
Fingerspelling Recognition through Classification of 
Letter-to-Letter Transitions

Susanna Ricco and Carlo Tomasi    Department of Computer Science, Duke University

a b c d e f gh i j k l m
a b c d e f g h i j k l m

n opq r s t u v w xyz
n o p q r s t u v w x y z

a b c d e f gh i j k l m
a b c d e f g h i j k l m

n opq r s t u v w xyz
n o p q r s t u v w x y z

The 26 gestures forming the ASL Manual Alphabet.

Problem Statement
In order to communicate uncommon words in American Sign Language, signers use 
fingerspelling, spelling desired words with gestures corresponding to single letters in 
the English alphabet. Most of these gestures are completely defined by the positions 
of the fingers of the signer's dominant hand at a single moment. 

Existing fingerspelling recognition systems rely on an initial temporal segmentation 
step to identify isolated candidate frames on which to attempt recognition. Sadly, 
locating the correct static images within a fingerspelling sequence performed by a 
proficient signer is non-trivial. Our goal is to develop an approach to fingerspelling 
recognition that does not require explicit temporal segmentation, giving it the 
possibility of scaling to conversational speed, native fingerspelling.

Our Approach
We abandon the misleading notion that fingerspelling consists of a separable 
sequence of static hand poses. Instead, we consider a transition between a pair of 
letters to be the basic elements of a fingerspelling sequence. Each letter-to-letter 
transition is a dynamic gesture.

Benefits
• Eliminates need for explicit temporal segmentation
• Incorporates information from traditionally discarded frames to reduce ambiguities
• Eliminates need for special case for J and Z
• Unifies fingerspelling recognition with word-level sign recognition
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Figure 2: Correct forms of letters used in this paper (a). From left to right, these are a, c, e, h, n, p,
r, and t. A shortcut e (b) is sometimes used after the letter h. In (c), we show hand silhouettes from
consecutive frames of the fingerspelled words at (top) or an (bottom). Although the final handshapes
(letters t and n) appear similar, the handshapes are clearly different during the transition. In at, only
the index finger must move to all for correct placement of the thumb. In an, the index and middle
fingers must both move.

index finger. Also note that the handshapes selected by the expert for r and e in frames 12 and 15
do not exactly match the handshapes defined in the ASL manual alphabet for these letters, shown
in Figure 2(a). The signer never forms the exact handshapes during his smooth motion from the p
in frame 8 to the t in frame 20. This would cause errors in recognition for a system trained on the
defined static poses for each letter, even if these frames were selected for classification.

The ROC curves in Figure 1(b) show the effect of varying the threshold. The dashed line corresponds
to an algorithm that only selects local minima. Because some letters actually occur at local maxima,
not minima, this algorithm can never identify all the letters, no matter what the threshold. The solid
line corresponds to an algorithm that selects every frame with motion below the threshold. This
algorithm eventually finds all the letter frames but includes almost all transition frames as well.
Clips of different words from a number of different signers showed similar poor performance. In
fact, we observed that the more common a specific combination of letters was, the less likely it was
for those letters to occur at local minima.

Human experts recognize the difficulty in trying to extract individual letters from continuous finger-
spelling; they teach students to look for the “shape of the word” instead of picking out each letter.
We adopt this approach in our recognition system, recognizing motions between letters and elimi-
nating the need for an initial time segmentation step. As an added benefit, in some cases looking
at the motion between letters can help differentiate between letters whose static handshapes appear
similar. Figure 2 shows consecutive frames from the fingerspelled words at and an, which have
similar final handshapes but contain distinguishing transitional motions.

3 Recognizing transitions

In this section, we describe a system that recognizes the gestures corresponding to motions between
consecutive letters. We model the motion using an HMM with an observation model defined over
part-based features extracted from single-camera video of an unadorned signer. Because we rec-
ognize changes in handshape over time using an HMM, our approach is related to the handshape
channel model used by Vogler and Mexatas [12] to recognize word-level signs involving changes in
handshape. Our method differs in that it is glove-free and must distinguish between more complex
handshapes than are found in word-level ASL. The use of similar recognition techniques is inten-
tional because it allows the two systems to be combined into one that would recognize both aspects
of ASL. The main contribution of our work is the identification of letter-to-letter transitions as the
basic units in fingerspelling and an implementation of a system illustrating successful recognition of
a preliminary subset of these transitions, not the development of new gesture recognition techniques.

3.1 Handshape representation

To perform glove-free recognition, we need a representation that captures as much information about
the position of each finger as possible but that can be computed from images captured by a single
camera. Additionally, an ideal representation is sparse, allowing for efficient classification. A part-
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do not exactly match the handshapes defined in the ASL manual alphabet for these letters, shown
in Figure 2(a). The signer never forms the exact handshapes during his smooth motion from the p
in frame 8 to the t in frame 20. This would cause errors in recognition for a system trained on the
defined static poses for each letter, even if these frames were selected for classification.

