 2456



shown below in figure 1:



between a cell i in the first frame and a cell j in the second frame is computed. This is given by [10]:



Image pre-proc. (2.1)



Pre-filtering (2.2)



Image pre-proc. (2.1)



d C (i, j ) = max( xi − x j , yi − y j )



For each cell i, we find out the minimum Chebyshev distance d Cmin . We observe from the plot of the minimum Chebyshev distances that they are Gaussian distributed i.e., d Cmin ~ N(μ, σ). Based on the properties of Gaussian distribution, we remove the ith cell in the first frame and the minimum Chebyshev distance yielding cell in the second frame if the following condition holds [12]: d Cmin (i ) > ( μ + 2σ ) (4)



Bipartite Matching (2.3)



Bipartite Matching (2.3)



Post-filtering (2.4)



Fig. 1. Flowchart for method-I (left column) and method-II (right column)



2.1. Image pre-processing Image pre-processing is required to properly identify the centroids of the cells, to be used as vertices of the bipartite graph. The pre-processing steps are: (a) Noise Removal: Median filtering [10] is used to reduce the existing high noise level in the input frames. (b) Entropy Thresholding: Entropy thresholding [11] is employed to segment the cells from the background. For an image, the entropy Sc for each grayscale class c (consisting of several grayscale values) can be computed using the grayscale histogram as follows: S c = ∑ p(k ) log 2 p(k ) (1)



2.3. Bipartite Matching A bipartite graph G = G (V1 ∪ V2 , E ) is constructed where cell centers in two frames form the disjoint vertex sets V1 and V2. Note that |V1| and |V2| are less in method-I as compared to that in method-II due to the pre-filtering of fast moving cells. Euclidean distance between a cell center i ∈ V1 (with coordinates (xi, yi)) and a cell center j ∈ V2 (with coordinates (xj, yj)) is given by: d E (i, j ) = ( xi − x j ) 2 + ( yi − y j ) 2



where p(k) is the probability of a pixel having a grayscale value k and Gc is the set of grayscale values for class c. In the context of binarization, c = 2 and the grayscale threshold T is chosen such that the total entropy S = S1 + S2 is maximized. (c) Connected Component Labeling: Connected component labeling [10] is employed to identify the individual cells. An 8-neighbour is used in this case. (d) Centroid Extraction: For each cell, the centroid (xc, yc) is extracted using the following equation: xc =



∑ xi i =1



(5)



For simple bipartite matching (used in the comparative study), we choose the value of weight wij of an edge eij ∈ E to be equal to dE(i, j). Since the cells under



k ∈G c



n



(3)



consideration have a certain velocity, which is equivalent to displacement over time (of separation between the frames), we modify the weight matrix elements by adding a mean displacement component. Let dx and dy be the average x-displacement and the average y-displacement of the cells. They can be estimated using the following equations: V2



n



∑ yi



dx =



i =1



, yc = (2) n n where xi and yi are pixel coordinates of the ith cell and n is the no. of pixels in that particular cell.



j =1



V2



V2



V1



∑ xj −



∑ xi i =1



V1



, dy =



V1



∑ y j ∑ yi j =1 V2



−



i =1



V1



(6)



While estimating dx and dy in method II, contributions from cells with very high match scores in simple bipartite matching are ignored. However, unlike method-I, no fast moving cells are pre-filtered out from the bipartite matching process. From equation (6), dx and dy can be considered as x-displacement and y-displacement of the center-of-mass of the first frame. The modified weight zij between a cell center i ∈ V1 and a cell center j ∈ V2 is given by:



2.2. Pre-filtering of Fast Moving Cells Some fast moving cells are identified in the following manner and are excluded before the bipartite matching is applied. A cell i in the first frame is deemed to be fast moving if the minimum Chebyshev distance between i and a cell in the second frame is very high. Use of Chebyshev distance gives better results because motion of the cells in one direction is found to be more dominant. Chebyshev distance



zij = ( x j − ( xi + d x )) 2 + ( y j − ( yi + d y )) 2
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(7)



The cell correspondences are obtained by applying minimum weight bipartite matching algorithm, whose time-complexity is O(n3), where n = max(|V1|,|V2|) [13].



ms for tracking 50 cells and about 7s for tracking 500 cells on a 2.2 GHz Pentium machine. The aforementioned values clearly demonstrate the computational efficiency and the scalability of the proposed solution.



