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Overview

This paper describes a research program on the automatic recognition of American Sign Language (ASL). This problem is made complex by the interaction of changing hand configurations and nonlinear dynamics of hand motions. We divided the problem into feasible sub-problems and identified the crucial problem that must be solved first, viz., the problem of recognizing handshapes in varying orientations and locations, because existing applications fail on this. Therefore, the objective of this paper is to describe a recognition procedure for handshapes based on linguistic and perceptual research on ASL and the latest techniques from image understanding, computer vision and pattern recognition. This work is a necessary portion of what is required to integrate handshape identification, motion analysis, location identification, and hand orientation into a lookup procedure for sign recognition. We have chosen to tackle handshapes, the most difficult piece of the puzzle, first because when we solve it, we will be in an ideal situation to complete the rest of the sign recognition process. 
Our long‑term goal is to achieve automatic sign recognition based on optical processing. It is our intention to solve the theoretically challenging vision recognition problem for dynamic objects with changing shape. We approach this by using handshapes, which move and can change shape, thus providing a defined subset of objects on which to develop a visual, image-based recognition algorithm. Doing so allows coupling to the hand/arm movement tracking methods we already have and eliminates the need for mechanical tracking devices (e.g. datagloves). 
We treat sign recognition as the parallel identification of the phonological parameters (handshape, orientation, movement, location), followed by dictionary lookup, much as one might find a sign in the Stokoe et al. (1965) dictionary. We differ from other approaches which treat sign recognition as a matter of correct matching of an entire sign to pre‑stored lexical items, thereby limiting their vocabulary size (storage space and lookup time). We do not need to store the kinematics or images of every sign; our procedure will instead need to access signs coded alphanumerically for each parameter.
The Stokoe et al. dictionary uses a parametric approach, which, while incomplete, includes: 10 locations, 2 orientations, 19 handshapes, and 24 movements. Recognizing just these, the maximum number of lookup entries would be 10*2*19*24 = 9120. Using an updated phonological model (Brentari 1998) increases these numbers. We also take advantage of linguistic knowledge of sign formation, in particular the fact that the vast number of actual signs produced, with derivational and inflectional modifications, are composed of handshapes, locations, movements, and orientations that are assigned semantic meaning, that is, they are multimorphemic (Wilbur in press a, b for predicates; Emmorey 2003 for nominals, inter alia). Thus our approach provides for the potential recognition of a much larger number of meaningful signs that are not stored lexical items, giving us a larger potential application of our procedures. Finally, our knowledge of the morphological and syntactic structure of ASL permit us to approach this project with the eventual recognition of signs in phrasal, sentential and larger discourse contexts in mind.
Sign languages also have linguistic constraints that reduce degrees of freedom while preserving distinctiveness, including constraints on: the inventory of handshapes in a particular sign language; possible sequences in changing handshape signs; possible combinations of handshape and contact locations; possible combinations of handshape and orientation; and so on (cf. Brentari 1998). Our procedure is designed to take advantage of these constraints, increasing efficiency and likelihood of successful handshape recognition.

A final design feature is our decision to start with handshapes, move to handshape changes, then to wrist nods and elbow rotations (orientation changes), before tackling path movement. The reasoning is that our approach, which puts a coordinate frame at the wrist, allows us to move from recognizing handshapes to the recognition of handshape changes. Then by analyzing the changes in hand projection on the primary planes of the coordination frame resulting from wrist nod and elbow rotation, identification of changes of orientation is possible. We leave for last change of location (path) movement involving elbow extension, which is what other approaches typically begin with. 
Highlights of the image processing algorithm
One unique aspect of the approach that we present here is a solution for recognizing handshapes in which recognition features remain invariant to the motion of the hand. This we accomplish by computationally attaching a local coordinate frame to the hand and by computing all shape parameters in this local coordinate frame. So regardless of where the hand is positioned or how it is oriented, the shape parameters remain the same for the same handshape, and our system would still be able to process and identify the handshape. The projections of the data are subjected to spatial analysis that is designed to identify image attributes needed for recognition of any hand configuration. This spatial analysis is integrated with our procedures for tracking motion. This approach solves the problem that previous researchers have encountered, namely that their procedures for handshape recognition fail when the handshape leaves its initial position or orientation. 

We also incorporate a powerful approach to the extraction of the hand surfaces from the measured data. This approach relies on first recognizing those data points that correspond to the wrist and then, using what is known as the balloon method, growing a surface by expanding a computational balloon inside the hand until it hits the measured range points on the hand. The range‑imaging‑smoothed data will then serve as the input to a 5‑prong spatial analysis: Aspect Product, Fourier Periodicity, Count of Skeletal Spikes, Angular Range of Skeletal Spikes, and Loops. Output of this spatial analysis allows determination of the presence of linguistic features known to be relevant to handshape perception. Finally, the features themselves will serve as the input to a decision tree algorithm, which will in turn generate handshape identification.

In this presentation we will present the general input to handshape recognition approach, identification of the linguistic information provided during this process, the spatial analysis visual features currently in use and their mapping to linguistic features, and the linguistic feature mappings to handshape in the decision tree in terms accessible to a general linguistic audience.