The receiver operating characteristic (ROC) curves in Figure 1(b) show the effect of varying the
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Human experts recognize the difficulty in trying to extract individual letters from continuous finger-
spelling; they teach students to look for the “shape of the word” instead of picking out each letter.
We adopt this approach in our recognition system, recognizing motions between letters and elimi-
nating the need for an initial time segmentation step. As an added benefit, in some cases looking
at the motion between letters can help differentiate between letters whose static handshapes appear
similar. Figure 2(c) shows consecutive frames from the fingerspelled words at and an, which have
similar final handshapes but contain distinguishing transitional motions.

3 Recognizing transitions

In this section, we describe a system that recognizes the gestures corresponding to motions between
consecutive letters. We model the motion using an HMM with an observation model defined over
part-based features extracted from single-camera video of an unadorned signer. Because we rec-
ognize changes in handshape over time using an HMM, our approach is related to the handshape
channel model used by Vogler and Mexatas [12] to recognize word-level signs involving changes in
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tional because it allows the two systems to be combined into one that would recognize both aspects
of ASL. The main contribution of our work is the identification of letter-to-letter transitions as the
basic units in fingerspelling and an implementation of a system illustrating successful recognition of
a preliminary subset of these transitions, not the development of new gesture recognition techniques.

3.1 Handshape representation

To perform glove-free recognition, we need a representation that captures as much information about
the position of each finger as possible but that can be computed from images captured by a single
camera. Additionally, an ideal representation is sparse, allowing for efficient classification. A part-
based approach fulfills these criteria. Part-based methods represent images by matching regions
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Figure 1: The last 30 frames (left-to-right, top-to-bottom, in (a)) from the word interpreter with
the closest frame to each of the seven letters outlined in blue. The four frames outlined in red
are those selected using a fixed threshold on the motion in the frame. ROC curves (b) show the
effect of varying the threshold. Selecting all frames below the threshold (solid black) identifies too
many incorrect frames; selecting only local minima below the threshold (dashed red) is incapable of
finding letters where the signer does not pause. This figure is best viewed in color.

built to recognize the transitions between letters, rather than the letters themselves. This approach
avoids the need to select which frames to classify into letters, a process that is prone to errors at
conversational speed. In addition, emphasis on transitions leverages information about handshape
during the entire sequence to differentiate between letters that are easily confused in isolation. A
preprocessing step that identifies isolated frames discards this potentially helpful information.

In this work, we present preliminary results from a system that recognizes transitions between letters.
In Section 2, we demonstrate situations where time segmentation techniques fail, necessitating the
shift to letter-to-letter transitions. In Section 3, we describe a system that uses traditional techniques
from word-level ASL and speech recognition to model the transitions. Section 4 illustrates the
technique on a limited vocabulary. The results show the ability to recognize sequences without
initial time segmentation and cases where modeling the handshapes during the transitions improves
performance.

2 The case for transitions

Previous systems recognize continuous fingerspelling sequences by first searching for one frame for
each letter signed. These systems set a fixed threshold on the motion of the signer and only attempt
to recognize a letter when the measured motion drops below the threshold; they vary only in the
method used to measure motion. This technique is based on the assumption that a signer will pause
at each letter. However, the basic assumption behind this approach does not hold. Proficient signers
commonly fingerspell at 40-45 words per minute (WPM), and it is impossible to pause at every letter
at this speed. At 45 WPM, many letters are not formed exactly, but are combined with neighboring
letters in fluid motions. Even if a signer does pass through the exact handshape defined for a letter,
the averaging resulting from a fixed frame rate can cause this handshape to be missed.

Our experiments have shown that thresholding methods fail to accurately identify letters at conver-
sational speed. We took clips from interpreter training videos [11] of native signers and identified
frames to classify using a method similar to the one described by Lamar et al. [7], which measures
motion in each frame by image differencing. In the first version, we select all frames with motion
below a set threshold; in the second, we select only frames corresponding to local minima of motion
that fall below the threshold. Figure 1(a) shows 30 frames from a man signing rpreter, a portion
of the word interpreter, with frames identified using the second version with a particular threshold
setting surrounded by red boxes. The seven frames that best represent the seven signed letters as
determined by a human expert are outlined in blue.

The threshold misses the first three (r, p, and r in frames 4, 8, and 12) and last (r in frame 30) letters
completely. Frame 18 is incorrectly identified as a letter frame; it is actually the midpoint of the
transitional motion from the letter e to t, where the signer changes the direction of motion of the
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handshape. Our method differs in that it is glove-free and must distinguish between more complex
handshapes than are found in word-level ASL. The use of similar recognition techniques is inten-
tional because it allows the two systems to be combined into one that would recognize both aspects
of ASL. The main contribution of our work is the identification of letter-to-letter transitions as the
basic units in fingerspelling and an implementation of a system illustrating successful recognition of
a preliminary subset of these transitions, not the development of new gesture recognition techniques.

3.1 Handshape representation

To perform glove-free recognition, we need a representation that captures as much information about
the position of each finger as possible but that can be computed from images captured by a single
camera. Additionally, an ideal representation is sparse, allowing for efficient classification. A part-
based approach fulfills these criteria. Part-based methods represent images by matching regions
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Figure 4: A letter-to-letter transition HMM trained to recognize the a!n transition. Edges corre-
spond to transitions with non-zero probability. States model handshapes found at different points
during the transitional motion. The most likely observation is displayed to represent each state.

