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Abstract— This paper outlines an approach to shape 

context matching in cluttered scenes. Shape contexts are 
effective descriptors of shape, but do not extend well to 
matching shapes in background clutter. To resolve this 
issue, a Viterbi point matching algorithm is used to enforce 
continuity and curvature constraints on top of shape 
context matching.  
 

Index Terms—shape context, object matching, 
recognition 

I. INTRODUCTION 

he shape context descriptor has already proved itself 
as a  good shape descriptor in uncluttered images. A 
similar concept has been used in action recognition 

as well. From the start, certain aspects of the shape 
context descriptor have been experimentally determined 
and used throughout shape matching and recognition 
work. 
 A major shortfall of the shape context descriptor 
occurs in cluttered scenes. In practice, sampling several 
thousand points per image and attempting shape 
matching on those points is not an option. The iterative 
matching algorithm with thin-plate splines in [2] is 
typically robust to only a few outliers. It also does not 
do well in discerning which points belong to which 
object. It is therefore typically used in uncluttered 
scenes in which a heavy majority of the points are 
known to belong to the object. 
 Several approaches have been proposed to 
overcoming this failure in cluttered scenes. 
Thayananthan et al.[4] propose two techniques: edge 
orientation and figural continuity. The edge orientation 
technique groups sc-points into sets based on their edge 
orientation. This technique relies on a reasonable 
assumption: the same point cannot jump from one side 
of an object to another. The figural continuity constraint 
attempts to group points together so that neighboring 
points in feature space will match to neighboring points 
in the model space. 
 In this work, we will experiment with the shape 
context matching algorithm and those improvements 
suggested by Thayananthan et al.[4] 
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II. RELATED WORK 

Object recognition using shape contexts was first 
outlined in [1]. Later, a method for matching shapes 
using shape contexts was developed. In that method, a 
thin-plate spline transformation was used to quantify the 
shape changes induced by point correspondences. The 
matching was iteratively refined using multiple thin-
plate spline transformations and reclassification of 
outliers. A context approach was also used for 
identifying actions from video [3]. 
 Thayananthan et al. summarize the issues for failure 
in “Shape Context and Chamfer Matching in Cluttered 
Scenes” and offer some solutions to the problem. The 
work of this paper is heavily based on their work.   

III. OVERVIEW 

Pure shape context matching has not been 
successfully applied to cluttered scenes because it has 
been incapable of handling the amount of noise 
introduced into the descriptor from background clutter. 
Shape context points inherit clutter information that 
decrease their ability to match points in the clutter free 
model. 

A. Edge Orientation 
One possible solution explained by Thayananthan et 

al. is to include edge orientation information with the 
shape context descriptor. The edge orientation is the 
gradient vector of the edge pixels around a shape 
context point. Previously, shape context points were 
calculated respective to an edge tangent vector in the 
hope to maintain rotational invariance. This approach 
was proven to be less useful in practice [4]. This differs 
from that approach in that edge orientation is not used as 
a factor in the comparison of shape contexts. Instead 
potential matches are distributed into sets based on their 
edge orientation. They are then matched only to those 
points that are in their set. Points that are not in the 
“class” of edge orientation are disqualified from 
comparisons. This approach seems effective because it 
maintains the histogram matching power of the shape 
context descriptor, but uses a reasonable constraint to 
decrease the potential for outliers. 
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Thayananthan et al. report that this approach decreases 
outliers, but still does not resolve the issue of 
mismatches in locally similar areas of an image, as in the 
case of mismatched fingertips regions in Figure 1. 

 
Figure 1: (+ = model points, × = feature points). Observe how the 
correspondences cross each other. They correspond to areas of the 
same edge orientation and similar local appearance but are incorrect 
matches with the model. 

B. Figural Continuity 
The solution for the problem in Figure 1 is solved by 

including figural continuity in the shape context 
matching algorithm. The figural continuity constraint 
requires that neighboring points match neighboring 
points in the target image. This constraint is reasonable 
for most images. 

The figural continuity constraint is complex to 
enforce. Thayananthan et al. introduce new cost term for 
matching points. 

),(),(),(),( VUcurvCVUcontCVUscCVUC µλφ ++=

The coefficients λ  and µ are weights. As shown, the 
total cost term is composed of the shape context 
matching cost ( , )scC U V , the continuity cost 

( , )contC U V  and the curvature cost ( , )curvC U V . The 

shape context cost is the standard chi-squared distance 
for the histograms pertaining to U  andV . The 
continuity cost guarantees that two points that are close 
on the starting image correspond to close points on the 
model. It is computed: 
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Thayananthan et al. report that enforcing the 
continuity constraint eliminates the scale invariance of 
the comparison. This can be seen in the Figure 2. 

 
Figure 2: (+ = model points, × = feature points), Unless the points in 
the figure have extremely distinctive shape contexts (the left portion 
of the thumb), the scale issue contributes to the inaccuracy of 
matching.  

