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1

Background

Computing an optimal matching of two sets of geometric objects, such as points, polygons, or general shapes,
is a fundamental problem in computational geometry and has broad applications in computer vision and
computer graphics. The matching of point sets (e.g., for registration of point sets ) has been studied for
decades, and many algorithms have been proposed for both rigid and non-rigid matching [7]. For polygons
or polylines, the matching problem could be tackled by matching features, such as the angle turning function
[11]. When the objects are general shapes, e.g., collections of simply connected regions, the matching problem
is still being actively studied.

2

Methodology

We study a geometric matching model based on the Earth Mover’s Distance (EMD) [9] for solving the
matching problem of general shapes, under the following assumptions: (1) the objects may divide or merge,
(2) some objects may have no correspondence, and (3) the optimality can be application-dependent. Specifically, given two sets of shapes, P = {P1 , P2 , . . . , Pn } and Q = {Q1 , Q2 , . . . , Qm }, where Pi (resp., Qj ) is
of size ui (resp., vj ), we want to find the optimal correspondence between P and Q, with respect to an
optimality measure.
The EMD model can be interpreted as the minimal effort for moving piles of dirts of various amounts, as
much as possible, into a set of holes of various volumes. A key component of the EMD model is the ground
distance, i.e., the cost Dij for distributing one unit of dirt from a pile Pi to a hole Qj . This is a multiple-tomultiple matching model. The essential problem of the EMD matching model is a transportation problem,
and thus can be solved in polynomial time. We present two real applications of the EMD model, in which the
computation of the ground distance can be integrated with techniques in computational geometry, statistics,
or machine learning. Our proposed method achieves considerable improvement over the state-of-the-art
algorithms for these applications.

3

Applications

The EMD matching problem has many applications in computer vision, such as image registration, image
retrieval, shape morphing, and object tracking. We demonstrate the effectiveness of the EMD matching
model in two imaging problems: bacteria tracking and iris recognition.
Bacteria tracking is a crucial step for various biological and biomedical studies [6]. Given a sequence of
images captured in time-lapse experiments, the objective is to detect and track the motion of each bacterial
cell in the image sequence. In the literature, the bacteria tracking problem can be approached, for example,
by bipartite graph matching [5] or min-cost flow optimization [8], to match cells in every two consecutive
1

image frames or find the optimal correspondence in the whole sequence in a graphical model [10]. However,
most of the known algorithms either cannot handle object division/fusion, or need to solve an NP-hard
integer programming problem.
We apply the EMD matching model to the tracking of two types of bacteria, Myxococcus Xanthus and
Pseudomonas Aeruginosa. They are both bacteria with rod-like shapes, but differ in two aspects. First, M.
Xanthus may divide, but P. Aeruginosa cannot. Second, they have different motion patterns. M. Xanthus
mostly glide forward or backward along the body orientation, but rarely move in the direction normal to
the body orientation. But, P. Aeruginosa can move freely, and may be restricted only due to the tightness
of the neighboring cells. We adopt two different definitions of ground distance based on curve matching and
acyclic order-preserving assignment for M. xanthus [1, 2] and P. Aeruginosa, respectively.
The iris recognition problem arises from the lack of human interpretability in current biometric techniques
[4], which could be a barrier to the official employment of iris recognition in forensics. We apply the EMD
matching model in an iris recognition framework based on visible features. Basically, given two iris images
and the detected visible features (called crypts) on each image, we match the detected features and measure
the similarity in order to determine whether the two images are from the same eye [3]. In this scenario, the
ground distance is defined as a combination of systemic difference and Hausdorff distance.
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