3.2 Hidden Markov Model

We train separate HMMs to recognize the transition between each pair of letters. To recognize
fingerspelling sequences without knowing when each transition begins, we chain together the indi-
vidual HMMs (referred to as subunits). In this section, we describe the topology of the resulting
HMM, the observation model, and the training and recognition processes. Rabiner’s tutorial [13]
provides a good review of HMMs and the related algorithms referenced here.

3.2.1 HMM topology and observation model

Each subunit is a five state left-right HMM with non-zero probability of skipping single states,
as illustrated in Figure 4. This topology is well suited to capture the variability in the possible
transitions while maintaining a simple and consistent structure. Observations in the first and last
states usually correspond to the handshapes of the two letters. Observations in the three internal
states capture configurations appearing during the transition. The ability to skip states allows us to
model transitions at different speeds. When we chain subunits together, we allow transitions between
final and initial states of the subunits that form trigrams. The probabilities of transitions between
subunits reflect the observed frequencies of the corresponding trigrams. Note that this procedure is
equivalent to building a Hierarchical HMM [14] and then flattening it.

With our representation of handshape, each frame contains one of the palm parts and any combina-
tion of the non-palm parts. If there are p palm parts and f non-palm parts in the dictionary, there are
p ·2f possible observations at each frame. It is too costly to try to learn or store the exact distribution
over all possible observations. Instead, we make the assumption that non-palm pieces are indepen-
dent given the palm piece used. This assumption is not supported by the true joint distribution, but
is used to make computation tractable.

3.2.2 Training

The subunits are trained independently using isolated sequences corresponding to the desired letter
pair. Given a clip of continuous fingerspelling, we hand-label a single frame for each letter signed.
(These frames are the ones previous methods use for recognition.) We then use all frames between
two labeled frames as an example of a given transition. During training, we ensure that each se-
quence ends in the final state of the subunit by adding a unique observation to the end of each
sequence and including a sixth state in the subunit. This new state can only be reached from the
fifth state, deterministically emits only the added observation, and is removed from the subunit after
training. The parameters of the rest of the subunit HMM are estimated using the standard Baum-
Welch algorithm. To initialize the algorithm, we partition each observation into five segments of
equal duration. We assign each partition to a single state in the HMM in temporal order and learn
observation models by considering this the true state sequence. The state transitions are initialized
to be uniform over those allowed by our topology. Figure 4 shows the learned HMM for the a!n
transition. Each state is represented by its most probable observation.

3.2.3 Recognition

To recognize a sequence of letters we compute the most likely sequence of states in the HMM using
the Viterbi algorithm. We recover recognized letters from the path by listing the subunits the path
traverses. We include the letter pair for the final subunit only if the path reaches one of the last two

5

state 1,
p = 0.234859

A

state 2,
p = 0.260839

state 3,
p = 0.331926

state 4,
p = 0.749416

state 5,
p = 0.525931

N

state 1,
p = 0.234859

A

state 2,
p = 0.260839

state 3,
p = 0.331926

state 4,
p = 0.749416

state 5,
p = 0.525931

N

state 1,
p = 0.234859

A

state 2,
p = 0.260839

state 3,
p = 0.331926

state 4,
p = 0.749416

state 5,
p = 0.525931

N

state 1,
p = 0.234859

A

state 2,
p = 0.260839

state 3,
p = 0.331926

state 4,
p = 0.749416

state 5,
p = 0.525931

N

state 1,
p = 0.234859

A

state 2,
p = 0.260839

state 3,
p = 0.331926

state 4,
p = 0.749416

state 5,
p = 0.525931

N

To other 

subunits

From other 

subunits

0.1189

0.7338 0.0339

0.86510.91590.73750.7571

0.0127

0.2302 0.1437 0.2322 0.0841

0.1349

Figure 4: A letter-to-letter transition HMM trained to recognize the a!n transition. Edges corre-
spond to transitions with non-zero probability. States model handshapes found at different points
during the transitional motion. The most likely observation is displayed to represent each state.
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We train separate HMMs to recognize the transition between each pair of letters. To recognize
fingerspelling sequences without knowing when each transition begins, we chain together the indi-
vidual HMMs (referred to as subunits). In this section, we describe the topology of the resulting
HMM, the observation model, and the training and recognition processes. Rabiner’s tutorial [13]
provides a good review of HMMs and the related algorithms referenced here.

3.2.1 HMM topology and observation model

Each subunit is a five state left-right HMM with non-zero probability of skipping single states,
as illustrated in Figure 4. This topology is well suited to capture the variability in the possible
transitions while maintaining a simple and consistent structure. Observations in the first and last
states usually correspond to the handshapes of the two letters. Observations in the three internal
states capture configurations appearing during the transition. The ability to skip states allows us to
model transitions at different speeds. When we chain subunits together, we allow transitions between
final and initial states of the subunits that form trigrams. The probabilities of transitions between
subunits reflect the observed frequencies of the corresponding trigrams. Note that this procedure is
equivalent to building a Hierarchical HMM [14] and then flattening it.