 
In order to overcome the scale issue, one must provide a 
value for λ  that correctly scales the distance cost 
according to the distribution of feature points. This 
cannot be easily determined without knowing 
beforehand the scale difference between model and 
feature points. 
 The curvature cost requires that neighboring points 
have similar curvature energy. It is computed: 
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κ  is the function for curvature energy at a point where 

1 1( ) 2i i iκ − += − +iu u u u . The ordering of the 

edge points is required to ease computation of the 
curvature. However, one could feasibly compute 
curvature energy separately in the feature detection 
phase. 

Thayananthan et al. admit that computing the optimal 
matching using these cost functions is computationally 
expensive. To do so they used the Viterbi algorithm. 
The Viterbi algorithm is a dynamic programming 
method for solving the optimization problem more 
efficiently. Although guaranteed to find a matching that 
satisfies the optimality of the cost function, it does not 
guarantee a maximal matching (some model points will 
not be matched to feature points). 
 
Viterbi Algorithm for Point Matching: 

1. Initialization 
Compute ( , )scC i j  for all points. 

Set (1, ) (1, )scC j C jφ =  for 1..j m=  (where 

m = # of feature points) 
2. Propagation 
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For each model point i, 2..n, 
For each feature point j, 1..m, 

For 1..k m=  

1

( , ) ( 1, ) ( , )

( ) ( )

k
sc k j

k i

C i j C i k C i jφ φ λ

µ κ κ −

= − + + −

+ −

v v

v u
Compute ( , ) min ( , )k

k
C i j C i jφ φ= . 

Store a pointer to the previous correspondence 

index: ( , ) arg min ( , )k

k
P i j C i jφ=  

3. Termination 
Assign the point with optimal costs to nu : 

( ) min ( , )n j
C n jφφ =u  

4. Optimal Path Backtracking 
Find the other correspondences by following: 

))(,()( 1+= ii iP uu φφ where i=n-1..1. 

 Unlike the maximal matching produced in the 
iterative matching algorithm of [3], the matching 
produced by the Viterbi algorithm is not necessary 
maximal. In this case, it is ideal because a maximal 
matching will likely only introduce more outliers. 

IV. RESULTS 

It also should be noted that more complex 
experiments were prevented by the memory complexity 
of the Viterbi algorithm. The memory required is 
O(nm2) where n is the number of model points, and m is 
the number of feature points. The time complexity is the 
same but typically requires about 10 seconds per frame- 
given the amount of memory required is manageable. 
With about 1.2 gigabytes of addressable memory, that 
allows for less than 500 points in the model space and 
500 points in the feature space before it becomes 
impossible on available hardware. Admittedly, the 
amount of clutter is therefore limited. On a positive 
note, the Viterbi algorithm is cache-friendly in that the 
traversal of the cost array is ordered and somewhat 
predictable. 

Canny edge detection was used and ordered samples 
were taken along each edge. There was not significant 
branching of edges, so curvature energy is reasonably 
accurate. There was no attempt to match non-edge 
feature points in the model. In all cases, the model is 
pictured in the upper left, superimposed on the feature 
image. The coefficients for the cost function 
were: 0.1== µλ . 

 

 
Figure 3: The 92 correspondences shown here are roughly correct: i.e. 
they differ from true correspondences by 1 or 2 edge points at most. 
The cluttered feature image contains clutter from a constrast-
enhanced version of the model image. 
 
 Failure cases were more prevalent with adversarial 
clutter, as I quickly discovered with more 
experimentation: 

 
Figure 4: The matching is obviously bad even though the scale is 
roughly the same for model and features. 
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Figure 5: Although excellent for designing marionette strings for 
suspending the featured letters, the matching is incorrect. It should be 
noted that there is a tendency to match points in clusters- which is a 
feature induced by the continuity constraint. 

V. DISCUSSION 

 The use of curvature information in the matching 
problem begs the question: What if the curvature 
information is extremely variable in local 
neighborhoods? In that case, we would want the 
continuity constraint and shape context points to be the 
dominant factor in any shape matching. One option 
would be to include the continuity and curvature 
coefficients, λ  and µ , as part of the model parameters. 
However, that would only work if we could predict the 
properties of the object we are trying to match. 

The Viterbi point matching algorithm seems to be a 
poor fit for the shape context matching problem. It is 
clear from the Thayananthan paper that, in the case of 
shape context, they were more interested in identifying 
the problems that exist in clutter that solving them 
outright. In my view, negating the scale invariance of 
shape context descriptors is a step backward, not 
forward. Some other approach to enforce the continuity 
constraint is needed. 

VI. FUTURE WORK 

 The algorithm in the Thayananthan paper requires an 
ordering of points to ease the computation of the 
curvature term. Some other method for computing 
curvature without the edge ordering may be useful. 
 As discussed earlier, the scale invariance property of 
the shape context descriptor is not maintained. Some 
method for maintaining the scale invariance while 
including the continuity constraint would make the 
matching more robust. 
 Thayananthan et al. mention that there is similarity 
between their approach and the active contour work. In 

this case it appears that shape contexts were adapted to 
include contour information. One question is whether 
active contours can be adapted to include shape context 
information in the opposite direction. 
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Appendix: 
All source code and examples available temporarily at: 
http://peterschwer.com/cse252c/project.tar.gz 