2.4. Post-filtering of False Matches



Table 1. Percentage Cell Tracking Accuracy of four different methods for ten datasets



To remove incorrect correspondences, a postfiltering scheme is employed on the basis of edge weights of the matched cells. It is observed from the plot of the edge weights that they follow a Gaussian distribution i.e., zij ~ N(μ1,σ1). We remove the cell pair (i, j) from the match set, if the following condition is satisfied: zij > ( μ1 + 2σ 1 ) (8)



3. Experimental Results We have experimented with 10 pairs of frames of human monocytes observed from an in vitro assay, where the cells are rolling on human P-selectin. For each dataset, we show the results of tracking using four different algorithms, namely, a) k-NN, b) bipartite matching with simple weight matrix (using only distance information) and no filtering, c) Method-I and d) Method-II. Table 1 demonstrates the accuracy of the four methods for all ten datasets. Figure 2 graphically portrays the same. By accuracy, we mean the percentage of total number of cells that has been tracked correctly with respect to the reference, i.e., the manual tracking. We have used k=1 in the k-NN algorithm. Bipartite matching with simple weight matrix yields an improvement of about 26% from that of k-NN algorithm. Method-I yields a slightly better accuracy compared to the simple bipartite matching. Method-II gives best results among all the four methods used with about 14% improvement over method-I. Figure 3 shows the images of cell tracking using the four methods. The problem of cell tracking can be considered as a combinatorial pattern matching problem. Note that the k-NN algorithm behaves in a greedy manner by finding matches for each individual cell separately. In sharp contrast, bipartite matching takes into consideration all cells, while establishing one-to-one correspondences. Therefore, bipartite matching gives a much higher accuracy over k-NN. The use of velocity information in the weight matrix and pre-filtering of fast moving cells improve the performance of method-I compared to that of simple bipartite matching. However, it is imperative that method-I removes some (mostly fast moving) cells and lacks a post-filtering step. Method-II addresses both these issues and yields maximum accuracy. We use Matlab for implementing the bipartite matching algorithm. The execution time is approximately 100



Set



k-NN



1 2 3 4 5 6 7 8 9 10 mean s.d.



65.22 57.45 60.00 53.57 60.34 65.52 60.38 54.10 68.52 66.67 61.18 4.94



Simple Weight Matrix 71.74 68.09 80.00 71.43 72.41 82.76 71.70 77.05 88.89 91.11 77.52 7.53



Method I



Method II



84.78 82.98 86.00 75.00 81.03 82.76 81.13 73.77 72.22 86.67 80.63 4.92



95.65 93.62 98.00 85.71 87.93 93.10 86.79 93.44 92.59 91.11 91.80 3.73



Fig.2. Cell tracking accuracy using four different methods for ten datasets.



4. Conclusion In this paper, we propose two methods for tracking of human monocytes in a pair of frames, separated in time. Both the methods employ minimum weight bipartite graph matching and some properties of Gaussian distributions. Two principal advantages of the proposed methods are computational efficiency and scalability, which mainly arises from the polynomial time-complexity of the bipartite matching algorithm. As the centroids of the cells are used as vertices in the bipartite graph, the proposed methods are expected to work well even for cells with more complicated shapes. 2458 2462 2450



In future, we will work towards a synergistic combination of the two methods to further improve the tracking accuracy. In addition, we plan to make our tracking framework more robust by handling nonuniformities in the velocities of the various cells.
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Fig.3 Cell Tracking using Different Methods. (a) Cells in frame-1, (b) Cells tracked in frame-2 manually, (c) Cells tracked in frame-2 using k-NN, (d) Cells tracked in frame-2 using Simple Bipartite Matching, (e) Cells tracked in frame-2 using method-I, (f) Cells tracked in frame-2 using method-II.
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