With our representation of handshape, each frame contains one of the palm parts and any combina-
tion of the non-palm parts. If there are p palm parts and f non-palm parts in the dictionary, there are
p ·2f possible observations at each frame. It is too costly to try to learn or store the exact distribution
over all possible observations. Instead, we make the assumption that non-palm pieces are indepen-
dent given the palm piece used. This assumption is not supported by the true joint distribution, but
is used to make computation tractable.

3.2.2 Training

The subunits are trained independently using isolated sequences corresponding to the desired letter
pair. Given a clip of continuous fingerspelling, we hand-label a single frame for each letter signed.
(These frames are the ones previous methods use for recognition.) We then use all frames between
two labeled frames as an example of a given transition. During training, we ensure that each se-
quence ends in the final state of the subunit by adding a unique observation to the end of each
sequence and including a sixth state in the subunit. This new state can only be reached from the
fifth state, deterministically emits only the added observation, and is removed from the subunit after
training. The parameters of the rest of the subunit HMM are estimated using the standard Baum-
Welch algorithm. To initialize the algorithm, we partition each observation into five segments of
equal duration. We assign each partition to a single state in the HMM in temporal order and learn
observation models by considering this the true state sequence. The state transitions are initialized
to be uniform over those allowed by our topology. Figure 4 shows the learned HMM for the a!n
transition. Each state is represented by its most probable observation.

3.2.3 Recognition

To recognize a sequence of letters we compute the most likely sequence of states in the HMM using
the Viterbi algorithm. We recover recognized letters from the path by listing the subunits the path
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3.2 Hidden Markov Model

We train separate HMMs to recognize the transition between each pair of letters. To recognize
fingerspelling sequences without knowing when each transition begins, we chain together the indi-
vidual HMMs (referred to as subunits). In this section, we describe the topology of the resulting
HMM, the observation model, and the training and recognition processes. Rabiner’s tutorial [13]
provides a good review of HMMs and the related algorithms referenced here.

3.2.1 HMM topology and observation model

Each subunit is a five state left-right HMM with non-zero probability of skipping single states,
as illustrated in Figure 4. This topology is well suited to capture the variability in the possible
transitions while maintaining a simple and consistent structure. Observations in the first and last
states usually correspond to the handshapes of the two letters. Observations in the three internal
states capture configurations appearing during the transition. The ability to skip states allows us to
model transitions at different speeds. When we chain subunits together, we allow transitions between
final and initial states of the subunits that form trigrams. The probabilities of transitions between
subunits reflect the observed frequencies of the corresponding trigrams. Note that this procedure is
equivalent to building a Hierarchical HMM [14] and then flattening it.

With our representation of handshape, each frame contains one of the palm parts and any combina-
tion of the non-palm parts. If there are p palm parts and f non-palm parts in the dictionary, there are
p ·2f possible observations at each frame. It is too costly to try to learn or store the exact distribution
over all possible observations. Instead, we make the assumption that non-palm pieces are indepen-
dent given the palm piece used. This assumption is not supported by the true joint distribution, but
is used to make computation tractable.

3.2.2 Training

The subunits are trained independently using isolated sequences corresponding to the desired letter
pair. Given a clip of continuous fingerspelling, we hand-label a single frame for each letter signed.
(These frames are the ones previous methods use for recognition.) We then use all frames between
two labeled frames as an example of a given transition. During training, we ensure that each se-
quence ends in the final state of the subunit by adding a unique observation to the end of each
sequence and including a sixth state in the subunit. This new state can only be reached from the
fifth state, deterministically emits only the added observation, and is removed from the subunit after
training. The parameters of the rest of the subunit HMM are estimated using the standard Baum-
Welch algorithm. To initialize the algorithm, we partition each observation into five segments of
equal duration. We assign each partition to a single state in the HMM in temporal order and learn
observation models by considering this the true state sequence. The state transitions are initialized
to be uniform over those allowed by our topology. Figure 4 shows the learned HMM for the a!n
transition. Each state is represented by its most probable observation.

3.2.3 Recognition

To recognize a sequence of letters we compute the most likely sequence of states in the HMM using
the Viterbi algorithm. We recover recognized letters from the path by listing the subunits the path
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3.2 Hidden Markov Model

We train separate HMMs to recognize the transition between each pair of letters. To recognize
fingerspelling sequences without knowing when each transition begins, we chain together the indi-
vidual HMMs (referred to as subunits). In this section, we describe the topology of the resulting
HMM, the observation model, and the training and recognition processes. Rabiner’s tutorial [13]
provides a good review of HMMs and the related algorithms referenced here.

3.2.1 HMM topology and observation model

Each subunit is a five state left-right HMM with non-zero probability of skipping single states,
as illustrated in Figure 4. This topology is well suited to capture the variability in the possible
transitions while maintaining a simple and consistent structure. Observations in the first and last
states usually correspond to the handshapes of the two letters. Observations in the three internal
states capture configurations appearing during the transition. The ability to skip states allows us to
model transitions at different speeds. When we chain subunits together, we allow transitions between
final and initial states of the subunits that form trigrams. The probabilities of transitions between
subunits reflect the observed frequencies of the corresponding trigrams. Note that this procedure is
equivalent to building a Hierarchical HMM [14] and then flattening it.

With our representation of handshape, each frame contains one of the palm parts and any combina-
tion of the non-palm parts. If there are p palm parts and f non-palm parts in the dictionary, there are
p ·2f possible observations at each frame. It is too costly to try to learn or store the exact distribution
over all possible observations. Instead, we make the assumption that non-palm pieces are indepen-
dent given the palm piece used. This assumption is not supported by the true joint distribution, but
is used to make computation tractable.

3.2.2 Training

The subunits are trained independently using isolated sequences corresponding to the desired letter
pair. Given a clip of continuous fingerspelling, we hand-label a single frame for each letter signed.
(These frames are the ones previous methods use for recognition.) We then use all frames between
two labeled frames as an example of a given transition. During training, we ensure that each se-
quence ends in the final state of the subunit by adding a unique observation to the end of each
sequence and including a sixth state in the subunit. This new state can only be reached from the
fifth state, deterministically emits only the added observation, and is removed from the subunit after
training. The parameters of the rest of the subunit HMM are estimated using the standard Baum-
Welch algorithm. To initialize the algorithm, we partition each observation into five segments of
equal duration. We assign each partition to a single state in the HMM in temporal order and learn
observation models by considering this the true state sequence. The state transitions are initialized
to be uniform over those allowed by our topology. Figure 4 shows the learned HMM for the a!n
transition. Each state is represented by its most probable observation.

3.2.3 Recognition

To recognize a sequence of letters we compute the most likely sequence of states in the HMM using
the Viterbi algorithm. We recover recognized letters from the path by listing the subunits the path
traverses. We include the letter pair for the final subunit only if the path reaches one of the last two
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Figure 2: Correct forms of letters used in this paper (a). From left to right, these are a, c, e, h, n, p,
r, and t. A shortcut e (b) is sometimes used after the letter h. In (c), we show hand silhouettes from
consecutive frames of the fingerspelled words at (top) or an (bottom). Although the final handshapes
(letters t and n) appear similar, the handshapes are clearly different during the transition. In at, only
the index finger must move to all for correct placement of the thumb. In an, the index and middle
fingers must both move.

index finger. Also note that the handshapes selected by the expert for r and e in frames 12 and 15
do not exactly match the handshapes defined in the ASL manual alphabet for these letters, shown
in Figure 2(a). The signer never forms the exact handshapes during his smooth motion from the p
in frame 8 to the t in frame 20. This would cause errors in recognition for a system trained on the
defined static poses for each letter, even if these frames were selected for classification.

The ROC curves in Figure 1(b) show the effect of varying the threshold. The dashed line corresponds
to an algorithm that only selects local minima. Because some letters actually occur at local maxima,
not minima, this algorithm can never identify all the letters, no matter what the threshold. The solid
line corresponds to an algorithm that selects every frame with motion below the threshold. This
algorithm eventually finds all the letter frames but includes almost all transition frames as well.
Clips of different words from a number of different signers showed similar poor performance. In
fact, we observed that the more common a specific combination of letters was, the less likely it was
for those letters to occur at local minima.

Human experts recognize the difficulty in trying to extract individual letters from continuous finger-
spelling; they teach students to look for the “shape of the word” instead of picking out each letter.
We adopt this approach in our recognition system, recognizing motions between letters and elimi-
nating the need for an initial time segmentation step. As an added benefit, in some cases looking
at the motion between letters can help differentiate between letters whose static handshapes appear
similar. Figure 2 shows consecutive frames from the fingerspelled words at and an, which have
similar final handshapes but contain distinguishing transitional motions.

3 Recognizing transitions

In this section, we describe a system that recognizes the gestures corresponding to motions between
consecutive letters. We model the motion using an HMM with an observation model defined over
part-based features extracted from single-camera video of an unadorned signer. Because we rec-
ognize changes in handshape over time using an HMM, our approach is related to the handshape
channel model used by Vogler and Mexatas [12] to recognize word-level signs involving changes in
handshape. Our method differs in that it is glove-free and must distinguish between more complex
handshapes than are found in word-level ASL. The use of similar recognition techniques is inten-
tional because it allows the two systems to be combined into one that would recognize both aspects
of ASL. The main contribution of our work is the identification of letter-to-letter transitions as the
basic units in fingerspelling and an implementation of a system illustrating successful recognition of
a preliminary subset of these transitions, not the development of new gesture recognition techniques.

3.1 Handshape representation

To perform glove-free recognition, we need a representation that captures as much information about
the position of each finger as possible but that can be computed from images captured by a single
camera. Additionally, an ideal representation is sparse, allowing for efficient classification. A part-
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index finger. Also note that the handshapes selected by the expert for r and e in frames 12 and 15
do not exactly match the handshapes defined in the ASL manual alphabet for these letters, shown
in Figure 2(a). The signer never forms the exact handshapes during his smooth motion from the p
in frame 8 to the t in frame 20. This would cause errors in recognition for a system trained on the
defined static poses for each letter, even if these frames were selected for classification.

The ROC curves in Figure 1(b) show the effect of varying the threshold. The dashed line corresponds
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We adopt this approach in our recognition system, recognizing motions between letters and elimi-
nating the need for an initial time segmentation step. As an added benefit, in some cases looking
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handshape. Our method differs in that it is glove-free and must distinguish between more complex
handshapes than are found in word-level ASL. The use of similar recognition techniques is inten-
tional because it allows the two systems to be combined into one that would recognize both aspects
of ASL. The main contribution of our work is the identification of letter-to-letter transitions as the
basic units in fingerspelling and an implementation of a system illustrating successful recognition of
a preliminary subset of these transitions, not the development of new gesture recognition techniques.

3.1 Handshape representation

To perform glove-free recognition, we need a representation that captures as much information about
the position of each finger as possible but that can be computed from images captured by a single
camera. Additionally, an ideal representation is sparse, allowing for efficient classification. A part-
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index finger. Also note that the handshapes selected by the expert for r and e in frames 12 and 15
do not exactly match the handshapes defined in the ASL manual alphabet for these letters, shown
in Figure 2(a). The signer never forms the exact handshapes during his smooth motion from the p
in frame 8 to the t in frame 20. This would cause errors in recognition for a system trained on the
defined static poses for each letter, even if these frames were selected for classification.

The receiver operating characteristic (ROC) curves in Figure 1(b) show the effect of varying the
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some letters actually occur at local maxima, not minima, this algorithm can never identify all the
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combination of letters was, the less likely it was for those letters to occur at local minima.

Human experts recognize the difficulty in trying to extract individual letters from continuous finger-
spelling; they teach students to look for the “shape of the word” instead of picking out each letter.
We adopt this approach in our recognition system, recognizing motions between letters and elimi-
nating the need for an initial time segmentation step. As an added benefit, in some cases looking
at the motion between letters can help differentiate between letters whose static handshapes appear
similar. Figure 2(c) shows consecutive frames from the fingerspelled words at and an, which have
similar final handshapes but contain distinguishing transitional motions.

3 Recognizing transitions

In this section, we describe a system that recognizes the gestures corresponding to motions between
consecutive letters. We model the motion using an HMM with an observation model defined over
part-based features extracted from single-camera video of an unadorned signer. Because we rec-
ognize changes in handshape over time using an HMM, our approach is related to the handshape
channel model used by Vogler and Mexatas [12] to recognize word-level signs involving changes in
handshape. Our method differs in that it is glove-free and must distinguish between more complex
handshapes than are found in word-level ASL. The use of similar recognition techniques is inten-
tional because it allows the two systems to be combined into one that would recognize both aspects
of ASL. The main contribution of our work is the identification of letter-to-letter transitions as the
basic units in fingerspelling and an implementation of a system illustrating successful recognition of
a preliminary subset of these transitions, not the development of new gesture recognition techniques.

3.1 Handshape representation

To perform glove-free recognition, we need a representation that captures as much information about
the position of each finger as possible but that can be computed from images captured by a single
camera. Additionally, an ideal representation is sparse, allowing for efficient classification. A part-
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channel model used by Vogler and Mexatas [12] to recognize word-level signs involving changes in
handshape. Our method differs in that it is glove-free and must distinguish between more complex
handshapes than are found in word-level ASL. The use of similar recognition techniques is inten-
tional because it allows the two systems to be combined into one that would recognize both aspects
of ASL. The main contribution of our work is the identification of letter-to-letter transitions as the
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In this section, we describe a system that recognizes the gestures corresponding to motions between
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spelling; they teach students to look for the “shape of the word” instead of picking out each letter.
We adopt this approach in our recognition system, recognizing motions between letters and elimi-
nating the need for an initial time segmentation step. As an added benefit, in some cases looking
at the motion between letters can help differentiate between letters whose static handshapes appear
similar. Figure 2(c) shows consecutive frames from the fingerspelled words at and an, which have
similar final handshapes but contain distinguishing transitional motions.
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In this section, we describe a system that recognizes the gestures corresponding to motions between
consecutive letters. We model the motion using an HMM with an observation model defined over
part-based features extracted from single-camera video of an unadorned signer. Because we rec-
ognize changes in handshape over time using an HMM, our approach is related to the handshape
channel model used by Vogler and Mexatas [12] to recognize word-level signs involving changes in
handshape. Our method differs in that it is glove-free and must distinguish between more complex
handshapes than are found in word-level ASL. The use of similar recognition techniques is inten-
tional because it allows the two systems to be combined into one that would recognize both aspects
of ASL. The main contribution of our work is the identification of letter-to-letter transitions as the
basic units in fingerspelling and an implementation of a system illustrating successful recognition of
a preliminary subset of these transitions, not the development of new gesture recognition techniques.

3.1 Handshape representation

To perform glove-free recognition, we need a representation that captures as much information about
the position of each finger as possible but that can be computed from images captured by a single
camera. Additionally, an ideal representation is sparse, allowing for efficient classification. A part-
based approach fulfills these criteria. Part-based methods represent images by matching regions
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do not exactly match the handshapes defined in the ASL manual alphabet for these letters, shown
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in frame 8 to the t in frame 20. This would cause errors in recognition for a system trained on the
defined static poses for each letter, even if these frames were selected for classification.
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to an algorithm that only selects local minima. Because some letters actually occur at local maxima,
not minima, this algorithm can never identify all the letters, no matter what the threshold. The solid
line corresponds to an algorithm that selects every frame with motion below the threshold. This
algorithm eventually finds all the letter frames but includes almost all transition frames as well.
Clips of different words from a number of different signers showed similar poor performance. In
fact, we observed that the more common a specific combination of letters was, the less likely it was
for those letters to occur at local minima.

Human experts recognize the difficulty in trying to extract individual letters from continuous finger-
spelling; they teach students to look for the “shape of the word” instead of picking out each letter.
We adopt this approach in our recognition system, recognizing motions between letters and elimi-
nating the need for an initial time segmentation step. As an added benefit, in some cases looking
at the motion between letters can help differentiate between letters whose static handshapes appear
similar. Figure 2 shows consecutive frames from the fingerspelled words at and an, which have
similar final handshapes but contain distinguishing transitional motions.

3 Recognizing transitions

In this section, we describe a system that recognizes the gestures corresponding to motions between
consecutive letters. We model the motion using an HMM with an observation model defined over
part-based features extracted from single-camera video of an unadorned signer. Because we rec-
ognize changes in handshape over time using an HMM, our approach is related to the handshape
channel model used by Vogler and Mexatas [12] to recognize word-level signs involving changes in
handshape. Our method differs in that it is glove-free and must distinguish between more complex
handshapes than are found in word-level ASL. The use of similar recognition techniques is inten-
tional because it allows the two systems to be combined into one that would recognize both aspects
of ASL. The main contribution of our work is the identification of letter-to-letter transitions as the
basic units in fingerspelling and an implementation of a system illustrating successful recognition of
a preliminary subset of these transitions, not the development of new gesture recognition techniques.
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To perform glove-free recognition, we need a representation that captures as much information about
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do not exactly match the handshapes defined in the ASL manual alphabet for these letters, shown
in Figure 2(a). The signer never forms the exact handshapes during his smooth motion from the p
in frame 8 to the t in frame 20. This would cause errors in recognition for a system trained on the
defined static poses for each letter, even if these frames were selected for classification.

The ROC curves in Figure 1(b) show the effect of varying the threshold. The dashed line corresponds
to an algorithm that only selects local minima. Because some letters actually occur at local maxima,
not minima, this algorithm can never identify all the letters, no matter what the threshold. The solid
line corresponds to an algorithm that selects every frame with motion below the threshold. This
algorithm eventually finds all the letter frames but includes almost all transition frames as well.
Clips of different words from a number of different signers showed similar poor performance. In
fact, we observed that the more common a specific combination of letters was, the less likely it was
for those letters to occur at local minima.

Human experts recognize the difficulty in trying to extract individual letters from continuous finger-
spelling; they teach students to look for the “shape of the word” instead of picking out each letter.
We adopt this approach in our recognition system, recognizing motions between letters and elimi-
nating the need for an initial time segmentation step. As an added benefit, in some cases looking
at the motion between letters can help differentiate between letters whose static handshapes appear
similar. Figure 2 shows consecutive frames from the fingerspelled words at and an, which have
similar final handshapes but contain distinguishing transitional motions.

3 Recognizing transitions

In this section, we describe a system that recognizes the gestures corresponding to motions between
consecutive letters. We model the motion using an HMM with an observation model defined over
part-based features extracted from single-camera video of an unadorned signer. Because we rec-
ognize changes in handshape over time using an HMM, our approach is related to the handshape
channel model used by Vogler and Mexatas [12] to recognize word-level signs involving changes in
handshape. Our method differs in that it is glove-free and must distinguish between more complex
handshapes than are found in word-level ASL. The use of similar recognition techniques is inten-
tional because it allows the two systems to be combined into one that would recognize both aspects
of ASL. The main contribution of our work is the identification of letter-to-letter transitions as the
basic units in fingerspelling and an implementation of a system illustrating successful recognition of
a preliminary subset of these transitions, not the development of new gesture recognition techniques.

3.1 Handshape representation

To perform glove-free recognition, we need a representation that captures as much information about
the position of each finger as possible but that can be computed from images captured by a single
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in Figure 2(a). The signer never forms the exact handshapes during his smooth motion from the p
in frame 8 to the t in frame 20. This would cause errors in recognition for a system trained on the
defined static poses for each letter, even if these frames were selected for classification.
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to an algorithm that only selects local minima. Because some letters actually occur at local maxima,
not minima, this algorithm can never identify all the letters, no matter what the threshold. The solid
line corresponds to an algorithm that selects every frame with motion below the threshold. This
algorithm eventually finds all the letter frames but includes almost all transition frames as well.
Clips of different words from a number of different signers showed similar poor performance. In
fact, we observed that the more common a specific combination of letters was, the less likely it was
for those letters to occur at local minima.

Human experts recognize the difficulty in trying to extract individual letters from continuous finger-
spelling; they teach students to look for the “shape of the word” instead of picking out each letter.
We adopt this approach in our recognition system, recognizing motions between letters and elimi-
nating the need for an initial time segmentation step. As an added benefit, in some cases looking
at the motion between letters can help differentiate between letters whose static handshapes appear
similar. Figure 2 shows consecutive frames from the fingerspelled words at and an, which have
similar final handshapes but contain distinguishing transitional motions.
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In this section, we describe a system that recognizes the gestures corresponding to motions between
consecutive letters. We model the motion using an HMM with an observation model defined over
part-based features extracted from single-camera video of an unadorned signer. Because we rec-
ognize changes in handshape over time using an HMM, our approach is related to the handshape
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handshape. Our method differs in that it is glove-free and must distinguish between more complex
handshapes than are found in word-level ASL. The use of similar recognition techniques is inten-
tional because it allows the two systems to be combined into one that would recognize both aspects
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do not exactly match the handshapes defined in the ASL manual alphabet for these letters, shown
in Figure 2(a). The signer never forms the exact handshapes during his smooth motion from the p
in frame 8 to the t in frame 20. This would cause errors in recognition for a system trained on the
defined static poses for each letter, even if these frames were selected for classification.
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threshold. The dashed line corresponds to an algorithm that only selects local minima. Because
some letters actually occur at local maxima, not minima, this algorithm can never identify all the
letters, no matter what the threshold. The solid line corresponds to an algorithm that selects every
frame with motion below the threshold. This algorithm eventually finds all the letter frames but
includes almost all transition frames as well. Clips of different words from a number of different
signers showed similar poor performance. In fact, we observed that the more common a specific
combination of letters was, the less likely it was for those letters to occur at local minima.

Human experts recognize the difficulty in trying to extract individual letters from continuous finger-
spelling; they teach students to look for the “shape of the word” instead of picking out each letter.
We adopt this approach in our recognition system, recognizing motions between letters and elimi-
nating the need for an initial time segmentation step. As an added benefit, in some cases looking
at the motion between letters can help differentiate between letters whose static handshapes appear
similar. Figure 2(c) shows consecutive frames from the fingerspelled words at and an, which have
similar final handshapes but contain distinguishing transitional motions.
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In this section, we describe a system that recognizes the gestures corresponding to motions between
consecutive letters. We model the motion using an HMM with an observation model defined over
part-based features extracted from single-camera video of an unadorned signer. Because we rec-
ognize changes in handshape over time using an HMM, our approach is related to the handshape
channel model used by Vogler and Mexatas [12] to recognize word-level signs involving changes in
handshape. Our method differs in that it is glove-free and must distinguish between more complex
handshapes than are found in word-level ASL. The use of similar recognition techniques is inten-
tional because it allows the two systems to be combined into one that would recognize both aspects
of ASL. The main contribution of our work is the identification of letter-to-letter transitions as the
basic units in fingerspelling and an implementation of a system illustrating successful recognition of
a preliminary subset of these transitions, not the development of new gesture recognition techniques.

3.1 Handshape representation

To perform glove-free recognition, we need a representation that captures as much information about
the position of each finger as possible but that can be computed from images captured by a single
camera. Additionally, an ideal representation is sparse, allowing for efficient classification. A part-
based approach fulfills these criteria. Part-based methods represent images by matching regions
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p = 0.260839

state 3,
p = 0.331926

state 4,
p = 0.749416

state 5,
p = 0.525931

N

state 1,
p = 0.234859

A

state 2,
p = 0.260839

state 3,
p = 0.331926

state 4,
p = 0.749416

state 5,
p = 0.525931

N

state 1,
p = 0.234859

A

state 2,
p = 0.260839

state 3,
p = 0.331926

state 4,
p = 0.749416

state 5,
p = 0.525931

N

state 1,
p = 0.234859

A

state 2,
p = 0.260839

state 3,
p = 0.331926

state 4,
p = 0.749416

state 5,
p = 0.525931

N

state 1,
p = 0.234859

A

state 2,
p = 0.260839

state 3,
p = 0.331926

state 4,
p = 0.749416

state 5,
p = 0.525931

N

To other 

subunits

From other 

subunits

0.1189

0.7338 0.0339

0.86510.91590.73750.7571

0.0127

0.2302 0.1437 0.2322 0.0841

0.1349

Individual letter-pair HMMs chain 
together to form final HMM.

Fingerspelled word recognized using 
Viterbi algorithm.

  Word #3: CHAT

CA

CH

AN

ATHA

HE

ETTH
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can cat chat chet hate than that the
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Alt1

Alt2

L2L

Recognition Results

Test Dataset

Remaining Challenges

Alt2 - static letters, with grammar
L2L - proposed algorithm (letter pairs and implicit grammar)

Alt1 - static letters, no grammar

Recognizing letter-to-letter transitions improves performance, 
particularly when individual letters are ambiguous.

No explicit temporal segmentation is required.

• Over 17 minutes of video (> 30,000 frames)
• Divided equally into separate training and testing sets
• Single signer signs instances of eight words: 

can, cat, chat, chet, hate, than, that, the
• Vocabulary includes n and t, letters easily confused in isolation
• No artificial pauses at each letter
• Controlled background and lighting

Current Status
• 25 wpm
• Restricted vocabulary
• Reliable skin segmentation possible 

because of controlled background

Goal System
• 45 wpm
• Full alphabet
• No restrictions on background, 

robust to errors in skin detection
(see Rabiner, 1989)


